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Introduction and Qualifications 

 

1. My name is June Ann Munford. I am over the age of 18, have personal 

knowledge of the facts set forth herein, and am competent to testify to the 

same. 

 

2. I earned a Master of Library and Information Science (MLIS) from the 

University of Wisconsin-Milwaukee in 2009. I have over ten years of 

experience in the library/information science field. Beginning in 2004, I have 

served in various positions in the public library sector including Assistant 

Librarian, Youth Services Librarian and Library Director. I have attached my 

Curriculum Vitae as Appendix CV. 

 

3. During my career in the library profession, I have been responsible for 

materials acquisition for multiple libraries. In that position, I have cataloged, 

purchased and processed incoming library works. That includes purchasing 

materials directly from vendors, recording publishing data from the material 

in question, creating detailed material records for library catalogs and 

physically preparing that material for circulation. In addition to my experience 

in acquisitions, I was also responsible for analyzing large collections of library 
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materials, tailoring library records for optimal catalog search performance and 

creating lending agreements between libraries during my time as a Library 

Director.  

Library Cataloging and Bibliographic Practices 

4. I am fully familiar with the catalog record creation process in the library 

sector. In preparing a material for public availability, a library catalog record 

describing that material would be created. These records are typically written 

in Machine Readable Catalog (herein referred to as “MARC”) code and 

contain information such as a physical description of the material, metadata 

from the material’s publisher, and date of library acquisition. In particular, the 

008 field of the MARC record is reserved for denoting the date of creation of 

the library record itself. As this typically occurs during the process of 

preparing materials for public access, it is my experience that an item’s 

MARC record indicates the date of an item’s public availability.

5. Typically, in creating a MARC record, a librarian would gather various bits 

of metadata such as book title, publisher and subject headings among others 

and assign each value to a relevant numerical field. For example, a book’s 

physical description is tracked in field 300 while title/attribution is tracked in 
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field 245. The 008 field of the MARC record is reserved for denoting the 

creation of the library record itself. As this is the only date reflecting the 

inclusion of said materials within the library’s collection, it is my experience 

that an item’s 008 field accurately indicates the date of an item’s public 

availability. 

The Internet Archive and the Wayback Machine 

6. I am familiar with the Internet Archive, a digital library accessible to the 

general public. Among other services that the Internet Archive makes 

available to the general public is the Wayback Machine, an online archive of 

the web. The Internet Archive’s Wayback Machine service archives webpages 

as of a certain capture date to track changes in the web over time. The Internet 

Archive has been in operation as a nonprofit library since 1996 and has hosted 

the Wayback Machine service since its inception in 2001. During my time as 

a librarian, I frequently used the Internet Archive’s Wayback Machine for 

research and instruction purposes. This includes teaching instructional classes 

on using the Wayback Machine to library patrons and using the Wayback 

Machine to research reference inquiries that require hard-to-find online 

resources. I consider the Internet Archive’s recordkeeping to be as rigorous 
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and detailed as other formal library recordkeeping practices such as MARC 

records, OCLC records and Dublin Core.  

Accentron 

7. I have reviewed Exhibit ####, “Accentron: Foreign Accent Conversion to 

Arbitrary Non-Native Speakers Using Zero-Shot Learning” by Shaojin Ding, 

et al. (“Accentron”) as published by Elsevier in 2021. 

8. Attached hereto as Appendix DING01 is a true and correct copy of 

“Accentron: Foreign Accent Conversion to Arbitrary Non-Native Speakers 

Using Zero-Shot Learning” as published in Computer Speech & Language as 

held by the Penn State University Library. These scans were secured from the 

library’s collection. In comparing Exhibit #### to Appendix DING01, it is my 

determination that Exhibit #### is a true and correct copy of Ding as published 

in Computer Speech & Language. 

9. Attached hereto as Appendix DING02 is a true and correct copy of the MARC 

record for Computer Speech & Language as held by the Penn State University 

Library. I secured this record myself from the library’s public catalog. The 
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MARC record contained within Appendix DING02 accurately describes the 

title, publisher and ISSN number of Computer Speech & Language. The 

Showing Results field present on page 3 of this record indicates the library's 

collection includes the March 2022 issue of Computer Speech & Language 

containing “Accentron: Foreign Accent Conversion to Arbitrary Non-Native 

Speakers Using Zero-Shot Learning”. 

 

10. The 008 field of the MARC record in Appendix DING02 indicates the date of 

record creation. The 008 field of Appendix DING02 indicates the Penn State 

University Library first acquired Computer Speech & Language as of 

“970531” (May 31, 1997) and held the journal in perpetuity until the 

publication of Ding. The 260 field of Appendix DING02 indicates this journal 

was published by Elsevier, the 538 field of Appendix DING02 indicates this 

record is describing an e-journal accessed via the internet and the Showing 

Results page visible on page 3 of Appendix DING02 indicates the Computer 

Speech & Language journal is accessible via an Elsevier platform, 

ScienceDirect. Considering these fields, it is my determination Penn State 

University Library users would be able to access the Computer Speech & 

Language journal via ScienceDirect between the dates of October 1, 2021 and 

December 31, 2021.  
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11. Attached hereto as Appendix DING03 is a screen capture of a webpage 

entitled “Accentron: Foreign Accent Conversion to Arbitrary Non-Native 

Speakers Using Zero-Shot Learning” as hosted on the Elsevier ScienceDirect 

website. I secured these screen captures myself from 

https://www.sciencedirect.com/science/article/abs/pii/S0885230821001029.  

 

12. Appendix DING03 is a capture of the website for the publisher of Computer 

Speech & Language. This capture describes “Accentron: Foreign Accent 

Conversion to Arbitrary Non-Native Speakers Using Zero-Shot Learning” as 

published in Computer Speech & Language. The tope of page 1 includes link 

to “View Open Manuscript,” which directs a user to Ding, Exhibit ####. Page 

1 also contains a Digital Object Identifier (DOI) URL at 

https://doi.org/10.1016/j.csl.2021.101302, which is meant to serve as a 

permanent online location for Ding. The “2021” within the URL indicates that 

the DOI was assigned as of 2021, suggesting its date of creation. 

 

13. Appendix DING03 also contains a sidebar on the righthand side of the page 

titled “What do these dates mean?” with definitions corresponding to the 

various dates listed below the authors on Page 1—“Received 12 April 2021, 
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Revised 19 September 2021, Accepted 21 September 2021, Available online 

5 October 2021, Version of Record 3 December 2021.” Three of these dates 

are relevant to understanding terms used below in this Declaration: Accepted 

represents “[t]he date the article was accepted for publication in the journal,” 

Available online represents “[t]he date a version of the article was made 

available online in the journal,” and Version of Record represents “[t]he date 

the finalized version of the article was made available in the journal.” The 

“Available online” date indicates that Ding was made available to the public 

via ScienceDirect as of October 5, 2021, five months prior to its formal 

publication in the print edition of Computer Speech & Language March 2022. 

 

14. Attached hereto as Appendix DING04 is a screen capture of the Internet 

Archive Wayback Machine entry for 

https://service.elsevier.com/app/answers/detail/a_id/11241/supporthub/scopu

s/. I secured these screen captures myself from 

https://web.archive.org/web/20220123095825/https://service.elsevier.com/a

pp/answers/detail/a_id/11241/supporthub/scopus/. This record was captured 

as of January 23, 2022. 
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15. Appendix DING04 is an Internet Archive capture of a web page entitled What 

are Articles in Press? as hosted on the Elsevier Support Center website. 

Appendix DING04 describes how journal articles are made publicly 

accessible on the ScienceDirect website prior to formal publication in the 

paper edition of the journal. Those articles that have been accepted for 

publication in a journal, but have not yet published in that journal, are called 

“Articles in Press.” The following passage provides more detail: “[Elsevier] 

makes the pre-published versions of documents available online within four 

days after being transferred from publishers [. . .] Once the final version is 

published and made available, [Elsevier] will overwrite the Article in Press in 

the database with the final version.” Per the definitions in Appendix DING03, 

the “final version” is formally known as the “Version of Record.” This page 

also indicates that users would be able to access the articles in press associated 

with a given journal solely by entering the journal’s name into the website’s 

search bar. As the Internet Archive first captured this page as of January 23, 

2022, it is my determination that articles in press associated with Computer 

Speech & Language would have been discoverable to members of the public 

prior to the publication of Ding in Computer Speech & Language in March 

2022.  
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16. Attached hereto as Appendix DING05 is a screen capture of the Internet 

Archive Wayback Machine entry for 

https://www.sciencedirect.com/journal/computer-speech-and-

language/articles-in-press. I secured these screen captures myself from 

https://web.archive.org/web/20200206160426/https://www.sciencedirect.co

m/journal/computer-speech-and-language/articles-in-press. This record was 

captured as of February 6, 2020. 

 

17. Appendix DING05 is an Internet Archive capture of a web page entitled 

Computer Speech & Language – Articles in Press as hosted on the 

ScienceDirect website. Appendix DING05 is a list of the Articles in Press for 

the Computer Speech & Language journal as of the capture date. Page 3 

defines Articles in Press similarly to Appendix DING04 above, with the 

additional clarification that when the Article in Press version is replaced by 

the Version of Record of an article, “[t]he date an article was first made 

available online will be carried over.” Per Appendix DING03, Ding’s Version 

of Record was published December 3, 2021. Per Appendix DING05, the 

“Available online” date for Ding remains the same as it was prior to the 

publication of the Version of Record. This further supports Appendix 

DING03, that Ding was made “Available online” to the public via 
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ScienceDirect as of October 5, 2021, five months prior to its formal 

publication in the print edition of Computer Speech & Language March 2022. 

 

18. Appendix DING05 also clarifies that Articles in Press exist in three forms—

journal pre-proofs, uncorrected proofs, and corrected proofs. Of particular 

note, journal pre-proofs are versions of an article that “will undergo additional 

copyediting, typesetting and review before being published in final form, but 

are provided to give early visibility of the article” (emphasis added). The 

listing of Articles in Press captured in Appendix DING05 includes several 

journal pre-proofs. As with Appendix DING04, this capture indicates Elsevier 

ScienceDirect made Articles in Press accessible to the public, even in their 

earliest forms. As the Internet Archive first captured this page as of February 

6, 2020, this indicates that it was ScienceDirect’s regular practice to make 

Articles in Press associated with Computer Speech & Language publicly 

available before their formal publication in the journal. As such, it is my 

determination that Ding would have been discoverable to members of the 

public as an Article in Press as of October 5, 2021, or at the latest as of 

December 3, 2021. 
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19. Attached hereto as Appendix DING06 is a screen capture of the Internet 

Archive Wayback Machine entry for https://guanlongzhao.github.io/. I 

secured these screen captures myself from 

https://web.archive.org/web/20211019060648/https://guanlongzhao.github.i

o/. This record was captured as of October 19, 2021. 

 

20. Appendix DING06 is an Internet Archive capture of a web page entitled 

“Guanlong Zhao” as hosted on the GitHub website. GitHub is a website that 

frequently serves as a curriculum vitae and code repository for many 

professionals working in the sciences. 

 

21. Appendix DING06 is the GitHub page for Guanlong Zhao, one of the authors 

of Ding. Page 2 of Appendix DING06 contains a citation for “Accentron: 

Foreign Accent Conversion to Arbitrary Non-Native Speakers Using Zero-

Shot Learning,” noting that the paper was accepted to be published in 

Computer Speech & Language and linking to a “demo” associated with some 

of the material presented in the paper. As the Internet Archive first captured 

this page as of October 19, 2021, it is my determination that members of the 

public would have been alerted to the existence of Ding as of October 19, 
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2021, via the Internet Archive, and likely earlier by visiting Guanlong Zhao’s 

GitHub page. 

 

22. Attached hereto as Appendix DING07 is a screen capture of a webpage 

entitled “Journal Pre-proof” as hosted on the GitHub website. I secured these 

screenshots myself from 

https://guanlongzhao.github.io/media/publication/ding2021csl.pdf.  

 

23. Appendix DING07 is a capture of a pre-proof edition of Ding as posted on 

Guanlong Zhao’s GitHub page. As captured in Appendix DING05, a journal 

pre-proof is the earliest form of an Article in Press. Also consistent with the 

language in Appendix DING05, page 1 of Appendix DING07 is a letter from 

Elsevier exclusive to the pre-proof edition of this paper, stating, “[t]his version 

will undergo additional copyediting, typesetting and review before it is 

published in its final form, but we are providing this version to give early 

visibility to the article.” Page 1 of Appendix DING07 also reads “© 2021 

Elsevier” and includes Ding’s DOI, indicating Elsevier’s intent to distribute 

this paper via their website prior to 2022. Aside from page 1 and cosmetic 

differences, such as text in the header/footer and the “Journal Pre-Proof” 
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watermark, the pre-proof version of Ding is identical in content to both 

Exhibit ####’s open manuscript and Appendix DING01’s journal publication. 

 

24. Attached hereto as Appendix DING08 is a screen capture of the Internet 

Archive Wayback Machine entry for 

https://psi.engr.tamu.edu/portfolio/accent-conversion/. I secured these screen 

captures myself from 

http://web.archive.org/web/20211130062820/https://psi.engr.tamu.edu/portf

olio/accent-conversion/. This record was captured as of November 30, 2021. 

 

25. Appendix DING08 is an Internet Archive capture of a web page entitled 

Accent Conversion as hosted on the PSI Lab website. The PSI Lab is a 

research lab within Texas A&M University’s Department of Computer 

Science and Engineering, and the PSI Lab website is open to the public. 

Appendix DING07 lists publications associated with PSI Lab’s work in the 

accent conversion space, with “Accentron: Foreign Accent Conversion to 

Arbitrary Non-Native Speakers Using Zero-Shot Learning” being the first 

result. 
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26. Appendix DING08 additionally includes expandable Links and BibTeX tabs 

within the entry for Ding. The Links tab is expanded to show two URLs by 

which an interested person may access Ding, one of which is Elsevier’s 

ScienceDirect platform (Appendix DING03). A BibTeX record is a type of 

metadata submitted by the creator upon publication, similar to the metadata 

on a PDF or Word document. The BibTeX record for Ding is further discussed 

in relation to Appendices DING09 and DING10. As the Internet Archive first 

captured this page as of November 30, 2021, it is my determination that this 

entry in the lab’s bibliography indicates that Ding was accessible via the two 

URLs as of November 30, 2021, via the Internet Archive, and likely earlier 

via the PSI Lab website. 

 

27. Attached hereto as Appendix DING09 is a screen capture of the Internet 

Archive Wayback Machine entry for 

https://psi.engr.tamu.edu/publications/?tgid=18. I secured these screen 

captures myself from 

“http://web.archive.org/web/20211130052733/https://psi.engr.tamu.edu/publ

ications/?tgid=18”. This record was captured as of November 30, 2021. 
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28. Appendix DING09 is an Internet Archive capture of a web page entitled 

“Publications – Accent Conversion” as hosted on the PSI Lab website. This 

page captures the results of searching Tamu Lab’s bibliography by the topic 

‘Accent Conversion’, with “Accentron: Foreign Accent Conversion to 

Arbitrary Non-Native Speakers Using Zero-Shot Learning” being the first 

result. Appendix DING07 includes the same Links and BibTeX tabs as in 

Appendix DING08. 

 

29. The BibTeX record in DING09 contains bibliographic data for Ding, 

including its years of creation (“year = {2021}”), date of availability (“date = 

{2021-10-14}”), journal of publication (“journal = {Computer Speech & 

Language}”), and publication status (“pubstate = {forthcoming}”). The 

BibTex record also lists the same two URLs list in the Links tab. This suggests 

that Ding was published on this webpage and thus available online as of 

October 14, 2021. This also suggests that Ding had been sent to ScienceDirect 

for publication as early as the same date but was not yet published in 

Computer Speech & Language. As the Internet Archive first captured this 

page as of November 30, 2021, it is my determination that users of the PSI 

Lab website searching for ‘Accent Conversion’ would be able to discover 

Ding as of October 14, 2021, or at least as of November 30, 2021, via the 
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Internet Archive, prior to the paper’s formal publication in the March 2022 

edition of Computer Speech & Language. 

 

30. Attached hereto as Appendix DING10 is a screen capture of the Internet 

Archive Wayback Machine entry for 

https://psi.engr.tamu.edu/publications/?tgid=11&yr=&type=&usr=&auth=. I 

secured these screen captures myself from 

http://web.archive.org/web/20211130053613/https://psi.engr.tamu.edu/publi

cations/?tgid=11&yr=&type=&usr=&auth=. This record was captured as of 

November 30, 2021. 

 

31. Appendix DING10 is an Internet Archive capture of a web page entitled 

Publications – Speech as hosted on the PSI Lab website. This page captures 

the results of searching Tamu Lab’s bibliography by the topic ‘Speech’ with 

“Accentron: Foreign Accent Conversion to Arbitrary Non-Native Speakers 

Using Zero-Shot Learning” being the first result. Appendix DING10 includes 

the same Links and BibTeX tabs as in Appendices DING08 and DING09. 

 

32. The BibTeX record in Appendix DING10 is identical to that shown in 

Appendix DING09. Thus, Appendix DING10 also suggests that Ding was 
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published on this webpage on October 14, 2021, and was sent to ScienceDirect 

for publication as early as the same date but was not yet published in 

Computer Speech & Language. As the Internet Archive first captured this 

page as of November 30, 2021, it is my determination that users of the PSI 

Lab website searching for ‘Speech’ would be able to discover Ding as of 

October 14, 2021, or at least as of November 30, 2021, via the Internet 

Archive, prior to the paper’s formal publication in the March 2022 edition of 

Computer Speech & Language. 

 

33. Attached hereto as Appendix DING11 is a screen capture of a web page 

entitled Publications. I secured these screen captures myself from 

https://psi.engr.tamu.edu/publications/. This record was captured as of 

November 14 2025. 

 

34. Appendix DING11 is a screen capture of PSI Lab’s most recent publications, 

at least as of the capture date. Particularly, the list includes two articles from 

2024 that are listed as “Forthcoming” (the orange text boxes) and contain 

BibTeX records that read “pubstate = {forthcoming}.” The entries for both 

articles also include working URL links to the full articles. This confirms that 

a publication tagged as “Forthcoming” on the PSI LAB website is only 
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forthcoming with respect to formal publication in their respective journals. 

That is, the articles themselves are still publicly available via the links 

displayed on the screen capture, despite not yet being formally published. This 

further indicates that, despite being listed as Forthcoming in Appendices 

DING08 through DING10, Ding was only forthcoming with respect to its 

publication in Computer Speech & Language March 2022. Thus, it is my 

determination that Ding was publicly available on the PSI Lab web page at 

the latest as of November 30, 2021, via the Internet Archive. 

 

35. Exhibit #### indicates as of 2021, Ding is published by Elsevier. Appendix 

DING01 indicates that Penn State University Libraries holds a true and correct 

copy of “Accentron: Foreign Accent Conversion to Arbitrary Non-Native 

Speakers Using Zero-Shot Learning” by Shaojin Ding, et al., as published in 

the journal Computer Speech & Language. Appendix DING02 indicates as of 

May 31, 1997, an e-journal edition Computer Speech & Language is 

accessible through Penn State University Libraries and this journal was 

accessible at Penn State University Libraries via the Elsevier Science Direct 

platform prior to the Ding paper’s formal publication in the March 2022 

edition of the Computer Speech & Language journal. Appendix DING03 

indicates as of October 5, 2021, Ding and its unique DOI URL is publicly 
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available on the ScienceDirect platform. Appendix DING04 indicates that 

Articles in Press are publicly available online after being accepted for 

publication in a journal but prior to that formal publication. Appendix 

DING05 indicates as of February 6, 2020, journal pre-proofs are publicly 

available as Articles in Press for Computer Speech & Language to provide 

early visibility of the articles. Appendix DING06 indicates as of October 19, 

2021, the title of Ding and a sample of material relevant to its content is 

publicly available on co-author Guanlong Zhao’s GitHub page. Appendix 

DING07 indicates as of 2021, an interested user may access Elsevier’s 

published journal pre-proof of Ding through at least co-author Guanlong 

Zhao’s GitHub page. Appendices DING08, DING09, and DING10 indicate 

as of October 14, 2021, and at least by November 30, 2021, an interested user 

may access Ding through its publication on the PSI Lab website. Appendix 

DING11 indicates as of October 14, 2021, and at least by November 30, 2021, 

Ding was accessible on the PSI Lab website despite its publication in 

Computer Speech & Language being listed as “Forthcoming.” As such, it is 

my determination that Exhibit ####, “Accentron: Foreign Accent Conversion 

to Arbitrary Non-Native Speakers Using Zero-Shot Learning” by Shaojin 

Ding, et al., as published in Computer Speech & Language, was first made 

available to the public as early as October 5, 2021, and no later than December 
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31, 2021, and could be freely accessed either via at least the ScienceDirect 

website or GitHub. 

Sisman 
 

36. I have reviewed Exhibit ####, “Group Sparse Representation with WaveNet 

Vocoder Adaptation for Spectrum and Prosody Conversion” by Berrak 

Sisman, et al. as published in IEEE/ACM Transactions on Audio, Speech 

and Language Processing June 2019. 

 
37. Attached hereto as Appendix SISMAN01 is a true and correct copy of 

“Group Sparse Representation with WaveNet Vocoder Adaptation for 

Spectrum and Prosody Conversion” as published in IEEE/ACM 

Transactions on Audio, Speech and Language Processing as held by the 

Penn State University Library. These scans were secured from the library’s 

collection. In comparing Exhibit #### to Appendix SISMAN01, it is my 

determination that Exhibit #### is a true and correct copy of “Group Sparse 

Representation with WaveNet Vocoder Adaptation for Spectrum and 

Prosody Conversion” by Berrak Sisman, et al. as published in IEEE/ACM 

Transactions on Audio, Speech and Language Processing. 

 
38. Attached hereto as Appendix SISMAN02 is a true and correct copy of the 

MARC record for IEEE/ACM Transactions on Audio, Speech and Language 
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Processing as held by the Penn State University Library. I secured this 

record myself from the library’s public catalog. The MARC record 

contained within Appendix SISMAN02 accurately describes the title, 

publisher and ISSN number of IEEE/ACM Transactions on Audio, Speech 

and Language Processing. The Showing Results field present on page 3 of 

this record indicates the library's collection includes the June 2019 issue of 

IEEE/ACM Transactions on Audio, Speech and Language Processing 

containing “Group Sparse Representation with WaveNet Vocoder 

Adaptation for Spectrum and Prosody Conversion”. 

 
 

39. The 008 field of the MARC record in Appendix SISMAN02 indicates the 

date of record creation. The 008 field of Appendix SISMAN02 indicates the 

Penn State University Library first acquired IEEE/ACM Transactions on 

Audio, Speech and Language Processing as of July 9, 2013, and held the 

journal in perpetuity until the publication of “Group Sparse Representation 

with WaveNet Vocoder Adaptation for Spectrum and Prosody Conversion.” 

Considering this information, it is my determination that IEEE/ACM 

Transactions on Audio, Speech and Language Processing June 2019 and 

therefore “Group Sparse Representation with WaveNet Vocoder Adaptation 
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for Spectrum and Prosody Conversion” was made available to the public at 

least as early as its initial publication in June 2019. 

Loots 

40. I have reviewed Exhibit 100�, “Automatic Conversion Between 

Pronunciations of Different English Accents” by Linsen Loots, et al. as 

published in Speech Communication January 2011. 

41. Attached hereto as Appendix LOOTS01 is a true and correct copy of the 

MARC record for Speech Communication as held by the Penn State 

University Library. I secured this record myself from the library’s public 

catalog. The MARC record contained within Appendix LOOTS01 accurately 

describes the title, publisher and ISSN number of Speech Communication. 

The Showing Results field present on page 3 of this record indicates the 

library's collection includes the January 2011 issue of Speech Communication 

containing “Automatic Conversion Between Pronunciations of Different 

English Accents”. 

42. Attached hereto as Appendix LOOTS02 is a true and correct copy of 

"Automatic Conversion Between Pronunciations of Different English 
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Accents" as published in Speech Communication as held by the Penn State 

University Library. These scans were secured from the library’s collection. In 

comparing Exhibit 100� to Appendix LOOTS02, it is my determination that 

Exhibit 100� is a true and correct copy of "Automatic Conversion Between 

Pronunciations of Different English Accents" by Linsen Loots, et al. as 

published in Speech Communication. 

43. The 008 field of the MARC record in Appendix LOOTS01 indicates the date 

of record creation. The 008 field of Appendix LOOTS01 indicates the Penn 

State University Library first acquired Speech Communication as of June 10, 

1998 and held the journal in perpetuity until the publication of "Automatic 

Conversion Between Pronunciations of Different English Accents". 

Considering this information, it is my determination that Speech 

Communication January 2011 and therefore “Automatic Conversion Between 

Pronunciations of Different English Accents” was made available to the 

public at least as early as its initial publication in January 2011.  

Osuna 
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44. I have reviewed Exhibit 1009, “Using Phonetic Posteriorgram Based Frame 

Pairing for Segmental Accent Conversion” by Guanlong Zhao, et al. as 

published in IEEE / ACM Transactions on Audio, Speech and Language 

Processing October 2019. 

45. Attached hereto as Appendix ZHAO01 is a true and correct copy of the 

MARC record for IEEE / ACM Transactions on Audio, Speech and Language 

Processing as held by the Penn State University Library. I secured this record 

myself from the library’s public catalog. The MARC record contained within 

Appendix ZHAO01 accurately describes the title, publisher and ISSN number 

of IEEE / ACM Transactions on Audio, Speech and Language Processing. 

The Showing Results field present on page 3 of this record indicates the 

library's collection includes the October 2019 issue of IEEE / ACM 

Transactions on Audio, Speech and Language Processing containing “Using 

Phonetic Posteriorgram Based Frame Pairing for Segmental Accent 

Conversion”. 

46. Attached hereto as Appendix ZHAO02 is a true and correct copy of “Using 

Phonetic Posteriorgram Based Frame Pairing for Segmental Accent 

Conversion” as published in IEEE / ACM Transactions on Audio, Speech and 
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Language Processing as held by the Penn State University Library. These 

scans were secured from the library’s collection. In comparing Exhibit 1009

to Appendix ZHAO02, it is my determination that Exhibit 1009 is a true and 

correct copy of “Using Phonetic Posteriorgram Based Frame Pairing for 

Segmental Accent Conversion” by Guanlong Zhao, et al. as published in IEEE 

/ ACM Transactions on Audio, Speech and Language Processing. 

47. The 008 field of the MARC record in Appendix ZHAO01 indicates the date 

of record creation. The 008 field of Appendix ZHAO01 indicates the Penn 

State University Library first acquired IEEE / ACM Transactions on Audio, 

Speech and Language Processing as of July 9, 2013 and held the journal in 

perpetuity until the publication of “Using Phonetic Posteriorgram Based 

Frame Pairing for Segmental Accent Conversion”. Considering this 

information, it is my determination that IEEE / ACM Transactions on Audio, 

Speech and Language Processing October 2019 and therefore “Using 

Phonetic Posteriorgram Based Frame Pairing for Segmental Accent 

Conversion” was made available to the public at least as early as its initial 

publication in October 2019.  
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Cuturi 

 

48. I have reviewed Exhibit ####, “Soft-DTW: a Differentiable Loss Function for 

Time-Series” by Marco Cuturi, et al as published in Proceedings of Machine 

Learning Research. 

 

49. Attached hereto as Appendix CUTURI01 is a screen capture of the Internet 

Archive Wayback Machine entry for http://proceedings.mlr.press/v70. I 

secured these screen captures myself from 

https://web.archive.org/web/20170728161753/http://proceedings.mlr.press/v

70. This record was captured as of July 28, 2017. 

 

50. Appendix CUTURI01 is an Internet Archive capture of a web page entitled 

Volume 70: International Conference on Machine Learning, 6-11 August 

2017, International Convention Centre, Sydney, Australia as hosted on the 

Proceedings of Machine Learning Research website. Appendix CUTURI01 is 

a table of contents for Volume 70 of Proceedings of Machine Learning 

Research. This page contains an entry for the Cuturi paper on page 6, 

including a link entitled ‘Download PDF’ allowing users to download a copy 

of this paper. As the Internet Archive first captured this page as of July 28, 
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2017, it is my determination that “Soft-DTW: a Differentiable Loss Function 

for Time-Series” by Marco Cuturi, et al as published in Proceedings of 

Machine Learning Research was first made available to the public as of July 

28, 2017 via the original Proceedings of Machine Learning Research website.  

 

51. Attached hereto as Appendix CUTURI02 is a screen capture of the Internet 

Archive Wayback Machine entry for 

http://proceedings.mlr.press/v70/cuturi17a/cuturi17a.pdf. I secured these 

screen captures myself from 

https://web.archive.org/web/20170917200602/http://proceedings.mlr.press/v

70/cuturi17a/cuturi17a.pdf. This record was captured as of September 17, 

2017. 

 

52. Appendix CUTURI02 is an Internet Archive capture of a web page entitled 

“Soft-DTW: a Differentiable Loss Function for Time-Series” as hosted on the 

Proceedings of Machine Learning Research website. I secured this file by 

clicking the link entitled ‘Download PDF’ as found Appendix CUTURI01. In 

comparing Appendix CUTURI02 to Exhibit ####, it is my determination that 

Exhibit #### is a true and correct copy of the “Soft-DTW: a Differentiable 

Loss Function for Time-Series” file as hosted on the Proceedings of Machine 
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Learning Research website. As the Internet Archive first captured this page as 

of September 17, 2017, it is my determination that “Soft-DTW: a 

Differentiable Loss Function for Time-Series” was first made available to the 

public as of September 17, 2017 via the Internet Archive and likely earlier via 

the original Proceedings of Machine Learning Research website.  

 

53. Attached hereto as Appendix CUTURI03 is a screen capture of the Internet 

Archive Wayback Machine entry for https://arxiv.org/abs/1703.01541. I 

secured these screen captures myself from 

https://web.archive.org/web/20190213125708/https://arxiv.org/abs/1703.015

41. This record was captured as of February 13, 2019. 

 

54. Appendix CUTURI03 is an Internet Archive capture of a web page entitled 

Soft-DTW: a Differentiable Loss Function for Time-Series as hosted on the 

arxiv.org website. Appendix CUTURI03 contains a description of the Cuturi 

paper, as well as a link entitled ‘PDF’ allowing users to download a copy of 

this paper. As the Internet Archive first captured this page as of February 13, 

2019, it is my determination that “Soft-DTW: a Differentiable Loss Function 

for Time-Series” was first made available to the public as of February 13, 

2019 via the original arxiv.org website.  
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55. Attached hereto as Appendix CUTURI04 is a screen capture of the Internet 

Archive Wayback Machine entry for https://arxiv.org/pdf/1703.01541.pdf. I 

secured these screen captures myself from 

https://web.archive.org/web/20211108222341/https://arxiv.org/pdf/1703.015

41.pdf. This record was captured as of November 8, 2021. 

 

56. Appendix CUTURI04 is an Internet Archive capture of a web page entitled 

“Soft-DTW: a Differentiable Loss Function for Time-Series” as hosted on the 

arxiv.org website. I secured this file by clicking the link entitled ‘PDF’ as 

present in Appendix CUTURI03. In comparing Appendix CUTURI04 to 

Exhibit ####, it is my determination that Exhibit #### is a true and correct 

copy of the "Soft-DTW: a Differentiable Loss Function for Time-Series" web 

page as hosted on the arxiv.org website. As the Internet Archive first captured 

this page as of November 8, 2021, it is my determination that “Soft-DTW: a 

Differentiable Loss Function for Time-Series” was first made available to the 

public as of November 8, 2021 via the Internet Archive and likely earlier via 

the original arxiv.org website.  

 
57. Attached hereto as Appendix CUTURI05 is a true and correct copy of the 

MARC record for Proceedings of the 2017 International Conference on 
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Machine Learning as held by the University of Saskatchewan Library. I 

secured this record myself from the library’s public catalog. The MARC 

record contained within Appendix CUTURI05 accurately describes the title, 

publisher and ISBN number of Proceedings of the 2017 International 

Conference on Machine Learning.  

 
58. The 008 field of the MARC record in Appendix CUTURI05 indicates the date 

of record creation. The 008 field of Appendix CUTURI05 indicates the 

University of Saskatchewan Library first acquired Proceedings of the 2017 

International Conference on Machine Learning as of March 29, 2018. 

Considering this information, it is my determination that Proceedings of the 

2017 International Conference on Machine Learning and therefore “Soft-

DTW: a Differentiable Loss Function for Time-Series” was made available to 

the public at least as early as March 29, 2018. 

 

Kamruzzaman 

 

59. I have reviewed Exhibit ####, “Speaker Identification using MFCC-Domain 

Support Vector Machine” by S.M. Kamruzzaman, et al as published in 

International Journal of Electrical and Power Engineering April-May 2007. 
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60. Attached hereto as Appendix KAMRUZZAMAN01 is a screen capture of the 

Internet Archive Wayback Machine entry for https://arxiv.org/abs/1009.4972. 

I secured these screen captures myself from 

https://web.archive.org/web/20210417200127/https://arxiv.org/abs/1009.497

2. This record was captured as of April 17, 2021. 

 

61. Appendix KAMRUZZAMAN01 is an Internet Archive capture of a web page 

entitled Speaker Identification using MFCC-Domain Support Vector Machine 

as hosted on the arxiv.org website. Appendix KAMRUZZAMAN01 contains 

a description of the Kamruzzaman paper, as well as a link entitled ‘PDF’ 

allowing users to download a copy of this paper. As the Internet Archive first 

captured this page as of April 17, 2021, it is my determination “Speaker 

Identification using MFCC-Domain Support Vector Machine” was first made 

available to the public as of April 17, 2021 via the original arxiv.org website.  

 

62. Attached hereto as Appendix KAMRUZZAMAN02 is a screen capture of the 

Internet Archive Wayback Machine entry for 

https://arxiv.org/ftp/arxiv/papers/1009/1009.4972.pdf. I secured these screen 

captures myself from 
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https://web.archive.org/web/20200825105542/https://arxiv.org/ftp/arxiv/pap

ers/1009/1009.4972.pdf. This record was captured as of August 25, 2020. 

 

63. Appendix KAMRUZZAMAN02 is an Internet Archive capture of a web page 

entitled "Speaker Identification using MFCC-Domain Support Vector 

Machine" as hosted on the arxiv.org website. I secured this file by clicking the 

link entitled ‘PDF’ as present in Appendix KAMRUZZAMAN01. In 

comparing Appendix KAMRUZZAMAN02 to Exhibit ####, it is my 

determination that Exhibit #### is a true and correct copy of the "Speaker 

Identification using MFCC-Domain Support Vector Machine" web page as 

hosted on the arxiv.org website. As the Internet Archive first captured this 

page as of August 25, 2020, it is my determination that “Speaker Identification 

using MFCC-Domain Support Vector Machine” was first made available to 

the public as of August 25, 2020 via the Internet Archive and likely earlier via 

the original arxiv.org website.  

 
64. Attached hereto as Appendix KAMRUZZAMAN03 is a true and correct copy 

of the MARC record for International Journal of Electrical and Power 

Engineering as held by the Glasgow Caledonian University Library. I secured 

this record myself from the library’s public catalog. The MARC record 

contained within Appendix KAMRUZZAMAN03 accurately describes the 
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title, publisher and ISSN number of International Journal of Electrical and 

Power Engineering. The Full Text Availability field present on page 2 of this 

record indicates the library's collection includes the April-May 2007 issue of 

International Journal of Electrical and Power Engineering containing 

“Speaker Identification using MFCC-Domain Support Vector Machine”. 

65. The 008 field of the MARC record in Appendix KAMRUZZAMAN03 

indicates the date of record creation. The 008 field of Appendix 

KAMRUZZAMAN03 indicates the Glasgow Caledonian University Library 

first acquired International Journal of Electrical and Power Engineering as of 

September 20, 2007 and the collection details indicate this acquisition 

includes all issues of the journal from January 2007 forward. Considering this 

information, it is my determination that International Journal of Electrical and 

Power Engineering April-May 2007 and therefore “Speaker Identification 

using MFCC-Domain Support Vector Machine” was made available to the 

public via the Glasgow Caledonian University Library at least as early as  

September 20, 2007. 

Heckmann 
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66. I have reviewed Exhibit ����, "A Hierarchical Framework for Spectro-

Temporal Feature Extraction" by Martin Ernst Heckmann, et al as published 

in Speech Communication May 2011. 

67. Attached hereto as Appendix HECKMANN01 is a true and correct copy of 

the MARC record for Speech Communication as held by the Penn State 

University Library. I secured this record myself from the library’s public 

catalog. The MARC record contained within Appendix HECKMANN01 

accurately describes the title, publisher and ISSN number of Speech 

Communication. The Showing Results field present on page 3 of this record 

indicates the library's collection includes the May 2011 issue of Speech 

Communication containing "A Hierarchical Framework for Spectro-

Temporal Feature Extraction". 

68. Attached hereto as Appendix HECKMANN02 is a true and correct copy of 

"A Hierarchical Framework for Spectro-Temporal Feature Extraction" as 

published in Speech Communication as held by the Penn State University 

Library. These scans were secured from the library’s collection. In 

comparing Exhibit ���� to Appendix HECKMANN02, it is my 

determination that Exhibit ���� is a true and correct copy of "A 
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Hierarchical Framework for Spectro-Temporal Feature Extraction" by 

Martin Ernst Heckmann, et al as published in Speech Communication. 

69. The 008 field of the MARC record in Appendix HECKMANN01 indicates 

the date of record creation. The 008 field of Appendix HECKMANN01 

indicates the Penn State University Library first acquired Speech 

Communication as of June 10, 1998 and held the journal in perpetuity until 

the publication of "A Hierarchical Framework for Spectro-Temporal Feature 

Extraction". Considering this information, it is my determination that Speech 

Communication May 2011 and therefore "A Hierarchical Framework for 

Spectro-Temporal Feature Extraction" was made available to the public at 

least as early as its initial publication in May 2011. 

70. I have been retained on behalf of the Petitioner to provide assistance in the 

above-illustrated matter in establishing the authenticity and public 

availability of the documents discussed in this declaration. I am being 

compensated for my services in this matter at the rate of $200.00 per hour 

plus reasonable expenses.  My statements are objective, and my 

compensation does not depend on the outcome of this matter. 
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71. I declare under penalty of perjury that the foregoing is true and correct. I 

hereby declare that all statements made herein of my own knowledge are 

true and that all statements made on information and belief are believed to 

be true; and further that these statements were made the knowledge that 

willful false statements and the like so made are punishable by fine or 

imprisonment, or both, under Section 1001 of Title 18 of the United States 

Code. 

 

Dated: 3/18/2026 

 

June Ann Munford 
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June A. Munford 
Curriculum Vitae 

Education 

University of Wisconsin-Milwaukee - MS, Library & Information Science, 2009 
Milwaukee, WI 

● Coursework included cataloging, metadata, data analysis, library systems,
management strategies and collection development.
● Specialized in library advocacy, cataloging and public administration.

Grand Valley State University - BA, English Language & Literature, 2008 
Allendale, MI 

● Coursework included linguistics, documentation and literary analysis.
● Minor in political science with a focus in local-level economics and
government.

Professional Experience 

Researcher / Expert Witness, October 2017 – present 
Freelance ● Pittsburgh, Pennsylvania & Grand Rapids, Michigan 

● Material authentication and public accessibility determination. Declarations of
authenticity and/or public accessibility provided upon research completion. Experienced
with appeals and deposition process.

● Research provided on topics of public library operations, material
publication history, digital database services and legacy web resources.

● Past clients include Alston & Bird, Arnold & Porter, Baker Botts, Fish & Richardson,
Erise IP, Irell & Manella, O'Melveny & Myers, Perkins-Coie, Pillsbury Winthrop Shaw
Pittman and Slayden Grubert Beard.

Library Director, February 2013 - March 2015 
Dowagiac District Library ● Dowagiac, Michigan 

● Executive administrator of the Dowagiac District Library. Located in
Southwest Michigan, this library has a service area of 13,000, an annual
operating budget of over $400,000 and total assets of approximately
$1,300,000.
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● Developed careful budgeting guidelines to produce a 15% surplus during the 2013-
2014 & 2014-2015 fiscal years while being audited.

● Using this budget surplus, oversaw significant library investments including the
purchase of property for a future building site, demolition of existing buildings and
building renovation projects on the current facility.

● Led the organization and digitization of the library's archival records.

● Served as the public representative for the library, developing business
relationships with local school, museum and tribal government entities.

● Developed an objective-based analysis system for measuring library services -
including a full collection analysis of the library's 50,000+ circulating items and their
records.

November 2010 - January 2013 
Librarian & Branch Manager, Anchorage Public Library ● Anchorage, Alaska 

● Headed the 2013 Anchorage Reads community reading campaign including event
planning, staging public performances and creating marketing materials for mass
distribution.

● Co-led the social media department of the library's marketing team, drafting social
media guidelines, creating original content and instituting long-term planning via content
calendars.

● Developed business relationships with The Boys & Girls Club, Anchorage
School District and the US Army to establish summer reading programs for
children.

June 2004 - September 2005, September 2006 - October 2013 
Library Assistant, Hart Area Public Library 
Hart, MI 

● Responsible for verifying imported MARC records and original MARC
cataloging for the local-level collection as well as the Michigan Electronic
Library.

● Handled OCLC Worldcat interlibrary loan requests & fulfillment via
ongoing communication with lending libraries.

Professional Involvement 

Alaska Library Association - Anchorage Chapter 
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● Treasurer, 2012 
 
Library Of Michigan 

● Level VII Certification, 2008 
● Level II Certification, 2013 

 
Michigan Library Association Annual Conference 2014 

● New Directors Conference Panel Member 
 
Southwest Michigan Library Cooperative 

● Represented the Dowagiac District Library, 2013-2015 
 
 
Professional Development 
 
Library Of Michigan Beginning Workshop, May 2008  
Petoskey, MI 

● Received training in cataloging, local history, collection management, 
children’s literacy and reference service. 

 
Public Library Association Intensive Library Management Training, October 2011  
Nashville, TN 

● Attended a five-day workshop focused on strategic planning, staff 
management, statistical analysis, collections and cataloging theory. 

 
Alaska Library Association Annual Conference 2012 - Fairbanks, February 2012 
Fairbanks, AK 

● Attended seminars on EBSCO advanced search methods, budgeting, 
cataloging, database usage and marketing. 

Depositions 
 
2019 ● Fish & Richardson 

Apple v. Qualcomm (Case No. IPR2018-001281, 39521-00421IP, IPR2018-01282  and 
39521-00421IP2) 
 

2019 ● Erise IP 

 Implicit, LLC v. Netscout Systems, Inc (Case No. 2:18-cv-53-JRG) 
 
2019 ● Perkins-Coie 

 Adobe Inc. v. RAH Color Technologies LLC (Case No. IPR2019-00627, IPR2019-
00628, IPR2019-00629 and IPR2019-00646) 
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2020 ● O’Melveny & Myers 

 Maxell, Ltd. v. Apple Inc. (Case No. 5:19-cv-00036-RWS) 
 
2021 ● Pillsbury Winthrop Shaw Pittman LLP 

 Intel v. SRC (Case No. IPR2020-1449) 
 
2022 ● Perkins-Coie 

 Realtek v. Future Link (Case No. IPR2021-01182) 
 

2023 ● Fish & Richardson 

 Neuroderm Ltd. v. Abbvie, Inc (Case No. PGR2022-00040) 
 

2023 ● Fish & Richardson 

 Nearmap US Inc. v. Pictometry International Corp. (Case No. IPR2022-00735)  
 

2023 ● Fish & Richardson 

 Samsung Electronics v. MemoryWeb LLC (Case No. 39843-0136PS1)  

 

2023 ● Pillsbury Winthrop Shaw Whitman LLP 

Gravel Rating Systems v. Costco Wholesale Corp. (Case No.  
          4:21-cv-149-ALM) 

 

2024 ● Willkie-Farr 

Netflix, Inc. v. VideoLabs. Inc. (Case No. IPR2023-00628) 

 

2024 ● Quinn Emanuel Urquhart & Sullivan 

Purdue University v. Wolfspeed (Case No. 1:21-CV-840) 

 

2024 ● Fish & Richardson 

Dish Network v. Entropic Communications (Case No. IPR2024-00393) 
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2025 ● Perkins Coie 

Amazon.com, Inc. v. Nokia Technologies Oy (Case No. IPR2024-00572) 

 

2025 ● Fish & Richardson 

Dish Network v. Entropic Communications (Case No. IPR2024-00373) 
 
 
Limited Case and Clientele History  
 
Alston & Bird 

● Ericsson 

  v. Collision Communications (Case No. IPR2022-01233) 
 

 ● Nokia  

          v. Neptune Subsea, Xtera (Case No. 1:17-cv-01876) 
 

 ● Universal Electronics Inc  

          v. Roku Inc (Case No. IPR2022-00818) 

 
Alavi & Anaipakos PLLC 

● Stingray Group Inc. and Stingray Music USA, Inc. 

v. Edwin A. Hernandez-Mondragon and Egla Corp. (Case No. 1:24-cv-
21226-RAR) 

 
Arnold & Porter 

● Ivantis  

          v. Glaukos (Case No. 8:18-cv-00620) 
 

● Samsung  

          v. Jawbone (Case No. 2:21-cv-00186) 
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Benesch Friedlander Coplan & Aronoff 

● Voyis 

 v. Cathx (Case No.  5:21-cv-00077-RWS) 

 

Buchanan, Ingersoll & Rooney PC 

● Google LLC, AT&T Service Inc., T Mobile USA Inc., Cellco Partnership, Ericsson 
Inc. & Nokia of America Corp. 

 v. KT Corp & Pegasus Wireless Innovation LLC (Case No.  IPR2025-00293) 

 

Deschert LLP 

 ● Smaxtec Animal Care 

  v. ST Reproductive Technologies, LLC (Case No. IPR2024-00885) 

 

Duane Morris 

 ● Kangxi Communication Technologies 

  v. Skyworks Solutions Inc. (Case No. IPR2025-00373) 

 

 ● Microsoft 

  v. Edge Networking Systems LLC (Case No. 1:24-cv-00215) 

 

Erise I.P. 
 ● Apple 

  v. Ericsson Inc. (Case No. IPR2022-00715) 

v. Future Link Systems (Case No. IPRs 6317804, 6622108, 6807505, and   
 7917680) 

  v. INVT (Case No. 20-1881)  

  v. Navblazer LLC (Case No. IPR2020-01253) 

  v. Qualcomm (Case No. IPR2018-001281, 39521-00421IP, IPR2018-01282,  
  39521-00421IP2) 
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  v. Quest Nettech Corp (Case No. 2:19-cv-00118-JRG) 

v. Telefonaktiebolaget LM Ericsson (Case No. IPR2022-00275) 

v. Theta IP, LLC (Case No. IPR2024-00818) 

v. THL Holding Company LLC (Case No. 1:23-cv-00548) 
 

● Fanduel  

          v. CGT (Case No. 19-1393) 
 

● Garmin  

          v. Phillips North America LLC (Case No. 2:19-cv-6301-AB-KS) 

 
● Netscout  

  v. Longhorn HD LLC (Case No. 2:20-cv-00349) 

  v. Implicit, LLC (Case No.  2:18-cv-53-JRG)  

 
● Sony Interactive Entertainment LLC  

  v. Bot M8 LLC (Case No. IPR2020-01288) 

  v. Infernal Technology LLC (Case No. 2:19-CV-00248-JRG) 

 

● Tesla 

  v. Charge Fusion Technologies LLC (Case No. IPR2025-00032) 

 
● Unified Patents  

  v. GE Video Compression (Case No. 2:19-cv-248) 

 

Fish & Richardson 

 ● Apple 

  v. AliveCor (Case No. 3:21-cv-03958) 

v. LBS Innovations (Case No. 2:19-cv-00119-JRG-RSP) 

  v. Koss Corporation (Case No. IPR2021-00305) 
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  v. Masimo (Case No. IPR 50095-0012IP1, 50095-0012IP2, 50095-0013IP1,  
  50095-0013IP2, 50095-0006IP1, 50095-0135IP1) 

  v. Neonode (Case No. 21-cv-08872-EMC) 

  v. Qualcomm (Case No. IPR2018-001281, 39521-00421IP, IPR2018-01282,  
  39521-00421IP2) 

  v. Resonant Sys. (Case No. 7:23-cv-00077-ADA) 
 

 ● AsusTek Computer Inc. 
  v. Videolabs, Inc. (Case No. 22-CV-00720-ADA) 

 

 ● Dell 
  v. Neo Wireless (Case No. IPR2022-00616) 

 

 ● Dish Network  

  v. Entropic Communications, LLC (Case No. 2:2023-CV-01043) 

v. Entropic Communications LLC (Case No. IPR2024-00393) 

v. Realtime Adaptive Streaming (Case No. 1:17-CV-02097-RBJ) 

v. TQ Delta LLC (Case No. 18-1798) 
 

● Evapco Dry Cooling 

 v. SPG Dry Cooling (Case No. IPR2021-00688) 
 

 ● Genetec 

  v. Sensormatic Electronics (Case No. 1:20-CV-00760) 
 

● Huawei  

          v. Bell Northern Research LLC (Case No. IPR2019-01174) 
 

● Kianxis 

          v. Blue Yonder (Case No. 3:20-cv-03636) 
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● LG Electronics  

          v. Bell Northern Research LLC (Case No. 3:18-cv-2864-CAB-BLM) 

 

● MediaTek 

          v. MOSAID (Case No. IPR2024-00718) 
 

● Metaswitch 

          v. Sonus Networks (Case No. IPR2018-01719) 
 

● Microsoft 

  v. Throughputer Inc (Case No. IPR2022-00757) 

 
● Mom Enterprises  

  v. Ddrops Company (Case No. 1:22-cv-00332) 
 

● MLC Intellectual Property  

          v. MicronTech (Case No. 3:14-cv-03657-SI) 
 

● Nearmap Inc 

v. EagleView Technologies (Case No. IPR2022-01009) 

 
● Neuroderm Ltd.  

  v. Abbvie, Inc (Case No. PGR2022-00040) 

 

● Posco Co Ltd.  

  v. Pascal Drillet et al. (Case No. IPR2025-00370) 
 

● Realtek Semiconductor 

          v. Future Link (Case No. IPR2021-01182) 
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● Quectel  

          v. Koninklijke Philips (Case No. 1:20-cv-01710) 
 

● Samsung  

v. Aire Technology (Case No. IPR2022-00877) 

v. Bell Northern Research (Case No. 2:19-cv-00286-JRG) 

v. Communication Technologies Inc (Case No. IPR2022-01221) 

v. Jawbone Innovations (Case No. IPR2022-00865) 

v. MemoryWeb LLC (Case No. IPR2022-00885) 

v. Dodots Licensing Solutions (Case No. IPR2023-00701) 

v. Telefonaktiebolaget LM Ericsson (Case No. IPR2021-00615) 
 

● Texas Instruments 

 v. Vantage Micro LLC (Case No. IPR2020-01261) 
 

● Xilinx  

  v. Sentient Sensors LCC (Case No. 1:22-cv-00173) 

 

Goodwin Proctor 

● Intel 

v. Proxense, LLC (Case No. 6:24-cv-00283) 

 

● Samsung Electronics 

v. Mobile Data Technologies (Case No. 2:24-cv-00435) 

 

 ● Taiwan Semiconductor Manufacturing Company Ltd. 

v. Advanced Integrated Circuit Process LLC (Case No. 2:24-cv-00623) 
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Groombridge Wu 

 ● Nearmap 

v. Eagle View Technologies Inc. and Pictometry International Corp. (Case No. 
2:21-cv-00283-TS-DAO) 

 

Irell & Manella 

 ● Curium 

 

Latham & Watkins LLP 

● Apple 

 v. Advanced Coding Research LLC 

 

Leydig, Voit & Mayer, Ltd. 

● Public Availability Consultancy 

 

O’Melveny & Myers 

 ● Apple  

            v. Maxell (Case No. 5:19-cv-00036-RWS) 

 

● Disney Media & Entertainment Distribution LLC 

v. Digital Media Technology Holdings, LLC (Case No. 2:22- 

cv-01642) 
 

● Micron Technology Inc. 

 v. Besang Inc (Case No. IPR2023-00900) 

 

● Samsung 

  v. Daedalus Prime LLC (1335 Investigation) 
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Perkins-Coie 

● Amazon 

 v. Nokia (Case No. IPR2024-00847 and IPR2024-00848) 

v. Nokia Technologies Oy (Case No. IPR2024-00572) 

 ● Heru Industries 

v. The UAB Research Foundation (Case No. IPR2022-01148) 
 
● Intel Corporation 

   v. BeSang Inc. (Case No. IPR2023-00991) 

  v. BitMICRO (Case No. 5:23-cv-00625) 

v. Telefonaktiebolaget L M Ericsson (Case No. IPR2024-00610) 

 
● Realtek Semiconductor 

          v. Future Link (Case No. IPR2021-01182) 

 

● r-pac 

          v. Adasa, Inc. (Case No. 1:2024cv06102) 

 
● Twitter Inc 

 v. VOIP-Pal.com (Case No. 3:20-cv-02397-JD) 
 

● TCL Industries  

   v. Koninklijke Philips NV (Case No. IPR2021-00495, IPR2021-00496  
                    and IPR2021-00497) 
 

● VusionGroup 

   v. Hanshow (Case No. IPR2024-00857) 
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A B S T R A C T

Foreign accent conversion (FAC) aims to create a new voice that has the voice identity of a
given second-language (L2) speaker but with a native (L1) accent. Previous FAC approaches
usually require training a separate model for each L2 speaker and, more importantly, generally
require considerable speech data from each L2 speaker for training. To address these limitations,
we propose Accentron, an approach that can generate accent-converted speech for arbitrary
L2 speakers unseen during training. In the proposed approach, we first train a speaker-
independent acoustic model on L1 corpora to extract bottleneck features that represent the
linguistic content of utterances. Then, we develop a speaker encoder and an accent encoder to
generate embedding vectors for the desired voice identity (L2 speaker’s) and accent (L1 accent),
respectively. Lastly, we use a sequence-to-sequence model to transform bottleneck-features to
Mel-spectrograms, conditioned on the L2 speaker embedding and the L1 accent embedding. We
conducted experiments on the L2-ARCTIC corpus under two testing conditions: the standard FAC
setting where test L2 speakers were seen during training, and a zero-shot FAC setting where test
L2 speakers were unseen during training. Accentron achieves over 27% relative improvement in
accentedness ratings compared to two state-of-the-art FAC systems in the standard FAC setting.
More importantly, our results show that Accentron generalizes to the zero-shot FAC setting with
no performance loss. Therefore, in practical use scenarios (e.g., computer-assisted pronunciation
training software), Accentron can effectively avoid the need to adapt or retrain the model, which
significantly reduces computations and the users’ waiting time.

1. Introduction

Foreign accent conversion (FAC) (Felps et al., 2009) aims to create a new voice that has the voice identity of a given L2 speaker
and the accent of an L1 speaker. In pronunciation training, FAC can serve as a ‘‘golden speaker’’ for the L2 speaker to practice
with: their own voice, but with a native accent (Felps et al., 2009; Probst et al., 2002; Ding et al., 2019a; Wang and Lu, 2011).
FAC also finds applications in movie dubbing (Turk and Arslan, 2002), personalized text-to-speech (TTS) synthesis (Sun et al.,
2016b; Oshima et al., 2015), and improving speech recognition performance (Biadsy et al., 2019). A variety of techniques have been
proposed to perform FAC, including voice morphing (Felps et al., 2009; Aryal et al., 2013; Huckvale and Yanagisawa, 2007), frame
pairing (Aryal and Gutierrez-Osuna, 2014; Zhao and Gutierrez-Osuna, 2019), articulatory synthesis (Aryal and Gutierrez-Osuna,
2015a,b), and sequence-to-sequence (seq2seq) modeling (Zhao et al., 2019; Liu et al., 2020). However, previous FAC approaches
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have two major limitations. First, they operate in a one-to-one fashion, i.e., they require training a separate model for each pair of
L1 and L2 speakers. Second, they need a considerable amount of speech data (ε1000 utterances) for each L2 speaker. Thus, when
using these conventional FAC methods in real-world applications such as pronunciation training, L2 learners need to record a large
number of utterances and then wait for a dedicated model to be trained, which can be tedious and demotivating.

To address this issue, we propose Accentron, a zero-shot learning (Lampert et al., 2009) approach to FAC that can synthesize
speech for arbitrary L2 speakers who were unseen during training. Accentron consists of four independent models: (1) a speaker-
independent acoustic model that captures the linguistic content of an L1 utterance as a sequence of bottleneck feature vectors, (2)
a speaker encoder that captures the voice identity of the L2 speaker, denoted as a speaker embedding, (3) an accent encoder that
captures the desired L1 accent, denoted as an accent embedding, and (4) a seq2seq model that generates a Mel-spectrogram from
the sequence of bottleneck features, conditioned on the desired speaker and accent embeddings. These components can be trained
independently, at which point the system can generate accent conversions to arbitrary L2 speakers given a few seconds of audio
(i.e., enough speech to compute a speaker embedding), without the need to have any model re-training or adaptation process.

To our knowledge, ours is the first work to apply zero-shot learning for the task of FAC. Though zero-shot learning has been used
for voice conversion (Liu et al., 2018; Hsu et al., 2016; Kameoka et al., 2018; Sun et al., 2016a) and voice cloning (Jia et al., 2018;
Arık et al., 2018), previous studies (Liu et al., 2018; Hsu et al., 2016; Kameoka et al., 2018; Sun et al., 2016a; Jia et al., 2018; Arık
et al., 2018) have focused exclusively on manipulating voice identity, ignoring the speaker’s accent, which holds important cues to
speaker recognition (Das et al., 2020) and speech perception (Leikin et al., 2009; Major et al., 2002; Van Heugten et al., 2015; Cristia
et al., 2012). Incorporating accent into the conversion process requires changes to the conventional encoder–decoder structure of
sequence-to-sequence (seq2seq) models for voice conversion. Our encoder takes a sequence of L1 bottleneck feature vectors as the
input, and produces a hidden representation sequence. In a conventional voice conversion system (Liu et al., 2018; Hsu et al., 2016;
Ding and Gutierrez-Osuna, 2019; Saito et al., 2018; Hsu et al., 2017b; Mohammadi and Kim, 2019; Lu et al., 2019; Ding et al.,
2020), this hidden representation sequence is then concatenated with the speaker embedding of the target speaker. In our case,
however, the system also concatenates the accent embedding, which is treated as an additional independent and controllable factor
during synthesis. The combined bottleneck/speaker/accent embedding is consumed by a decoder coupled with a location-sensitive
attention mechanism (Chorowski et al., 2015). During each decoding step, the decoder autoregressively predicts a Mel-spectrogram
frame based on the output from the previous decoding step and a context vector produced by the attention mechanism. Finally, the
output Mel-spectrogram is converted back into a waveform through either the Griffin–Lim algorithm (Griffin and Lim, 1984) or a
separately trained vocoder (e.g., WaveNet (Tamamori et al., 2017), WaveRNN (Kalchbrenner et al., 2018)).

We thoroughly evaluated Accentron on the L2-ARCTIC corpus (Zhao et al., 2018). First, we visualized the speaker and accent
embedding distributions for the accent-converted speech and natural speech, and the results show that Accentron syntheses can
successfully capture the L2 voice identity along with an L1 accent. Second, we conducted a series of listening tests under two
different settings: (1) a standard FAC setting, where the test L2 speakers were available during training, and (2) a zero-shot FAC
setting, which assumes that the test L2 speakers were not available during training. Accentron achieves 27% relative improvement
in accentedness while retaining the acoustic quality and voice identity, compared to two state-of-the-art FAC systems in standard
FAC settings. In addition, Accentron showed no performance degradation when tested under zero-shot FAC setting.

The manuscript is organized as follows. Section 2 reviews prior approaches to foreign accent conversion, many-to-many voice
conversion, and sequence-to-sequence models. Section 3 describes the architecture of Accentron in detail. Section 4 provides the
experimental setup, including the corpora and implementation details. Section 5 presents the objective and subjective evaluations
of Accentron and analyzes the results. We discuss the implications of the results in Section 6. Lastly, we conclude the findings of
this work and point out potential future directions in Section 7.

2. Related work

2.1. Foreign accent conversion

The problem of foreign accent conversion was first formulated by Felps et al. (2009) as the means to provide implicit feedback
in computer assisted pronunciation training. Early approaches (Aryal and Gutierrez-Osuna, 2015b; Felps et al., 2012; Aryal and
Gutierrez-Osuna, 2016; Brand, 1999) involved building an articulatory synthesizer for the L2 speaker. The articulatory synthesizer
was trained to map the L2 speaker’s articulatory trajectories (e.g., tongue and lip movements) into his or her acoustics features
(e.g., Mel Cepstra) using GMMs (Aryal and Gutierrez-Osuna, 2015b), unit-selection models (Felps et al., 2012), and DNNs (Aryal
and Gutierrez-Osuna, 2016). Once the synthesizer was built, it could be driven with articulatory trajectories from an L1 speaker to
synthesize FAC speech. However, these approaches were impractical for pronunciation training since collecting articulatory data
is expensive and requires specialized equipment.2 As a result, later work on FAC has focused on acoustic methods, since they
only require recording speech with a microphone. Previous acoustic methods can be grouped into two categories: frame-pairing
methods (Aryal and Gutierrez-Osuna, 2014; Zhao and Gutierrez-Osuna, 2019) and seq2seq methods (Zhao et al., 2019; Liu et al.,
2020). As the name suggests, frame-pairing methods builds a lookup table where L1 and L2 speech frames are paired based on
their similarity, and then use a statistical model (e.g., a GMM) to convert from L1 frames to their corresponding L2 frames in the

2 Articulatory measurements can be performed via electromagnetic articulography (Felps et al., 2012), ultrasound imaging (Denby and Stone, 2004),
palatography (Mumtaz et al., 2014), and more recently real-time MRI (Toutios et al., 2016).
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lookup table. Aryal and Gutierrez-Osuna (2014) first proposed a technique to pair L1–L2 frames based on their acoustic similarity (in
MFCC space), after applying vocal tract length normalization to reduce global differences between the L1 and L2 spectra. Following
this, Zhao and Gutierrez-Osuna (2019) argued that the L1 and L2 frames should be paired based on their linguistic content, and
consequently, they used Phonetic-PosteriorGram (PPG) similarity instead of MFCC similarity. More recently, methods based on
seq2seq models have been shown to significantly improve synthesis quality. In a previous study (Zhao et al., 2019), we proposed a
seq2seq PPG-to-Mel synthesizer for FAC. During training, the system learns a seq2seq model to convert PPGs to Mel-spectra extracted
from utterances of an L2 speaker. During inference, the model is driven by PPGs extracted from a reference L1 utterance, which
then produces FAC synthesis. In related work, Liu et al. (2020) proposed a novel recognizer–synthesizer framework to remove the
need for a reference L1 utterance. Their system trained a speaker recognizer, a multi-speaker text-to-speech (TTS) model, and an
accent-sensitive automatic speech recognition (ASR) system. During inference, they feed L2 Mel-spectra to the ASR system with the
corresponding accent, and then feed the output of the ASR system and the L2 speaker embedding to the multi-speaker TTS model
to generate accent-converted utterances. These seq2seq model based FAC approaches can convert segmental and prosody features
simultaneously, producing syntheses with higher speech naturalness and acoustic quality.

2.2. Many-to-many voice conversion

Foreign accent conversion is related to the more general problem of voice conversion (VC) (Mohammadi and Kain, 2017;
Sisman et al., 2020), which aims to synthesize a voice that has the linguistic content of an utterance from a source speaker
and the voice identity of a target speaker. Traditional VC approaches use GMMs (Toda et al., 2007; Erro et al., 2009), sparse
representations (Takashima et al., 2012; Ding et al., 2019b), and DNNs (Chen et al., 2014; Desai et al., 2010; Nakashika et al.,
2016; Xie et al., 2016; Miyoshi et al., 2017; Kaneko et al., 2019; Sun et al., 2016a; Zhou et al., 2019) to transform the spectra
from a source speaker to that of the target speaker. These methods require training a separate model for each pair of source-target
speakers. More recently, several studies have proposed many-to-many VC approaches based on Variational Autoencoders (VAE) (Hsu
et al., 2016; Ding and Gutierrez-Osuna, 2019; Saito et al., 2018; Hsu et al., 2017b; Kameoka et al., 2018; Huang et al., 2019) and
the PPG-to-speech synthesizer (Liu et al., 2018; Mohammadi and Kim, 2019; Lu et al., 2019; Kaneko et al., 2017; Zhang et al.,
2019). Hsu et al. (2016, 2017a) first proposed to use a VAE for many-to-many VC. During training, the encoder learns a speaker-
independent latent embedding from input speech signals, and the decoder reconstructs the input speech signals given the latent
embedding and the corresponding speaker embedding. During inference, the speaker embedding is replaced with that of a target
speaker to produce a VC synthesis. A number of subsequent studies have been conducted to improve performance through various
techniques, such as auxiliary classifiers (Kameoka et al., 2018), WaveNet vocoder adaption (Huang et al., 2019), and discrete latent
space (Ding and Gutierrez-Osuna, 2019; Van Den Oord et al., 2017). Other studies (Liu et al., 2018; Mohammadi and Kim, 2019;
Lu et al., 2019) have used a PPG-to-speech synthesizer approach to perform many-to-many VC. The PPG-to-speech synthesizer is a
neural network that takes PPGs as an input, and predict spectra conditioned on the speaker embedding of the target speaker. Early
many-to-many VC models used one-hot vectors as the speaker embedding due to its simplicity, but recent studies (Saito et al., 2018;
Liu et al., 2018; Mohammadi and Kim, 2019; Lu et al., 2019) have used learned speaker embeddings (e.g., i-vector Dehak et al.,
2010, d-vector Variani et al., 2014) to generalize to unseen speakers, which make it possible to perform VC in a zero-shot fashion.

2.3. Seq2seq models

The seq2seq model was originally proposed by Sutskever et al. (2014) for machine translation. The seq2seq model usually has an
encoder–decoder architecture. The encoder learns a hidden representation sequence from an input sequence, and the decoder learns
to autoregressively generate the output sequence given the hidden representation. To capture contextual information and handle
length mismatches between the input and output sequences, an attention mechanism (Bahdanau et al., 2015) is added between the
encoder and the decoder. In recent years, there has been growing interest in applying seq2seq model to speech synthesis. Wang
et al. (2017) first proposed a seq2seq based TTS synthesizer (Tacotron), which significantly improved the acoustic quality of the
syntheses over previous methods. Following this, Shen et al. (2018) proposed Tacotron2, which further improved the acoustic quality
of Tacotron by using a novel model architecture and a WaveNet vocoder. Jia et al. (2018) extended Tacotron2 to voice cloning by
conditioning a speaker embedding on the decoder. Besides, Biadsy et al. (2019) and Jia et al. (2019) also explored the use of seq2seq
model in end-to-end speech-to-speech transformation, which avoids the need of multi-stage recognizer–synthesizer framework in
related tasks, such as hearing-impaired speech synthesis and speech-to-speech translation. Seq2seq model has also been applied to
voice conversion (Miyoshi et al., 2017; Kaneko et al., 2017; Zhang et al., 2019) and foreign accent conversion (Zhao et al., 2019;
Liu et al., 2020), which significantly improved the performance on these tasks compared to conventional approaches.

3. Methods

Accentron consists of four modules: (1) a speaker-independent acoustic model that generates a linguistic representation of an
utterance, (2) a speaker encoder that captures the voice identity of the desired speaker, (3) an accent encoder that captures the
desired accent, and (4) a seq2seq model that consumes the previous three representations to synthesize Mel-spectrogram for an
arbitrary L2 speaker.

The workflow for training Accentron is shown in Fig. 1(a). The acoustic model, speaker encoder, and accent encoder are trained
separately, and then are used as feature extractors for the seq2seq model. The seq2seq model is trained on a parallel corpus with
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Fig. 1. (a): Overall training workflow of Accentron. (b): Overall inference workflow of Accentron. Source: a selected reference L1 speaker, Target: any L1/L2
speaker, BNF: bottleneck feature, L1: native, L2: non-native. Each of the modules is trained independently.

multiple L1 and L2 speakers, capturing the voice characteristics of different speakers and accents. In what follows, we define a
‘‘source’’ speaker to be a selected reference L1 speaker, and a ‘‘target’’ speaker to be any L1/L2 speaker. To train the seq2seq model,
we pair the source speaker with each target speaker. Then, for each pair of speakers, we feed source utterances to the speaker-
independent acoustic model to extract bottleneck features (BNFs), which we assume capture only the linguistic content. Next, we
feed an utterance from the target speaker to the speaker encoder and the accent encoder, which extract their speaker embedding
and accent embedding, respectively. Finally, we train the seq2seq model to convert the source BNFs to the target Mel-spectrogram,
conditioning on the target speaker’s speaker and accent embeddings.

The workflow during inference is illustrated in Fig. 1(b). Accentron requires a source utterance from an L1 speaker and an
utterance from the L2 speaker. First, we extract BNFs and accent embedding from the L1 utterance, which encode the desired
linguistic content and native accent, and a speaker embedding from the L2 utterance, which encodes the desired voice identity of
the L2 speaker. Then, we pass the L1 BNFs, L1 accent embedding, and L2 speaker embedding to the seq2seq model, which generates
the accent-converted Mel-spectrogram. Finally, the Mel-spectrogram is converted back to a waveform, in our case using a separately
trained WaveRNN (Kalchbrenner et al., 2018), though other vocoders or the Griffin–Lim algorithm (Griffin and Lim, 1984) can also
be used.

3.1. Speaker-independent acoustic model

To capture the linguistic content of an utterance, we use the output of the last hidden layer of a speaker-independent acoustic
model (AM) as BNFs, rather than the output of the final layer of the AM, which represent the PPGs (i.e., the probabilities of each
senone/tri-phone). BNFs contain similar linguistic information as PPGs but have much lower dimensionality (e.g., Senone-PPG: 6024
dimensions; BNF: 256 dimensions), which avoids the need to perform dimensionality reduction in the seq2seq model.

Our AM is based on a Factorized Time Delayed Neural Network (TDNN-F) (Povey et al., 2018; Peddinti et al., 2015), a feed-
forward neural network acting as a sequential classifier. Given an input acoustic feature vector (i.e., 40-dimensional MFCCs), the
TDNN-F produces the probabilities of the vector belonging to each senone/triphone (6024 senones). The TDNN-F takes time-delayed
input frames as side inputs to its hidden layers to model long-term temporal dependencies, concatenated with a 100-dimensional
i-vector (Dehak et al., 2010) of the corresponding speaker.3 Additionally, the TDNN-F uses factorized layers with semi-orthogonal
constraints as hidden layers and dilated connections between hidden layers, which are more efficient during training and inference
than recurrent layers due to their feed-forward nature (Povey et al., 2018). The TDNN-F model is composed of five hidden layers.
Each of the first four hidden layers has 1280 neurons, followed by ReLU activation and batch normalization (Ioffe and Szegedy,
2015), whereas the last hidden layer has 256 neurons, corresponding to the dimensionality of the BNFs. We train the model through
a supervised 6024-way senone classification task. To promote that the AM produces speaker-independent BNFs, we train the model
on speech data from several thousands of speakers (Librispeech corpus Panayotov et al., 2015, 2484 native English speakers; see
Section 4.1).

3 As noted by Peddinti et al. (2015), this allows the model to capture both speaker and environment specific information, which is useful for neural network
adaption.
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Fig. 2. Speaker/accent encoder model architecture. The model is based on ResNet-34 (He et al., 2016). Each convolution block is illustrated as the kernel size
and channel numbers. ‘‘/2’’ means the layer divides the spatial resolution by 2. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)

3.2. Speaker and accent encoders

We use two independent encoders to compute the desired voice identity and accent. The speaker encoder is built as a speaker
recognition model, which is trained to determine the identity of a speaker from an input utterance, whereas the accent encoder is
based on an accent recognition model, which is trained to recognize accent/dialect patterns (e.g., pronunciation and prosody). For
this work, we use a convolutional neural network (CNN) based on ResNet-34 (He et al., 2016) for both the speaker encoder and
the accent encoder, following a previous speaker-recognition study (Li et al., 2017). We use the same CNN architecture for both
models, so here we provide a detailed workflow only for the speaker encoder; the training and inference workflows of the accent
encoder can be derived similarly.

The architecture of the speaker encoder is shown in Fig. 2. The model takes 300 ϑ 257 in time ϑ frequency magnitude spectrogram
segments as inputs. The inputs are first fed to a convolution layer containing 64 7 ϑ 7 kernels with 2 ϑ 2 stride, followed by a 2 ϑ 2
max-pooling layer. These layers decrease the spatial resolution of the feature maps, reducing model complexity and improving
training speed. On top of them, there are 16 convolution residual blocks, which extract more abstract features. Each convolution
block consists of two convolution layers with 3 ϑ 3 kernels. The first convolution layer in each block has 2 ϑ 2 stride to further
decrease the spatial resolution of the feature maps. More importantly, each block has a skip connection as an alternative path to avoid
gradient vanishing in a very deep model. The 16 convolution blocks have different numbers of kernels, as highlighted in different
colors in Fig. 2 (Purple: 64 kernels; Green: 128 kernels; Orange: 256 kernels; Blue: 512 kernels). Next, there is an average pooling
layer that produces a 512-dimensional vector, followed by a 256-dimensional fully-connected layer. All the layers are followed by
ReLU activations and batch-normalization (Ioffe and Szegedy, 2015).

The model is trained through a supervised speaker-classification task. During training, a classifier on top of the 256-dimensional
fully-connected layer produces the probabilities that the segment belongs to each speaker. The network is then optimized by
minimizing the cross-entropy loss between the prediction and the target speaker label. During inference, we discard the final classifier
layer and directly use the 256-dimensional bottleneck feature as the segment-wise speaker embedding. To obtain utterance-level
speaker embeddings for a speaker that does not appear during training, we divide each test utterance into 300-frame segments
with a 150-frame overlap using a sliding window, and then we compute the average of these segment-wise embeddings as the
utterance-level speaker embedding (i.e., d-vectors Variani et al., 2014).

3.3. Seq2seq foreign accent conversion model

Our seq2seq model is inspired by the text-to-speech Tacotron2 model (Shen et al., 2018). As shown in Fig. 3, the seq2seq model
has an encoder–decoder architecture. During training, inputs to the network consist of a triplet: (1) a sequence of BNFs from the
source (L1) speaker, 𝛚 ϖ R𝜔𝜀ϑ𝜗𝜛𝜚𝜍 , (2) a speaker embedding of the target (L1 or L2) speaker 𝛆 ϖ R𝜗𝜑𝛻𝜕ℵℶ𝜕ℷ extracted from the speaker
encoder, and (3) the accent embedding of the target speaker 𝛝 ϖ R𝜗ℵℸℸ𝜕⊳⊲ extracted from the accent encoder. 𝜔𝜀 is the length of the
sequence 𝛚. 𝜗𝜛𝜚𝜍 is the dimensionality of the BNFs (e.g., 256 in this work). 𝜗𝜑𝛻𝜕ℵℶ𝜕ℷ and 𝜗ℵℸℸ𝜕⊳⊲ are the dimensionalities of the
speaker embedding 𝛆 and accent embedding 𝛝, respectively (both of them are 256 in this work). The ground-truth target of the
model is a sequence of Mel-spectrogram frames 𝛡 ϖ R𝜔0ϑ𝜗1𝜕2 , where 𝜔0 is the length of the sequence and 𝜗1𝜕2 is the number of
Mel-filterbanks (e.g., 80 in this work). First, the encoder accepts a BNF sequence 𝛚 and produces a hidden representation 𝛠:

𝛠 = Encoder(𝛚) (1)

Then, to condition the decoder on the voice identity and the accent of the target speaker, we concatenate the target speaker’s
speaker embedding and accent embedding to the hidden representation:

𝛠𝛓𝛗𝛁𝛓𝛝𝛛 = [𝛠, 𝛆, 𝛝] (2)

Finally, the decoder autoregressively predicts the Mel-spectrogram of the target speech using the attention context computed
based on the concatenated hidden representation:

3𝛡⊲ = Decoder( 3𝛡⊲ϱ1, 𝛠𝛓𝛗𝛁𝛓𝛝𝛛 ) (3)

where 3𝛡⊲ is the ⊲th frame of the predicted Mel-spectrogram.
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Fig. 3. The seq2seq model in Accentron.

Table 1
Hyperparameters of the seq2seq foreign accent conversion model.
Block Component Parameters

Inputs
BNF 256-dimensional
Speaker d-vector 256-dimensional
Accent d-vector 256-dimensional

Encoder 3 ϑ Conv layers 512 5 ϑ 1 kernel with 1 ϑ 1 stride;
ReLU; batch norm

2 ϑ p-Bi-LSTM 256 cells per direction;

Attention Location-sensitive 128-dim attention context;
attention 32 31 ϑ 1 attention conv kernels

Decoder

PreNet 2 ϑ Fully-connected layer ;
256 neurons; ReLU

2 ϑ LSTM 1024 cells

Linear (Mel) 1 ϑ Fully-connect layer;
80 units; no activation

Linear (stop token) 1 ϑ Fully-connect layer;
1 unit; no activation

PostNet
5 ϑ Conv layers;
512 5 ϑ 1 kernel with 1 ϑ 1 stride;
tanh; batch norm

Outputs Mel-spectrogram 80-dimensional
Stop token 2-dimensional

During inference, the inputs to the network are also a triplet: (1) a sequence of BNFs from an L1 speaker, 𝛚, (2) a speaker
embedding of an L2 speaker, 𝛆−+, and (3) an accent embedding of an L1 speaker, 𝛝−±. The network produces a hidden representation
𝛠, concatenates it with 𝛆−+ and 𝛝−±, and feeds it to the decoder to produce the predicted FAC Mel-spectrogram. We describe each
component in the following subsections. The hyper-parameters of each component are summarized in Table 1.

3.3.1. Encoder
The encoder converts a BNF sequence to a hidden representation sequence. The original text-to-speech Tacotron2 encoder

contains three 1-dimensional convolution layers and one Bidirectional Long Short-Term Memory (Bi-LSTM) layer. However, in our
case, the inputs of the seq2seq model are BNF sequences instead of text embeddings, which are usually significantly longer. To
capture the high-level phonetic and contextual information in an input BNF sequence, we replace the LSTM layer in the encoder
with two pyramidal Bidirectional LSTM (p-Bi-LSTM) layers (Chan et al., 2016). Each p-Bi-LSTM reduces the time resolution by a
factor of two, and therefore our encoder produces four times shorter hidden representation sequences compared with the input
sequences. A convolution layer has 512 kernels with 5 ϑ 1 shape in timeϑfrequency and 1 ϑ 1 stride, followed by ReLU activation
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and batch normalization. Each convolution kernel spans five BNF frames, which models the local context information. A p-Bi-LSTM
layer has 256 cells in each direction, followed by ReLU activation and batch normalization, producing a 512-dimensional hidden
representation sequence.

3.3.2. Decoder
The decoder is an autoregressive recurrent neural network coupled with a local sensitive attention mechanism (Chorowski et al.,

2015). The decoder accepts the concatenated hidden representation sequences as inputs, and produces an 80-dimensional Mel-
spectrogram as the prediction of the L2 speech. During each decoding step, the predicted Mel-spectrogram frame from the previous
step is first passed into a pre-net that has two 256-dimensional fully-connected layers with ReLU activations:

∓⊲ = PreNet( 3𝛡⊲ϱ1) (4)

The pre-net acts as an information bottleneck, which is essential for learning attentions (Shen et al., 2018). Next, the location-
sensitive attention mechanism computes a 128-dimensional attention context vector 𝛓⊲ based on the pre-net output, the concatenated
hidden representations, and the attention context from the previous step:

𝛓⊲ = Attention(∓⊲, 𝛠𝛓𝛗𝛁𝛓𝛝𝛛 , 𝛓⊲ϱ1) (5)

Following this, the pre-net output is concatenated with the context vector and fed to two unidirectional LSTM layers with 256
cells. Then, the output of the second LSTM layer is concatenated again with the context vector 𝛓⊲ and passed through an 80-unit
linear layer to make a prediction of the 80-dimensional L2 Mel-spectrogram frame:

3𝛡⊲()𝟎 = Linear(LSTM(∓⊲, 𝛓⊲), 𝛓⊲) (6)

More importantly, the network also predicts if the generating process should stop at the current decoding step at the same time,
i.e., a stop token 3𝛛 ϖ R𝜔0 . Finally, to incorporate the spectral residual and improve synthesis quality, the predicted Mel-spectrogram
is passed through a post-net consisting of five convolution layers to predict the residual. Each of these layers has 512 kernels with
5 ϑ 1 shape and 1 ϑ 1 stride, followed by tanh activation and batch normalization. The residual is added back to the original
prediction to form the final prediction:

3𝛡⊲ = 3𝛡⊲()𝟎 + PostNet( 3𝛡⊲()𝟎) (7)

The model is optimized by minimizing the Euclidean distance between the target Mel-spectrogram and the prediction before/after
the post-net. We also jointly minimize an extra cross-entropy loss to learn the stop token for model inference.

4 = ⌋ 3𝛡⊲()𝟎 ϱ 𝛡⌋22 + ⌋ 3𝛡⊲ ϱ 𝛡⌋22 + 5CrossEntropy(3𝛛, 𝛛) (8)

where ⌋ ⋛ ⌋22 is the Euclidean distance; 3𝛛 is the sequence of predicted stop tokens, and 𝛛 is the sequence of target stop tokens; 5 is
the weight controlling the relative importance of the cross-entropy loss. Additionally, we use the teacher-forcing procedure during
training by feeding in the correct output instead of the predicted output on the decoder side, which has been shown to improve the
efficiency of the model training (Williams and Zipser, 1989).

4. Experimental setup

4.1. Acoustic model

We trained the TDNN-F acoustic model using the Librispeech corpus (Panayotov et al., 2015), which consists of 960 h of 16 kHz
audiobook speech data produced by 2484 native English speakers, the majority being American English. The training set consists
of two ‘‘clean’’ subsets and a ‘‘noisy’’ subset.4 We used both sets in training to ensure that the BNF was speaker-independent. In
addition, we used a subset (200 h) of the training set to train the i-vector extractor. We implemented the training following the
official ‘‘tdnn_1d’’ recipe of the TDNN-F model in Kaldi.5 The trained model achieves 3.76% word error rate (WER) on Librispeech’s
test-clean subset and 8.92% WER on the test-other subset.

4.2. Speaker encoder

We trained the speaker encoder using the VoxCeleb1 corpus (Nagrani et al., 2017), which contains 153,516 utterances of 16 kHz
speech produced by 1251 speakers. Specifically, we used the training set from the official identification split, which is comprised
of 138,316 utterances (ε300 h) from these speakers. We extracted 257-dimensional magnitude spectrograms with a 25 ms window
and 10 ms shift. We trained the model on a single NVIDIA Tesla V100 GPU with a batch size of 128. We used Adam Optimizer with
an initial learning rate of 10ϱ2, which was annealed down to zero following a cosine schedule (Loshchilov and Hutter, 2017). The
trained model achieves 81.34% Top-1 accuracy and 94.49% Top-5 accuracy on the official VoxCeleb1 identification testing set.

4 We use the term ‘‘noisy’’ subset to refer to the test-other test subset in the LibriSpeech corpus. LibriSpeech has two test subsets: test-clean and test-other.
The recordings in test-other subset have significantly higher background noise level than the test-clean subset.

5 https://github.com/kaldi-asr/kaldi/blob/master/egs/librispeech/s5/local/chain/tuning/run_tdnn_1d.sh.
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4.3. Accent encoder

We trained the accent encoder using the Speech Accent Archive dataset (Weinberger, 2015), which consists of recordings of the
‘‘Please call Stella’’ paragraph (Weinberger, 2015) produced by speakers in 386 native and non-native English accents. For most of
the accents, however, the number of speakers is limited, which may degrade the performance of the accent encoder. To address
this issue, we selected a subset of accents where each accent has at least 30 speakers. The resulting subset has 18 accents,6 with an
average of 107 speakers in each accent. The total length of the selected subset is around 16 h. We randomly selected 90% utterances
from each accent as the training set and used the remaining 10% utterances as the testing set. The audio waveforms in the original
dataset have 8 kHz sampling rate. To match it with other modules, we resample them to 16 kHz. Other configurations were the
same as that for speaker recognition. Our trained model achieves 79.36% Top-1 accuracy and 95.42% Top-5 accuracy on the testing
set.

4.4. Seq2seq foreign accent conversion model

To evaluate the proposed approach, we conducted experiments with the ARCTIC (Kominek and Black, 2004) and L2-ARCTIC
corpora (Zhao et al., 2018). We used four native English speakers from ARCTIC (BDL, RMS, SLT, CLB) and all 24 non-native English
speakers from L2-ARCTIC. For each speaker, we divided their utterances into three subsets: a training set of 1032 utterances (ε1 h
of speech), a validation set of 50 utterances, and a testing set of 50 utterances. During training, we set BDL as the source speaker and
paired it with all 28 speakers, including himself. During inference, we used both BDL (male) and CLB (female; used as an unseen
L1 speaker for the zero-shot FAC setting) as the native reference speakers, and we performed FAC on four L2 speakers whose first
languages were different: NJS (Spanish, female), TXHC (Mandarin, male), YKWK (Korean, male), and ZHAA (Arabic, female).

The original L2-ARCTIC audio waveforms have a 44.1 kHz sampling rate, so we resampled them to 16 kHz to match the ARCTIC
recordings. We extracted 80-dimensional Mel-spectrogram with a 25 ms window and 10 ms shift. Following the same frame shift,
we extracted BNFs for each utterance using the acoustic model (Section 3.1). In addition, we extracted utterance-level speaker and
accent d-vectors from the speaker encoder and accent encoder, respectively. We implemented the model using TensorFlow (Abadi
et al., 2016) and trained it on a single NVIDIA Tesla V100 GPU. The hyperparameter 5 (Eq. (8)) in the loss function was set to
0.005 empirically. We set the batch size to 48, and we used an Adam Optimizer with an initial learning rate of 10ϱ3, which was
then annealed down to 10ϱ5 following exponential scheduling. The model converged after 200,000 steps, and the entire training
time was around 100 h.7 During model inference, we used a separately trained speaker-independent WaveRNN vocoder to invert
the Mel-spectrogram back to the time-domain waveform. We trained the WaveRNN model on the Librispeech dataset.

5. Results

We have validated Accentron through a series of objective and subjective evaluations. For the objective evaluation, we used
t-distributed stochastic neighbor embedding (t-SNE) (Van der Maaten and Hinton, 2008) to analyze the distribution of speaker
embeddings and accent embeddings for the original speech and the accent-converted speech. This allowed us to examine whether
the two encoder networks can decouple speaker identity and accent. For the first of two sets of subjective evaluations, we tested the
system when the test L1 and L2 speakers were seen during training (standard FAC setting) and compared it against two state-of-the-art
FAC systems (Zhao et al., 2019; Liu et al., 2020). We also tested whether our system could be used in the reverse direction, i.e., to
impart a non-native accent to a native speaker’s voice. In the second set of subjective evaluation, we explored the effectiveness
of Accentron when the test L1 and L2 speakers were unseen during training (zero-shot FAC setting). Further, we characterized the
performance of Accentron as a function of the number of available L2 test utterances during inference (i.e., which are used to extract
the L2 speaker’s voice identity footprint), and we compared it against a system that uses these utterances to fine-tune a pre-trained
FAC system to understand the tradeoff between using L2 test utterances to compute a speaker embedding (zero-shot learning) and
using them to refine a pre-trained model (fine-tuning).

5.1. Objective evaluation: speaker and accent embedding spaces

We used t-SNE (Van der Maaten and Hinton, 2008) to visualize the speaker and accent embedding spaces,8 which helped provide
a qualitative and intuitive explanation of how our proposed system operates. First, we visualized the speaker and accent embeddings
of 20 FAC utterances for TXHC, a male Mandarin speaker. We used the system in the zero-shot condition when both L1 and L2
speakers were unseen (see Section 5.3.1) to generate the syntheses, since it acts as a performance lower-bound for all our systems,
and it can also provide insights for zero-shot FAC. We also plotted the embeddings of natural speech from ten L1 and L2 speakers
as references (20 utterances for each speaker). Results are shown in Fig. 4, where we use colors and shapes to represent speaker
and accent, respectively (e.g., orange denotes speaker BDL, and diamond denotes L1 accent). As shown, the speaker embeddings of

6 These 18 accents were Arabic, Cantonese, Dutch, English, Farsi, French, German, Hindi, Italian, Japanese, Korean, Mandarin, Polish, Portuguese, Russian,
Spanish, Turkish, and Vietnamese.

7 Audio samples from this work can be found at https://shaojinding.github.io/samples/accentron/.
8 The axes in a t-SNE plot have no actual meaning. t-SNE projects high dimensional vectors into a lower dimensional plane (e.g., 2-D), such that similar

points in the projection are also similar in the original space, and vice versa.
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Fig. 4. Speaker and accent embedding visualization of FAC syntheses for TXHC using t-SNE. (a): speaker embedding; (b): accent embedding. Colors and shapes
represent speaker and accent, respectively. Speakers in the legend are annotated with gender and accent. L1: native accent; SP: Spanish accent; CN: Mandarin
accent; KR: Korean accent; AB: Arabic accent. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)

utterances from the same speaker form a cluster, and the boundary between different clusters are clear. Similarly, accent embeddings
from speakers with the same accent form a cluster. These two results indicate that the speaker and accent encoders are operating
as expected. In terms of the FAC utterances, their speaker embeddings are distributed in the cluster of TXHC, which indicate that
Accentron can generate speech that matches the voice identity of the target speaker, and the accent embeddings lie in a cluster
of L1 speakers (BDL and CLB), which also indicate the Accentron can generate the desired accent. Together, these visualizations
indicate that Accentron can successfully generate speech with the same voice identity as TXHC but with a native accent.

We also conducted t-SNE visualizations on a ‘‘reverse’’ FAC task (Zhao and Gutierrez-Osuna, 2019; Henter et al., 2018), where
the goal was to synthesize speech with the voice identity of a given L1 speaker but with an L2 accent. This is a straightforward
process in Accentron, since we only need to change the inputs of the seq2seq model to use an L2 accent embedding and an L1
speaker embedding during inference. For these visualizations, we synthesized a voice that had the voice identity of CLB but with
an L2 (Mandarin) accent. As shown in Fig. 5, the speaker embeddings of the reverse FAC syntheses lie in the same cluster as CLB
utterances, whereas the accent embeddings lie in the same cluster as the two Mandarin speakers (TXHC and LXC), indicating that
the reverse FAC syntheses have a voice identity of CLB and a Mandarin accent.

Another interesting question that we would like to investigate here is whether the speaker embedding also carries accent cues,
as these two aspects are closely related in the recognition of speakers (Leikin et al., 2009; Major et al., 2002; Shen et al., 2018;
Cristia et al., 2012). If the speaker embedding is entangled with accent information, then there is the risk that Accentron would
generate speech with an incorrect accent that is introduced by speaker embeddings. To examine this potential issue, we generated
t-SNE visualizations of speaker embeddings for natural utterances from 16 speakers with 4 different accents in L2-ARCTIC corpus
(See Fig. 6 for details of the speakers and accents). Results in Fig. 6 show no adjacency patterns among speakers sharing the same
accent. Instead, t-SNE shows a distinct separation among speakers based on gender. These results suggest that speaker embedding
mainly encodes information such as voice quality/timbre and pitch, and no evidence of potential entanglement between speaker
and accent cues.

5.2. Subjective evaluations under standard FAC setting

We also evaluated Accentron through two sets of perceptual experiments. In the first set (this sub-section), we evaluated the
system under the standard FAC setting, i.e., the test L1 and L2 speakers were seen during training. In the second set (Section 5.3),
we evaluated the system under the zero-shot FAC setting, where the L1 speaker and/or the L2 speaker were unseen during training.

For the standard FAC setting, we used the union of the training sets of all 28 speakers to train the system. During inference,
we used BDL as the L1 speaker, who then had been ‘‘seen’’ during training. First, we compared the proposed approach against two
state-of-the-art FAC approaches:

• Baseline1: the FAC system proposed by Zhao et al. (2019), a one-to-one FAC approach based on seq2seq model. This baseline
system trains a seq2seq PPG-to-speech synthesizer for each L2 speaker, and drives the synthesizer with PPGs extracted from
an L1 speaker. As such, the baseline system requires training separate models for each L2 speaker.

IPR2026-00272 
Krisp Technologies EX1010 Page 62



Computer Speech & Language 72 (2022) 101302

10

S. Ding et al.

Fig. 5. Speaker and accent embedding visualization of reverse FAC syntheses (CLB with a Mandarin accent) using t-SNE. (a): speaker embedding; (b): accent
embedding. Colors and shapes represent speaker and accent, respectively. Speakers in the legend are annotated with gender and accent. L1: native accent; SP:
Spanish accent; CN: Mandarin accent; KR: Korean accent; AB: Arabic accent. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

Fig. 6. t-SNE visualization of the speaker embeddings from 16 speakers with 4 accents. Colors and shapes represent speaker and accent, respectively. Speakers
in the legend are annotated with gender and accent. L1: native accent; SP: Spanish accent; CN: Mandarin accent; KR: Korean accent; AB: Arabic accent. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

• Baseline2: the system proposed by Liu et al. (2020), a reference-free many-to-many FAC approach based on a novel recognizer–
synthesizer architecture. The system is trained on 105 speakers from CSTR VCTK dataset (Veaux et al., 2017). Audio samples
were produced by feeding the test utterances through their system, which is provided as a courtesy by Liu et al. Due to the
implementation differences between the systems, we conducted two post-processing steps to ensure a fair comparison. First,
as the accent conversion model of Liu et al. was trained on VCTK speakers, the stop-token predictions on L2-ARCTIC test
utterances are not robust, occasionally resulting in a few seconds of white noise at the end of speech in accent conversion
syntheses. To solve this issue, we manually removed the trailing white noises in these test utterances. Second, we resampled
the syntheses of Liu system from 22.05 kHz to 16 kHz to make the sampling rate be consistent with other systems.

We conducted listening tests through Amazon Mechanical Turk9 to rate three perceptual attributes of the synthesized
speech:

9 https://www.mturk.com.
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Table 2
Accentedness (1-no foreign accent, 9-very strong foreign accent) results and acoustic quality
(1-bad, 5-excellent) results under standard FAC setting. All the results are shown as average ±
95% confidence intervals.
System Accentedness Acoustic quality

Original L2 7.11 ± 0.21 3.67 ± 0.28
Original L1 1.06 ± 0.12 4.90 ± 0.10

Baseline1 4.63 ± 0.10 3.47 ± 0.14
Baseline2 6.25 ± 0.39 3.12 ± 0.13
Proposed 3.39 ± 0.14 3.51 ± 0.15

• Accentedness: : The test asked participants to rate the degree of foreign accentedness of each utterance in a 9-point scale (1-no
foreign accent; 9-very strong foreign accent), which is commonly used in the pronunciation literature (Munro and Derwing,
2002). Participants were told that the native accent in this task was General American.

• Acoustic quality: The test asked participants to rate the acoustic quality of each utterance through a standard 5-point Mean
Opinion Score (MOS; 1-bad, 5-excellent).

• Voice identity: The test asked participants to rate the voice similarity between the FAC syntheses and the original L2
speech through a 14-point Voice Similarity Score (VSS) (Felps and Gutierrez-Osuna, 2010). For each FAC-L2 utterances pair,
participants were required to decide whether the two utterances were from the same speaker and then rate their confidence in
the decision on a 7-point scale (1: not confident at all; 3: somewhat confident; 5: quite a bit confident; 7: extremely confident).
The VSS was computed by collapsing the above two fields into a 14-point scale: ϱ7 (definitely different speakers) to +7
(definitely the same speaker). To minimize the influence of accent, the two utterances had different linguistic content and
were played in reverse, following Felps et al. (2009).

Instructions were given in each test to help participants focus on the target speech attribute. For example, in the accentedness
test, participants were asked to ‘‘Try to ignore the audio quality (noise, distortions). Please focus only on the speaker’s accent, for example,
their pronunciation, rhythm, and fluency’’. Test utterances were randomly selected from our test set, and the presentation order was
counter-balanced. Additionally, in each listening test, we included five calibration utterances to detect if participants were cheating.
We excluded ratings of the calibration utterances from the data analysis (Buchholz and Latorre, 2011). We recruited 18 participants
for each listening test. All participants resided in the United States, and they passed a qualification test that asked them to identify
different regional accents in the United States.

5.2.1. Comparison to the baseline system
Accentedness. Participants rated 20 utterances per system (5 utterances for each test L2 speaker). These utterances shared the

same linguistic content across all the systems to ensure a fair comparison. Additionally, participants also rated the same set of
sentences from the original L1 and L2 speakers as a reference. Results are shown in the first column of Table 2. Accentron received
significantly lower ratings of foreign accentedness (3.39) than the original L2 utterance (7.11), though not as low as those of the
original L1 utterance (1.06). These results suggest that our proposed seq2seq FAC model can effectively reduce foreign accentedness
from the L2 speech. Accentron also outperformed the two baseline systems (Baseline1: 4.63, 27% relative improvement, 𝛻 6 0.001;
Baseline2: 6.25, 46% relative improvement, 𝛻 6 0.001).

Acoustic quality. As shown in the second column of Table 2, the proposed method achieved an MOS of 3.51, which is comparable
to Baseline1 (3.47, 𝛻 > 0.5) but significantly higher than Baseline2 (3.12, 13% relative improvement, 𝛻 6 0.001). The original L1
speech received the highest MOS (4.90), followed by the original L2 speech (3.67). Note that the MOS ratings of Accentron are
closer to those of the original L2 speech than to the original L1 speech, possibly due to native listeners confounding acoustic quality
with intelligibility (Felps et al., 2009), and therefore, they may be influenced by the intelligibility and provide lower ratings for
non-native speech. Thus, the proposed system achieves similar acoustic quality as the baseline systems (or better), but unlike them
does not require training a separate model for each new test L2 speaker.

Voice identity. Participants rated 20 pairs of utterances per system (5 pairs of utterances for each test L2 speaker). Each pair
consisted of a FAC utterance and an utterance randomly selected from the L2 speaker. Voice identity results are shown in Table 3.
Accentron achieved a 5.05 VSS, indicating that participants were ‘‘quite confident’’ that the FAC syntheses and the L2 speech were
produced by the same speaker. These ratings are comparable to those of Baseline1 (5.05 VSS, 𝛻 > 0.5) and significantly higher than
those of Baseline2 (3.81 VSS, 33% relative improvement, 𝛻 6 0.001). It is worth noting that the L1 speaker in Baseline1 had the same
gender as the L2 speaker, whereas Accentron used the same L1 speaker for all L2 speakers. As a result, syntheses from Accentron
included both intra (same)-gender FAC pairs and inter (different)-gender FAC pairs, the latter being more challenging due to the
differences in prosody and pitch range. Although the VSS on inter-gender pairs (4.80) was lower than that on intra-gender pairs
(5.29) and Baseline1, the difference was not significant (𝛻 = 0.14). These results suggest that the proposed system can generate FAC
syntheses that greatly resemble the voice identity of L2 speakers of any gender, using a canonical reference L1 speaker.
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Table 3
Voice identity results under standard FAC setting. Voice Similarity Score ranges from ϱ7
(definitely different speakers) to +7 (definitely the same speaker). All the results are shown
as average ± 95% confidence intervals.
System Voice similarity

Baseline1 5.05 ± 0.28
Baseline2 3.81 ± 0.29
Proposed (All pairs) 5.05 ± 0.31
Proposed (Intra-gender) 5.29 ± 0.30
Proposed (Inter-gender) 4.80 ± 0.35

Table 4
Accentedness (1-no foreign accent, 9-very strong foreign accent) results, acoustic quality (1-bad,
5-excellent) results, and voice identity results (ϱ7-definitely different speakers, +7-definitely the
same speaker) of reverse foreign accent conversion under standard condition. All the results are
shown as average ± 95% confidence intervals.
System Accentedness Acoustic quality Voice similarity Voice similarity Voice similarity

(All pairs) (Intra-gender) (Inter-gender)

Proposed 5.58 ± 0.35 3.24 ± 0.17 4.91 ± 0.34 5.11 ± 0.35 4.71 ± 0.32

Table 5
The four conditions in zero-shot FAC experiment.

L1 speaker

Seen Unseen

L2 speaker Seen Condition SS Condition US
Unseen Condition SU Condition UU

5.2.2. Performance on reverse FAC
To evaluate Accentron on the reverse FAC task, we synthesized testing utterances using the accent embeddings from NJS, TXHC,

YKWK, and ZHAA, and the speaker embedding from BDL. Table 4 shows the accentedness, acoustic quality, and voice identity results
of the reverse FAC evaluation. Accentron received a 5.58 accentedness rating, much closer to that of the original L2 speech (7.11)
than to the original L1 speech (1.06), indicating that our approach was able to impart an L2 accent to utterances from an L1 speaker.
Accentron also received a 3.24 MOS, significantly lower (𝛻 = 0.02) than the MOS of the ‘‘direct’’ FAC syntheses (3.51), a result that
is likely due to the correlation between acoustic quality and intelligibility — see Section 5.2.1. Finally, Accentron received a 4.91
VSS, indicating that raters were ‘‘quite confident’’ that the reverse FAC syntheses and the L1 speech were produced by the same
speaker; we found no significant differences between the voice identity ratings of reverse and direct FAC syntheses. Thus, we can
conclude that Accentron can also operate in the reverse direction, generating non-native utterances with the voice identity of a
native speaker.

5.3. Subjective evaluations under zero-shot FAC setting

In the second set of subjective evaluations, we evaluated the proposed system under the zero-shot FAC setting, where the L1
speaker and/or the L2 speaker were unseen during training. The zero-shot FAC setting is appealing for real-world applications since
it requires minimal data from the target speaker. First, we compared the performance of Accentron when using seen/unseen L1 or
L2 speakers during inference. Then, we characterize its performance as a function of the number of available L2 utterances.

5.3.1. Comparing different conditions in zero-shot foreign accent conversion
We considered four different conditions in this experiment, as summarized in Table 5. In condition SS, the L1 speaker and the

L2 speaker were both seen during training. Note this condition is the same as the system evaluated in Section 5.2.1, so it serves as
a best-case scenario. In condition US, the L1 speaker was unseen during training, and the L2 speaker was seen during training. In
condition SU, the L1 speaker was seen during training, and the L2 speaker was unseen during training. Finally, in condition UU,
the L1 speaker and the L2 speaker were both unseen during training. Thus, condition UU was the most challenging of the four.

To ensure that the test speakers were unseen during training, we trained four models using different training sets. In Condition
SS, we used the same model as in the standard FAC condition. In Condition US, we excluded CLB from the training set and used it
as the test L1 speaker. In Condition SU, we excluded the four test L2 speakers from the training set. In Condition UU, we excluded
the four test L2 speakers and CLB from the training set, and we also used CLB as the test L1 speaker. For unseen L1/L2 speakers, we
used the 50 utterances from the test set to generate the accent/speaker embedding. As before, we conducted three types of listening
tests through Amazon Mechanical Turk to rate the accentedness, acoustic quality, and voice similarity of the synthesized speech. In
addition, we kept the participants the same as those in the first experiment, so that the results are comparable between different
experiments (e.g., participants in the accentedness test for the two experiments were the same).
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Table 6
Accentedness (1-no foreign accent, 9-very strong foreign accent) results, acoustic quality (1-bad,
5-excellent) results, and voice identity results (ϱ7-definitely different speakers, +7-definitely the
same speaker) under zero-shot FAC condition. All the results are shown as average ± 95%
confidence intervals.
System Accentedness Acoustic quality Voice Similarity

Condition SS 3.39 ± 0.14 3.51 ± 0.15 5.05 ± 0.28
Condition US 3.33 ± 0.26 3.47 ± 0.13 4.99 ± 0.30
Condition SU 3.35 ± 0.25 3.50 ± 0.12 4.92 ± 0.28
Condition UU 3.30 ± 0.26 3.43 ± 0.12 4.59 ± 0.34

Table 7
Accentedness (1-no foreign accent, 9-very strong foreign accent) results, acoustic quality (1-bad, 5-excellent) results, and
voice identity results (ϱ7-definitely different speakers, +7-definitely the same speaker) with different numbers of available L2
(non-native) utterances during inference. All the results are shown as average ± 95% confidence intervals.
#L2 utterances Accentedness Acoustic quality Voice similarity

Proposed Fine-tuned Proposed Fine-tuned Proposed Fine-tuned

50 3.30 ± 0.26 3.03 ± 0.24 3.43 ± 0.12 3.54 ± 0.11 4.59 ± 0.34 4.97 ± 0.27
20 3.30 ± 0.22 3.47 ± 0.18 3.45 ± 0.11 3.48 ± 0.11 4.68 ± 0.30 4.65 ± 0.23
10 3.34 ± 0.26 3.84 ± 0.18 3.44 ± 0.12 3.46 ± 0.11 4.59 ± 0.29 4.06 ± 0.26
5 3.32 ± 0.23 4.58 ± 0.10 3.43 ± 0.11 3.38 ± 0.10 4.42 ± 0.33 3.49 ± 0.34
1 3.31 ± 0.25 4.72 ± 0.08 3.43 ± 0.12 3.24 ± 0.13 4.57 ± 0.29 3.73 ± 0.35

Results from the accentedness, acoustic quality, and voice identity tests are shown in Table 6. We found no statistically significant
differences between condition SS (best-case scenario) and the three more challenging conditions (US, SU, UU); 𝛻 > 0.5 in all cases.
This result suggests that Accentron has no trouble generalizing to unseen L1 or (and) L2 speakers during inference without any
degradation in accentedness, acoustic quality, and voice identity.

5.3.2. Influence of the number of available L2 utterances
For practical FAC applications, it is important to understand the minimum amount of data needed from a target speaker.

Requiring L2 learners to record a large amount of speech before they can hear their ‘‘golden speaker’’ voice can be tedious and
demotivating. On the other hand, training the system with insufficient speech data might significantly degrade synthesis quality. To
characterize the data requirements of Accentron under zero-shot FAC condition, we measured its performance of the UU codition
(unseen L1 speaker and unseen L2 speaker) as a function of the number of available L2 utterances. We used the UU condition since
it is the most flexible for real-world applications, and also the most challenging, which provides a lower bound of performance.
For these experiments, we used 50 test L2 utterances to produce the speaker embedding during inference, and reduced the number
from 50 to 1 (N = 50, 20, 10, 5, 1) and re-evaluated system performance. Results are shown in Table 7. Reducing the number of
utterances from 50 to 1 has no impact on any of the three perceptual measures (𝛻 > 0.5 in all cases). These results indicate that as
little as a single utterance (ε3 s of speech) is sufficient to generate accent conversions for a new unseen L2 speaker, with no impact
on performance.

To some extent, the above result is to be expected since test utterances are only used to compute the speaker embedding.
Thus, we also examined whether test utterances could instead be more beneficial if they were used to fine-tune a pre-trained
FAC system. Starting with a pre-trained UU model, we fine-tuned the model on each unseen L1–L2 speaker pair (i.e., CLB-NJS,
CLB-TXHC, CLB-YKWK, CLB-ZHAA) with N = 50, 20, 10, 5, 1 test utterances, resulting in 20 fine-tuned models (4 speakers; 5
models with different number of training utterances for each speaker) for the unseen L2 speakers. Results are also shown in Table 7.
We observe performance degradations in all three measurements when reducing the number of utterances from 50 to 1. When
there are 50 test utterances, the fine-tuned system shows a marginal improvement compared to the zero-shot model (i.e., without
fine-tuning), though the differences are not statistically significant (Accentedness: 3.03 vs. 3.30, 𝛻 = 0.03; Acoustic quality: 3.54
vs. 3.43, 𝛻 = 0.18; Voice identity: 4.97 vs. 4.59, 𝛻 = 0.25). When decreasing the number from 50 to 20, the fine-tuned system
achieves comparable performance as the zero-shot system (𝛻 > 0.5). Surprisingly, however, fine-tuning the systems with fewer than
20 utterances degrades performance compared to the zero-shot model. In the extreme case (with only 1 utterance), the zero-shot
model significantly outperforms the fine-tuned model in all three measurements (Accentedness: 4.72 vs. 3.31, 𝛻 6 0.001; Acoustic
quality: 3.24 vs. 3.43, 𝛻 = 0.01; Voice identity: 3.73 vs. 4.57, 𝛻 6 0.001). These results further speak of the robustness of Accentron
in the zero-shot condition, and they also illustrate the tradeoff between zero-shot learning models and fine-tuning models in FAC.

6. Discussion

We have proposed Accentron, a zero-shot many-to-many speech synthesizer that can convert utterances from a source speaker
to appear as if someone else, and with a different accent, had produced it. We thoroughly evaluated the system through a series of
objective and perceptual listening experiments. Visualizations through t-SNE show that Accentron captures the target voice identity
and accent, and that the speaker and accent embeddings are independent of each other and effectively summarize the speaker and
accent characteristic of an utterance.
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We evaluated Accentron in a standard FAC setting and compared it against two state-of-the-art baseline FAC systems. Compared
to baseline 1 (Zhao et al., 2019), Accentron achieves significantly better (i.e., lower) ratings of foreign accentedness, and similar
acoustic quality and voice identity ratings. This is an important finding since baseline 1 builds a dedicated model for each pair of
L1–L2 speakers, which one would expect would help capture voice identity more faithfully than Accentron’s many-to-many mapping.
Although baseline 1 and Accentron use the same backbone architecture for the seq2seq model, Accentron achieves significantly better
(lower) ratings of accentedness. A possible explanation for this result is that baseline 1 is trained exclusively on L2 utterances. Thus,
if the L2 speaker has systematic substitution or deletion errors (e.g., Mandarin speakers from certain areas systematically substitute
/SH/ with /S/), the correct pronunciations will be missing in their utterances. Thus, when the baseline 1 model is driven by L1
BNFs during inference, it has to interpolate these missing pronunciations, which leads to noticeable segmental errors. In contrast,
Accentron avoids this potential issue since it is trained using both L1 and L2 speech. Compared to baseline 2 (Liu et al., 2020),
Accentron achieves better ratings in all three measurements (accentedness, acoustic quality, and voice identity). Though Accentron
and baseline 2 both use a seq2seq architecture, Accentron has two additional components: an acoustic model and an accent encoder
to extract the linguistic content and accent embeddings, respectively, from an L1 reference during inference. These two embeddings
capture the L1 segmental and prosodic patterns, respectively, which are shown to be essential to achieve advanced FAC performance.

We also evaluated Accentron on a ‘‘reverse FAC’’ task, where the goal was to impart an L2 accent to a native utterance. Results
on this task corroborates the t-SNE visualizations, and suggest that Accentron can also preserve an L2 accent and implant it into an
L1 speaker’s utterance. Combined, results from the direct and reverse FAC tasks indicate that the proposed system can disentangle
linguistic content, voice identity, and accent in speech signals, instead of merely memorizing mappings between different speaker
pairs.

Finally, we also evaluated Accentron in a zero-shot FAC setting. First, we compared all four combinations in which the L1 speaker
and L2 speakers could have been seen/unseen during training (i.e., SS, SU, US, UU). And we found no significant differences among
the four conditions in terms of accentedness, acoustic quality, or voice identity. Thus, Accentron performs equally well under a
standard FAC setting (condition SS) and a zero-shot FAC setting (condition UU), which indicates that it generalizes to unseen L1
and L2 speakers without the need to re-train or fine-tune the model.

Can Accentron generalize to unseen accents? In principle, the Accentron architecture can naturally generalize to unseen accents
— in the same way that it is able to model unseen speakers. However, this requires access to sufficient training data on a large
number of accents. The Speech Accent Archive has hundreds of accents, but unfortunately each speaker only produces less than
one minute of speech, which is insufficient for training the FAC model (empirically, at least one hour per speaker is needed). Its
counterpart, the L2-ARCTIC corpus, has substantially more speech data per subject (around one hour), but only has six accents,
which is insufficient to achieve reasonable transferability to an unseen accent. Thus, while we believe that Accentron can be used
to generate unseen accents, this ability can only be truly assessed when more accented speech corpora become available.

Our results under both standard and zero-shot FAC setting indicate that Accentron can generate FAC synthesis with high-quality,
and can achieve it with limited data from new L1 and L2 speakers (one utterance, or around three seconds of speech). This capability
can dramatically simplify the deployment of pronunciation-training tools (our envisioned target application). When deploying
conventional FAC models, one needs to design and implement the model training pipeline, as it requires training a dedicated model
for each target L2 speaker. Running the training pipeline is usually resource- and time-consuming, and therefore, one has to include
specific modules to manage the server’s computational resources (e.g., an asynchronous queue was used in Ding et al., 2019a). Such
systems are hard to scale to an increasing number of users, due to the heavy resource demands. Instead, Accentron only requires
running the model inference pipeline when producing FAC synthesis, and the inference can be accomplished in real time, thus
essentially reducing the resource demands and simplifying the application design and deployment. In addition, in previous FAC
studies (e.g., Aryal and Gutierrez-Osuna, 2014; Zhao and Gutierrez-Osuna, 2019; Zhao et al., 2019), inter-gender conversion usually
achieved inferior performance than intra-gender conversion, due to the mismatch in pitch ranges. As a result, when deploying these
methods into practical applications, they have to use a reference L1 speaker that has the same gender as the target L2 speaker. In
contrast, Accentron achieves similar voice identity ratings for intra-gender pairs and inter-gender pairs, which gives more flexibility
when choosing the reference L1 speakers in the pronunciation-training tool. Finally, Accentron significantly reduces the data required
for each new L2 speaker from hours to seconds. As a result, the L2 learners only need to go through a simple speaker enrollment
process (recording several seconds of their speech), before practicing with their ‘‘golden speaker’’ voices, which makes Accentron
an ideal system for performing pronunciation-training studies at scale.

7. Conclusion and future work

In this paper, we have proposed Accentron, a zero-shot learning system that can generate accent conversion for any L2 speaker
(seen or unseen). Our proposed approach is in contrast to most of existing FAC approaches, which require building a separate model
for each L2 speaker. The proposed approach first trains separate models to extract L1 bottleneck features, L1 accent embeddings,
and L2 speaker embeddings. Then it uses a seq2seq model to transform L1 bottleneck features to accent-converted Mel-spectrogram,
conditioned on an L1 accent embedding and L2 speaker embedding. Our results suggest that the system can successfully transform
L1 speech to match the voice identity of an L2 speaker while using a small amount of data from the L2 speaker.

One possible future direction of this work is to improve its robustness in generating long utterances. Currently, our system
uses a location-sensitive attention mechanism (Chorowski et al., 2015) in the seq2seq model, which can fail when the utterances
are too long (Skerry-Ryan et al., 2018) (e.g., longer than 10 s). To solve this problem, an alternative attention mechanism could
be used, such as Gaussian mixture attention mechanism (Graves, 2013), which has been shown to be more robust in generating
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long utterances (Skerry-Ryan et al., 2018). An additional potential improvement would be to add an auxiliary decoder to perform
phoneme recognition (during training) (Biadsy et al., 2019; Jia et al., 2019). Such auxiliary decoder would guide the hidden
representation produced by the encoder to preserve phonetic information, enforcing the synthesized speech to be phonetically
reasonable and improving synthesis quality (Biadsy et al., 2019; Jia et al., 2019).
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Accentron: Foreign Accent Conversion to Arbitrary
Non-Native Speakers Using Zero-Shot Learning?

Shaojin Ding⇤, Guanlong Zhao1, Ricardo Gutierrez-Osuna

Department of Computer Science and Engineering, Texas A&M University, USA

Abstract

Foreign accent conversion (FAC) aims to create a new voice that has the voice

identity of a given second-language (L2) speaker but with a native (L1) accent.

Previous FAC approaches usually require training a separate model for each

L2 speaker and, more importantly, generally require considerable speech data

from each L2 speaker for training. To address these limitations, we propose

Accentron, an approach that can generate accent-converted speech for arbi-

trary L2 speakers unseen during training. In the proposed approach, we first

train a speaker-independent acoustic model on L1 corpora to extract bottleneck

features that represent the linguistic content of utterances. Then, we develop

a speaker encoder and an accent encoder to generate embedding vectors for

the desired voice identity (L2 speaker’s) and accent (L1 accent), respectively.

Lastly, we use a sequence-to-sequence model to transform bottleneck-features to

Mel-spectrograms, conditioned on the L2 speaker embedding and the L1 accent

embedding. We conducted experiments on the L2-ARCTIC corpus under two

testing conditions: the standard FAC setting where test L2 speakers were seen

during training, and a zero-shot FAC setting where test L2 speakers were unseen

during training. Accentron achieves over 27% relative improvement in accent-

edness ratings compared to two state-of-the-art FAC systems in the standard
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FAC setting. More importantly, our results show that Accentron generalizes to

the zero-shot FAC setting with no performance loss. Therefore, in practical use

scenarios (e.g., computer-assisted pronunciation training software), Accentron

can e↵ectively avoid the need to adapt or retrain the model, which significantly

reduces computations and the users’ waiting time.

Keywords: Foreign accent conversion,, Speech synthesis, Computer-assisted

pronunciation training

1. Introduction

Foreign accent conversion (FAC) [1] aims to create a new voice that has

the voice identity of a given L2 speaker and the accent of an L1 speaker. In

pronunciation training, FAC can serve as a “golden speaker” for the L2 speaker

to practice with: their own voice, but with a native accent [1, 2, 3, 4]. FAC5

also finds applications in movie dubbing [5], personalized text-to-speech (TTS)

synthesis [6, 7], and improving speech recognition performance [8]. A variety of

techniques have been proposed to perform FAC, including voice morphing [1,

9, 10], frame pairing [11, 12], articulatory synthesis [13, 14], and sequence-to-

sequence (seq2seq) modeling [15, 16]. However, previous FAC approaches have10

two major limitations. First, they operate in a one-to-one fashion, i.e., they

require training a separate model for each pair of L1 and L2 speakers. Second,

they need a considerable amount of speech data (⇠1,000 utterances) for each

L2 speaker. Thus, when using these conventional FAC methods in real-world

applications such as pronunciation training, L2 learners need to record a large15

number of utterances and then wait for a dedicated model to be trained, which

can be tedious and demotivating.

To address this issue, we propose Accentron, a zero-shot learning [17] ap-

proach to FAC that can synthesize speech for arbitrary L2 speakers who were

unseen during training. Accentron consists of four independent models: (1) a20

speaker-independent acoustic model that captures the linguistic content of an

L1 utterance as a sequence of bottleneck feature vectors, (2) a speaker encoder

2
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that captures the voice identity of the L2 speaker, denoted as a speaker embed-

ding, (3) an accent encoder that captures the desired L1 accent, denoted as an

accent embedding, and (4) a seq2seq model that generates a Mel-spectrogram25

from the sequence of bottleneck features, conditioned on the desired speaker and

accent embeddings. These components can be trained independently, at which

point the system can generate accent conversions to arbitrary L2 speakers given

a few seconds of audio (i.e., enough speech to compute a speaker embedding),

without the need to have any model re-training or adaptation process.30

To our knowledge, ours is the first work to apply zero-shot learning for the

task of FAC. Though zero-shot learning has been used for voice conversion [18,

19, 20, 21] and voice cloning [22, 23], previous studies [18, 19, 20, 21, 22, 23]

have focused exclusively on manipulating voice identity, ignoring the speaker’s

accent, which holds important cues to speaker recognition [24] and speech per-35

ception [25, 26, 27, 28]. Incorporating accent into the conversion process requires

changes to the conventional encoder-decoder structure of sequence-to-sequence

(seq2seq) models for voice conversion. Our encoder takes a sequence of L1 bot-

tleneck feature vectors as the input, and produces a hidden representation se-

quence. In a conventional voice conversion system [18, 19, 29, 30, 31, 32, 33, 34],40

this hidden representation sequence is then concatenated with the speaker em-

bedding of the target speaker. In our case, however, the system also concate-

nates the accent embedding, which is treated as an additional independent and

controllable factor during synthesis. The combined bottleneck/speaker/accent

embedding is consumed by a decoder coupled with a location-sensitive attention45

mechanism [35]. During each decoding step, the decoder autoregressively pre-

dicts a Mel-spectrogram frame based on the output from the previous decoding

step and a context vector produced by the attention mechanism. Finally, the

output Mel-spectrogram is converted back into a waveform through either the

Gri�n-Lim algorithm [36] or a separately trained vocoder (e.g., WaveNet [37],50

WaveRNN [38]).

We thoroughly evaluated Accentron on the L2-ARCTIC corpus [39]. First,

we visualized the speaker and accent embedding distributions for the accent-
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converted speech and natural speech, and the results show that Accentron syn-

theses can successfully capture the L2 voice identity along with an L1 accent.55

Second, we conducted a series of listening tests under two di↵erent settings: (1) a

standard FAC setting, where the test L2 speakers were available during training,

and (2) a zero-shot FAC setting, which assumes that the test L2 speakers were

not available during training. Accentron achieves 27% relative improvement in

accentedness while retaining the acoustic quality and voice identity, compared60

to two state-of-the-art FAC systems in standard FAC settings. In addition, Ac-

centron showed no performance degradation when tested under zero-shot FAC

setting.

The manuscript is organized as follows. Section 2 reviews prior approaches

to foreign accent conversion, many-to-many voice conversion, and sequence-to-65

sequence models. Section 3 describes the architecture of Accentron in detail.

Section 4 provides the experimental setup, including the corpora and imple-

mentation details. Section 5 presents the objective and subjective evaluations

of Accentron and analyzes the results. We discuss the implications of the re-

sults in Section 6. Lastly, we conclude the findings of this work and point out70

potential future directions in Section 7.

2. Related work

2.1. Foreign accent conversion

The problem of foreign accent conversion was first formulated by Felps et al.

[1] as the means to provide implicit feedback in computer assisted pronuncia-75

tion training. Early approaches [14, 40, 41, 42] involved building an articulatory

synthesizer for the L2 speaker. The articulatory synthesizer was trained to map

the L2 speaker’s articulatory trajectories (e.g., tongue and lip movements) into

his or her acoustics features (e.g., Mel Cepstra) using GMMs [14], unit-selection

models [40], and DNNs [41]. Once the synthesizer was built, it could be driven80

with articulatory trajectories from an L1 speaker to synthesize FAC speech.

However, these approaches were impractical for pronunciation training since col-
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lecting articulatory data is expensive and requires specialized equipment2. As

a result, later work on FAC has focused on acoustic methods, since they only

require recording speech with a microphone. Previous acoustic methods can be85

grouped into two categories: frame-pairing methods [11, 12] and seq2seq meth-

ods [15, 16]. As the name suggests, frame-pairing methods builds a lookup table

where L1 and L2 speech frames are paired based on their similarity, and then use

a statistical model (e.g., a GMM) to convert from L1 frames to their correspond-

ing L2 frames in the lookup table. Aryal and Gutierrez-Osuna [11] first proposed90

a technique to pair L1-L2 frames based on their acoustic similarity (in MFCC

space), after applying vocal tract length normalization to reduce global di↵er-

ences between the L1 and L2 spectra. Following this, Zhao et al. [12] argued

that the L1 and L2 frames should be paired based on their linguistic content,

and consequently, they used Phonetic-PosteriorGram (PPG) similarity instead95

of MFCC similarity. More recently, methods based on seq2seq models have

been shown to significantly improve synthesis quality. In a previous study [15],

we proposed a seq2seq PPG-to-Mel synthesizer for FAC. During training, the

system learns a seq2seq model to convert PPGs to Mel-spectra extracted from

utterances of an L2 speaker. During inference, the model is driven by PPGs100

extracted from a reference L1 utterance, which then produces FAC synthesis.

In related work, Liu et al. [16] proposed a novel recognizer-synthesizer frame-

work to remove the need for a reference L1 utterance. Their system trained a

speaker recognizer, a multi-speaker text-to-speech (TTS) model, and an accent-

sensitive automatic speech recognition (ASR) system. During inference, they105

feed L2 Mel-spectra to the ASR system with the corresponding accent, and then

feed the output of the ASR system and the L2 speaker embedding to the multi-

speaker TTS model to generate accent-converted utterances. These seq2seq

model based FAC approaches can convert segmental and prosody features si-

multaneously, producing syntheses with higher speech naturalness and acoustic110

2Articulatory measurements can be performed via electromagnetic articulography [40],

ultrasound imaging [43], palatography [44], and more recently real-time MRI [45].
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quality.

2.2. Many-to-many voice conversion

Foreign accent conversion is related to the more general problem of voice

conversion (VC) [46, 47], which aims to synthesize a voice that has the linguis-

tic content of an utterance from a source speaker and the voice identity of a115

target speaker. Traditional VC approaches use GMMs [48, 49], sparse repre-

sentations [50, 51], and DNNs [52, 53, 54, 55, 56, 57, 21, 58] to transform the

spectra from a source speaker to that of the target speaker. These methods

require training a separate model for each pair of source-target speakers. More

recently, several studies have proposed many-to-many VC approaches based on120

Variational Autoencoders (VAE) [19, 29, 30, 31, 20, 59] and the PPG-to-speech

synthesizer [18, 32, 33, 60, 61]. Hsu et al. [19, 62] first proposed to use a VAE for

many-to-many VC. During training, the encoder learns a speaker-independent

latent embedding from input speech signals, and the decoder reconstructs the

input speech signals given the latent embedding and the corresponding speaker125

embedding. During inference, the speaker embedding is replaced with that of

a target speaker to produce a VC synthesis. A number of subsequent studies

have been conducted to improve performance through various techniques, such

as auxiliary classifiers [20], WaveNet vocoder adaption [59], and discrete latent

space [29, 63]. Other studies [18, 32, 33] have used a PPG-to-speech synthe-130

sizer approach to perform many-to-many VC. The PPG-to-speech synthesizer

is a neural network that takes PPGs as an input, and predict spectra condi-

tioned on the speaker embedding of the target speaker. Early many-to-many

VC models used one-hot vectors as the speaker embedding due to its simplic-

ity, but recent studies [30, 18, 32, 33] have used learned speaker embeddings135

(e.g., i-vector [64], d-vector [65]) to generalize to unseen speakers, which make

it possible to perform VC in a zero-shot fashion.

2.3. Seq2seq models

The seq2seq model was originally proposed by Sutskever et al. [66] for

machine translation. The seq2seq model usually has an encoder-decoder archi-140
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tecture. The encoder learns a hidden representation sequence from an input se-

quence, and the decoder learns to autoregressively generate the output sequence

given the hidden representation. To capture contextual information and handle

length mismatches between the input and output sequences, an attention mech-

anism [67] is added between the encoder and the decoder. In recent years, there145

has been growing interest in applying seq2seq model to speech synthesis. Wang

et al. [68] first proposed a seq2seq based TTS synthesizer (Tacotron), which sig-

nificantly improved the acoustic quality of the syntheses over previous methods.

Following this, Shen et al. [69] proposed Tacotron2, which further improved the

acoustic quality of Tacotron by using a novel model architecture and a WaveNet150

vocoder. Jia et al. [22] extended Tacotron2 to voice cloning by conditioning a

speaker embedding on the decoder. Besides, Biadsy et al. [8] and Jia et al. [70]

also explored the use of seq2seq model in end-to-end speech-to-speech transfor-

mation, which avoids the need of multi-stage recognizer-synthesizer framework

in related tasks, such as hearing-impaired speech synthesis and speech-to-speech155

translation. Seq2seq model has also been applied to voice conversion [56, 60, 61]

and foreign accent conversion [15, 16], which significantly improved the perfor-

mance on these tasks compared to conventional approaches.

3. Methods

Accentron consists of four modules: (1) a speaker-independent acoustic160

model that generates a linguistic representation of an utterance, (2) a speaker

encoder that captures the voice identity of the desired speaker, (3) an accent

encoder that captures the desired accent, and (4) a seq2seq model that con-

sumes the previous three representations to synthesize Mel-spectrogram for an

arbitrary L2 speaker.165

The workflow for training Accentron is shown in Figure 1(a). The acoustic

model, speaker encoder, and accent encoder are trained separately, and then

are used as feature extractors for the seq2seq model. The seq2seq model is

trained on a parallel corpus with multiple L1 and L2 speakers, capturing the
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Figure 1: (a): Overall training workflow of Accentron. (b): Overall inference workflow of Ac-

centron. Source: a selected reference L1 speaker, Target: any L1/L2 speaker, BNF: bottleneck

feature, L1: native, L2: non-native. Each of the modules is trained independently.

voice characteristics of di↵erent speakers and accents. In what follows, we define170

a “source” speaker to be a selected reference L1 speaker, and a “target” speaker

to be any L1/L2 speaker. To train the seq2seq model, we pair the source speaker

with each target speaker. Then, for each pair of speakers, we feed source utter-

ances to the speaker-independent acoustic model to extract bottleneck features

(BNFs), which we assume capture only the linguistic content. Next, we feed175

an utterance from the target speaker to the speaker encoder and the accent

encoder, which extract their speaker embedding and accent embedding, respec-

tively. Finally, we train the seq2seq model to convert the source BNFs to the

target Mel-spectrogram, conditioning on the target speaker’s speaker and accent

embeddings.180

The workflow during inference is illustrated in Figure 1(b). Accentron re-

quires a source utterance from an L1 speaker and an utterance from the L2

speaker. First, we extract BNFs and accent embedding from the L1 utterance,

which encode the desired linguistic content and native accent, and a speaker em-

bedding from the L2 utterance, which encodes the desired voice identity of the185

L2 speaker. Then, we pass the L1 BNFs, L1 accent embedding, and L2 speaker
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embedding to the seq2seq model, which generates the accent-converted Mel-

spectrogram. Finally, the Mel-spectrogram is converted back to a waveform, in

our case using a separately trained WaveRNN [38], though other vocoders or

the Gri�n-Lim algorithm[36] can also be used.190

3.1. Speaker-independent acoustic model

To capture the linguistic content of an utterance, we use the output of the

last hidden layer of a speaker-independent acoustic model (AM) as BNFs, rather

than the output of the final layer of the AM, which represent the PPGs (i.e.,

the probabilities of each senone/tri-phone). BNFs contain similar linguistic195

information as PPGs but have much lower dimensionality (e.g., Senone-PPG:

6,024 dimensions; BNF: 256 dimensions), which avoids the need to perform

dimensionality reduction in the seq2seq model.

Our AM is based on a Factorized Time Delayed Neural Network (TDNN-

F) [71, 72], a feed-forward neural network acting as a sequential classifier. Given200

an input acoustic feature vector (i.e., 40-dimensional MFCCs), the TDNN-F

produces the probabilities of the vector belonging to each senone/triphone (6,024

senones). The TDNN-F takes time-delayed input frames as side inputs to its

hidden layers to model long-term temporal dependencies, concatenated with

a 100-dimensional i-vector [64] of the corresponding speaker3. Additionally,205

the TDNN-F uses factorized layers with semi-orthogonal constraints as hidden

layers and dilated connections between hidden layers, which are more e�cient

during training and inference than recurrent layers due to their feed-forward

nature [71]. The TDNN-F model is composed of five hidden layers. Each of

the first four hidden layers has 1,280 neurons, followed by ReLU activation210

and batch normalization [73], whereas the last hidden layer has 256 neurons,

corresponding to the dimensionality of the BNFs. We train the model through

a supervised 6,024-way senone classification task. To promote that the AM

3As noted by Peddinti et al. [72], this allows the model to capture both speaker and

environment specific information, which is useful for neural network adaption.
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Figure 2: Speaker/accent encoder model architecture. The model is based on ResNet-34 [75].

Each convolution block is illustrated as the kernel size and channel numbers. “/2” means the

layer divides the spatial resolution by 2.

produces speaker-independent BNFs, we train the model on speech data from

several thousands of speakers (Librispeech corpus [74], 2,484 native English215

speakers; see Section 4.1).

3.2. Speaker and accent encoders

We use two independent encoders to compute the desired voice identity and

accent. The speaker encoder is built as a speaker recognition model, which is

trained to determine the identity of a speaker from an input utterance, whereas220

the accent encoder is based on an accent recognition model, which is trained

to recognize accent/dialect patterns (e.g., pronunciation and prosody). For this

work, we use a convolutional neural network (CNN) based on ResNet-34 [75] for

both the speaker encoder and the accent encoder, following a previous speaker-

recognition study [76]. We use the same CNN architecture for both models, so225

here we provide a detailed workflow only for the speaker encoder; the training

and inference workflows of the accent encoder can be derived similarly.

The architecture of the speaker encoder is shown in Figure 2. The model

takes 300⇥257 in time⇥frequency magnitude spectrogram segments as inputs.

The inputs are first fed to a convolution layer containing 64 7⇥7 kernels with230

2⇥2 stride, followed by a 2⇥2 max-pooling layer. These layers decrease the

spatial resolution of the feature maps, reducing model complexity and improv-

ing training speed. On top of them, there are 16 convolution residual blocks,
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which extract more abstract features. Each convolution block consists of two

convolution layers with 3⇥3 kernels. The first convolution layer in each block235

has 2⇥2 stride to further decrease the spatial resolution of the feature maps.

More importantly, each block has a skip connection as an alternative path to

avoid gradient vanishing in a very deep model. The 16 convolution blocks have

di↵erent numbers of kernels, as highlighted in di↵erent colors in Figure 2 (Pur-

ple: 64 kernels; Green: 128 kernels; Orange: 256 kernels; Blue: 512 kernels).240

Next, there is an average pooling layer that produces a 512-dimensional vector,

followed by a 256-dimensional fully-connected layer. All the layers are followed

by ReLU activations and batch-normalization [73].

The model is trained through a supervised speaker-classification task. Dur-

ing training, a classifier on top of the 256-dimensional fully-connected layer pro-245

duces the probabilities that the segment belongs to each speaker. The network

is then optimized by minimizing the cross-entropy loss between the prediction

and the target speaker label. During inference, we discard the final classifier

layer and directly use the 256-dimensional bottleneck feature as the segment-

wise speaker embedding. To obtain utterance-level speaker embeddings for a250

speaker that does not appear during training, we divide each test utterance into

300-frame segments with a 150-frame overlap using a sliding window, and then

we compute the average of these segment-wise embeddings as the utterance-level

speaker embedding (i.e., d-vectors [65]).

3.3. Seq2seq foreign accent conversion model255

Our seq2seq model is inspired by the text-to-speech Tacotron2 model [69].

As shown in Figure 3, the seq2seq model has an encoder-decoder architecture.

During training, inputs to the network consist of a triplet: (1) a sequence of

BNFs from the source (L1) speaker, x 2 RTi⇥DBNF , (2) a speaker embedding of

the target (L1 or L2) speaker s 2 RDspeaker extracted from the speaker encoder,260

and (3) the accent embedding of the target speaker a 2 RDaccent extracted from

the accent encoder. Ti is the length of the sequence x. DBNF is the dimen-

sionality of the BNFs (e.g., 256 in this work). Dspeaker and Daccent are the
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Figure 3: The seq2seq model in Accentron.

dimensionalities of the speaker embedding s and accent embedding a, respec-

tively (both of them are 256 in this work). The ground-truth target of the265

model is a sequence of Mel-spectrogram frames y 2 RTo⇥DMel , where To is the

length of the sequence and DMel is the number of Mel-filterbanks (e.g., 80 in

this work). First, the encoder accepts a BNF sequence x and produces a hidden

representation h:

h = Encoder(x) (1)

Then, to condition the decoder on the voice identity and the accent of the target270

speaker, we concatenate the target speaker’s speaker embedding and accent

embedding to the hidden representation:

hconcat = [h, s,a] (2)

Finally, the decoder autoregressively predicts the Mel-spectrogram of the target

speech using the attention context computed based on the concatenated hidden
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Table 1: Hyperparameters of the seq2seq foreign accent conversion model.

Block Component Parameters

Inputs

BNF 256-dimensional

Speaker d-vector 256-dimensional

Accent d-vector 256-dimensional

Encoder
3 ⇥ Conv layers

512 5⇥1 kernel with 1⇥1 stride;

ReLU; batch norm

2 ⇥ p-Bi-LSTM 256 cells per direction;

Attention
Location-sensitive 128-dim attention context;

attention 32 31⇥1 attention conv kernels

Decoder

PreNet
2 ⇥ Fully-connected layer ;

256 neurons; ReLU

2 ⇥ LSTM 1024 cells

Linear (Mel)
1 ⇥ Fully-connect layer;

80 units; no activation

Linear (stop token)
1 ⇥ Fully-connect layer;

1 unit; no activation

PostNet

5 ⇥ Conv layers;

512 5⇥1 kernel with 1⇥1 stride;

tanh; batch norm

Outputs
Mel-spectrogram 80-dimensional

Stop token 2-dimensional

representation:275

ŷt = Decoder(ŷt�1,hconcat) (3)

where ŷt is the t-th frame of the predicted Mel-spectrogram.

During inference, the inputs to the network are also a triplet: (1) a sequence

of BNFs from an L1 speaker, x, (2) a speaker embedding of an L2 speaker, sL2,

and (3) an accent embedding of an L1 speaker, aL1. The network produces a

hidden representation h, concatenates it with sL2 and aL1, and feeds it to the280

decoder to produce the predicted FAC Mel-spectrogram. We describe each com-

ponent in the following subsections. The hyper-parameters of each component

are summarized in Table 1.
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3.3.1. Encoder

The encoder converts a BNF sequence to a hidden representation sequence.285

The original text-to-speech Tacotron2 encoder contains three 1-dimensional con-

volution layers and one Bidirectional Long Short-Term Memory (Bi-LSTM)

layer. However, in our case, the inputs of the seq2seq model are BNF se-

quences instead of text embeddings, which are usually significantly longer. To

capture the high-level phonetic and contextual information in an input BNF290

sequence, we replace the LSTM layer in the encoder with two pyramidal Bidi-

rectional LSTM (p-Bi-LSTM) layers [77]. Each p-Bi-LSTM reduces the time

resolution by a factor of two, and therefore our encoder produces four times

shorter hidden representation sequences compared with the input sequences. A

convolution layer has 512 kernels with 5⇥1 shape in time⇥frequency and 1⇥1295

stride, followed by ReLU activation and batch normalization. Each convolution

kernel spans five BNF frames, which models the local context information. A

p-Bi-LSTM layer has 256 cells in each direction, followed by ReLU activation

and batch normalization, producing a 512-dimensional hidden representation

sequence.300

3.3.2. Decoder

The decoder is an autoregressive recurrent neural network coupled with a

local sensitive attention mechanism [35]. The decoder accepts the concatenated

hidden representation sequences as inputs, and produces an 80-dimensional Mel-

spectrogram as the prediction of the L2 speech. During each decoding step, the305

predicted Mel-spectrogram frame from the previous step is first passed into a

pre-net that has two 256-dimensional fully-connected layers with ReLU activa-

tions:

qt = PreNet(ŷt�1) (4)

The pre-net acts as an information bottleneck, which is essential for learning

attentions [69]. Next, the location-sensitive attention mechanism computes a310

128-dimensional attention context vector ct based on the pre-net output, the
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concatenated hidden representations, and the attention context from the previ-

ous step:

ct = Attention(qt,hconcat, c
t�1) (5)

Following this, the pre-net output is concatenated with the context vector and

fed to two unidirectional LSTM layers with 256 cells. Then, the output of the315

second LSTM layer is concatenated again with the context vector ct and passed

through an 80-unit linear layer to make a prediction of the 80-dimensional L2

Mel-spectrogram frame:

ŷt
pre = Linear(LSTM(qt, ct), ct) (6)

More importantly, the network also predicts if the generating process should stop

at the current decoding step at the same time, i.e., a stop token t̂ 2 RTo . Finally,320

to incorporate the spectral residual and improve synthesis quality, the predicted

Mel-spectrogram is passed through a post-net consisting of five convolution

layers to predict the residual. Each of these layers has 512 kernels with 5×1

shape and 1×1 stride, followed by tanh activation and batch normalization. The

residual is added back to the original prediction to form the final prediction:325

ŷt = ŷt
pre + PostNet(ŷt

pre) (7)

The model is optimized by minimizing the Euclidean distance between the

target Mel-spectrogram and the prediction before/after the post-net. We also

jointly minimize an extra cross-entropy loss to learn the stop token for model

inference.

L = ||ŷt
pre � y||22 + ||ŷt � y||22 + �CrossEntropy(̂t, t) (8)

where || · ||22 is the Euclidean distance; t̂ is the sequence of predicted stop tokens,330

and t is the sequence of target stop tokens; � is the weight controlling the

relative importance of the cross-entropy loss. Additionally, we use the teacher-

forcing procedure during training by feeding in the correct output instead of
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the predicted output on the decoder side, which has been shown to improve the

e�ciency of the model training [78].335

4. Experimental setup

4.1. Acoustic model

We trained the TDNN-F acoustic model using the Librispeech corpus [74],

which consists of 960 hours of 16 kHz audiobook speech data produced by 2,484

native English speakers, the majority being American English. The training340

set consists of two “clean” subsets and a “noisy” subset4. We used both sets

in training to ensure that the BNF was speaker-independent. In addition, we

used a subset (200 hours) of the training set to train the i-vector extractor. We

implemented the training following the o�cial “tdnn 1d” recipe of the TDNN-F

model in Kaldi5. The trained model achieves 3.76% word error rate (WER) on345

Librispeech’s test-clean subset and 8.92% WER on the test-other subset.

4.2. Speaker encoder

We trained the speaker encoder using the VoxCeleb1 corpus [79], which con-

tains 153,516 utterances of 16 kHz speech produced by 1,251 speakers. Specifi-

cally, we used the training set from the o�cial identification split, which is com-350

prised of 138,316 utterances (⇠300 hours) from these speakers. We extracted

257-dimensional magnitude spectrograms with a 25ms window and 10ms shift.

We trained the model on a single NVIDIA Tesla V100 GPU with a batch size

of 128. We used Adam Optimizer with an initial learning rate of 10�2, which

was annealed down to zero following a cosine schedule [80]. The trained model355

achieves 81.34% Top-1 accuracy and 94.49% Top-5 accuracy on the o�cial Vox-

Celeb1 identification testing set.

4We use the term “noisy” subset to refer to the test-other test subset in the LibriSpeech

corpus. LibriSpeech has two test subsets: test-clean and test-other. The recordings in test-

other subset have significantly higher background noise level than the test-clean subset.
5https://github.com/kaldi-asr/kaldi/blob/master/egs/librispeech/s5/local/

chain/tuning/run_tdnn_1d.sh
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4.3. Accent encoder

We trained the accent encoder using the Speech Accent Archive dataset [81],

which consists of recordings of the “Please call Stella” paragraph [81] produced360

by speakers in 386 native and non-native English accents. For most of the

accents, however, the number of speakers is limited, which may degrade the

performance of the accent encoder. To address this issue, we selected a subset

of accents where each accent has at least 30 speakers. The resulting subset

has 18 accents6, with an average of 107 speakers in each accent. The total365

length of the selected subset is around 16 hours. We randomly selected 90%

utterances from each accent as the training set and used the remaining 10%

utterances as the testing set. The audio waveforms in the original dataset have

8 kHz sampling rate. To match it with other modules, we resample them to 16

kHz. Other configurations were the same as that for speaker recognition. Our370

trained model achieves 79.36% Top-1 accuracy and 95.42% Top-5 accuracy on

the testing set.

4.4. Seq2seq foreign accent conversion model

To evaluate the proposed approach, we conducted experiments with the

ARCTIC [82] and L2-ARCTIC corpora [39]. We used four native English speak-375

ers from ARCTIC (BDL, RMS, SLT, CLB) and all 24 non-native English speak-

ers from L2-ARCTIC. For each speaker, we divided their utterances into three

subsets: a training set of 1,032 utterances (⇠1 hour of speech), a validation set

of 50 utterances, and a testing set of 50 utterances. During training, we set

BDL as the source speaker and paired it with all 28 speakers, including himself.380

During inference, we used both BDL (male) and CLB (female; used as an un-

seen L1 speaker for the zero-shot FAC setting) as the native reference speakers,

and we performed FAC on four L2 speakers whose first languages were di↵erent:

6These 18 accents were Arabic, Cantonese, Dutch, English, Farsi, French, German, Hindi,

Italian, Japanese, Korean, Mandarin, Polish, Portuguese, Russian, Spanish, Turkish, and

Vietnamese.
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NJS (Spanish, female), TXHC (Mandarin, male), YKWK (Korean, male), and

ZHAA (Arabic, female).385

The original L2-ARCTIC audio waveforms have a 44.1 kHz sampling rate, so

we resampled them to 16 kHz to match the ARCTIC recordings. We extracted

80-dimensional Mel-spectrogram with a 25ms window and 10ms shift. Following

the same frame shift, we extracted BNFs for each utterance using the acoustic

model (Section 3.1). In addition, we extracted utterance-level speaker and390

accent d-vectors from the speaker encoder and accent encoder, respectively. We

implemented the model using TensorFlow [83] and trained it on a single NVIDIA

Tesla V100 GPU. The hyperparameter � (eq. 8) in the loss function was set to

0.005 empirically. We set the batch size to 48, and we used an Adam Optimizer

with an initial learning rate of 10�3, which was then annealed down to 10�5
395

following exponential scheduling. The model converged after 200,000 steps, and

the entire training time was around 100 hours.7 During model inference, we

used a separately trained speaker-independent WaveRNN vocoder to invert the

Mel-spectrogram back to the time-domain waveform. We trained the WaveRNN

model on the Librispeech dataset.400

5. Results

We have validated Accentron through a series of objective and subjective

evaluations. For the objective evaluation, we used t-distributed stochastic neigh-

bor embedding (t-SNE) [84] to analyze the distribution of speaker embeddings

and accent embeddings for the original speech and the accent-converted speech.405

This allowed us to examine whether the two encoder networks can decouple

speaker identity and accent. For the first of two sets of subjective evaluations,

we tested the system when the test L1 and L2 speakers were seen during train-

ing (standard FAC setting) and compared it against two state-of-the-art FAC

systems [15, 16]. We also tested whether our system could be used in the reverse410

7Audio samples from this work can be found at https://shaojinding.github.io/samples/

accentron/. We intend to open-source our code after this work has been peer-reviewed.
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direction, i.e., to impart a non-native accent to a native speaker’s voice. In the

second set of subjective evaluation, we explored the e↵ectiveness of Accentron

when the test L1 and L2 speakers were unseen during training (zero-shot FAC

setting). Further, we characterized the performance of Accentron as a function

of the number of available L2 test utterances during inference (i.e., which are415

used to extract the L2 speaker’s voice identity footprint), and we compared it

against a system that uses these utterances to fine-tune a pre-trained FAC sys-

tem to understand the tradeo↵ between using L2 test utterances to compute a

speaker embedding (zero-shot learning) and using them to refine a pre-trained

model (fine-tuning).420

5.1. Objective evaluation: speaker and accent embedding spaces

We used t-SNE [84] to visualize the speaker and accent embedding spaces8,

which helped provide a qualitative and intuitive explanation of how our proposed

system operates. First, we visualized the speaker and accent embeddings of 20

FAC utterances for TXHC, a male Mandarin speaker. We used the system425

in the zero-shot condition when both L1 and L2 speakers were unseen (see

Section 5.3.1) to generate the syntheses, since it acts as a performance lower-

bound for all our systems, and it can also provide insights for zero-shot FAC.

We also plotted the embeddings of natural speech from ten L1 and L2 speakers

as references (20 utterances for each speaker). Results are shown in Figure 4,430

where we use colors and shapes to represent speaker and accent, respectively

(e.g., orange denotes speaker BDL, and diamond denotes L1 accent). As shown,

the speaker embeddings of utterances from the same speaker form a cluster, and

the boundary between di↵erent clusters are clear. Similarly, accent embeddings

from speakers with the same accent form a cluster. These two results indicate435

that the speaker and accent encoders are operating as expected. In terms of

8The axes in a t-SNE plot have no actual meaning. t-SNE projects high dimensional

vectors into a lower dimensional plane (e.g., 2-D), such that similar points in the projection

are also similar in the original space, and vice versa.
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Figure 4: Speaker and accent embedding visualization of FAC syntheses for TXHC using

t-SNE. (a): speaker embedding; (b): accent embedding. Colors and shapes represent speaker

and accent, respectively. Speakers in the legend are annotated with gender and accent. L1:

native accent; SP: Spanish accent; CN: Mandarin accent; KR: Korean accent; AB: Arabic

accent.

the FAC utterances, their speaker embeddings are distributed in the cluster of

TXHC, which indicate that Accentron can generate speech that matches the

voice identity of the target speaker, and the accent embeddings lie in a cluster

of L1 speakers (BDL and CLB), which also indicate the Accentron can generate440

the desired accent. Together, these visualizations indicate that Accentron can

successfully generate speech with the same voice identity as TXHC but with a

native accent.

We also conducted t-SNE visualizations on a “reverse” FAC task [12, 85],

where the goal was to synthesize speech with the voice identity of a given L1445

speaker but with an L2 accent. This is a straightforward process in Accentron,

since we only need to change the inputs of the seq2seq model to use an L2

accent embedding and an L1 speaker embedding during inference. For these

visualizations, we synthesized a voice that had the voice identity of CLB but

with an L2 (Mandarin) accent. As shown in Figure 5, the speaker embeddings of450

the reverse FAC syntheses lie in the same cluster as CLB utterances, whereas the
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Figure 5: Speaker and accent embedding visualization of reverse FAC syntheses (CLB with a

Mandarin accent) using t-SNE. (a): speaker embedding; (b): accent embedding. Colors and

shapes represent speaker and accent, respectively. Speakers in the legend are annotated with

gender and accent. L1: native accent; SP: Spanish accent; CN: Mandarin accent; KR: Korean

accent; AB: Arabic accent.

accent embeddings lie in the same cluster as the two Mandarin speakers (TXHC

and LXC), indicating that the reverse FAC syntheses have a voice identity of

CLB and a Mandarin accent.

Another interesting question that we would like to investigate here is whether455

the speaker embedding also carries accent cues, as these two aspects are closely

related in the recognition of speakers [25, 26, 69, 28]. If the speaker embed-

ding is entangled with accent information, then there is the risk that Accentron

would generate speech with an incorrect accent that is introduced by speaker

embeddings. To examine this potential issue, we generated t-SNE visualizations460

of speaker embeddings for natural utterances from 16 speakers with 4 di↵erent

accents in L2-ARCTIC corpus (See Figure 6 for details of the speakers and ac-

cents). Results in Figure 6 show no adjacency patterns among speakers sharing

the same accent. Instead, t-SNE shows a distinct separation among speakers

based on gender. These results suggest that speaker embedding mainly encodes465

information such as voice quality/timbre and pitch, and no evidence of potential
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Figure 6: t-SNE visualization of the speaker embeddings from 16 speakers with 4 accents.

Colors and shapes represent speaker and accent, respectively. . Speakers in the legend are

annotated with gender and accent. L1: native accent; SP: Spanish accent; CN: Mandarin

accent; KR: Korean accent; AB: Arabic accent.

entanglement between speaker and accent cues.

5.2. Subjective evaluations under standard FAC setting

We also evaluated Accentron through two sets of perceptual experiments. In

the first set (this sub-section), we evaluated the system under the standard FAC470

setting, i.e., the test L1 and L2 speakers were seen during training. In the second

set (Section 5.3), we evaluated the system under the zero-shot FAC setting,

where the L1 speaker and/or the L2 speaker were unseen during training.

For the standard FAC setting, we used the union of the training sets of all 28

speakers to train the system. During inference, we used BDL as the L1 speaker,475

who then had been “seen” during training. First, we compared the proposed

approach against two state-of-the-art FAC approaches:
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• Baseline1: the FAC system proposed by Zhao et al. [15], a one-to-

one FAC approach based on seq2seq model. This baseline system trains

a seq2seq PPG-to-speech synthesizer for each L2 speaker, and drives the480

synthesizer with PPGs extracted from an L1 speaker. As such, the baseline

system requires training separate models for each L2 speaker.

• Baseline2: the system proposed by Liu et al. [16], a reference-free

many-to-many FAC approach based on a novel recognizer-synthesizer ar-

chitecture. The system is trained on 105 speakers from CSTR VCTK485

dataset [86]. Audio samples were produced by feeding the test utterances

through their system, which is provided as a courtesy by Liu et al. Due

to the implementation di↵erences between the systems, we conducted two

post-processing steps to ensure a fair comparison. First, as the accent con-

version model of Liu et al. was trained on VCTK speakers, the stop-token490

predictions on L2-ARCTIC test utterances are not robust, occasionally

resulting in a few seconds of white noise at the end of speech in accent

conversion syntheses. To solve this issue, we manually removed the trailing

white noises in these test utterances. Second, we resampled the syntheses

of Liu system from 22.05 kHz to 16 kHz to make the sampling rate be495

consistent with other systems.

We conducted listening tests through Amazon Mechanical Turk9 to rate

three perceptual attributes of the synthesized speech:

• Accentedness: : The test asked participants to rate the degree of foreign

accentedness of each utterance in a 9-point scale (1-no foreign accent; 9-500

very strong foreign accent), which is commonly used in the pronunciation

literature [87]. Participants were told that the native accent in this task

was General American.

• Acoustic quality: The test asked participants to rate the acoustic qual-

9https://www.mturk.com
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ity of each utterance through a standard 5-point Mean Opinion Score505

(MOS; 1-bad, 5-excellent).

• Voice identity: The test asked participants to rate the voice similarity

between the FAC syntheses and the original L2 speech through a 14-

point Voice Similarity Score (VSS) [88]. For each FAC-L2 utterances pair,

participants were required to decide whether the two utterances were from510

the same speaker and then rate their confidence in the decision on a 7-

point scale (1: not confident at all; 3: somewhat confident; 5: quite a bit

confident; 7: extremely confident). The VSS was computed by collapsing

the above two fields into a 14-point scale: -7 (definitely di↵erent speakers)

to +7 (definitely the same speaker). To minimize the influence of accent,515

the two utterances had di↵erent linguistic content and were played in

reverse, following [1].

Instructions were given in each test to help participants focus on the target

speech attribute. For example, in the accentedness test, participants were asked

to “Try to ignore the audio quality (noise, distortions). Please focus only on520

the speaker’s accent, for example, their pronunciation, rhythm, and fluency”.

Test utterances were randomly selected from our test set, and the presentation

order was counter-balanced. Additionally, in each listening test, we included

five calibration utterances to detect if participants were cheating. We excluded

ratings of the calibration utterances from the data analysis [89]. We recruited525

18 participants for each listening test. All participants resided in the United

States, and they passed a qualification test that asked them to identify di↵erent

regional accents in the United States.

5.2.1. Comparison to the baseline system

Accentedness. Participants rated 20 utterances per system (5 utterances530

for each test L2 speaker). These utterances shared the same linguistic content

across all the systems to ensure a fair comparison. Additionally, participants

also rated the same set of sentences from the original L1 and L2 speakers as a
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Table 2: Accentedness (1-no foreign accent, 9-very strong foreign accent) results and acoustic

quality (1-bad, 5-excellent) results under standard FAC setting. All the results are shown as

average ± 95% confidence intervals.

System Accentedness Acoustic quality

Original L2 7.11 ± 0.21 3.67 ± 0.28

Original L1 1.06 ± 0.12 4.90 ± 0.10

Baseline1 4.63 ± 0.10 3.47 ± 0.14

Baseline2 6.25 ± 0.39 3.12 ± 0.13

Proposed 3.39 ± 0.14 3.51 ± 0.15

reference. Results are shown in the first column of Table 2. Accentron received

significantly lower ratings of foreign accentedness (3.39) than the original L2535

utterance (7.11), though not as low as those of the original L1 utterance (1.06).

These results suggest that our proposed seq2seq FAC model can e↵ectively re-

duce foreign accentedness from the L2 speech. Accentron also outperformed the

two baseline systems (Baseline1: 4.63, 27% relative improvement, p ⌧ 0.001;

Baseline2: 6.25, 46% relative improvement, p ⌧ 0.001).540

Acoustic quality. As shown in the second column of Table 2, the proposed

method achieved an MOS of 3.51, which is comparable to Baseline1 (3.47, p >

0.5) but significantly higher than Baseline2 (3.12, 13% relative improvement,

p ⌧ 0.001). The original L1 speech received the highest MOS (4.90), followed

by the original L2 speech (3.67). Note that the MOS ratings of Accentron are545

closer to those of the original L2 speech than to the original L1 speech, possibly

due to native listeners confounding acoustic quality with intelligibility [1], and

therefore, they may be influenced by the intelligibility and provide lower ratings

for non-native speech. Thus, the proposed system achieves similar acoustic

quality as the baseline systems (or better), but unlike them does not require550

training a separate model for each new test L2 speaker.

Voice identity. Participants rated 20 pairs of utterances per system (5

pairs of utterances for each test L2 speaker). Each pair consisted of a FAC ut-

terance and an utterance randomly selected from the L2 speaker. Voice identity
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Table 3: Voice identity results under standard FAC setting. Voice Similarity Score ranges

from -7 (definitely di↵erent speakers) to +7 (definitely the same speaker). All the results are

shown as average ± 95% confidence intervals.

System Voice Similarity

Baseline1 5.05 ± 0.28

Baseline2 3.81 ± 0.29

Proposed (All pairs) 5.05 ± 0.31

Proposed (Intra-gender) 5.29 ± 0.30

Proposed (Inter-gender) 4.80 ± 0.35

results are shown in Table 3. Accentron achieved a 5.05 VSS, indicating that555

participants were “quite confident” that the FAC syntheses and the L2 speech

were produced by the same speaker. These ratings are comparable to those of

Baseline1 (5.05 VSS, p > 0.5) and significantly higher than those of Baseline2

(3.81 VSS, 33% relative improvement, p ⌧ 0.001). It is worth noting that the

L1 speaker in Baseline1 had the same gender as the L2 speaker, whereas Accen-560

tron used the same L1 speaker for all L2 speakers. As a result, syntheses from

Accentron included both intra (same)-gender FAC pairs and inter (di↵erent)-

gender FAC pairs, the latter being more challenging due to the di↵erences in

prosody and pitch range. Although the VSS on inter-gender pairs (4.80) was

lower than that on intra-gender pairs (5.29) and Baseline1, the di↵erence was565

not significant (p = 0.14). These results suggest that the proposed system can

generate FAC syntheses that greatly resemble the voice identity of L2 speakers

of any gender, using a canonical reference L1 speaker.

5.2.2. Performance on reverse FAC

To evaluate Accentron on the reverse FAC task, we synthesized testing ut-570

terances using the accent embeddings from NJS, TXHC, YKWK, and ZHAA,

and the speaker embedding from BDL. Table 4 shows the accentedness, acoustic

quality, and voice identity results of the reverse FAC evaluation. Accentron re-

ceived a 5.58 accentedness rating, much closer to that of the original L2 speech

26

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof

IPR2026-00272 
Krisp Technologies EX1010 Page 122



Table 4: Accentedness (1-no foreign accent, 9-very strong foreign accent) results, acoustic

quality (1-bad, 5-excellent) results, and voice identity results (-7-definitely di↵erent speakers,

+7-definitely the same speaker) of reverse foreign accent conversion under standard condition.

All the results are shown as average ± 95% confidence intervals.

System Accentedness Acoustic quality
Voice Similarity Voice Similarity Voice Similarity

(All pairs) (Intra-gender) (Inter-gender)

Proposed 5.58 ± 0.35 3.24 ± 0.17 4.91 ± 0.34 5.11 ± 0.35 4.71 ± 0.32

(7.11) than to the original L1 speech (1.06), indicating that our approach was575

able to impart an L2 accent to utterances from an L1 speaker. Accentron also

received a 3.24 MOS, significantly lower (p = 0.02) than the MOS of the “di-

rect” FAC syntheses (3.51), a result that is likely due to the correlation between

acoustic quality and intelligibility –see Section 5.2.1. Finally, Accentron received

a 4.91 VSS, indicating that raters were “quite confident” that the reverse FAC580

syntheses and the L1 speech were produced by the same speaker; we found no

significant di↵erences between the voice identity ratings of reverse and direct

FAC syntheses. Thus, we can conclude that Accentron can also operate in the

reverse direction, generating non-native utterances with the voice identity of a

native speaker.585

5.3. Subjective evaluations under zero-shot FAC setting

In the second set of subjective evaluations, we evaluated the proposed system

under the zero-shot FAC setting, where the L1 speaker and/or the L2 speaker

were unseen during training. The zero-shot FAC setting is appealing for real-

world applications since it requires minimal data from the target speaker. First,590

we compared the performance of Accentron when using seen/unseen L1 or L2

speakers during inference. Then, we characterize its performance as a function

of the number of available L2 utterances.

5.3.1. Comparing di↵erent conditions in zero-shot foreign accent conversion

We considered four di↵erent conditions in this experiment, as summarized595

in Table 5. In condition SS, the L1 speaker and the L2 speaker were both
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Table 5: The four conditions in zero-shot FAC experiment.

L1 speaker

Seen Unseen

L2 speaker
Seen Condition SS Condition US

Unseen Condition SU Condition UU

seen during training. Note this condition is the same as the system evaluated in

Section 5.2.1, so it serves as a best-case scenario. In condition US, the L1 speaker

was unseen during training, and the L2 speaker was seen during training. In

condition SU, the L1 speaker was seen during training, and the L2 speaker was600

unseen during training. Finally, in condition UU, the L1 speaker and the L2

speaker were both unseen during training. Thus, condition UU was the most

challenging of the four.

To ensure that the test speakers were unseen during training, we trained four

models using di↵erent training sets. In Condition SS, we used the same model605

as in the standard FAC condition. In Condition US, we excluded CLB from the

training set and used it as the test L1 speaker. In Condition SU, we excluded

the four test L2 speakers from the training set. In Condition UU, we excluded

the four test L2 speakers and CLB from the training set, and we also used CLB

as the test L1 speaker. For unseen L1/L2 speakers, we used the 50 utterances610

from the test set to generate the accent/speaker embedding. As before, we

conducted three types of listening tests through Amazon Mechanical Turk to

rate the accentedness, acoustic quality, and voice similarity of the synthesized

speech. In addition, we kept the participants the same as those in the first

experiment, so that the results are comparable between di↵erent experiments615

(e.g., participants in the accentedness test for the two experiments were the

same).

Results from the accentedness, acoustic quality, and voice identity tests are

shown in Table 6. We found no statistically significant di↵erences between

condition SS (best-case scenario) and the three more challenging conditions620
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Table 6: Accentedness (1-no foreign accent, 9-very strong foreign accent) results, acoustic

quality (1-bad, 5-excellent) results, and voice identity results (-7-definitely di↵erent speakers,

+7-definitely the same speaker) under zero-shot FAC condition. All the results are shown as

average ± 95% confidence intervals.

System Accentedness Acoustic quality Voice Similarity

Condition SS 3.39 ± 0.14 3.51 ± 0.15 5.05 ± 0.28

Condition US 3.33 ± 0.26 3.47 ± 0.13 4.99 ± 0.30

Condition SU 3.35 ± 0.25 3.50 ± 0.12 4.92 ± 0.28

Condition UU 3.30 ± 0.26 3.43 ± 0.12 4.59 ± 0.34

(US, SU, UU); p > 0.5 in all cases. This result suggests that Accentron has no

trouble generalizing to unseen L1 or (and) L2 speakers during inference without

any degradation in accentedness, acoustic quality, and voice identity.

5.3.2. Influence of the number of available L2 utterances

For practical FAC applications, it is important to understand the minimum625

amount of data needed from a target speaker. Requiring L2 learners to record a

large amount of speech before they can hear their “golden speaker” voice can be

tedious and demotivating. On the other hand, training the system with insu�-

cient speech data might significantly degrade synthesis quality. To characterize

the data requirements of Accentron under zero-shot FAC condition, we mea-630

sured its performance of the UU codition (unseen L1 speaker and unseen L2

speaker) as a function of the number of available L2 utterances. We used the

UU condition since it is the most flexible for real-world applications, and also

the most challenging, which provides a lower bound of performance. For these

experiments, we used 50 test L2 utterances to produce the speaker embedding635

during inference, and reduced the number from 50 to 1 (N = 50, 20, 10, 5, 1) and

re-evaluated system performance. Results are shown in Table 7. Reducing the

number of utterances from 50 to 1 has no impact on any of the three perceptual

measures (p > 0.5 in all cases). These results indicate that as little as a single

utterance (⇠3 seconds of speech) is su�cient to generate accent conversions for640

a new unseen L2 speaker, with no impact on performance.
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Table 7: Accentedness (1-no foreign accent, 9-very strong foreign accent) results, acoustic

quality (1-bad, 5-excellent) results, and voice identity results (-7-definitely di↵erent speakers,

+7-definitely the same speaker) with di↵erent numbers of available L2 (non-native) utterances

during inference. All the results are shown as average ± 95% confidence intervals.

#L2 utterances
Accentedness Acoustic quality Voice Similarity

Proposed Fine-tuned Proposed Fine-tuned Proposed Fine-tuned

50 3.30 ± 0.26 3.03 ± 0.24 3.43 ± 0.12 3.54 ± 0.11 4.59 ± 0.34 4.97 ± 0.27

20 3.30 ± 0.22 3.47 ± 0.18 3.45 ± 0.11 3.48 ± 0.11 4.68 ± 0.30 4.65 ± 0.23

10 3.34 ± 0.26 3.84 ± 0.18 3.44 ± 0.12 3.46 ± 0.11 4.59 ± 0.29 4.06 ±0.26

5 3.32 ± 0.23 4.58 ± 0.10 3.43 ± 0.11 3.38 ± 0.10 4.42 ± 0.33 3.49 ± 0.34

1 3.31 ± 0.25 4.72 ± 0.08 3.43 ± 0.12 3.24 ± 0.13 4.57 ± 0.29 3.73 ± 0.35

To some extent, the above result is to be expected since test utterances are

only used to compute the speaker embedding. Thus, we also examined whether

test utterances could instead be more beneficial if they were used to fine-tune a

pre-trained FAC system. Starting with a pre-trained UU model, we fine-tuned645

the model on each unseen L1-L2 speaker pair (i.e., CLB-NJS, CLB-TXHC,

CLB-YKWK, CLB-ZHAA) with N = 50, 20, 10, 5, 1 test utterances, resulting

in 20 fine-tuned models (4 speakers; 5 models with di↵erent number of training

utterances for each speaker) for the unseen L2 speakers. Results are also shown

in Table 7. We observe performance degradations in all three measurements650

when reducing the number of utterances from 50 to 1. When there are 50 test

utterances, the fine-tuned system shows a marginal improvement compared to

the zero-shot model (i.e., without fine-tuning), though the di↵erences are not

statistically significant (Accentedness: 3.03 vs. 3.30, p = 0.03; Acoustic qual-

ity: 3.54 vs. 3.43, p = 0.18; Voice identity: 4.97 vs. 4.59, p = 0.25). When655

decreasing the number from 50 to 20, the fine-tuned system achieves compa-

rable performance as the zero-shot system (p > 0.5). Surprisingly, however,

fine-tuning the systems with fewer than 20 utterances degrades performance

compared to the zero-shot model. In the extreme case (with only 1 utterance),

the zero-shot model significantly outperforms the fine-tuned model in all three660
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measurements (Accentedness: 4.72 vs. 3.31, p ⌧ 0.001; Acoustic quality: 3.24

vs. 3.43, p = 0.01; Voice identity: 3.73 vs. 4.57, p ⌧ 0.001). These results fur-

ther speak of the robustness of Accentron in the zero-shot condition, and they

also illustrate the tradeo↵ between zero-shot learning models and fine-tuning

models in FAC.665

6. Discussion

We have proposed Accentron, a zero-shot many-to-many speech synthesizer

that can convert utterances from a source speaker to appear as if someone else,

and with a di↵erent accent, had produced it. We thoroughly evaluated the sys-

tem through a series of objective and perceptual listening experiments. Visual-670

izations through t-SNE show that Accentron captures the target voice identity

and accent, and that the speaker and accent embeddings are independent of

each other and e↵ectively summarize the speaker and accent characteristic of

an utterance.

We evaluated Accentron in a standard FAC setting and compared it against675

two state-of-the-art baseline FAC systems. Compared to baseline 1 [15], Ac-

centron achieves significantly better (i.e., lower) ratings of foreign accentedness,

and similar acoustic quality and voice identity ratings. This is an important

finding since baseline 1 builds a dedicated model for each pair of L1-L2 speak-

ers, which one would expect would help capture voice identity more faithfully680

than Accentron’s many-to-many mapping. Although baseline 1 and Accentron

use the same backbone architecture for the seq2seq model, Accentron achieves

significantly better (lower) ratings of accentedness. A possible explanation for

this result is that baseline 1 is trained exclusively on L2 utterances. Thus, if

the L2 speaker has systematic substitution or deletion errors (e.g., Mandarin685

speakers from certain areas systematically substitute /SH/ with /S/), the cor-

rect pronunciations will be missing in their utterances. Thus, when the baseline

1 model is driven by L1 BNFs during inference, it has to interpolate these

missing pronunciations, which leads to noticeable segmental errors. In con-
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trast, Accentron avoids this potential issue since it is trained using both L1690

and L2 speech. Compared to baseline 2 [16], Accentron achieves better ratings

in all three measurements (accentedness, acoustic quality, and voice identity).

Though Accentron and baseline 2 both use a seq2seq architecture, Accentron

has two additional components: an acoustic model and an accent encoder to

extract the linguistic content and accent embeddings, respectively, from an L1695

reference during inference. These two embeddings capture the L1 segmental

and prosodic patterns, respectively, which are shown to be essential to achieve

advanced FAC performance.

We also evaluated Accentron on a “reverse FAC” task, where the goal was

to impart an L2 accent to a native utterance. Results on this task corroborates700

the t-SNE visualizations, and suggest that Accentron can also preserve an L2

accent and implant it into an L1 speaker’s utterance. Combined, results from the

direct and reverse FAC tasks indicate that the proposed system can disentangle

linguistic content, voice identity, and accent in speech signals, instead of merely

memorizing mappings between di↵erent speaker pairs.705

Finally, we also evaluated Accentron in a zero-shot FAC setting. First, we

compared all four combinations in which the L1 speaker and L2 speakers could

have been seen/unseen during training (i.e., SS, SU, US, UU). And we found

no significant di↵erences among the four conditions in terms of accentedness,

acoustic quality, or voice identity. Thus, Accentron performs equally well under710

a standard FAC setting (condition SS) and a zero-shot FAC setting (condition

UU), which indicates that it generalizes to unseen L1 and L2 speakers without

the need to re-train or fine-tune the model.

Can Accentron generalize to unseen accents? In principle, the Accentron

architecture can naturally generalize to unseen accents –in the same way that715

it is able to model unseen speakers. However, this requires access to su�cient

training data on a large number of accents. The Speech Accent Archive has

hundreds of accents, but unfortunately each speaker only produces less than one

minute of speech, which is insu�cient for training the FACmodel (empirically, at

least one hour per speaker is needed). Its counterpart, the L2-ARCTIC corpus,720
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has substantially more speech data per subject (around one hour), but only

has six accents, which is insu�cient to achieve reasonable transferability to an

unseen accent. Thus, while we believe that Accentron can be used to generate

unseen accents, this ability can only be truly assessed when more accented

speech corpora become available.725

Our results under both standard and zero-shot FAC setting indicate that

Accentron can generate FAC synthesis with high-quality, and can achieve it

with limited data from new L1 and L2 speakers (one utterance, or around three

seconds of speech). This capability can dramatically simplify the deployment of

pronunciation-training tools (our envisioned target application). When deploy-730

ing conventional FAC models, one needs to design and implement the model

training pipeline, as it requires training a dedicated model for each target L2

speaker. Running the training pipeline is usually resource- and time-consuming,

and therefore, one has to include specific modules to manage the server’s compu-

tational resources (e.g., an asynchronous queue was used in [3]). Such systems735

are hard to scale to an increasing number of users, due to the heavy resource

demands. Instead, Accentron only requires running the model inference pipeline

when producing FAC synthesis, and the inference can be accomplished in real

time, thus essentially reducing the resource demands and simplifying the ap-

plication design and deployment. In addition, in previous FAC studies (e.g.,740

[11, 12, 15]), inter-gender conversion usually achieved inferior performance than

intra-gender conversion, due to the mismatch in pitch ranges. As a result,

when deploying these methods into practical applications, they have to use a

reference L1 speaker that has the same gender as the target L2 speaker. In

contrast, Accentron achieves similar voice identity ratings for intra-gender pairs745

and inter-gender pairs, which gives more flexibility when choosing the reference

L1 speakers in the pronunciation-training tool. Finally, Accentron significantly

reduces the data required for each new L2 speaker from hours to seconds. As

a result, the L2 learners only need to go through a simple speaker enrollment

process (recording several seconds of their speech), before practicing with their750

“golden speaker” voices, which makes Accentron an ideal system for performing
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pronunciation-training studies at scale.

7. Conclusion and future work

In this paper, we have proposed Accentron, a zero-shot learning system

that can generate accent conversion for any L2 speaker (seen or unseen). Our755

proposed approach is in contrast to most of existing FAC approaches, which

require building a separate model for each L2 speaker. The proposed approach

first trains separate models to extract L1 bottleneck features, L1 accent embed-

dings, and L2 speaker embeddings. Then it uses a seq2seq model to transform

L1 bottleneck features to accent-converted Mel-spectrogram, conditioned on an760

L1 accent embedding and L2 speaker embedding. Our results suggest that the

system can successfully transform L1 speech to match the voice identity of an

L2 speaker while using a small amount of data from the L2 speaker.

One possible future direction of this work is to improve its robustness in

generating long utterances. Currently, our system uses a location-sensitive at-765

tention mechanism [35] in the seq2seq model, which can fail when the utterances

are too long [90] (e.g., longer than 10 seconds). To solve this problem, an alter-

native attention mechanism could be used, such as Gaussian mixture attention

mechanism [91], which has been shown to be more robust in generating long

utterances [90]. An additional potential improvement would be to add an aux-770

iliary decoder to perform phoneme recognition (during training) [8, 70]. Such

auxiliary decoder would guide the hidden representation produced by the en-

coder to preserve phonetic information, enforcing the synthesized speech to be

phonetically reasonable and improving synthesis quality [8, 70].
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Group Sparse Representation With WaveNet Vocoder
Adaptation for Spectrum and Prosody Conversion

Berrak Sisman , Student Member, IEEE, Mingyang Zhang, Student Member, IEEE, and Haizhou Li , Fellow, IEEE

Abstract—The statistical approach to voice conversion typically
consists of a feature conversion module followed by a vocoder. So
far, the feature conversion studies aremainly focused on the conver-
sion of spectrum.However, speaker identity is also characterized by
prosodic features, such as fundamental frequency (F0) and energy
contour among others. In this paper, we study the transformation
of speaker characteristics both in terms of spectrum and prosody.
We propose two novel techniques that effectively use a limited
amount of source-target training data and leverage a large general
speech corpus to improve the voice conversion quality. First, we
study the phonetic sparse representation under the group spar-
sity mathematical formulation. We use phonetic posteriorgrams
(PPGs) together with spectral and prosody features to form tan-
dem feature in the phonetic dictionary. The tandem feature allow
us to estimate an activation matrix that is less dependent on source
speakers, thus providing a better voice conversion quality. Second,
we study the use of WaveNet vocoder that can be trained on gen-
eral speech corpus from multiple speakers and adapted on target
speaker data to improve the vocoding quality. We benefit from
the large general speech databases that are used to train the PPG
generator, and the WaveNet vocoder. The experiments show that
the proposed conversion framework outperforms the traditional
spectrum and prosody conversion techniques in both objective and
subjective evaluations.

Index Terms—Voice conversion, prosody conversion, phonetic
posteriorgrams (PPGs), tandem feature, wavenet vocoder.

I. INTRODUCTION

HUMAN voice carries the information of speaker iden-
tity. The goal of voice conversion (VC) is to convert one

speaker’s voice to sound like that of another. Voice conversion
has become an enabling technology for many new applications
such as personalized speech synthesis, speaker de-identification,
and voice dubbing of movies, etc.

Generally speaking, speaker identity can be characterized by
1) linguistic factors that are reflected in sentence structure and
lexical choice; 2) supra-segmental factors such as the prosodic
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characteristics of a speech signal, and 3) segmental factors that
are related to short term features, such as spectrum and formants.
When the language content is fixed, the supra-segment and the
segmental factors are the relevant factors to describe speaker in-
dividuality. An effective voice conversion technique is expected
to convert both the supra-segment and the segmental factors.

The early studies of voice conversion were focused on spec-
trum mapping, that include vector quantization (VQ) [1] and
fuzzy vector quantization [2]. While the statistical parametric
approaches such as Gaussian mixture model [3]–[6], partial least
square regression [7] and dynamic kernel partial least squares
regression (DKPLS) [8] greatly improved the performance, the
resulting speech quality remains much to be desired, particularly
when the amount of training data are highly limited.

As a solution to the limited training data problem, non-
negative matrix factorization (NMF) and sparse representation
techniques were proposed [9]. Following the encouraging re-
sults in noise robust automatic speech recognition [10], the
exemplar-based sparse representation techniques were studied
[9], [11]–[13] to address the over-smoothing problem in voice
conversion. Some more recent studies show that, by taking
phonetic information into consideration [14], [15], the pho-
netic sparse representation technique outperforms the traditional
sparse representation technique, that doesn’t impose a phonetic
sparse constraint on the activation matrix. In this paper, we for-
mulate the phonetic sparse representation under the mathemati-
cal framework of group sparsity, or group sparse representation.

We note that both traditional sparse representation [9], [11],
and phonetic sparse representation [14], [15] are under the as-
sumption that the target speaker can share the activation matrix
derived from source speech. However, such activation matrix is
highly dependent on the source speaker. As a result, the activa-
tion matrix is affected by unwanted information such as speaker
characteristics of source speakers, noise and channel distortions,
that we don’t want to carry over to the target voice. To alleviate
this problem, we further the idea of phonetic sparse represen-
tation [14], [15] by taking into account phone-level as well as
frame-level phonetic information. We construct the phonetic
dictionaries by using Phonetic PosteriorGrams together with
spectrum and prosody features, that we call Tandem Feature
(TF). Phonetic PosteriorGrams represent the posterior probabil-
ity of each phonetic class for each speech frame [16], [17] that
are believed to be speaker independent [18].

The statistical approach to voice conversion typically con-
sists of a feature conversion module that is followed by a tradi-
tional parametric vocoder. The speech synthesized by traditional
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parametric vocoders lacks naturalness due to the over-simplified
assumptions in the signal processing process. WaveNet vocoder
[19], that directly estimates waveform samples from the input
feature vectors, potentially addresses the problem. There have
been studies of speaker dependent and independent WaveNet
vocoders [20], [21] that generate natural sounding synthetic
voices. The WaveNet approach transforms the vocoder design
into a data-driven learnable process. Through the learning, the
network is expected to capture the dynamics of the complex
mechanics of the human speech generation process. In this pa-
per, we study the use of both speaker independent and speaker
adapted WaveNet vocoders for voice generation.

There has been reported work on GMM-based voice conver-
sion followed by WaveNet vocoder [22]. For the first time, this
paper studies the interaction between the WaveNet vocoder and
the sparse representation technique. We note that the sparse rep-
resentation is known for producing high similarity voice, while
WaveNet vocoder offers natural voice quality. We aim to benefit
from the best of the two.

The main contributions of this paper are in three areas: a) we
formulate group sparse representation as the theoretical foun-
dation of phonetic sparse representation for the integrated so-
lution to spectrum and prosody conversion; b) we study the
speaker dependent and independent characteristics to motivate
the design of sparse representation framework, namely phonetic
activation matrix, that is based on Tandem Feature and differ-
entiated multi-scale prosody transfer; c) we implement a voice
conversion framework with phonetic sparse representation and
WaveNet vocoder that provides superior performance for lim-
ited training data.

This paper is organized as follows: In Section II, we present
the related work. In Section III, we study the modeling of
prosody features with wavelet transform. In Section IV, we
propose group sparse representation for voice conversion. In
Section V, we propose the use of Tandem Feature in a joint
spectrum and prosody conversion framework. In Section VI, we
discuss the use of WaveNet vocoder in the sparse representation
voice conversion. We report the experiments in Section VII and
conclude in Section VIII.

II. RELATED WORK

This work is built on several previous studies on sparse rep-
resentation voice conversion, and phonetic and phonological
prosody. Here we briefly summarize the previous work in the
context of voice conversion to set the stage for our study.

A. Exemplar-based Sparse Representation

Non-negative matrix factorization (NMF) [23] is an effective
data mining tool that has been widely used, especially when
reconstruction of high quality signals is required, such as in
speech enhancement [24], [25], speech de-noising [26], [27],
noise and speech estimation [28]. It factorizes a matrix into
two matrices (a dictionary and an activation matrix) with the
property that all three matrices have no negative elements. The
NMF-based techniques were shown effective in voice conver-
sion with very limited training data. We just name a few as

examples, non-negative spectrogram deconvolution [29], locally
linear embedding (LLE) [30], and unit selection [13]. In NMF-
based approaches, a target spectrogram is constructed as a linear
combination of exemplars. Therefore, over-smoothing problem
can arise.

To alleviate such over-smoothing problem, one effective so-
lution is to apply sparsity constraint to the activation matrix
[14], [15], that we call exemplar-based sparse representation.
The recent works on sparsity constraint includes discriminative
graph-embedded NMF approach [12], phonetic sparse represen-
tation for spectrum conversion [15], and conversion of timbre
and prosody [31], [32].

In exemplar-based sparse representation, a pair of dictionar-
ies, denoted as A and B, consists of aligned exemplars from
source and target. [A; B] is called the coupled dictionary. At
run-time, the spectrogram of a source utterance X can be rep-
resented as

X ≈ AĤ (1)

Due to the nonnegative nature of spectrogram, NMF technique
is employed to estimate the source activation matrix Ĥ, which
is constrained to be sparse. Mathematically, we estimate Ĥ by
minimizing an objective function,

Ĥ = argmin
H≥0

d (X,AH) + λ||H|| (2)

where λ is the sparsity penalty factor. To estimate activation
matrix Ĥ, a generalised Kullback-Leibler (KL) divergence is
used. It is assumed that source and target dictionaries A and
B can share the same source activation matrix Ĥ from Eq.(2).
Therefore, the converted spectrogram can be written as

Ŷ = BĤ. (3)

We note that the source activation matrix Ĥ is estimated from the
source speech, therefore, is biased very much towards the source
signals. In this paper, we further the idea of exemplar-based
sparse representation by studying how to reduce the bias, and
the way to improve the sparse representation through phonetic
group sparsity.

B. Spectrum Conversion with Phonetic Sparse Representation

It is known that a compact and effective dictionary has an im-
portant role in achieving a good voice conversion quality [33].
In addition, multiple dictionaries with a dictionary selection
strategy [14] also help to improve the conversion performance
of sparse representation. Our recent work in phonetic sparse
representation [15] voice conversion is another example that
employs a phonetic dictionary with phonetically labeled exem-
plars, or phonetic sub-dictionaries. It has been shown that mul-
tiple sub-dictionaries outperform single dictionary in exemplar-
based sparse representation voice conversion [14], [15].

The studies in [14] and[15] haven’t formulated the problem of
multiple sub-dictionaries under a theoretical framework. They
assume that source and target speakers can share the same ac-
tivation matrix, without looking into how to estimate such a
shareable activation matrix. Moreover, they focus on spectrum
conversion without studying the prosody transfer between the
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speakers. To gain insights into the previous work, we intro-
duce group sparse representation in this paper to describe both
exemplar-based sparse representation, that is referred to as tradi-
tional sparse representation, and phonetic sparse representation
under an unified mathematical framework. We further study the
use of Tandem Feature for phonetic dictionary to obtain speaker
invariant activation matrix for spectrum and prosody conversion.

C. Phonetic and Phonological Prosody

The prosody of speech manifests itself prominently at two
different levels [34], [35]: 1) the phonetically-caused aspects
of prosody, referred to phonetic prosody, that arise from purely
physical phonetic factors. Phonetic prosody are associated with
phones and not reflected in the mental lexicon; and 2) the
phonologically-maintained aspects of prosody, that is related to
the mental lexicon, phrase, and sentence, referred to as phono-
logical prosody. It is observed that prosody pattern is influenced
by short term as well as long term dependencies [36] as it is
hierarchical in nature [37], [38].

Prosody conveys linguistic, para-linguistic and various types
of non-linguistic information, such as speaker identity, intention,
attitude and mood [39], [40]. It is inherently supra-segmental
[41], [42] due to the fact that the variations of prosody cannot
be derived solely from the segmental sequence [37]. Speech
prosody is affected by long-term dependencies at different levels
such as word, phrase and utterance. At the same time, it is also
affected by segmental differences [37]. For example, voiceless
segments lack explicit F0 values and high vowels generally have
higher F0 than low vowels. Unfortunately, there have been a few
studies on how voice conversion can benefit from the findings
in prosodic analysis.

The continuous wavelet transform (CWT) was used for the
analysis and modeling of F0 within an hidden Markov model
(HMM) framework [43],[44]. The CWT decomposition of F0
and energy contours was also used in voice conversion frame-
work such as DKPLS [36], exemplar-based prosody conversion
[31], [32], [45], and emotional voice conversion [46].

Motivated by the previous work, we would like to further
the study of CWT decomposition for prosody modeling under
the sparse representation voice conversion framework. We also
believe that the phonetic sparse representation is a logical choice
of platform for phonetic-phonological prosody conversion.

III. PROSODY MODELING WITH CWT

Prosody is hierarchical in nature [32], [37], [38] and it can be
affected by both short term as well as long term dependencies
[36]. Fundamental frequency (F0) is a crucial prosodic feature
in speech, hence previous studies of prosody conversion mainly
are focused on transformation of F0. We will study a technique
to convert both F0 and energy contours next.

One of the challenges is that prosody is highly dynamic.
The limited amount of training utterances are generally not
enough to characterize the prosody patterns of a speaker. The
traditional technique for F0 conversion usually transforms the
mean and variance of source speaker’s F0 to those of the target
[11]. One of the disadvantages of this technique is that it is based

on a frame-level operation. We note that human manipulates
F0 in a segmental manner, including phone, syllable, word,
phrase or sentence level. GMM-based mapping [47], piecewise
linear mapping [48] represent some promising extensions of this
traditional approach [11].

Recently, it has been shown that CWT can effectively model
F0 in different temporal scales that improves the speech syn-
thesis performance [42]–[44]. Inspired by this, CWT is studied
in F0 modeling within sparse representation [31], DKPLS for
voice conversion [36], emotion conversion with arbitrary F0
scales [49] and adaptive scales for emotional voice conversion
[50]. It was also studied that CWT decompositions of F0 and
energy contours provide a way to manipulate the prosody of
utterances [46].

The continuous wavelet transform of an input signal f0 can
be written as

W (τ, t) = τ−1/2
∫ ∞

−∞
f0(x)ψ

(
x − t

τ

)
dx, (4)

whereψ is the Mexican hat mother wavelet. If we fix the analysis
at 10 discrete scales, f0 can be represented as follows [31]

Wi(f0)(t) = Wi(f0)(2i+1τ0 , t)(i + 2.5)−5/2 , (5)

where i = 1, . . . , 10 and τ0 = 5 ms. These timing scales were
originally proposed in [44] and in hierarchical prosody model
[43], that were further used in voice conversion [31], [32],
[45], [46]. The use of these particular scales is motivated by
the attempt to relate the scales to different levels of linguistic
structure. In this representation, lower scales capture short-term
variations and higher scales capture the long-term variations as-
sociated with the utterance. The reconstruction formula is given
as follows:

f0(t) =
10∑

i=1

Wi(f0)(t)(i + 2.5)−5/2 . (6)

In this study, we adopt CWT to decompose both F0 and energy
contour into 10 temporal scales, that can be used to model dif-
ferent prosodic levels ranging from micro-prosody to sentence
levels. As CWT is sensitive to discontinuties in the prosody fea-
tures, the following pre-processing steps are needed: 1) transfor-
mation of F0 and energy values from linear to logarithmic scale,
2) smoothing F0 and energy contour by using 3-point mean filter
3) linear interpolation over unvoiced regions, 4) normalizing the
resulting F0 and energy contour to zero mean and unit variance.

Prosody typically reflects a combination of features from both
the speaker and the linguistic content of the utterance. The ex-
amples of speaker features include the dialectal background, the
lexical choice in the expression, the speaking rate, the emotional
state of the speaker etc; while the examples of linguistic content,
referred to as utterance features, include the form of the utter-
ance (statement, question, or command); the presence of irony
or sarcasm; emphasis, contrast, and focus etc. In general, we
consider speaker features are speaker dependent, and utterance
features are speaker independent because they are manifested in
the same way by all speakers. It is generally believed that the el-
ements of prosody can be identified as either speaker dependent
and independent. In voice conversion [51], [52], we would like
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Fig. 1. The group sparse representation of a source spectrogram X for the
word bed that has 3 phonetic groups highlighted in 3 colors. X is factorized
with group sparsity into the product of the source phonetic dictionary A and
the activation matrix H. The colored rows of H represent nonzero sections of
the activation matrix.

to carry over the speaker independent prosody from the source
to the target, but to replace the speaker dependent prosody of
source speaker with that of target speaker.

We believe that a better way to convert phonetic-phonological
prosody (F0, energy) is to associate the phonetic prosody with
the phonetic dictionary. The 10-scale decomposition of F0 and
energy contour provides a way to model the short term as well
as long term dependencies of prosody. With wavelets of differ-
ent time spans, some scales are more language dependent, and
others are more speaker dependent. For example, studies have
shown that scales 4-8 in a 10-scale decomposition represent the
phonetic prosody that are more speaker dependent than other
scales [32], [53], [54].

IV. GROUP SPARSE REPRESENTATION FOR VOICE CONVERSION

A. Group Structure and Group Sparsity

Many real world data are inherently organized in groups with
group prior information. For example, phoneme in a speech
signal, speaker identity in a telephone recording, and topic in
document archive form natural groupings. NMF is an effective
data mining tool that has been widely used in many pattern
recognition tasks. The idea of group sparsity is to incorporate
group prior information into a mixed norm regularization pro-
cess for non-negative matrix factorization, that constrains the
activation matrix to the relevant data group in the optimization
process. NMF with group sparsity has been used to improve
speaker identity discrimination [55] and speaker identification
[56] where speaker identity is used to induce group sparsity. In
this paper, we would like to show that, given the phonetic class
as the group prior information, sparse representation actually
leads to phonetically aware sparse representation [15].

Let’s now describe the phonetic group structure that we con-
sider in Fig. 1. Suppose that we would like to convert a word
bed with 3 phonemes from the source to the target speaker.
The spectrum features are characterized by 3 prevalent pho-
netic groups /b/, /e/ and /d/. The motivation of our work is
that the spectrum features belonging to a specific phoneme may
share the same sparsity pattern, thus the activation matrix should
be constrained to be sparse similarly within the the relevant

Fig. 2. The activation matrix, H, estimation and run-time conversion of the
sparse representation framework under the group sparsity constraint. Exemplars
in source and target dictionaries are with the phonetic labels.

phonetic group. We propose an extension of NMF that incor-
porates phonetic identity as the prior information to show the
theoretical intuition of phonetic sparse representation.

B. Formulation of Group Sparsity for Voice Conversion

The traditional sparse representation framework for voice
conversion constrains the activation matrix to be sparse with-
out taking into account the group membership information. By
defining phoneme class as the group membership, we formulate
the problem of sparse representation. Next we show how the
proposed group sparse representation works in voice conver-
sion.

During training, we first use a vocoder, for example, WORLD
[57], to analyze the spectrum and prosody features. Then, we
decompose F0 and energy into 10 temporal scales by using
Continuous Wavelet Transform. At the same time, we use an
Automatic Speech Recognizer (ASR) to find the phoneme la-
bels and boundaries for each pair of source-target parallel ut-
terances. We construct a coupled dictionary [A;B], of which
the spectrum and prosody exemplars are phonetically aligned,
referred to as phonetic dictionary. The phonetic dictionaries A
and B are divided into sections that are also called Ai and Bi

sub-dictionaries, where i = 1, . . . , N with N being the number
of phone entries in the phonetic dictionary.

The run-time conversion of group sparse representation is
given in Fig. 2. We note that ASR is only used during training
when we construct the phonetic dictionary. The group sparsity
criterion for sparse representation [58] can be written as follows:

Ĥ = argmin
H≥0

d

(
X,

N∑

i=1

AiHi

)
+ λ

N∑

i=1

√
pi ||Hi || (7)

where Ai is the subdictionary for phone i and pi is the length
of Hi . This criterion exploits the non-differentiability of ||Hi ||
at Hi = 0; setting some groups of coefficients to exactly 0. In
this way, the group sparsity leads to a sparse set of groups. If
the group sparsity decides to activate a group in the model, all
coefficients in the group carry non-zero values.

To understand the difference between the group sparse repre-
sentation and the traditional sparse representation, let’s compare
Eq. (2) and Eq. (7). We note that Eq. (2) decomposes an source
spectrogram into A × Ĥ where Ĥ is sparse over the speech
exemplars in the dictionary A. Eq.(7) decomposes an source
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TABLE I
THE COMPARISON OF SPARSE REPRESENTATION APPROACHES IN TERMS OF THE USAGE OF ASR AND PHONETIC DICTIONARY. WE CONSIDER GROUP SPARSE

REPRESENTATION IS A CONSTRAINED VERSION OF TRADITIONAL SPARSE REPRESENTATION, AND PHONETIC SPARSE REPRESENTATION ASSIGNS THE PHONETIC
CLASS AS THE GROUP IN GROUP SPARSE REPRESENTATION

spectrogram into
∑

Ai × Ĥi where Ĥi is sparse over the pho-
netic group of speech exemplars. In the latter case, only a few
phonetic groups in the phonetic dictionary Ai are activated in
the factorization. During training, the group sparse representa-
tion uses an ASR to derive a phonetic dictionary where each
exemplar is phonetically labeled, while the traditional sparse
representation puts all exemplars into a single dictionary indis-
criminatively.

With the group sparsity regularization, only the phonetic sub-
dictionary that is relevant to the input features is likely to be
activated at run-time. As the activated sub-dictionary only con-
tains the phonetic exemplars that are similar to the input features,
we can expect the group sparse representation offers a better ac-
tivation matrix, thus better converted voice than the traditional
sparse representation [11].

We consider that the proposed formulation of group sparse
representation provides the theoretical intuition to the phonetic
sparse representation that was reported in [15]. To summarize,
we compare the family of sparse representation frameworks in
Table I. Group sparse representation and phonetic sparse pre-
sentation both use ASR to derive phonetic dictionary during
training. At run-time, phonetic sparse representation estimates
activation matrix using phonetic labels of source features from
ASR [15], while group sparse representation doesn’t use pho-
netic labels from ASR. In phonetic sparse representation, the
objection function for estimating the activation matrix Ĥk for
phone i = k is formulated [15] by selecting the corresponding
phonetic sub-dictionary Ak ,

Ĥk = argmin
Hk ≥0

d (Xk ,AkHk ) + λ||Hk || (8)

which is similar to Eq. (2) except that Ĥk is now phone de-
pendent [15] and the overall Ĥ can be written as [Ĥ1 , Ĥ2 , . . . ,
Ĥk , . . . , ĤM ], where M is the number of phones in a given
utterance. The phonetic labels come from either an ASR or the
transcript of the source speech at run-time. The estimation of
activation matrix for group sparse representation, or Eq. (7), is
different from Eq. (8) in that it doesn’t explicitly require the
phonetic labels of source speech. It optimizes Eq. (7) numer-
ically to find Ĥk . In the ideal case, we end up with Ĥk that
corresponds to the phone i section of in the source speech fea-
tures through Eq. (7). In this way, we can expect that Eq. (7)
and Eq. (8) lead to almost the same matrix decomposition. As
the traditional sparse representation does not take into account
the phonetic information, it doesn’t involve ASR either during
training or testing.

V. JOINT SPECTRUM AND PROSODY CONVERSION WITH
TANDEM FEATURES

In this section, we propose an integrated voice conversion
framework that jointly transforms both spectrum and prosody
under the formulation of group sparse representation. As shown
in Table I, phonetic sparse representation is the most constrained
version of sparse representation among the three variants, and
offers the best performance. Next we study the use of speaker in-
variant features under the phonetic sparse representation frame-
work. Without loss of generality, the same feature scheme will
be applicable to the implementation of group sparse representa-
tion and traditional sparse representation frameworks as well.

A. Tandem Feature

The sparse representation marks a success in voice conversion
when only a very limited amount of training data is available
[11], [15]. In the sparse representation framework, the activation
matrix is shared between the source and target speakers. Ideally,
the activation matrix should capture the speaker invariant pho-
netic information [59]. We now argue that such sharing might
not be grounded well either in theory or in practice.

Suppose that we have a coupled dictionary and a pair of par-
allel utterances. For ease of discussion, we use the traditional
sparse representation framework here as an example to discuss
the sharing of activation matrix. The same argument is valid for
both group sparse representation and phonetic sparse represen-
tation.

Using Eq. (2), we can derive an activation matrix for the
source utterance, that we call source activation matrix Ĥ; If
we replace X with Y, and A with B in Eq.(1), we can derive
an activation matrix for the target utterance, that we call target
activation matrix Ĥt , as follows:

Ĥt = argmin
H t ≥0

d
(
Y,BHt

)
+ λ||Ht || (9)

In [9], [11] and [15], it is assumed that the source activation ma-
trix Ĥ and target activation matrix Ĥt are similar enough, there-
fore the source activation matrix is used for the target speaker.
Such sharing is based on the assumption that the source activa-
tion matrix Ĥ mostly captures the phonetic content. However,
the source activation matrix in reality carries speaker charac-
teristics from the input source utterance, that we don’t want to
carry over to the target utterance. The same problem exists in to
Eq. (7) and Eq. (8).

To alleviate this problem, we propose to use Tandem Feature
that consists of Phonetic PosteriorGrams (PPGs), spectrum
and prosody features to represent the exemplars, thus, the
dictionaries. Phonetic PosteriorGrams represents the posterior
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Fig. 3. Pearson Correlation Coefficient of spectrum &amp; prosody features
vs. Tandem Feature. As Tandem Feature shows consistently high PCCs, thus is
more speaker invariant than the spectrum and prosody features.

probability of each phonetic class for each speech frame
[16]–[18], [60]. We propose to convert all speaker’s voice into
PPGs, and construct dictionaries that consist of source spectrum
and prosody features as well as PPGs. As the dictionaries
now consist of PPGs, that are considered speaker-independent
phonetic features, we believe that the resulting activation matrix
depends less on the source speaker, thus represents a better
transformation function for voice conversion.

In Fig. 3, we compare the two types of features by examining
their inter-speaker Pearson’s Correlation Coefficients (PCCs):
a) spectrum and prosody features; b) Tandem Feature: PPGs,
spectral features, and prosodic features. We report the phone-
dependent PCCs across all the speaker pairs on Voice Conver-
sion Challenge (VCC) 2016 database. As a pair of speakers
share the same linguistic content, the feature of a higher PCC
suggests that it is more speaker invariant.

B. Joint Spectrum and Prosody Conversion

Recent studies show that phonetic sparse representation [14],
[15], [32] achieves better voice conversion quality by using
phonetic transcription of the speech both during training and
at run-time. We now extend the idea of Tandem Feature to the
phonetic sparse representation framework to perform joint spec-
trum and prosody conversion. We call the proposed framework
as PSR-TF. When the idea of Tandem Feature is extended to
group sparse representation, we call the framework as GSR-TF.
For simplicity, we only discuss PSR-TF in detail.

We believe that a better way to convert the spectrum and
prosody (F0, energy) features is to use phonetic dictionary [32].
Furthermore, phonetic dictionary with Tandem Feature allows
for a better estimation of activation matrix that is less dependent
on source speaker. We consider that the phonetic sparse repre-
sentation framework will benefit from better activation matrix
with Tandem Feature.

Fig. 4 shows the training and run-time phases of the proposed
joint spectrum and prosody conversion framework. During train-
ing, we use WORLD to extract spectrum and fundamental fre-
quency. To obtain the energy contour of the speech signal, we
first find the energy of each speech frame. With the energy of
every speech frame, we obtain the energy contour of the speech
signal. We then use CWT to obtain 10-scale decomposition of

F0 and energy contour. In addition, we use a DNN-HMM based
Automatic Speech Recognizer (ASR) to find the phone labels,
boundaries and PPGs for each utterance. Instead of using a
single coupled dictionary, we now have multiple coupled dic-
tionaries [Ai ;Bi ], one for each phone i, where i = 1, . . . , N ,
Ai is the source phonetic dictionary, and Bi the target phonetic
dictionary. The source phonetic dictionary here consists of both
PPGs, source spectrum features as well as CWT-based prosody
features, called sourceTF − dictionary while the target pho-
netic dictionary Bi only includes spectrum features and prosody
features, called targetdictionary.

At run-time conversion, we use CWT to obtain the 10-scale
representations of F0 and energy contour, and the spectrum fea-
tures and its corresponding PPGs denoted as Pi , for each phone
of the source speaker with the same ASR system that was used
in the training phase. For phone i = k, a source speech is repre-
sented by a matrix, denoted as Xk , that consists of spectrogram,
and 10-scale representations of F0 and energy contour, can be
written as

Xk ≈ AkĤk (10)

The objective function for estimating the activation matrix Hk

can be formulated as follows.

Ĥk = argmin
Hk ≥0

d ([Xk ;Pk ],AkHk ) + λ||Hk || (11)

Finally, the activation matrix is applied to the target phonetic
dictionary to perform conversion. The converted spectrum and
prosody features for phone k can be generated as

Ŷk = BkĤk . (12)

We note that the 10-scale decomposition of F0 and energy con-
tour represents the short term as well as long term dependencies
of prosody. With wavelets of different time spans, some scales
are more language dependent, and others are more speaker de-
pendent. We transform scales 3-8 and carry over scales 1, 2, 9
and 10 from source to target speakers because we consider they
are more speaker independent [32].

In phonetic sparse representation, we use the phonetic labels
of the run-time input speech from either an ASR or the given
scripts. Next we discuss three ways to take advantage of such
phonetic labels, the phone-dependent residual compensation,
context information, and back-off scheme.

C. Phone-dependent Residual Compensation

It is well-known that residual compensation (RC) reduces
spectral distortion arising from reconstruction of speech features
[11]. If we have the phonetic label of the speech at run-time,
either from ASR or given the scripts, we can introduce phone
dependent residual estimation and compensation to phonetic
sparse representation for the first time, which is different from
[11] and [14] where residual compensation is only introduced to
spectrum conversion. Here we use dynamic partial least square
(DPLS) regression [8] for spectrum and prosody features, that
we call PSR-TF-RC. During training, we model the residual
mapping from source to target speaker for both spectrum and
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Fig. 4. The training and run-time conversion phases of the proposed joint spectrum and prosody conversion framework with Tandem Feature.

prosody features. At run-time, we use the estimated residual
mapping function to compensate the conversion error.

For phone i = k, the modeling error between the observed
source features Xk and the reconstructed source features X̂k

is called source residual, and the modeling error between the
observed target features Yk and the converted target features
Ŷk is called target residual. The process of finding source and
target residuals can be formulated as:

RS,k = log(Xk ) − log(X̂k ) (13)

RT ,k = log(Yk ) − log(Ŷk ) (14)

where RS,k and RT ,k are source and target residuals, respec-
tively. As given below, we can train a DPLS to estimate a resid-
ual mapping function denoted as Fk , from each phone of source
speaker to target speaker by using the paired source-target resid-
uals.

RT ,k = Fk (RS,k ) (15)

D. Contextual Information

So far, each frame is converted independently, in other words,
contextual information is not taken into account. This may lead
to sharp changes across frames. By considering contextual in-
formation, one can expect a better conversion performance [11],
[15], [32]. To achieve a more reliable activation matrix estima-
tion, we implement exemplars that span multiple consecutive
frames in TF phonetic dictionary.

In unit selection approach to speech synthesis [13], [61], we
favor speech units that share similar phonetic context as the
intended context by using bi-phones or tri-phone context. In a
similar way, if we know the phonetic labels of the input speech at
run-time, we can use biphones together with monophones in TF
phonetic dictionary to achieve a smoother phone transition. As
far as prosody conversion is concerned, the studies on prosody
and phonology [34], [35] reveal that the phonetic prosody is
highly influenced by the transition between phonemes. We con-
sider that bi-phone phonetic dictionary with Tandem Feature

Fig. 5. The run-time workflow of the back-off scheme, that is Sparse Rep-
resentation with Tandem Feature (SR-TF) for the joint spectrum and prosody
conversion.

captures the prosodic patterns arising from specific phonetic
transitions.

E. Back-off Scheme

As we have limited training data, it is not guaranteed that there
are always enough exemplars for every phone in the phonetic
dictionary that is needed at run-time. In such cases, we propose
a back-off scheme that uses exemplars from all phones.

During training phase, we construct a back-off dictionary
that includes all exemplars from source and target speakers. We
incorporate PPGs, spectrum features and CWT-based prosodic
features to form Tandem Feature in the source dictionary, while
we only include spectrum and prosody features in the target
dictionary. In practice, such a back-off dictionary is the union
of all phonetic sub-dictionaries. The run-time conversion phase
of the proposed backoff scheme is given in Fig. 5.

The proposed back-off scheme is an extension to the tradi-
tional sparse representation (SR) framework [31] by incorpo-
rating PPG features. Therefore, we call it SR-TF for spectrum
and prosody conversion. We note that SR can perform prosody
conversion under very limited training data. As the proposed
back-off scheme incorporates PPGs as frame-level phonetic
information, we expect that it outperforms the traditional SR
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framework. Last but not least, with the proposed back-off dic-
tionary, SR-TF can also be used alone as a system for voice
conversion.

VI. WAVENET AS VOCODER

Many well-known voice conversion frameworks [1]–[4],
[62]–[65] including sparse representation [9], [14], [15], typi-
cally use a statistical parametric vocoder. Traditional parametric
vocoder is generally designed to simulate the complex mechan-
ics of the human speech generation process under certain sim-
ple assumptions, for example, the interaction between F0 and
formant structure is ignored, the phase information is discarded
[66], the assumption of stationary process in the short-time win-
dow, a time-invariant linear filter. Therefore, the speech that is
generated from the traditional vocoders, lacks naturalness in
general. This problem is even more serious in voice conversion
as the feature conversion changes both F0 and the formant struc-
ture of speech among others. We believe that a good vocoder can
help reconstruct the speech by harmonizing various changes.

A. WaveNet

WaveNet [19] is a deep neural network that can generate
high quality raw audio waveforms. The joint probability of a
waveform x = x1 , x2 , . . . , xN can be factorized as a product of
conditional probabilities.

p(x) =
N∏

n=1

p(xn |x1 , x2 , . . . , xn−1) (16)

WaveNet approximates the conditional probability by canceling
the effect of past samples. The structure of WaveNet consists
of many residual blocks. Each of these residual blocks consist
of 2 × 1 dilated causal convolutions, a gated activation function
and 1 × 1 convolutions. Using additional auxiliary features h,
WaveNet can also model conditional distribution p(x|h). Eq.
(16) can then be written as follows:

p(x|h) =
T∏

t=1

p(xt |x1 , x2 , . . . , xt−1 , h) (17)

We note that we can control the characteristics of generated sam-
ples by conditioning the network with auxiliary features. In the
original WaveNet [19], linguistic features and/or speaker codes
are conditioned to generate speech samples according to the
given text input while keeping specific speaker characteristics.

B. WaveNet Vocoder

We note that WaveNet vocoder [21] achieves remarkable
sound quality improvement over the traditional vocoders. Not
only can it learn the relationship between input features and
output waveforms, but also it learns the interaction among the
input features. Moreover, it has been sucessfully used for speech
synthesis [67] and in GMM-based voice conversion [22] to im-
prove the naturalness of the synthetic voice. Recently, a speaker
independent WaveNet vocoder [21] is studied by utilizing the
acoustic features such as F0, aperiodicity, and spectrum as the

Fig. 6. The training phase of speaker independent WaveNet vocoder [21].

additional inputs of WaveNet. In doing so, WaveNet learns
a sample-by-sample correspondence between the time-domain
waveform and the corresponding acoustic features. To leverage
from human speech of a larger speaker population, we apply the
recently proposed speaker independent WaveNet vocoder [21]
to generate the speech waveforms. We also propose to adapt
the speaker independent WaveNet vocoder towards the target
speaker to make full use of the training samples from the target
speaker.

C. Adaptation of WaveNet Vocoder

In this paper, we study the case where we only have a limited
number of speech samples from the target speaker, which is a
challenging task in voice conversion. While WaveNet vocoder
is a deep neural network that typically requires a large amount
of training data, we believe that it can benefit from the limited
speech sample through adaptation process. We first train the
speaker independent WaveNet vocoder with CMU Arctic and
VCC 2016 datasets, in a similar way that is described in [21]
and given in Fig. 6. During training, we exclude the speech data
from any of the source or target speakers to make sure we have
a speaker-independent WaveNet Vocoder to start with. Then,
we propose to adapt the WaveNet vocoder for a target speaker
by using the same target utterances that are used in the train-
ing of sparse representation. The adaptation brings the speaker
independent WaveNet vocoder close to the target speaker.

At run-time conversion, we use the proposed adapted
WaveNet vocoder to generate the target speech waveforms. It is
not straightforward to report the performance of the WaveNet
vocoder using objective metrics such as Mel-cepstral distortion
[68]. We report the listening test of the WaveNet vocoder under
various conditions in Section VII.
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TABLE II
A COMPARISON OF SPECTRAL DISTORTION (MCD) [68] BETWEEN THE BASELINE EXEMPLAR-BASED SPARSE REPRESENTATION [9] AND A VARIANT OF GROUP

SPARSE REPRESENTATION. WE COMPARE THE USE OF MONOPHONE (M) AND THE COMBINATION OF MONOPHONE AND BIPHONE (M+B) IN THE PHONETIC
DICTIONARY THAT ARE DERIVED FROM 25 AND 35 PARALLEL UTTERANCES FOR EACH SPEAKER PAIR

VII. EXPERIMENTS

We report the voice conversion experiments on VCC 2016
database [69]. The VCC 2016 dataset is recorded from 5 female
and 5 male US English speakers. The spectrum compression
factor is set to 0.4 in all experiments [11]. In addition, we use
a DNN-HMM based ASR [70] to obtain phone labels, phone
boundaries and PPGs. The ASR is reported with 18.0% WER
on WSJ Eval92 database. While we conduct joint spectrum
and prosody (F0 and energy) conversion, we report objective
evaluation on spectrum and prosody conversion separately. We
conduct experiments with 25 and 35 pairs of parallel training
utterances.

Mel-cepstral distortion (MCD) [68] between the converted
and reference Mel-cepstra was employed as an objective evalu-
ation measure for spectrum conversion.

We use Pearson Correlation Coefficient (PCC) and Root
Mean Squared Error (RMSE) as the evaluation metrics for
prosody conversion. The PCC measures the linear dependence
of two signals, that can be defined as:

p(S, T ) =
cov(S, T )
σSσT

(18)

where σS and σT are the standard deviations of signals S and
T , respectively. We report the PCCs for F0 and energy contour
between the converted and the reference target speech.

A. Evaluation of WaveNet Vocoder

We use MCD to assess the spectrum conversion, and PCC
to assess the prosody conversion. Both are calculated before
the vocoding. As a result, it is not straightforward to compare
the vocoding effect between WaveNet vocoder and traditional
vocoders using objective measures. Therefore, we only evalu-
ate the performance of WaveNet through listening test in the
subjective evaluation.

B. Reference Methods and Setups

To validate our proposals, we implement the state-of-the-art
methods for joint spectrum and prosody conversion. In addition,
we also implement a family of sparse representation schemes.
The setups are summarized as follows:! Reference baseline: linear F0 conversion.

! SR: Exemplar-based sparse representation [31].! PSR: Phonetic sparse representation [15], [32].! GSR: Group sparse representation, as described in Section
IV (proposed).! PSR-TF: Phonetic sparse representation with Tandem Fea-
ture, as described in Section V (proposed).! PSR-TF with Speaker Independent WaveNet Vocoder (pro-
posed).! PSR-TF with Speaker Adapted WaveNet Vocoder (pro-
posed).! PSR-TF with Residual Compensation, denoted as PSR-
TF-RC. (proposed).

We conduct both objective and subjective evaluations to as-
sess their performance in a comparative study.

The GMM-based approaches [3], [6], such as ML-GMM,
represent a group of successful voice conversion frameworks.
The dynamic kernel partial least squares (DKPLS) regression
method has been shown to be effective for implementing a non-
linear conversion function [8]. The studies [11] have shown
that the sparse representation approach in general outperforms
ML-GMM [3] and DKPLS [8]. The recent work on phonetic
sparse representation [14], [15] shows that it further improves
the sparse representation framework by incorporating phonetic
information. As the phonetic sparse representation (PSR) pro-
vides a competitive performance among the state-of-the-art
techniques for the limited training data problem, we use PSR as
the baseline in the experiments.

C. Objective Evaluation

1) Spectrum Conversion Performance: Table II reports the
MCD values for a number of settings in a comparative study.
Firstly, we observed that all PSR-TF settings consistently out-
perform those of other sparse representation frameworks both
with 25 and 35 training utterances. Secondly, when scripts are
available for training and/or test utterances, we perform forced
alignment to obtain better phone segmentation, therefore, we get
lower MCD values. Thirdly, we observed that multiple-frame
exemplars is apparently helpful to avoid sharp changes across
frames. Furthermore, we observed that using monophones to-
gether with biphones enhances the conversion performance.
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TABLE III
THE EFFECT OF RESIDUAL COMPENSATION FOR SPECTRUM CONVERSION. 35

PARALLEL UTTERANCES ARE USED DURING TRAINING. MONOPHONES
TOGETHER WITH BIPHONES ARE USED IN PHONETIC DICTIONARY

TABLE IV
THE EFFECT OF RESIDUAL COMPENSATION IN PROSODY CONVERSION. 35

PARALLEL UTTERANCES ARE USED DURING TRAINING. MONOPHONES
TOGETHER WITH BIPHONES ARE USED IN PHONETIC DICTIONARY

Lastly, by comparing PSR with PSR-TF, we show the effect
of Tandem Feature in achieving a better conversion.
2) Prosody Conversion Performance: Table V reports the

PCC and RMSE values of F0 and energy contour conversion
for a number of settings in a comparative study. To start with,
we observe that the proposed prosody conversion, based on
phonetic sparse representation with Tandem Feature (PSR-TF),
outperforms the PSR [32] that doesn’t use Tandem Feature. The
proposed PSR-TF uses the frame-level phonetic information.
As a result, the activation matrix of PSR-TF depends less on
the source speaker than that of PSR approach, hence yields
a better prosody conversion. We also note that group sparse
representation (GSR) outperforms the linear conversion [71]
and the exemplar-based sparse representation (SR) [31] that
doesn’t use phonetic dictionary.
3) The Effect of Tandem Feature: Table II and V confirm the

effectiveness of the novel idea to incorporate PPGs as phonetic
features. The phonetic features allow for an improved activation
matrix in Eq. (2), Eq. (7), and Eq. (11), that depends less on
the source speaker. If we consider PSR [15], [32] performs well
because of the use of phonetic information through a phonetic
dictionary, the proposed PSR-TF benefits from both segmental
level (phonetic dictionary) and frame level (PPGs) phonetic
information. We observe that the use of phonetic information in
both segmental level and frame level is rewarding for spectrum
as well as prosody conversion.
4) The Effect of Residual Compensation: We report a phone

dependent residual estimation and compensation by using dy-
namic partial least square (DPLS) regression for spectrum and
prosody features under the PSR framework. Table III reports
the results in a comperative study for spectrum conversion. We
observed that all PSR-TF-RC settings outperform the PSR-TF
settings by yielding lower MCD values. Moreover, we have
conducted some experiments to see the effect of residual com-
pensation in prosody conversion, as reported in Table IV. As

Fig. 7. The preference percentage tests with 95 % confidence interval between
PSR and PSR-TF for joint spectrum and prosody conversion. The p-values [72]
are (a) 7.0382e−21 and (b) 2.0564e−21 respectively.

expected, with residual compensation, we achieve higher corre-
lation, hence a better prosody conversion.

D. Subjective Evaluation

We further conduct listening experiments to assess the per-
formance of Tandem Feature for joint spectrum and prosody
conversion, and the effect of WaveNet vocoder in terms of voice
quality and speaker similarity. In all listening experiments, we
use the scripts of the training utterances to perform forced align-
ment. It should be noted that at run-time conversion, we do not
perform forced alignment. 15 subjects participated in all the
listening tests, each of them listens to 30 converted utterances.
The p-values are calculated in a similar way that is reported in
[72].
1) Tandem Feature: We first conduct listening experiments,

as reported in Fig. 7.a and 7.b, to examine the effect of Tandem
Feature in terms of voice quality and speaker similarity for both
spectrum and prosody conversion. We note that the original PSR
framework [15] does not use the WaveNet vocoder to generate
speech waveform. To assess the effect of Tandem Feature, with-
out changing the vocoding process, we use WORLD in both
PSR and PSR-TF in these experiments. Each listener is asked to
decide the better sample in terms of voice quality and speaker
similarity. We observe that PSR-TF outperforms the baseline
PSR consistently in both voice quality and speaker similarity,
that validates the proposal of the use of Tandem Feature in sparse
representation voice conversion.
2) Phone-dependent Residual Compensation: We also con-

duct listening experiments, as reported in Fig. 8.a and 8.b, to
examine the effect of phone-dependent residual compensation.
We observe that PSR-TF with residual compensation outper-
forms PSR-TF consistently in both voice quality and speaker
similarity.
3) Speaker Independent and AdaptedWaveNet Vocoder: We

futher conduct a listening experiment, that is reported in Fig. 9,
to study the listener preference of WaveNet vocoders. We train
the speaker independent WaveNet vocoder with CMU Arctic
and VCC 2016 datasets, in a similar way that is described in
[21]. It is important to note that the speech data from any of the
source or target speakers in the experiment are excluded during
training. To perform WaveNet adaptation, we use the same 35
target utterances that are used in the training of sparse represen-
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TABLE V
A COMPARISON OF PCC VALUES OF CONVERTED F0 AND ENERGY, DENOTED AS E, ACROSS SEVERAL SPARSE REPRESENTATION IMPLEMENTATIONS. WE ALSO

REPORT LINEAR F0 CONVERSION RESULT AS THE F0 CONVERSION BASELINE. PSR-TF AND GSR-TF ARE PROPOSED IN THIS PAPER, WHILE LINEAR CONVERSION,
PSR [15] AND SR [11] WERE STUDIED PREVIOUSLY

Fig. 8. The preference percentage tests with 95 % confidence interval between
PSR-TF and PSR-TF-RC for joint spectrum and prosody conversion. The p-
values [72] are (a) 4.2350e−23 and (b) 2.0564e−21 respectively.

Fig. 9. The preference test between the speaker independent WaveNet vocoder
[21] and the adapted WaveNet vocoder in terms of voice quality. The p-value
[72] is 2.3393e−20 .

tation. At run-time conversion, we use the speaker independent
WaveNet [21] and the adapted WaveNet vocoder to generate the
target speech waveforms. We observe that Adapted WaveNet
outperforms the speaker independent WaveNet in terms of voice
quality, that validates our proposed idea. Motivated by the en-
couraging results of Tandem Feature and the adapted WaveNet
for joint spectrum and prosody conversion, we now move on to
the last listening experiment, that is reported in Fig. 10, to as-
sess the performance of the proposed PSR-TF-RC with adapted
WaveNet vocoder. We perform adaptation by using the same 35
utterances from the target speaker, that have been used for TF-
dictionary construction. We evaluate the sound quality of the
converted voices by using the mean opinion score (MOS). The

Fig. 10. A comparison of MOS for joint spectrum and prosody conversion
over the sparse representation schemes discussed in this paper, that include
SR [11], PSR[15], GSR, PSR-TF, PSR-TF-RC and PSR-TF-RC with adapted
WaveNet vocoder (PSR-TF-RC-WaveNet).

listeners rate the quality of the converted voice using a 5-point
scale: “5” for excellent, “4” for good, “3” for fair, “2” for poor,
and “1” for bad. Fig. 10 shows that the voice conversion frame-
work PSR-TF-RC with adapted WaveNet vocoder outperforms
others that include SR, GSR, PSR, PSR-TF and PSR-TF-RC.

VIII. CONCLUSION

We have proposed a novel voice conversion framework that
includes spectrum, F0 and energy contour transformation. We
provide a theoretical formulation for phonetic sparse represen-
tation by proposing group sparse representation approach for
voice conversion. Moreover, we study the speaker dependent
and independent characteristics (phonetic activation matrix and
differentiated multi-scale prosody transfer) to motivate the de-
sign of sparse representation framework. We show two effec-
tive ways to improve the conversion performance under limited
training data. Firstly, we propose the Tandem Feature sparse
representation strategy for spectrum and prosody features. We
implement the TF-dictionary in phonetic sparse representation
frameworks as a solution to improve the conversion perfor-
mance under limited training data. Secondly, we propose the
use of speaker adapted WaveNet vocoder together with a con-
version framework to achieve higher voice quality. Experiment
results show that the proposed framework makes good use of
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the limited training data and outperforms the baselines in both
objective and subjective evaluations.
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Automatic conversion between pronunciations of different English
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Abstract

We describe the application of decision trees to the automatic conversion of pronunciations between American, British and South
African English accents. The resulting phoneme-to-phoneme (P2P) conversion technique derives the pronunciation of a word in a
new target accent by taking advantage of its existing available pronunciation in a different source accent. We find that it is substantially
more accurate to derive pronunciations in this way than directly from the orthography and available target accent pronunciations using
more conventional grapheme-to-phoneme (G2P) conversion. Furthermore, by including both the graphemes and the phonemes of the
source accent, grapheme-and-phoneme-to-phoneme (GP2P) conversion delivers additional increases in accuracy in relation to P2P.
These findings are particularly important for less-resourced varieties of English, for which extensive manually-prepared pronunciation
dictionaries are not available. By means of the P2P and GP2P approaches, the pronunciations of new words can be obtained with better
accuracy than is possible using G2P methods.
! 2010 Elsevier B.V. All rights reserved.

Keywords: English accents; Pronunciation modelling; G2P; P2P; GP2P; Decision trees; South African English

1. Introduction

The pronunciation dictionary is a key component of an
Automatic Speech Recognition (ASR) as well as a text to
speech (TTS) system. However, the development of this dic-
tionary involves a great deal of time and effort by linguistic
experts, a process that may be prohibitively expensive for
under-resourced languages and accents. Nevertheless pho-
netic transcriptions in the appropriate accent can improve
both ASR accuracy (Humphries et al., 2001) and TTS qual-
ity (Damper et al., 1999).

We consider the scenario where the pronunciations of
words not in the dictionary are sought, and where these
pronunciations are already available in a different accent

of the language in question. It will be shown that, in this
situation, data-driven techniques similar to those used in
grapheme-to-phoneme (G2P) conversion can be used to
obtain the desired pronunciation from the existing pronun-
ciation, instead of from the graphemes. This amounts to a
conversion between the two accents.

In our experimental evaluation, we focus on General
American (GenAm), Received Pronunciation (RP) and
Standard South African English (SSAE). The first two are
commonly-used and widely-studied reference accents for
American and British English, respectively (Wells, 1982).
In South Africa, a number of different English accents are
prevalent. The accent generally used by first-language
speakers is commonly referred to as Standard South
African English and has been described as fairly similar to
RP (Bowerman, 2004; Bekker, 2009). An important distin-
guishing factor of SSAE is the characteristic split of Wells’
KIT vowel. This vowel appears in words like kit, thin and
sit, and in SSAE has two clear allophonic variations: one
close and one more central (Wells, 1982). While these words

0167-6393/$ - see front matter ! 2010 Elsevier B.V. All rights reserved.
doi:10.1016/j.specom.2010.07.006
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contain a single vowel sound in most English accents, they
are pronounced using two different vowel sounds in SSAE.

From our perspective the objective of accent conversion
is to determine whether British or American pronuncia-
tions can be used to complement our still fairly small SSAE
pronunciation dictionary, and how this can be done best.
However, we believe that the techniques we consider are
generally applicable to any accent pair.

The following section will describe the data upon which
our experimental evaluation is based. Sections 3–5 then
describe three alternative techniques that can be used to
obtain pronunciations of new words. Finally, Section 7 dis-
cusses the results and Section 8 concludes.

2. Dictionaries

Four dictionaries were used to represent the three
accents which we consider, and are described shortly in
the following.

CMUDICT and PRONLEX were used to represent
GenAm pronunciations. CMUDICT was developed at
Carnegie Mellon University (CMU, 2009). This dictionary
contains words drawn from a variety of sources, including
an initial subset of over 20,000 words developed by hand
and extensively verified at CMU. Other sources of pronun-
ciations for CMUDICT include the Shoup and the Dragon
dictionaries. PRONLEX is the COMLEX English Pro-
nouncing Lexicon, and was hand-transcribed at the Lin-
guistic Data Consortium (LDC, 2009).

The BEEP dictionary was used to represent RP and is
drawn primarily from the Medical Research Council
(MRC) Psycholinguistic Database and the Computer
Usable Oxford Advanced Learners Dictionary (BEEP,
2009). In addition, it contains pronunciations provided
by sources at Durham and Oxford Universities.

SSAE pronunciations were obtained from SAEDICT, a
pronunciation dictionary under development at Stel-
lenbosch University. All pronunciations in SAEDICT were
transcribed by the same linguistic specialist to ensure con-
sistency. Transcriptions were chosen to reflect commonly
accepted SSAE pronunciations.

Table 1 describes each dictionary in terms of the number
of words it contains, the total number of pronunciations
and the average number of pronunciations per word (P/
W). The number of pronunciations and P/W is also given
for a set of 23,031 words common to all four dictionaries,
as will be described in Section 2.2.

2.1. Phoneset

ARPABET (Rabiner and Juang, 1993) was chosen as
the common phoneset in which to analyse the four dictio-
naries. Both BEEP and CMUDICT already use ARP-
ABET, while PRONLEX uses an ARPABET short-hand
that can easily be converted to standard ARPABET. SAE-
DICT uses a phoneset, based on IPA, developed to
describe the languages of Southern Africa (Niesler et al.,
2005). This was converted to ARPABET by means of a
mapping based on the closest IPA symbol.

A small number of phonemes was found to be present in
only a single dictionary, and these were mapped to alterna-
tive phonemes as indicated in Table 2. This normalisation
ensures that the phonesets used by the four dictionaries
match exactly.

2.2. Wordlist

In order to compare pronunciations, the set of words
common to all four dictionaries was determined. Before
extracting this set, all words were automatically converted
to standard UK spelling using tools developed at the Uni-
versity of Sheffield (Wan et al., 2008). The set of common
words contained 23,031 entries.

There are a number of words in each dictionary with
multiple pronunciations, either homographs (words with
the same spelling but different pronunciations), or words
with alternate pronunciations. The number of pronuncia-
tions vary, but all four dictionaries contain an average of
between 1.11 and 1.22 pronunciations per word, as
reflected in Table 1. Of the 23,031 words common to all
four dictionaries, 9344 have multiple pronunciations in at
least one dictionary.

Table 1
Number of entries in the four pronunciation dictionaries.

Dictionary Entire dictionary Common set

Words Prons P/W Words Prons P/W

SAEDICT 30,390 36,954 1.22 23,031 28,087 1.22
BEEP 237,592 256,998 1.08 23,031 25,576 1.11
CMUDICT 123,292 133,694 1.08 23,031 26,771 1.16
PRONLEX 90,919 99,978 1.11 23,031 25,471 1.11

Table 2
Phoneme mappings used to achieve a common
phoneset.

Dictionary Mapping

BEEP /oh/) /aa/
/ia/) /ih ax/
/ea/) /eh ax/
/ua/) /uh ax/

PRONLEX /wh/) /w/
/en/) /ax n/
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2.3. Pronunciation alignments

The pronunciations of corresponding words in the three
accents were aligned using a dynamic programming algo-
rithm that will be described in Section 3.1. This was done
so that accents could be compared directly, as will be
described in the following section. However, the alignments
will also be used to obtain the one-to-one correspondences
between phonemes in different accents. These correspon-
dences are needed to train the decision trees that will be
responsible for inter-accent conversions (described in Sec-
tions 4 and 5).

As an example, the alignment between SSAE and RP
pronunciations of the word “reactions” is shown in Table
3. Nulls have been introduced where a phoneme has no
counterpart in the other string (i.e. insertions and dele-
tions). In this case the /ax/ in the SSAE pronunciation is
deleted in RP.

Words with multiple pronunciations pose a problem
both when comparing two dictionaries, and when subse-
quently using the aligned pronunciations to train decision
trees for accent conversion. Our solution has been to use
only the single pair of pronunciations per word (one from
each dictionary) that gives the best alignment. An alterna-
tive approach is to consider all the possible pairings of pro-
nunciations between the two dictionaries. However,
preliminary experiments indicated that this did not influ-
ence the relative accuracies obtained for the various
accents. Hence, the simpler approach of using the best-
aligned pair was chosen for all further experiments.

2.4. Direct pronunciation comparison

In order to obtain a baseline for inter-accent similarity
against which accent conversion can later be compared, a
direct phonetic comparison of the different accents was per-
formed. A summary of the results obtained for the 23,031
common words described in Section 2.2 is given in Table 4.
The phoneme accuracy was calculated according to Eq. (1),
where Nc, Ni and Nt are the numbers of correct, inserted
and total phonemes, respectively. This accuracy is given
for all phonemes, and separately for vowels and for conso-
nants. The last column indicates the percentage of words
that have identical pronunciations.

Acc ¼ N c " Ni

Nt
: ð1Þ

It is clear from Table 4 that SAEDICT and BEEP match
most closely, while the poorest correspondence is found
between CMUDICT and SAEDICT. On average, the
American pronunciations are closer to RP than to SSAE.

Furthermore, vowels differ more strongly than consonants
between accents. While at least 94.6% of consonants
matched between any pair of dictionaries, this figure varied
between 59.8% and 84.5% for vowels. A more detailed
analysis of the phonetic differences between the three
accents can be found in (Loots and Niesler, 2009).

3. Grapheme-to-phoneme conversion (G2P)

G2P conversion is the process of determining a word’s
pronunciation from its spelling. Several data-driven G2P
methods have been suggested in the literature, including
decision trees (Black et al., 1998; Suontausta and Häkki-
nen, 2000; Kienappel and Kneser, 2001; Webster and
Braunschweiler, 2008), HMMs (Taylor, 2005), pronuncia-
tion by analogy (Marchand and Damper, 2000) and mem-
ory-based learning (Daelemans et al., 1999). Decision trees
have been shown to yield competitive accuracy in G2P con-
version (Han and Chen, 2004) and to be a highly compet-
itive approach to the generation of accent-specific
pronunciation variants for ASR (Humphries et al., 2001).
We have chosen decision trees as the method with which
we will investigate the success of accent conversion.

Although this paper does not focus on G2P systems, the
methods used for accent conversion in Sections 4 and 5 are
based on analogous techniques. Hence, G2P conversion by
means of decision trees will be reviewed first, and used as a
further baseline against which the later systems can be
measured.

For G2P conversion, the graphemes and their context
form the input of the decision tree classifier, and the pho-
nemes the output class. Pronunciations are generated by
sequentially passing graphemes and their context through
the tree, assigning each to a phoneme class, and then con-
catenating these output phonemes. This process is illus-
trated in Fig. 1.

3.1. Aligning graphemes and phonemes

In order to sequentially generate an output phoneme for
each grapheme, the decision tree requires a one-to-one
correspondence between the graphemes and the phonemes.
An example of such an alignment is shown in Table 5.

Discrepancies in length and alignment between the
graphemes and phonemes are dealt with by inserting nulls
into the phoneme string (for letters not corresponding to a
phoneme), and by combining pairs of phonemes into

Table 3
Two aligned pronunciations of the word “reactions”.

SAEDICT r ih ae k sh ax n s

BEEP r ih ae k sh – n z

Table 4
Accuracies (%) of direct pronunciation alignments between dictionaries.

Dictionary pair Phoneme Vowel Cons Word

BEEP () SAEDICT 92.1 84.5 96.9 59.6
CMUDICT () SAEDICT 81.6 59.8 95.2 29.4
PRONLEX () SAEDICT 87.3 72.8 96.2 43.0
CMUDICT () BEEP 84.7 67.7 94.6 37.8
PRONLEX () BEEP 89.4 79.0 95.6 50.6
PRONLEX () CMUDICT 89.0 73.2 98.6 50.7
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double phonemes for the relatively few cases where one
grapheme corresponds to two phonemes (Damper et al.,
2004; Suontausta and Häkkinen, 2000).

The primary method of aligning graphemic and pho-
netic strings uses the Viterbi algorithm (Daelemans and
van den Bosch, 1994; Andersen et al., 1996; Pagel et al.,
1998). The process begins by estimating P(G,P), the uni-
gram probability that a given grapheme is associated with
a given phoneme. This is estimated using those words that
have graphemic and phonetic strings of equal length
(Andersen et al., 1996). Optimal alignments based on these
estimated probabilities are then generated by means of
dynamic programming for all words in the corpus. The
newly-aligned words are then used to recalculate the
unigram probabilities, and the process is repeated until
the distributions converge (Pagel et al., 1998; Webster
and Braunschweiler, 2008).

Double phonemes can be determined automatically by
iteratively repeating this process. First, suitable double
phonemes are identified from unsuccessful alignments
between grapheme and phoneme strings. Alignment is sub-
sequently re-attempted, and the process repeated until all
words align with their pronunciations.

3.2. Decision trees for G2P

We have employed deterministic binary decision trees
for G2P conversion, for which each node is associated with
a true/false question regarding the input grapheme and its
context. The tree is traversed from the root by recursively
using the answer of each node’s question to determine
which child node to choose. Each leaf node is associated
with an output phoneme, which constitutes the classifica-
tion result (Breiman et al., 1984). This process produces a
single pronunciation for the presented orthography.

Decision trees are grown recursively. For each new node
the available training data are split according to all possible
questions. The question which results in the greatest
entropy gain is then chosen for that node (Suontausta
and Häkkinen, 2000). For a node t with entropy i(t), chil-
dren tL and tR with respective entropies i(tL) and i(tR), and
the proportion of node t’s data associated with each child
given by pL and pR such that both are non-negative and
sum to unity, the entropy gain is (Breiman et al., 1984):

Di ¼ iðtÞ " pLiðtLÞ " pRiðtRÞ: ð2Þ

When choosing the question with the largest Di, i(t) can
be omitted from the calculation with no loss of generality
as it remains constant for all questions at a given node.
Furthermore pk can be approximated by the relative fre-
quency N tk=Nt for a child node tk, while 1/Nt is constant
for all questions.

Di ¼
X

8children k

X

8phonemes p

N tk ;p log
N tk ;p

N tk

! "
: ð3Þ

It is therefore sufficient to maximise Eq. (3) in order to
determine the optimal question for a new decision tree
node (Kienappel and Kneser, 2001).

3.3. Decision tree training and testing

A G2P decision tree includes many parameters, the most
important of which are the number of graphemes and pre-
viously generated phonemes included in the context, the
direction of the conversion, the use of clusters, and the
use of pruning (Webster and Braunschweiler, 2008).

To obtain values for these parameters in our G2P
experiments, the phoneme accuracy of the decision tree
was optimised on a held-out development set within a 10-
fold cross-validation framework. This was achieved by
dividing the 23,031 common words described in Section
2.2 into 10 non-overlapping and approximately equally-
sized partitions. Reserving each partition in turn for later
use as a test set, the remaining 9 partitions (corresponding
to 90% of the data) were again subdivided into 10 equal
partitions. The first of these sub-partitions served as a
development set, and the remaining 9 as a training set for
parameter optimisation. Decision trees were trained on this
training set for a range of parameter values, and those that
lead to the highest phoneme accuracy measured on the

Focus
grapheme

and
context

FocusPrevious
Graphemes

Next

CurrentPrevious

Fig. 1. Diagrammatic representation of grapheme-to-phoneme (G2P)
conversion using decision trees.

Table 5
An example of grapheme-to-phoneme (G2P) alignment for the word
“extreme”.

Grapheme e x t r e m e

Phoneme eh k s t r iy m –

78 L. Loots, T. Niesler / Speech Communication 53 (2011) 75–84

IPR2026-00272 
Krisp Technologies EX1010 Page 228



associated development set were identified as optimal. This
process was repeated for each of the 10 partitions of the
23,031-word data set. In general, different optimal param-
eter values were obtained in each case.

The data partitioning must be carefully considered, as
training, development and testing datasets should be prop-
erly representative of the dictionary (and thus the lan-
guage) as a whole. Furthermore, it is important that
there is not too much overlap between the data partitions,
as might occur between words with the same root but dif-
ferent affixes. This should be avoided because it can cause
the test or development data to be unrealistically similar to
the training data, leading to results that are not properly
indicative of the system’s performance on completely
unknown words. Error rates have been reported to drop
by a relative margin of up to 60% when training and test
data contain words with overlapping roots (Demberg
et al., 2007).

We have chosen to first sort the 23,031 words alphabet-
ically, and then assign groups of 10 consecutive words at a
time to the 10 cross-validation partitions. The same proce-
dure was followed for the nested subdivision into develop-
ment and training partitions for parameter optimisation.
Manual inspection showed this strategy, described in
(Kienappel and Kneser, 2001), to consign most related
words to the same dataset. In comparison, the use of ran-
dom selection gave more optimistic results, with an abso-
lute increase in word accuracy of approximately 10%
observed for G2P conversion.

The optimal number of graphemes and previously gen-
erated phonemes included in the G2P context, the best
direction of the conversion, whether and which clusters
should be included, and whether and how pruning should
be applied, was determined by 10-fold cross-validation
for each of the four dictionaries, leading to a total of 40
optimised parameter sets.

In agreement with the findings of others, the highest
accuracy was obtained when including on average three
graphemes to the left and four to the right of the focus
grapheme, as well as the four phonemes most recently pro-
duced as part of the G2P process, while converting from
right-to-left (Pagel et al., 1998; Torkkola, 1993). Note that,
during training, the phonemes in question are taken from
the dictionary pronunciation, while during G2P conversion
the phonemes hypothesised by the decision tree are used.
Since the G2P process is not perfect, this will lead to some
mismatch between training and testing conditions.

The inclusion of questions relating to clusters of pho-
nemes or graphemes, rather than merely individual pho-
nemes or graphemes, was found to improve G2P
performance in 27 of the 40 optimisations, measured in
each case on the respective development set. The clusters
were automatically determined using the greedy optimisa-
tion algorithm described in (Kienappel and Kneser,
2001). For each context position, this algorithm hierarchi-
cally groups graphemes or phonemes into clusters by
means of repeated entropy-based binary splits. Optimal

performance was achieved when using on average 26 gra-
phemic and 39 phonemic clusters, although the precise
number depends on the context position as well the devel-
opment set in question. Examples of frequent grapheme
clusters include (c, k, q), (a, o, u) and (s, z), while (/aa/,
/ae/, /eh/, /ao/, /y/) and (/th/, /dh/) were common phoneme
clusters.

Finally, decision tree pruning removes child nodes and
their associated subtrees when these do not contribute at
least a threshold improvement to the classification accu-
racy on a held-out set (Breiman et al., 1984). In 9 of the
40 optimisations, using 5% of the training data for pruning
led to improved performance measured on the respective
development set, but in most cases pruning was not used.

All experiments were performed using software devel-
oped at the University of Stellenbosch.

3.4. Experimental results for G2P

Using the optimal parameters determined in the previ-
ous section, G2P decision trees were trained for each dictio-
nary individually. This allowed us to determine how
accurately pronunciations could be produced based on
training data drawn from the same accent. Together with
the direct pronunciation comparison of Section 2.4, these
results serve as a baseline for the accent conversion tech-
niques that are presented in Sections 4 and 5.

The same 10 disjoint partitions of the 23,031-word data
set described in Section 3.3 were used for training and test-
ing the decision trees. Each of the 10 partitions was
employed as a test set, while decision trees were trained
using the remaining 9 partitions and the corresponding
optimal parameters.

The generated pronunciations for each of the 10 test
partitions were aligned with the pronunciations in the dic-
tionary by dynamic programming. From these alignments
the number of substitutions, insertions and deletions were
determined. The phoneme accuracy was subsequently cal-
culated using Eq. (1), and is presented in Table 6 for each
of the four dictionaries. Word accuracy indicates the per-
centage of words for which the generated and correct pro-
nunciations are identical. Where words have multiple
pronunciations in the target accent, any of these are consid-
ered as correct. In each case the reported percentages are
averages for the 10 cross-validation splits, while 95% con-
fidence intervals were calculated using the bootstrap
method described in (Bisani and Ney, 2004).

Table 6
Grapheme-to-phoneme (G2P) accuracies for the four dictionaries, with
95% confidence intervals and decision tree sizes.

Dictionary Phoneme (%) Word (%) Size (nodes)

SAEDICT 90.67 ± 0.54 59.64 18,064
BEEP 91.76 ± 0.53 65.24 14,164
CMUDICT 91.26 ± 0.54 63.29 15,328
PRONLEX 92.22 ± 0.51 65.82 14,044
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The results show little variation among the three
accents. It is clear, however, that SAEDICT has the lowest
G2P accuracy, while PRONLEX has the highest. This sug-
gests that SAEDICT has the least regular relationship
between its graphemes and phonemes. This is also reflected
by the substantially larger size of SAEDICT decision trees.
The results are comparable to those found by other
researchers, where accuracies of approximately 91% are
common (Black et al., 1998; Suontausta and Häkkinen,
2000).

4. Phoneme-to-phoneme conversion (P2P)

Grapheme-to-phoneme conversion can be used to esti-
mate the pronunciations of new words, given a set of train-
ing pronunciations in the same accent or language. It is
sometimes the case, however, that pronunciations for the
desired words are already available, but in a different
accent of the same language. For example, the pronuncia-
tions of many words currently not in SAEDICT are avail-
able in CMUDICT, PRONLEX or BEEP. We now
address the question of whether such existing pronuncia-
tions in a different (source) accent can be used to estimate
the pronunciation in the desired (target) accent. Since this
process involves the conversion of one phoneme string
(the source pronunciation) to another (the target pronunci-
ation), it will be referred to as phoneme-to-phoneme (P2P)
conversion.

P2P conversion has been used successfully to correct the
output of a G2P system when applied to the derivation of
pronunciations for proper names (van den Heuvel et al.,
2007). We will not perform an explicit G2P conversion,
but employ the same decision tree based algorithm used
by this approach. In the case of P2P conversion, the pho-
nemes of the source accent take the role of the “graph-
emes” and those of the target accent of the “phonemes”.
This process is shown diagrammatically in Fig. 2.

Parameter optimisation for the P2P decision trees was
carried out using a held-out development set within a 10-
fold cross-validation framework, in an analogous fashion
to the process described in Section 3.3. The optimal num-
ber of phonemes included in the P2P context, the best
direction of the conversion, whether and which clusters
should be included, and whether and how pruning should
be applied, was determined for each of the 12 possible dic-
tionary pairs, leading to a total of 120 optimised parameter
sets.

It was found that the inclusion of on average two pho-
nemes to the left and two to the right of the focus phoneme
was optimal. Including previously generated output pho-
nemes was beneficial in 65 of the 120 optimisations, while
right-to-left conversion was best in 63 cases. The use of
phoneme clusters improved performance in all 120 cases.
In contrast to the G2P findings, decision tree pruning also
led to improved performance, with the best results
obtained when between 40% and 50% of the dictionary
was used for training and the remainder for pruning. A

notable difference between the G2P and P2P approaches
is a higher incidence of insertions when aligning two pro-
nunciations. While there are relatively few cases of a single
grapheme corresponding to multiple phonemes, there are
many more cases of a single source phoneme correspond-
ing to multiple target phonemes. This led to the use by
the decision tree of a larger number of double phonemes
(treated as a single symbol). A total of 151 double phones
was needed across all dictionary pairs, compared with just
63 for G2P. Double phonemes were determined automati-
cally by iteratively aligning the training pronunciations of
all words in a dictionary pair, finding pronunciations that
could not be aligned, and adding the double phonemes
required for the alignment to succeed. This process was
also employed for G2P conversion, as set out in Section
3.1.

The P2P accent conversion accuracies are given in
Table 7. The phoneme and word accuracies are again cal-
culated as described in Section 3.4. The same 10-fold split
into training and testing data was used in order to make
Tables 6 and 7 directly comparable.

It is clear that the pronunciations that can most accu-
rately be derived from each other are CMUDICT and
PRONLEX. This suggests that the apparent differences
when directly comparing their pronunciations (Table 4)
are at least in part due to systematic differences in the tran-
scription conventions followed, rather than due to funda-
mental differences in the pronunciations.

Overall, the accuracy of the P2P process is considerably
higher than that of G2P conversion. It is also evident that

FocusPrevious Next

CurrentPrevious

Focus
phoneme

and
context

Fig. 2. Diagrammatic representation of phoneme-to-phoneme (P2P)
conversion using decision trees.
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the decision trees used for P2P conversion are substantially
smaller than those used for G2P conversion. A detailed dis-
cussion of these results is deferred to Section 7.

5. Grapheme-and-phoneme-to-phoneme conversion (GP2P)

For some words, there may be information present in
the orthography that is not represented phonetically. For
example, words with different spellings can have identical
pronunciations in one accent but not in another. In our
case this occurs for “spokesmen” and “spokesman”, which
are both pronounced /s p ow k s m ax n/ in BEEP, while
“spokesmen” is pronounced /s p ow k s m eh n/ in
SAEDICT.

The hypothesis that the orthography can provide infor-
mation not already captured by the pronunciation is tested
in the following by using both the graphemes and the pho-
nemes in the source accent to derive the pronunciation in
the target accent. This modification will be referred to as
grapheme-and-phoneme-to-phoneme conversion (GP2P).

In order to employ the source graphemes as additional
context for the decision tree, they are first aligned with
the source phonemes, as described in Section 3.1. In this
case the alignment was used to associate a sequence of zero
or more graphemes with every source phoneme (rather
than associating zero or more phonemes with each
grapheme).

The decision tree question set was extended to include
questions of the type “Does the grapheme sequence aligned
with the phoneme contain the letter X?”. These questions
could be asked of the focus phoneme or of any phoneme
in the input context of the source accent. Fig. 3 illustrates
the GP2P conversion process.

Optimal decision tree parameters were found using the
same process described in Section 4. It was found that
the parameters that produced the best performance for
P2P systems did so also for GP2P systems. The only depar-
ture from this finding was that between 55% and 65% of the

training data is best used for pruning, an absolute increase
of approximately 5% relative to the P2P systems. Further
refinements that were considered were allowing questions
to be based on grapheme clusters obtained in an analogous
fashion to the phoneme clusters, including the length of the
grapheme sequence aligned with a source phoneme, and
allowing questions to include fixed grapheme sequences
(n-tuples). However, none of these were found to yield
any further performance improvements during cross-vali-
dation. The results of the GP2P experiments are presented
in Table 8, and will be discussed in relation to the perfor-
mance of G2P and P2P conversion in Section 7.

6. Multiple source dictionaries

A final question addressed by our work is whether the
use of more than one source dictionary could further
improve the performance of the GP2P approaches
described in the previous section. As a specific example,
we considered the two GP2P systems most accurately able
to derive SSAE pronunciations. From Table 8, these are
the BEEP to SAEDICT and PRONLEX to SAEDICT
configurations. The GP2P algorithm was extended by
allowing the decision trees to query the graphemes and
phonemes in both BEEP and PRONLEX. To achieve this,
BEEP was considered the primary and PRONLEX the

Table 7
Phoneme-to-phoneme (P2P) conversion accuracies between dictionary
pairs, with 95% confidence intervals and decision tree sizes.

Dictionary pair Phoneme
(%)

Word (%) Size
(nodes)

BEEP) SAEDICT 96.19 ± 0.32 79.53 2708
CMUDICT) SAEDICT 94.76 ± 0.36 72.79 3471
PRONLEX) SAEDICT 95.62 ± 0.34 76.69 2951

SAEDICT) BEEP 96.30 ± 0.32 80.77 2794
CMUDICT) BEEP 95.43 ± 0.36 76.89 3143
PRONLEX) BEEP 96.25 ± 0.33 80.82 2776

SAEDICT) CMUDICT 94.54 ± 0.39 72.46 3511
BEEP) CMUDICT 95.28 ± 0.37 75.91 3308
PRONLEX) CMUDICT 97.64 ± 0.26 87.20 1995

SAEDICT) PRONLEX 95.16 ± 0.36 74.44 3221
BEEP) PRONLEX 95.66 ± 0.35 77.31 3005
CMUDICT) PRONLEX 96.81 ± 0.29 82.37 2219

FocusPrevious
Graphemes

Next

Next

CurrentPrevious

FocusPrevious

Focus
phoneme

and
context

Fig. 3. Diagrammatic representation of grapheme-and-phoneme-to-pho-
neme (GP2P) conversion using decision trees.

L. Loots, T. Niesler / Speech Communication 53 (2011) 75–84 81

IPR2026-00272 
Krisp Technologies EX1010 Page 231



additional source, and PRONLEX pronunciations were
aligned with BEEP pronunciations as described in Section
4.

The decision tree question set was extended to include
dictionary-specific questions, such as “Is the preceding
phoneme in PRONLEX a plosive?”. This set of questions
is a superset of those used for GP2P conversion with a sin-
gle source dictionary, as was described in Section 5. Opti-
mal decision tree parameters, again obtained by 10-fold
cross-validation, were found to coincide with those that
were optimal for the single source dictionary GP2P sys-
tems. The results, presented in Table 9, indicate that a
small improvement in performance over the baseline BEEP
to SAEDICT GP2P system was achieved, but that this
improvement is not statistically significant.

It therefore appears that further significant gains using
multiple source dictionaries are not achievable for SSAE.
However, it is possible that the result would be different
for other English accents, or for other languages.

7. Discussion

When comparing Tables 6 and 7, it is clear that the pro-
nunciation of a word in a new accent is in all cases substan-
tially more accurately determined from its pronunciation in
another accent by means of P2P conversion, than by means
of G2P conversion within the same accent. Furthermore,
Table 8 shows that the use of source graphemes in addition
to source phonemes in GP2P conversion is rewarded with a
further improvement in accuracy. This additional improve-
ment is beyond the 95% confidence interval for all dictio-
nary pairs except CMUDICT to PRONLEX, which is
also the pair for which the highest P2P conversion accuracy
was obtained.

Converting between different accents also gives consid-
erably more accurate results than merely using another
accent’s dictionary, as can be seen from Table 4. Substitut-
ing one English dictionary for another with no modifica-
tions gives at best a 60% and at worst a 30% word
accuracy. For GP2P, however, even the poorest matching
pair of dictionaries achieves a word accuracy above 76%.

Table 10 summarises the results presented in Tables 6–8,
and indicates the average performance across all four dic-
tionaries. The results in the table show that, on average,
P2P conversion leads to a 4.3% absolute improvement in
phoneme accuracy over G2P conversion, which corre-
sponds to a 51% relative decrease in error rate. Further-
more, the percentage of words with pronunciation errors
drops by 14.6%, which is a 40% relative reduction in error.
The move from P2P to GP2P conversion results in an addi-
tional average absolute phoneme accuracy improvement of
1.1%, which corresponds to a 26% relative reduction in the
error rate. The corresponding percentage of incorrectly
pronounced words drops by 5.5%, which is a relative
improvement of 25%. Overall, GP2P conversion achieves
relative reductions of 64% and 55% in the phoneme and
word error rates, respectively, when compared with G2P
conversion.

Table 8
Grapheme-and-phoneme-to-phoneme (GP2P) conversion accuracies
between dictionary pairs, with 95% confidence intervals and decision tree
sizes.

Dictionary pair Phoneme
(%)

Word (%) Size
(nodes)

BEEP) SAEDICT 96.55 ± 0.31 81.58 2362
CMUDICT) SAEDICT 95.60 ± 0.34 76.79 2831
PRONLEX) SAEDICT 96.05 ± 0.33 78.99 2591

SAEDICT) BEEP 97.46 ± 0.27 86.78 1880
CMUDICT) BEEP 96.58 ± 0.32 82.28 2596
PRONLEX) BEEP 96.97 ± 0.30 84.41 2078

SAEDICT) CMUDICT 96.61 ± 0.32 82.38 2313
BEEP) CMUDICT 96.85 ± 0.31 83.96 2362
PRONLEX) CMUDICT 97.87 ± 0.25 88.44 1613

SAEDICT) PRONLEX 97.26 ± 0.27 84.60 2075
BEEP) PRONLEX 97.30 ± 0.28 85.44 1943
CMUDICT) PRONLEX 97.75 ± 0.25 87.22 1551

Table 9
Grapheme-and-phoneme-to-phoneme (GP2P) conversion accuracies for SSAE when using one (BEEP) and two (BEEP and PRONLEX) source
dictionaries, with 95% confidence intervals and decision tree sizes.

GP2P system Phoneme (%) Word (%) Size (nodes)

BEEP) SAEDICT 96.55 ± 0.31 81.58 2362
BEEP + PRONLEX) SAEDICT 96.62 ± 0.31 81.84 2272

Table 10
Average accuracies achieved by the G2P, P2P and GP2P conversion approaches.

Dictionary Phoneme (%) Word (%)

G2P P2P GP2P G2P P2P GP2P

) SAEDICT 90.67 95.52 96.07 59.64 76.34 79.12
) BEEP 91.76 96.00 97.00 65.24 79.50 84.49
) CMUDICT 91.26 95.82 97.11 63.29 78.52 84.93
) PRONLEX 92.22 95.88 97.44 65.82 78.04 85.75

Average 91.48 95.80 96.90 63.50 78.10 83.57
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The introduction of source graphemes in GP2P conver-
sion also led to a considerable reduction in the size of the
decision trees. While P2P conversion employed 2925 nodes
on average, the corresponding figure for GP2P falls to
2183. However, both P2P and GP2P trees are much smaller
than G2P trees which contained 15,400 nodes on average.

Hence, when a word’s pronunciation is not available, as
is fairly common in less prominent accents, it is better to
first search for it in a different pronunciation dictionary.
If it is found, it should be converted to the target accent
by means of GP2P or P2P techniques. G2P methods should
be reserved as a last resort.

8. Summary and conclusions

This study has investigated methods that can be used to
derive the pronunciation of a word in a new accent from its
known pronunciation in another accent of the same
language.

The performance of these techniques has been evaluated
by applying them to three accents of English: RP, GenAm
and South African English. In order to achieve this, four
pronunciation dictionaries were employed: BEEP for RP,
CMUDICT and PRONLEX for GenAm, and SAEDICT
for South African English.

As a baseline for comparison, G2P techniques were first
applied to the dictionaries individually, with comparable
results in all four cases. The G2P algorithm was then mod-
ified to allow conversion of pronunciations from one
accent to another, first using only the phonemes of the
source accent (P2P) and then using both the phonemes
and the graphemes (GP2P).

If we consider the specific case of South African English,
for which pronunciation resources are limited, our experi-
ments show that the pronunciations of 82% of new words
obtained using the developed GP2P conversion technique
are correct. In comparison, this figure is 60% when using
conventional G2P conversion.

Our research can be extended by performing listening
tests, as well as by performing Automatic Speech Recogni-
tion, to determine on a perceptual and an acoustic level
how well the generated pronunciations match the desired
accent. This would provide a further indication of the
validity of our findings. Furthermore, it is possible that
the techniques which we have presented would bear fruit
if applied to other accents of the same language, or even
to related languages, such as Dutch and Afrikaans.
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Using Phonetic Posteriorgram Based Frame Pairing
for Segmental Accent Conversion

Guanlong Zhao , Student Member, IEEE, and Ricardo Gutierrez-Osuna, Senior Member, IEEE

Abstract—Accent conversion (AC) aims to transform non-native
utterances to soundas if the speakerhadanative accent. This canbe
achieved by mapping source speech spectra from a native speaker
into the acoustic space of the target non-native speaker. In prior
work, we proposed an AC approach that matches frames between
the two speakers based on their acoustic similarity after compensat-
ing for differences in vocal tract length. In this paper, we propose a
new approach thatmatches frames between the two speakers based
on their phonetic (rather than acoustic) similarity. Namely, wemap
frames from the two speakers into a phonetic posteriorgram using
speaker-independent acoustic models trained on native speech. We
thoroughly evaluate the approach on a speech corpus containing
multiple native and non-native speakers. The proposed algorithm
outperforms the prior approach, improving ratings of acoustic
quality (22% increase in mean opinion score) and native accent
(69%preference)while retaining the voice quality of the non-native
speaker. Furthermore,we show that the approach canbeused in the
reverse conversion direction, i.e., generating speech with a native
speaker’s voice quality and a non-native accent. Finally, we show
that this approach can be applied to non-parallel training data,
achieving the same accent conversion performance.

Index Terms—Accent conversion, voice conversion, acoustic
model, posteriorgram.

I. INTRODUCTION

L EARNERS who acquire a second language (L2) after a
“critical period” [1] usually speak with a non-native accent.

Having a non-native accent can often reduce the speaker’s intelli-
gibility [2] and may also lead to discriminatory attitudes [3], [4].
Therefore, non-native speakers have much to gain by improving
their pronunciation. Several studies [5], [6] have shown that
having a suitable native (L1) speaker to imitate – a so-called
“golden speaker” with similar voice characteristics as the learner
but with a native accent, can be beneficial in pronunciation
training. Based on these findings, Felps et al. [7] suggested that
such a “golden speaker” could be created by resynthesizing the
non-native speaker’s own voice with a native accent borrowed
from a native reference speaker.
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Traditional voice-conversion (VC) methods [8]–[11] cannot
be used for this purpose since VC cannot decouple the speaker’s
voice quality from her or his accent, i.e., VC assumes that accent
is part of the speaker’s identity. In this work, we distinguish
two concepts: voice quality, which focuses on the physical
characteristics of the speaker’s voice (e.g., vocal tract and glottal
configuration, pitch range), and speaker identity, a combination
of voice quality and other speaker characteristics (e.g., accent,
speaking rate, intonation, word choice).

To address the accent-and-voice-quality entanglement issue
of traditional VC methods, Aryal and Gutierrez-Osuna [12]
proposed a modified VC method where source frames (i.e.,
from the native reference speaker) and target frames (i.e., from
the non-native speaker) were paired based on their acoustic
similarity. In a first step, the authors applied vocal-tract length
normalization (VTLN) to the source speech, so it matched
the target speaker’s vocal-tract length. Then, they paired each
frame in the source corpus with the closest frame in the target
corpus, and vice versa. Though VTLN did improve frame pairing
compared to time alignment (i.e., the conventional approach
in VC), vocal-tract length is just one of the potentially many
differences between speakers, and it is too coarse to account for
differences in pronunciation.

To address this issue, we present an approach that matches
source and target frames based on their phonetic content. Lever-
aging advances in acoustic modeling [13], we extract phonetic
information from phonetic posteriorgrams (PPGs) [14]. Namely,
we compute the posteriorgram for each source and target speech
frame through a speaker-independent acoustic model trained on
a large corpus of native speech. Then, we use the symmetric
Kullback-Leibler (KL) divergence [15] in posteriorgram space
to match source and target frames. The result is a set of source-
target frames that are paired based on their phonetic similarity,
with which we train a Gaussian Mixture Model (GMM) to
model the joint distribution of source and target Mel-Cepstral
Coefficients (MCEPs). In a final step, we map source MCEPs
into target MCEPs using maximum likelihood estimation of
spectral parameter trajectories considering the global variance
[8] of the target speaker. Our implementation is based on a
conventional GMM spectral mapping method to ensure a fair
comparison with the prior study [12], but our proposed frame
matching method can be combined with any spectral mapping
methods (e.g., neural networks, frequency warping) that take
frame pairs as input.

Our approach differs from prior works on accent conversion,
which modify speech features that carry accent information,
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such as prosody, formants, spectral envelopes, or articulatory
gestures [7], [16]–[18]. Instead, we use a VC technique to
capture the voice quality of the (target) non-native speaker while
preserving the (source) native speaker’s pronunciation charac-
teristics – both segmental and prosodic. Unlike VC methods,
however, we avoid the issue of time aligning source and target
utterances, which is problematic when the target speaker is non-
native. Our approach is related to that of Xie et al. [19], who used
speaker-adaptive acoustic models to generate posteriorgrams for
VC. Their method groups all target speaker training data into
phonetic clusters in the posteriorgram space using symmetric
KL divergence and K-means clustering. Then, each frame of
the source speaker’s corpus is mapped to the centroid of the
closest target phonetic cluster. The final converted speech is
generated from those closest cluster centroids using the max-
imum probability trajectory generation algorithm. In contrast
with their frame clustering approach, we use PPGs to produce
frame pairs between source and target speakers, and then we
train a GMM using those frame pairs. A second major differ-
ence with their approach is that we use speaker-independent
acoustic models trained on native speech to ensure that the PPGs
only reflect native pronunciations, whereas their approach uses
speaker-adaptive training, which would introduce non-native
pronunciations into the acoustic models. Initial findings from
this work were presented at the International Conference on
Acoustics, Speech, and Signal Processing (ICASSP) in 2018
[20]. That earlier conference paper presented preliminary listen-
ing test results that verified the effectiveness of the PPG-based
frame-matching method. The present manuscript describes our
method in detail and significantly expands the perceptual studies
and data analyses, including an experimental comparison of the
proposed method on parallel and non-parallel data.

The manuscript is organized as follows. Section II reviews
prior work on accent conversion in the acoustic and articu-
latory domains, and discusses the connection between accent
conversion and voice conversion. Section III describes the ex-
perimental methods used in the study, including the phonetic
posteriorgrams, the proposed frame-pairing method for accent
conversion, as well as the baseline systems we used for com-
parison. Section IV describes the experimental setup used for
the study, including the speech corpus we used to train the
acoustic model, and the native/non-native speech corpus we
used for accent conversion. Section V presents results on three
different experiments we used to evaluate various aspects of the
algorithm. The paper concludes with a discussion of our findings
and directions for future work.

II. LITERATURE REVIEW

A. Algorithms for Accent Conversion

Foreign and non-native accents occur when speech devi-
ates from the expected acoustic (e.g., formants) and prosodic
(e.g., intonation, duration, and rate) norms of a language [7].
Therefore, prior work has focused on modifying certain speech
characteristics to alter the perceived accent. In early work,
Yan et al. [21] used a voice-morphing software to change the
trajectories of formants, pitch, and duration to convert between

three different English dialects (British, Australian, and General
American English). The authors found that prosodic modifi-
cations produced noticeable differences on perceived accent,
although not as significant as those produced by modifying
formant trajectories. In the approach of Felps et al. [7], the
spectral envelope of the non-native speech was replaced with
that of the native speaker’s, which had been normalized to the
non-native speaker’s vocal tract length with a piecewise linear
warping function. Their results showed that the segmental cor-
rection was able to significantly reduce the foreign accentedness
of the modified utterances. More recently, Jügler et al. [22] used
PSOLA to correct the prosody of non-native German speech
spoken by native French speakers. Prosodic (duration and pitch)
corrections were performed at the syllable level, and the results
showed a moderate but significant reduction in accentedness of
the corrected speech.

A couple of studies also tried to blend native and non-native
spectra to control the accent. Huckvale and Yanagisawa [17]
blended the spectral envelope of non-native Japanese speech
produced by an English Text-To-Speech (TTS) with its na-
tive counterpart through voice morphing to reduce the accent.
Aryal et al. [18] decomposed the cepstrum into spectral slope
and spectral detail, and then generated accent conversions by
combining the spectral slope of the non-native speaker with a
morph of the spectral detail of the native speaker. Though these
spectra-blending methods can reduce non-native accents, they
also tend to produce syntheses that are perceived as a “third
speaker,” one who is different from either the source (native) or
target (non-native) speaker. To tackle this problem, Aryal and
Gutierrez-Osuna [12] adapted VC techniques to perform accent
conversion. The authors used vocal-tract-length normalization
(VTLN) before pairing acoustic frames between source (native)
and target (non-native) speaker, then built a GMM using those
frame pairs to perform VC. This method was able to reduce
non-native accent significantly, while retaining the non-native
speaker’s voice quality; however, it required a relatively large
set of parallel recordings from the two speakers, and VTLN
only accounted for a subset of the speaker characteristics.

An alternative to using acoustic methods is to operate in
the articulatory domain. Along these lines, Felps et al. [16]
used an articulatory synthesizer based on unit-selection to re-
place mispronounced non-native diphones with those from the
non-native corpus that matched the articulatory configuration
of a reference utterance from a native speaker. Later, Aryal
and Gutierrez-Osuna used GMMs [23] and DNNs [24] to build
an articulatory synthesizer (i.e., a mapping from articulatory
gestures into acoustics) for the non-native speaker, then drove
the GMM/DNN with articulatory gestures from a native speaker.
Methods based on articulatory data generate syntheses that
sound more like the non-native (target) speaker than acoustic
methods, since they effectively decouple linguistic information
(e.g., articulatory gestures from a native [source] speaker) from
voice quality (captured by the articulatory-to-acoustic synthe-
sizer of the non-native speaker). However, articulatory meth-
ods are expensive and require specialized equipment to col-
lect articulatory data, so they are impractical for pronunciation
training.
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Fig. 1. PPG for the word “air,” whose phonetic transcription in ARPABET is
“EH R.” For visualization purposes, we used a subset of the ARPABET phoneme
set and omitted phonemes that had small values.

B. Connection Between Accent and Voice Conversion

Accent conversion is closely related to the problem of voice
conversion [25]. Voice conversion transforms a source speaker’s
speech into that of a (known) target speaker. The conversion aims
to match the voice characteristics of the target speaker, which
may include vocal tract configuration, glottal characteristics,
pitch range, pronunciation, and speaking rate. Ideally, the only
information retained from the source speech is its linguistic con-
tent, i.e., the words that were uttered. Popular methods for voice
conversion include joint-density GMMs [8], frequency warping
[26], [27], DNNs [28], [29], and sparse coding [11], [30]–[32].
Accent conversion modifies speech at a finer level of granularity,
and seeks to combine the linguistic content and pronunciation of
the source speaker with the voice quality of the target speaker.
Therefore, accent conversion is a more challenging problem than
voice conversion in the sense that, first, there is no ground truth
for the output voice, and second, accent conversion needs to split
the speech into voice quality (converted) and accent (preserved),
whereas voice conversion jointly converts both.

III. METHODS

A. Phonetic Posteriorgrams

At its core, our proposed method relies on Phonetic Posterior-
grams (PPGs) to measure the similarity of speech frames across
speakers. A phonetic posteriorgram is computed by segmenting
speech into frames and computing the posterior probability that
each frame belongs to a set of pre-defined phonetic units. As
an example, Fig. 1 shows the PPG of the spoken word “air.” In
practice, it is advisable to include context when computing the
PPG by concatenating each speech frame with its neighboring
right and left frames. Moreover, phoneme labels are too coarse to
describe the variety of speech sounds. Therefore, the dimensions
in a phonetic posteriorgram are often associated with triphones,
as we will see next.

Generally, the phonetic posteriorgram is computed from the
acoustic model in an automatic speech recognizer (ASR). The
acoustic model in ASR acts as a sequential classifier: given

Fig. 2. P -norm deep neural network structure for acoustic modeling.

an input acoustic feature vector, the acoustic model assigns
how likely it is that the vector belongs to each of a set of
states/senones. In recent years, acoustic models based on DNNs
have yielded state-of-the-art speech recognition accuracy [13].
The most advanced ASR systems can achieve Word Error Rates
that are comparable to or better than expert human transcribers
on specific tasks [33].

In this work, we compute phonetic posteriorgrams using a
p-norm DNN [34] as the acoustic model. The input layer accepts
a feature frame accompanied by its left and right neighbors;
then the input is de-correlated by a fixed linear transformation
[35]. The de-correlated features are then passed through N
hidden layers, each employing the p-norm non-linearity y =

‖x‖p = (
∑

i |xi|p)
1
p , where y is one output dimension of a

hidden layer and x represents a group of hidden neurons of
that layer. Therefore, the number of output dimensions of each
hidden layer is smaller than the number of hidden neurons. The
output of the p-norm layer is then processed by a normalization
layer to limit its standard deviation to one [34]. The output of
the final hidden layer is fed into a softmax layer that produces
more output nodes than the desired number of senones using
a technique called “mixing-up” [34]. “Mixing-up” operates as
follows. About halfway through training, the dimension of the
softmax layer is increased by letting each output senone’s proba-
bility be a sum over potentially multiple “mixture components.”
The mixture components are distributed using a power rule,
proportional to the senone class priors. The neural network then
“group-sums” the output of the softmax layer according to the
group assignment defined in the “mixing-up” step, resulting in
the final output nodes that correspond to individual senones.
Fig. 2 shows the overall structure of the p-norm deep neural
network that we use in this work.

During training, inputs to the p-norm DNN consist of stacked
MFCC frames X , whereas target outputs Y are senone labels
obtained from force-alignment using an existing GMM-HMM
speech recognizer. The training objective is the sum (across all
frames of training data) of the log-probability of Y given X:∑

i log p(Y i|Xi). After the DNN is fine-tuned using Stochastic
Gradient Descent [36], we compute the posterior probability of
observing senone l given the speech framex by doing a complete
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forward propagation,

p(l|x) =
∑

g∈G

expx
′

g∑
k expx

′
k

, (1)

where x
′

k is the output of the hidden layer that precedes the
softmax layer, and G is the set of softmax outputs that are
grouped into senone l during the “mixing-up” procedure. A PPG
frame of x is constructed by forming a vector from all possible
values of p(l|x), see eq. (2).

B. Frame Pairing

Conventional voice conversion methods use time alignment
to pair frames from source and target utterances. As such, a VC
model trained from time-aligned frame pairs will retain the non-
native speaker’s accent. Instead, to perform accent conversion,
the pairing must be based on the phonetic similarity between
source and target frames. In this way, each native speech frame
is associated with its most similar non-native counterpart in
terms of pronunciation. If we train a spectral conversion model
between these frame pairs, the pronunciation from the native
speech data will be preserved and the spectral envelope of the
native speaker will be modified to match the non-native speaker’s
voice quality.
1) Frame Pairing Based on Phonetic Similarity (AC-PPG):

We use PPGs to pair frames between the native and the non-
native speaker. Our rationale is straightforward: if an ASR
trained on native speech determines that a non-native speech
segment y is close to the native speech production of a particular
phoneme (or triphone, in our case), then it is reasonable to pair
y with a native speech segment x with the same phonetic label;
see Fig. 3 (a). Specifically, our approach works as follows. In a
first step, we compute PPG frames for speech frames from the
two speakers,

Lxi = [p(l1|xi), p(l2|xi), . . . , p(lV |xi)], (2)

where xi is the acoustic feature vector of the i-th speech frame;
V = {l1, l2, . . . , lV } is the predefined senone set; p(lj |xi) is the
conditional probability that the speech frame belongs to senone
lj given xi;

∑
j p(lj |xi) = 1.

Given posterior feature vectors Lxi and Lxj , we calculate
their distance using the symmetric KL divergence,

D(Lxi ,Lxj ) = (Lxi − Lxj ) · (logLxi − logLxj ). (3)

The symmetric KL divergence [15] is commonly used to
compute the similarity between distributions, and here, each
frame of the PPG functions like a distribution. For each source
(i.e., native) frame xi we find its closest target (i.e., non-native)
frame y∗

i ,

y∗
i = argmin

∀y
D(Lxi ,Ly). (4)

Likewise, for each non-native frame yi we find its closest
native frame x∗

i ,

x∗
i = argmin

∀x
D(Lx,Lyi

). (5)

Fig. 3. L1: native, L2: non-native. (a) AC-PPG: proposed AC algorithm that
uses phonetic similarity. (b) AC-SIM: Baseline 1 that uses acoustic similarity
through VTLN to pair frames [12]. (c) AC-DTW: Baseline 2; native and non-
native frames are time-aligned following their ordering in the data.

Each frame pairing process only involves two speakers – the
given native and non-native speakers. The frame pairing does
not constrain the search space. Therefore, it is possible to pair
multiple frames from one speaker with the same frame from
the other speaker. In this case, we duplicate that frame multiple
times. The resulting frame pairs are used to train a Gaussian
Mixture Model (GMM).
2) Baseline Methods for Frame Pairing: We compared the

proposed PPG-based method against two baseline techniques
for frame pairing: the acoustic similarity method of Aryal and
Gutierrez-Osuna [12], and dynamic time warping.
Baseline 1. (AC-SIM): Following [12], we measured acoustic

similarity as the inverse of the L2-norm between native and
non-native speaker frames, after normalizing the native speaker
to match the vocal tract length of the non-native speaker; see
Fig. 3 (b).

In a first step, we learn a VTLN transform to reduce phys-
iological differences in vocal tract between the two speakers.
For this purpose, we time-align parallel training utterances of
the two speakers, each utterance represented as a sequence of
MFCCs. Following Panchapagesan and Alwan [37], we then
learn a linear transform between the MFCCs of both speakers
using ridge regression:

T ∗ = argmin
T

‖x− Ty‖2 + λ‖T‖2, (6)

where x and y are vectors of MFCCs from the native and non-
native speakers, respectively, and T ∗ is the VTLN transform.
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Next, for each native vector xi we find its closest non-native
vector y∗

j as:

y∗
j = argmin

∀y
‖xi − T ∗y‖2. (7)

We repeat the process for each non-native vector yi to find its
closest match x∗

j :

x∗
j = argmin

∀x
‖x− T ∗yi‖2. (8)

The above process results in a lookup table where each native
and non-native frame in the database is paired with the closest
one from the other speaker.
Baseline 2. (AC-DTW): As our second baseline method, we

use Dynamic Time Warping (DTW) [38] to time-align native
and non-native frames, as illustrated in Fig. 3 (c).

We note that baselines 1 and 2 need parallel data for training,
whereas the proposed method can operate on non-parallel data,
as we shall see in Section V-C.

C. Spectral Conversion

To ensure a fair comparison between the three frame-pairing
methods, we use a common spectral conversion technique to map
a native source speaker’s spectral features to match a non-native
target speaker’s voice quality. Following Toda et al. [8], we use a
GMM to model the joint distribution of source and target frame
pairs, and then use maximum likelihood parameter generation
(MLPG) with global variance (GV) [39] to generate the con-
verted speech for a given source utterance. Specifically, we use
2D-dimensional acoustic features, Xt = [x'

t ,∆x'
t ]

' from the
source speaker, and Yt = [y't ,∆y't ]

' from the target speaker,
consisting of D-dimensional static and dynamic features, where
(·)' denotes the transpose. Given the paired source and target
features, we train a GMM to model the joint probability density
p(X,Y |θ) where θ denotes model parameters, estimated using
Expectation-Maximization (EM):

θ = EM(argmax
θ

p(X,Y |θ)). (9)

When converting source static and dynamic feature vectors
X = [X'

1 , X
'
2 , . . . , X

'
T ]

' to the target static feature vectors y =
[y'1 , y

'
2 , . . . , y

'
T ]

' – after the GMM is trained, we maximize the
function below with respect to y,

ŷ = argmax
y

log (p(Y |X, θ)ωp(ν(y)|θν)), Y = Wy, (10)

where p(Y |X, θ) denotes the conditional probability density
function (PDF) on the target static and dynamic feature vectors,
and p(ν(y)|θν) represents the likelihood of a PDF on the global
variance of the target feature vectors, which is represented
as a separate GMM (one mixture) and trained using the EM
algorithm as well. W is a matrix that appends dynamic features
to the static features, and ω adjusts the relative importance
between the two distributions and is set as the ratio of number
of dimensions between vectors ν(y) and Y (= 1/2T ). We use a
GMM instead of a DNN in this study to focus on low-resource
accent conversion scenarios – in real pronunciation training

applications, we generally have a limited amount of data from
the non-native speakers.

D. Pitch Scaling

Previous studies [7], [17], [21] have shown that prosody
modification is an essential part of accent conversion, and the
pitch contour contains identity-related information. Since pitch
modification is not the focus of this study, we follow the standard
procedure [8] and use the pitch trajectory from the source
(native) speaker, which captures native intonation patterns, then
normalize it to match the pitch range of the target (non-native)
speaker using mean and variance normalization in the logF0

space.

IV. EXPERIMENTAL SETUP

A. DNN Acoustic Model for Extracting PPG

To train the DNN acoustic model, we used Kaldi’s Librispeech
recipe.1 The model is a p-norm DNN (p = 2), as introduced in
the method section, with five hidden layers. We extracted 13-dim
MFCC vectors with a 7-frame context, passed the concate-
nated 91-dim (13 × 7) MFCCs through a Linear Discriminant
Analysis (LDA) to generate a 40-dim input feature vector, then
concatenated nine frames of such 40-dim LDA features as the
final input to the DNN. The 360-dim (40 × 9) input features
were de-correlated using a fixed linear transform. All hidden
layers had 5,000 hidden neurons and output 500 activations
because each p-norm non-linearity was computed over ten hid-
den neurons. Every hidden layer was fully-connected with the
previous layer. Right after the last hidden layer was a softmax
layer of 14,000 nodes; those nodes were then “group-summed”
to produce the final output across senones (5,816 dimensions,
which were obtained from state-tying on a phonetic decision tree
built from the transcripts of the training data; see [40] for more
details on how the decision tree was constructed). The DNN
acoustic model was trained on Librispeech’s [41] training set,
a speech recognition corpus that contains 960 hours of native
English speech, the majority being American English. In the
following experiments, the Librispeech corpus was used solely
for building the acoustic model.

B. Speech Corpus for Accent Conversion

For the native speech synthesis corpus, we used two speakers
from the CMU ARCTIC dataset [42]: BDL and CLB. Those
recordings have a sampling rate of 16 KHz. For the non-native
(L2) English speech synthesis corpus, we used five non-native
speakers from the L2-ARCTIC corpus2[43]: two native Hindi
speakers, two native Korean speakers; and one native Arabic
speaker. Each non-native speaker produced the full ARCTIC
dataset (∼1100 utterances; around one hour of speech). The
speech was recorded in a quiet room at 44.1 KHz. For the
following experiments, we down-sampled all the non-native
speech data to 16 KHz using sox.3 The speaker demographic

1https://github.com/kaldi-asr/kaldi/tree/master/egs/librispeech
2https://psi.engr.tamu.edu/l2-arctic-corpus/
3http://sox.sourceforge.net/Main/HomePage
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Fig. 4. Accent conversion workflow; frame pairing can be AC-PPG, AC-SIM (baseline 1), or AC-DTW (baseline 2).

TABLE I
DEMOGRAPHIC INFORMATION OF THE SPEAKERS

information is summarized in Table I. For the non-native speak-
ers, their English proficiency level was measured in their TOEFL
iBT scores4 [46].

C. System Configuration

In what follows, we will refer to the proposed frame-pairing
algorithm, baseline 1 (acoustic similarity), and baseline 2 (dy-
namic time warping) as AC-PPG, AC-SIM, and AC-DTW,
respectively.

We used the TANDEM-STRAIGHT vocoder5 [49] to decom-
pose speech into aperiodicity (AP), F0, and a 513-dim spectral
envelope. Then, we computed 25-dim MFCCs6 from the spectral
envelopes to learn the VTLN transform and pair frames using
acoustic similarity (AC-SIM); see Section III-B2. AC-DTW also
used those MFCCs (excluding MFCC0) to time-align a source
speaker to a target speaker. AC-PPG used the 5816-dim PPGs
extracted by the acoustic model to perform frame pairing.

We also computed 25-dim MCEPs from the spectral en-
velopes as the acoustic feature (excluding MCEP0 since it is
energy) to train the spectral conversion models (GMMs) and
convert speech from the native speaker to the non-native speaker.
MCEPs from the two speakers were frame paired using the three
methods (AC-PPG, AC-SIM, AC-DTW) before being fed to the
GMMs. Following Aryal and Gutierrez-Osuna [12], all GMMs
had 128 mixture components with diagonal covariance matrices.
Input features to the GMM include delta features, and therefore

4Speaker ABA only reported his IELTS [44] score (7.0). We converted it to a
TOEFL iBT score following [45].

5We used the NDF F0 extractor [47] instead of the default F0 extractor that
comes with TANDEM-STRAIGHT, because based on our experience and a prior
study [48], the NDFF0 extractor is more robust than the TANDEM-STRAIGHT
default.

6We only used those MFCCs to generate the frame pairing lookup tables in
AC-SIM and AC-DTW and discarded in other tasks.

the joint feature vectors had 96 dimensions. Once we converted
the native speaker’s MCEPs to the non-native speaker’s space,
we reconstructed the spectrogram from the converted MCEPs
(MCEP0 being copied from the native speaker), and combined
it with the native speaker’s AP and normalized F0 to synthesize
speech using the TANDEM-STRAIGHT vocoder. The conver-
sion pipeline is illustrated in Fig. 4.

All experiments were conducted on a desktop running Win-
dows 10 with an Intel Core i7-7700 K CPU@4.2 GHz, 16 GB of
memory, and an NVidia GTX 1070 GPU. Most of the algorithms
were implemented and run on Matlab v9.3, except for the
acoustic model and PPGs, which were computed using Kaldi
on Ubuntu 16.04.

V. RESULTS

We conducted three sets of perceptual listening studies to
evaluate different properties of the proposed frame-pairing al-
gorithm. In the first experiment, we compared the approach
against the two baseline systems by its ability to reduce perceived
accents while matching the voice quality of the non-native
speakers. In the second experiment, we evaluated whether the
approach could also be used for the reverse purpose, i.e., to
impart a non-native accent to a native speaker’s voice. In the
third and final experiment, we evaluated the approach to perform
accent conversion using non-parallel speech corpora.

We recruited anonymous human participants from Amazon’s
Mechanical Turk platform7 for our listening tests. Following
Buchholz and Latorre [50], all listening tests included calibra-
tion trials designed to be easy to judge, and we used the partic-
ipants’ responses on those calibration trials to detect cheating
behaviors. We excluded data from participants whose responses
were below chance level on those calibration questions. All
participants’ calibration responses were excluded from the final
analyses. In addition, and following [16], all human subjects
passed a screening test that consisted of identifying various
American English accents. We compensated participants for
their time at an hourly rate of eight USD. In all experiments, the
reference native and non-native English speech were resynthe-
sized from their MCEPs using TANDEM-STRAIGHT to keep
their acoustic quality comparable with the converted speech,
which went through the same vocoder compression. When

7https://www.mturk.com/
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Fig. 5. Mean Opinion Scores for the proposed method (AC-PPG) and the two
baseline methods (AC-SIM, AC-DTW); the error bars show 95% confidence
intervals.

selecting testing samples, we always randomly draw from the
available pools, i.e., we did not cherry-pick the audio clips. All
test trials were randomly presented. For any listening tests that
required pairwise comparisons, the presentation order within an
utterance pair was counterbalanced. Unless otherwise noted, we
used paired-sample t-tests for the analyses.

A. Experiment 1: Comparing AC-PPG Against Baselines

In this experiment, we considered five native to non-native
speaker pairings for accent conversion: BDL to RRBI, BDL to
HKK, BDL to YKWK, BDL to ABA, and CLB to TNI. For each
speaker pair, we used 100 parallel utterances for training and 50
utterances for testing; there was no overlap between the two sets.
We performed accent conversion on all 50 test utterances using
models trained on each of the three frame-pairing algorithms,
i.e., AC-PPG, AC-SIM, and AC-DTW.
Acoustic quality: We used a standard five-point (1-Bad, 2-

Poor, 3-Fair, 4-Good, 5-Excellent) Mean Opinion Score (MOS)
to rate the acoustic quality of the synthesized speech. Thirty
listeners rated 150 test samples: 50 per system, 10 utterances
per conversion direction. Results are shown in Fig. 5. The pro-
posed method (AC-PPG) received a MOS rating of 2.99, which
was significantly higher than either baseline: AC-SIM (2.45
MOS, 22% relative improvement; t(29) = 15.61, p * 0.001;
one-tail) and AC-DTW (2.55 MOS, 17% relative improvement;
t(29) = 12.04, p * 0.001; one-tail). These results suggest that
the proposed algorithm can boost the acoustic quality of the
converted speech using exactly the same training data without
even having to modify the GMM training and spectral conversion
methods.
Voice quality: Following our prior work [32], we used a

voice similarity score (VSS) ranging from -7 (definitely different
speakers) to +7 (definitely same speaker) to assess the speaker’s
voice quality. Twenty-six participants rated 150 utterance pairs:
50 pairs per system (25 AC-L1 and 25 AC-L2 pairs, each
pair contained one AC and one L1 [native]/L2 [non-native]
utterance), and ten pairs per conversion direction. Following

Fig. 6. Voice quality results; AC-L1: VSS between AC and native (L1)
speaker; AC-L2: VSS between AC and non-native (L2) speaker; the middle
bars in the boxes show the median values and diamond markers (+) show the
mean values, the plus signs (+) indicate outliers, those notations apply to all
boxplots in this paper.

Felps et al. [7], we played utterances in reverse to prevent the
accent from interfering with the perception of voice quality. In
each trial, listeners first answered whether both utterances were
produced by the same speaker (+1) or different speakers (−1),
and then rated their confidence level on a 7-point scale (1-Not
at all confident, 7-Extremely confident). The VSS was then
compiled by multiplying the response from the first question
with the confidence rating. Results are summarized in Fig. 6.
Overall, the three systems have similar VSS, and AC-L1 pairs re-
ceived an average VSS between −3.29 to −3.62, indicating that
listeners were “confident” that the AC utterances had a different
voice quality from those of the native speaker. Likewise, AC-L2
pairs received an average VSS between 3.50 to 4.07, indicating
that listeners were “confident” that the same speaker produced
the AC and L2 utterances. When analyzing the AC-L1 pairs,
we found no significant differences in VSS between AC-PPG
and either baseline (AC-PPG:AC-SIM t(25) = 1.13, p = 0.27;
AC-PPG:AC-DTW, t(25) = 1.95, p = 0.06; two-tail). These
results suggest that the three methods are equivalent in terms
of producing speech that is different from the native speaker.
When analyzing AC-L2 pairs, we found no significant differ-
ence between AC-PPG and AC-SIM (t(25) = 0.42, p = 0.68,
two-tail), suggesting that the new accent conversion algorithm
did not sacrifice the speaker’s voice quality. However, AC-DTW
achieved a higher VSS (4.07) than AC-PPG (3.50); one-tail
t-test (t(25) = 3.59, p * 0.05). One possible explanation for
this result is that listeners still picked up subtle cues of non-native
accent in the AC-DTW speech samples, and used it to rate voice
quality. Because AC-DTW only performs voice conversion, it
retains some of the non-native speaker’s accent. This residual
non-native accent may have led listeners to rate samples from
AC-DTW as more similar to the non-native speech, even though
the recordings were played backwards. This explanation is con-
sistent with prior studies [51], [52] showing that, even when
speech is played backwards, native English speakers can still
detect non-native English accents.
Non-native accentedness: We used a preference test to de-

termine if AC-PPG does indeed make the converted speech
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Fig. 7. (a) Accent preference score with 95% confidence interval. (b) Cumu-
lative confidence score for accentedness with 95% confidence interval.

sound more native-like. Thirty native English speakers rated
150 utterance pairs: 50 pairs for each comparison: AC-PPG
vs. AC-SIM, AC-PPG vs. AC-DTW, and AC-PPG vs. L2 (i.e.,
original utterances from the non-native speaker), ten pairs of
utterances per conversion direction, each utterance pair was
from the same sentence. Listeners were asked to choose the
most native-like (least foreign) utterance from each pair, and
then rate their confidence level using a seven-point scale (1-Not
confident at all, 7-Very confident). Aryal and Gutierrez [12] had
previously established that AC-SIM outperforms AC-DTW and
L2 in this task; therefore, we omitted those comparisons in this
study.

In a first analysis, we sought to determine if a particular system
was preferred as “less-accented” and compared the preference
ratings from the participants. Results are summarized in Fig. 7
(a). On average, listeners were very confident (mean: 98%, STD:
3%) that the AC-PPG conversions were more native-like than
the original non-native utterances. More importantly, listeners
were positive that AC-PPG outperformed both AC-SIM (mean:
69%, STD: 11%) and AC-DTW (mean: 72%, STD: 10%). All the
above preference scores are statistically significant (p * 0.001;
one-tail) compared with chance levels (50%). Since preference
tests sometimes are too coarse and will mask out nuances in
raters’ attitudes, we further used the confidence ratings to com-
pute a more detailed measurement – the cumulative confidence
score (CCS) [53]. The CCS for each system in each comparison
pair was computed as follows. We treat each response as if it
were assigning a number of points to a system; for example, if
a listener preferred the AC-PPG system and was “somewhat
confident” (rated as three), then the AC-PPG system would
receive three points. We then computed the average CCS that
listeners allocated to each system. Therefore, the highest score a
system can get is 350 points (7 × 50), within a comparison pair.

Fig. 8. Foreign accentedness ratings for L1 (native English), L2 (non-native
English), and AC speech; the error bars show 95% confidence intervals.

Results are summarized in Fig. 7(b). As shown, all comparison
pairs have the same trend as in the preference test, with AC-PPG
performing significantly better than both baselines. All differ-
ences in CCS were statistically significant (p * 0.001, one-tail).

B. Experiment 2: Native to Non-Native Conversion

In a second experiment, we evaluated whether AC-PPG can
perform the accent conversion task in the opposite direction
– creating a voice that has the native speaker’s voice quality,
but speaking with a non-native accent. Prior work [54] has
tackled this problem from a Text-To-Speech perspective, so we
wanted to determine if it could also be achieved through ac-
cent conversion. Accordingly, for this experiment we performed
accent conversion in five directions that were from non-native
to native English speakers, i.e., RRBI to BDL, HKK to BDL,
YKWK to BDL, ABA to BDL, and TNI to CLB. The training
and testing data for all speakers was identical as that used for
Experiment 1.

In an initial listening test, we recruited 20 subjects to rate
the non-native English accent of the converted speech using a
nine-point Likert-scale rating test [2], where 1 corresponded to
“no accent” and 9 to “very strong accent.” For each conversion
direction, we randomly picked five utterances, and we made
sure that the final 25 (5 × 5) utterances for evaluation were
from different elicitation sentences. To provide a reference, we
also included the same set of sentences that were uttered by
the native and non-native speaker in the test. Therefore, all
listeners rated 75 (25 × 3) sentences. Given that our native
speakers (BDL and CLB) spoke American English, before the
test, we instructed listeners to consider that “A ‘foreign accent’ is
defined as an accent that is different from the General American
English accent.” We also provided two samples of American
accent English that were produced by native speakers not used
in this study. All listeners were geographically located in the
United States and all but one listeners self-reported to be native
English speakers. The only listener whose native language is not
English is a native Italian speaker who also speaks English and
French, and since this participant passed our American accent
pretest, we did not exclude this participant’s responses. Results
are summarized in Fig. 8. On average, listeners rated the native
speech to be 1.4 points (closer to “no accent”) and the non-native
speech to be 6.4 points (closer to “very strong accent”). The
accent-converted speech had an average rating of 6.2 points
(closer to “very strong accent”), which was similar to the ratings
of the non-native speech. No significant difference was found
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Fig. 9. Voice similarity score for AC-L1 and AC-L2 comparisons.

between accentedness ratings of non-native and AC speech
(t(19) = 0.82, p = 0.42, two-tail). Therefore, this experiment
indicates that our accent conversion approach was able to impart
the non-native accent of the non-native speaker to utterances
from a native speaker.

In a second listening test, we focused on evaluating whether
the converted speech retained the voice quality of the original
(native) speaker. Accordingly, we used the same VSS test as in
Experiment 1 to produce voice similarity scores between AC
sentences and the original native/non-native sentences. Twenty
listeners rated 50 utterance pairs, among which 25 were AC-L1,
and the rest were AC-L2 pairs. As before, we randomized all
presentation order and played the recordings in reverse. Results
are summarized in Fig. 9. Listeners were “confident” that AC
utterances had the voice quality of the native speakers (mean
AC-L1 VSS score 2.87), and was different from the non-native
speaker (mean AC-L2 VSS score -3.90) despite that they share
the same accent. Considering the results from both listening
tests in this experiment, we can conclude that AC-PPG is able
to impart a non-native accent to native voices.

C. Experiment 3: AC-PPG Using Non-Parallel Training Data

Our method does not impose timing constraints when pairing
native and non-native speech frames: an acoustic frame from the
native speaker is paired with a frame in the non-native speaker’s
training set by minimizing the symmetric KL divergence be-
tween their respective PPGs. Thus, in principle, our method
removes the constraint that native and non-native speakers must
produce the same set of utterances. This property is particu-
larly useful for real-world applications because it allows more
flexibility when recording training sentences. Therefore, in a
third and final experiment we evaluated the AC performance by
comparing two variants of our method:

- AC-PPG-P: the same system used in Experiment 1, i.e.,
using parallel sentences as the training data;

- AC-PPG-NP: a system that used non-parallel sentences.
For this purpose, we randomly selected 100 native training
utterances that were different from those in the non-native
training or non-native test sentences. As a result, the na-
tive and non-native speakers never uttered any common
sentence. All other configurations for this system were the
same as AC-PPG-P.

Fig. 10. Preference scores for comparing the acoustic quality of AC-PPG-P
and AC-PPG-NP; the error bars display the 95% confidence intervals.

Fig. 11. Preference scores for comparing foreign accentedness of AC-PPG-P
and AC-PPG-NP; the error bars display the 95% confidence intervals.

The AC directions and test sentences were the same as those
used in Experiment 1. For each system, we generated accent
converted sentences from all 50 testing samples for evaluation.

In a first listening study, we used a preference test to de-
termine which system yielded better acoustic quality. Twenty
participants rated 50 utterance pairs – one from AC-PPG-P and
the other from AC-PPG-NP, both utterances having the same
linguistic content. We randomly selected 10 utterance pairs
from each AC direction. For each pair, participants were asked
to pick the utterance that has the best acoustic quality. The
test allowed them to choose “no preference” as their response.
Results are summarized in Fig. 10. The majority of the votes
(40.3%) reflected no difference between the acoustic quality of
the two systems (“no preference”), and both systems received
a similar percentage of votes (29.7% for AC-PPG-P; 30.0%
for AC-PPG-NP). We found no significant difference in terms
of acoustic quality between using parallel or non-parallel data
(t(19) = 0.11, p = 0.91, two-tail).

In a second listening test, we investigated whether using
non-parallel data would affect the non-native ratings of the
converted speech. The experimental protocol was the same as
the one we used in the acoustic quality experiment, except that
in this case, for each AC-PPG-P and AC-PPG-NP utterance pair,
we asked participants to select the one that had the “least foreign
accent.” Twenty participants rated 50 utterance pairs, 10 pairs
for each AC direction. Results are summarized in Fig. 11. The
vast majority of the votes (84.3%) indicated that there was no
difference between the two systems. Furthermore, a t-test on the
preference scores for AC-PPG-P (mean 7.7%) and AC-PPG-NP
(mean 8.0%) revealed no significant differences (t(19) = 0.17,
p = 0.86, two-tail).

Finally, we asked 21 listeners to rate AC-PPG-NP sentences
in terms of voice quality. Each listener rated 50 converted utter-
ances, where we randomly selected 10 utterances from all 5 con-
version directions. The VSS scores are summarized in Fig. 12.
The average AC-L1 VSS is -2.64 (std: 1.52), and 3.07 (std: 1.48)
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Fig. 12. Voice similarity scores for AC-PPG-NP.

for AC-L2. Using a two-tail independent samples t-test assuming
unequal variances,8 we found no significant difference between
the average VSS for the AC-PPG system in Fig. 6 and those
in Fig. 12. For AC-L1, the test gave t(43) = 1.44, p = 0.16.
For AC-L2, the test yielded t(40) = 1.06, p = 0.29. Thus, this
experiment verified that using non-parallel data still allows our
frame-pairing technique to preserve the non-native speaker’s
voice quality in the converted speech.

VI. DISCUSSION

In prior work [12], Aryal and Gutierrez-Osuna had shown
that paring speech frames based on acoustic similarity (i.e., the
AC-SIM baseline in our study), and then using the resulting
frame pairs to train a voice conversion model could be used to
create a voice that captured a native speaker’s pronunciation
and a non-native speaker’s voice quality. Their method was
able to achieve significantly better accentedness rating compared
with pairing frames using DTW, though the results were based
on a single pair of speakers. During our internal evaluations
(results not shown) with multiple pairs of speakers and several
set of non-native accents, we found that the speech generated by
AC-SIM still contained noticeable mispronunciations. Since
AC-SIM normalizes the vocal tract length difference between
native and non-native speakers, we hypothesized that there
remains a lot of other unattended speaker-dependent (SD) infor-
mation in the VTLN-transformed acoustic feature space, which
makes the resulting frame pairing not ideal. PPGs, on the other
hand, are produced by speaker-independent (SI) acoustic models
built for ASR. As a result, the most dominant information in
PPGs is linguistic information. These analyses reinforced our
intuition to use AC-PPG to eliminate the effects of SD cues in
the frame pairing process.

The listening tests in Experiment 1 show that the proposed
frame pairing method can significantly reduce the non-native
accent ratings compared with two baselines. In terms of voice
similarity between the non-native speaker and the converted
speech, AC-PPG performs as well as AC-SIM. Although the
speech generated by AC-DTW was rated more similar to the
non-native speaker than AC-PPG, we suspected that it is hard

8The two groups we are comparing have 26 (AC-PPG in Fig. 6) and 21
(AC-PPG-NP) subjects respectively, therefore, it is not reasonable to assume
that they have the same variance.

to decouple the influence of accent and voice quality on the
perceived speaker identity (refer to Section I for difference
between voice quality and speaker identity). Listeners may have
used the remaining foreign accent in the AC-DTW utterances
to select the speaker identity of the utterances instead of their
voice quality. Therefore, an interesting future direction would
be to design a new perceptual experiment protocol that can
better decouple voice quality and accent in spoken sentences,
compared with the current solution of playing audio in reverse.

Another interesting observation from Experiment 1 is that
despite using the same spectral conversion model as the two
baseline systems, AC-PPG can significantly boost the acoustic
quality of the synthesis. When comparing the speech syntheses
from AC-PPG with the others, we did notice that there were
fewer noises and artifacts. One possible explanation for this
is that AC-PPG pairs frames with similar phonetic context.
Therefore, frame pairs have similar spectral structures, making
the statistical regression model for spectra estimation less likely
to introduce odd shapes in the predicted spectral envelopes.
Consequently, better spectral predictions lead to better synthesis
quality. Future work could investigate if this property of AC-PPG
generalizes to other statistical conversion models that take frame
pairs as training input (e.g., deep neural networks [10], [29],
direct waveform modification [9]).
Experiments 2 and 3 investigated other interesting aspects of

the proposed frame-pairing method. Experiment 2 verified that
AC-PPG could also work in the opposite conversion direction
– creating an artificial voice that has a native speaker’s voice
quality while speaking in a foreign accent. This artificial voice
can be useful for generating materials for perceptual studies.
For example, it can map speech from speakers that have different
accents to the same voice quality, therefore removing the impact
of voice quality when comparing differences in accents. Experi-
ment 3 verified that we could use non-parallel dataset to achieve
the same accent conversion performance (measured in acoustic
quality, accentedness, and voice quality) using AC-PPG. One
possible reason why we could use non-parallel training data is
that AC-PPG looks at a fine-grained context (95 ms in the current
implementation),9 and this context size is comparable with the
duration of a vowel [55] or consonant [56] segment in American
English. Therefore, as long as the two sets of training data
from native and non-native speakers have a balanced phonetic
distribution, the approach is indifferent to the actual word-level
prompts. The non-parallel data constraint is much more relaxed
than the widely used parallel constraint, making the proposed
method applicable to real-world scenarios, where parallel data
are scarce or tedious to obtain.

AC-PPG can run efficiently with careful optimization and
GPU-based parallelization. In our experiments, it generally took
no more than two minutes to compute the pairing between 100
training utterances (∼5 minutes of speech) from the native and

9Each frame of PPG feature looks at a larger context than the analysis window
(25 ms), because the input to the acoustic model consists of nine frames of
adjacent LDA feature, and each frame was computed from seven consecutive
MFCC feature vectors (25 ms). Therefore, the total context for a frame of PPG
feature is 9 + 7 − 1 = 15 consecutive analysis windows, which converts to 95
ms under a 5 ms window shift.
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non-native speakers. Further reductions in computation time
may be achieved via dimensionality reduction and clustering.

At present, our ratings of acoustic quality are on the low end of
what state-of-the-art voice conversion systems can achieve [57].
This is largely due to the choice of voice conversion system used,
i.e., a conventional GMM-based spectral conversion system as
a case study, which was needed to ensure a fair comparison with
our previous work [12]. Fortunately, our frame-pairing approach
can be combined with other spectral conversion methods to
produce higher quality speech synthesis. For example, instead
of converting speech frame-by-frame, we could perform the
conversion over a larger context (e.g., sequence to sequence
conversion [58].) Using a larger conversion context is likely
to increase the acoustic quality [59], [60]. More importantly,
mispronunciations often occur at the segment level, which is
beyond the scope of frame-level conversion, and contextual
information has to be taken into consideration to accurately
correct segmental pronunciation errors in accent conversion.

Another line of ongoing work in our group is to relax the non-
parallel data constraint further to allow the use of cross-lingual
training data. In preliminary experiments (not shown here),
we successfully performed accent conversion using utterances
recorded in the target speaker’s native language to capture their
voice quality.10

VII. CONCLUSION

We have proposed a new frame-pairing method based on
the phonetic similarity between acoustic frames. To measure
phonetic similarity, we map source and target frames into a pho-
netic posteriorgram space using speaker-independent acoustic
models trained on a native English corpus. Through a series
of perceptual studies, we have shown that merely changing
the frame pairing method can lead to significant improvement
in acoustic quality and “nativeness,” while keeping the voice
quality of the non-native speaker. Our results also show that
the approach works well across multiple non-native speakers
with different native tongues. Additionally, the proposed algo-
rithm does not need parallel data for training, which is ideal
for real-world applications. Our approach only requires 5–10
minutes of speech data from the non-native speaker, making
it practical for pronunciation training in realistic settings [63].
The implementation of the proposed system can be found at
https://github.com/guanlongzhao/ppg-gmm.
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10In these preliminary experiments, we used native Brazilian Portuguese
speakers from the SID dataset [61] as the target speakers. Since Portuguese share
some phonological similarities with English [62], we used the acoustic model
used in this study directly to produce the PPGs from native Portuguese speech.
For future work and more general cases (e.g., languages from the Sino-Tibetan
family), we have to include senones from the target speaker’s native tongues in
the acoustic modeling process.
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Soft-DTW: a Differentiable Loss Function for Time-Series

Marco Cuturi 1 Mathieu Blondel 2

Abstract

We propose in this paper a differentiable learning
loss between time series, building upon the cel-
ebrated dynamic time warping (DTW) discrep-
ancy. Unlike the Euclidean distance, DTW can
compare time series of variable size and is ro-
bust to shifts or dilatations across the time di-
mension. To compute DTW, one typically solves
a minimal-cost alignment problem between two
time series using dynamic programming. Our
work takes advantage of a smoothed formula-
tion of DTW, called soft-DTW, that computes the
soft-minimum of all alignment costs. We show
in this paper that soft-DTW is a differentiable

loss function, and that both its value and gradi-
ent can be computed with quadratic time/space
complexity (DTW has quadratic time but linear
space complexity). We show that this regular-
ization is particularly well suited to average and
cluster time series under the DTW geometry, a
task for which our proposal significantly outper-
forms existing baselines (Petitjean et al., 2011).
Next, we propose to tune the parameters of a ma-
chine that outputs time series by minimizing its
fit with ground-truth labels in a soft-DTW sense.

1. Introduction

The goal of supervised learning is to learn a mapping that
links an input to an output objects, using examples of such
pairs. This task is noticeably more difficult when the out-
put objects have a structure, i.e. when they are not vec-
tors (Bakir et al., 2007). We study here the case where each
output object is a time series, namely a family of observa-
tions indexed by time. While it is tempting to treat time
as yet another feature, and handle time series of vectors
as the concatenation of all these vectors, several practical
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Input Output

Figure 1. Given the first part of a time series, we trained two

multi-layer perceptron (MLP) to predict the entire second part.

Using the ShapesAll dataset, we used a Euclidean loss for the first

MLP and the soft-DTW loss proposed in this paper for the second

one. We display above the prediction obtained for a given test

instance with either of these two MLPs in addition to the ground

truth. Oftentimes, we observe that the soft-DTW loss enables us

to better predict sharp changes. More time series predictions are

given in Appendix F.

issues arise when taking this simplistic approach: Time-
indexed phenomena can often be stretched in some areas
along the time axis (a word uttered in a slightly slower pace
than usual) with no impact on their characteristics; varying
sampling conditions may mean they have different lengths;
time series may not synchronized.

The DTW paradigm. Generative models for time series
are usually built having the invariances above in mind:
Such properties are typically handled through latent vari-
ables and/or Markovian assumptions (Lütkepohl, 2005,
Part I,§18). A simpler approach, motivated by geometry,
lies in the direct definition of a discrepancy between time
series that encodes these invariances, such as the Dynamic
Time Warping (DTW) score (Sakoe & Chiba, 1971; 1978).
DTW computes the best possible alignment between two
time series (the optimal alignment itself can also be of in-
terest, see e.g. Garreau et al. 2014) of respective length n
and m by computing first the n→m pairwise distance ma-
trix between these points to solve then a dynamic program
(DP) using Bellman’s recursion with a quadratic (nm) cost.

The DTW geometry. Because it encodes efficiently a use-
ful class of invariances, DTW has often been used in a dis-
criminative framework (with a k-NN or SVM classifier) to
predict a real or a class label output, and engineered to run
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faster in that context (Yi et al., 1998). Recent works by
Petitjean et al. (2011); Petitjean & Gançarski (2012) have,
however, shown that DTW can be used for more innova-
tive tasks, such as time series averaging using the DTW
discrepancy (see Schultz & Jain 2017 for a gentle introduc-
tion to these ideas). More generally, the idea of synthetis-
ing time series centroids can be regarded as a first attempt
to output entire time series using DTW as a fitting loss.
From a computational perspective, these approaches are,
however, hampered by the fact that DTW is not differen-
tiable and unstable when used in an optimization pipeline.

Soft-DTW. In parallel to these developments, several au-
thors have considered smoothed modifications of Bell-
man’s recursion to define smoothed DP distances (Bahl &
Jelinek, 1975; Ristad & Yianilos, 1998) or kernels (Saigo
et al., 2004; Cuturi et al., 2007). When applied to the
DTW discrepancy, that regularization results in a soft-DTW

score, which considers the soft-minimum of the distribution
of all costs spanned by all possible alignments between
two time series. Despite considering all alignments and
not just the optimal one, soft-DTW can be computed with
a minor modification of Bellman’s recursion, in which all
(min,+) operations are replaced with (+,→). As a result,
both DTW and soft-DTW have quadratic in time & linear
in space complexity with respect to the sequences’ lengths.
Because soft-DTW can be used with kernel machines, one
typically observes an increase in performance when using
soft-DTW over DTW (Cuturi, 2011) for classification.

Our contributions. We explore in this paper another
important benefit of smoothing DTW: unlike the original
DTW discrepancy, soft-DTW is differentiable in all of its
arguments. We show that the gradients of soft-DTW w.r.t
to all of its variables can be computed as a by-product of
the computation of the discrepancy itself, with an added
quadratic storage cost. We use this fact to propose an al-
ternative approach to the DBA (DTW Barycenter Averag-
ing) clustering algorithm of (Petitjean et al., 2011), and
observe that our smoothed approach significantly outper-
forms known baselines for that task. More generally, we
propose to use soft-DTW as a fitting term to compare the
output of a machine synthesizing a time series segment
with a ground truth observation, in the same way that, for
instance, a regularized Wasserstein distance was used to
compute barycenters (Cuturi & Doucet, 2014), and later
to fit discriminators that output histograms (Zhang et al.,
2015; Rolet et al., 2016). When paired with a flexible
learning architecture such as a neural network, soft-DTW
allows for a differentiable end-to-end approach to design
predictive and generative models for time series, as illus-
trated in Figure 1. Source code is available at https:
//github.com/mblondel/soft-dtw.

Structure. After providing background material, we show

in §2 how soft-DTW can be differentiated w.r.t the locations
of two time series. We follow in §3 by illustrating how
these results can be directly used for tasks that require to
output time series: averaging, clustering and prediction of
time series. We close this paper with experimental results
in §4 that showcase each of these potential applications.

Notations. We consider in what follows multivariate dis-
crete time series of varying length taking values in Ω ⊂ Rp.
A time series can be thus represented as a matrix of p lines
and varying number of columns. We consider a differen-
tiable substitution-cost function δ : Rp → Rp ↓ R+ which
will be, in most cases, the quadratic Euclidean distance be-
tween two vectors. For an integer n we write !n" for the set
{1, . . . , n} of integers. Given two series’ lengths n and m,
we write An,m ⊂ {0, 1}n×m for the set of (binary) align-
ment matrices, that is paths on a n→m matrix that connect
the upper-left (1, 1) matrix entry to the lower-right (n,m)
one using only ↓,↓,↘ moves. The cardinal of An,m is
known as the delannoy(nց1,mց1) number; that number
grows exponentially with m and n.

2. The DTW and soft-DTW loss functions

We propose in this section a unified formulation for the
original DTW discrepancy (Sakoe & Chiba, 1978) and
the Global Alignment kernel (GAK) (Cuturi et al., 2007),
which can be both used to compare two time series x =
(x1, . . . , xn) ∈ Rp×n and y = (y1, . . . , ym) ∈ Rp×m.

2.1. Alignment costs: optimality and sum

Given the cost matrix ∆(x,y) :=
[
δ(xi, yj)

]
ij

∈ Rn×m,

the inner product 〈A,∆(x,y) 〉 of that matrix with an align-
ment matrix A in An,m gives the score of A, as illustrated
in Figure 2. Both DTW and GAK consider the costs of all
possible alignment matrices, yet do so differently:

DTW(x,y) := min
A∈An,m

〈A,∆(x,y) 〉,

kγGA(x,y) :=
∑

A∈An,m

e−〈A,∆(x,y) 〉/γ .
(1)

DP Recursion. Sakoe & Chiba (1978) showed that the
Bellman equation (1952) can be used to compute DTW.
That recursion, which appears in line 5 of Algorithm 1 (dis-
regarding for now the exponent γ), only involves (min,+)
operations. When considering kernel kγGA and, instead, its
integration over all alignments (see e.g. Lasserre 2009),
Cuturi et al. (2007, Theorem 2) and the highly related for-
mulation of Saigo et al. (2004, p.1685) use an old algo-
rithmic appraoch (Bahl & Jelinek, 1975) which consists
in (i) replacing all costs by their neg-exponential; (ii) re-
place (min,+) operations with (+,→) operations. These
two recursions can be in fact unified with the use of a soft-
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y1 y2 y3 y4 y5 y6
x1

x2

x3

x4

δ1,1 δ1,2 δ1,3 δ1,4 δ1,5 δ1,6

δ2,1 δ2,2 δ2,3 δ2,4 δ2,5 δ2,6

δ3,1 δ3,2 δ3,3 δ3,4 δ3,5 δ3,6

δ4,1 δ4,2 δ4,3 δ4,4 δ4,5 δ4,6

Figure 2. Three alignment matrices (orange, green, purple, in ad-

dition to the top-left and bottom-right entries) between two time

series of length 4 and 6. The cost of an alignment is equal to the

sum of entries visited along the path. DTW only considers the

optimal alignment (here depicted in purple pentagons), whereas

soft-DTW considers all delannoy(n − 1,m − 1) possible align-

ment matrices.

minimum operator, which we present below.

Unified algorithm Both formulas in Eq. (1) can be com-
puted with a single algorithm. That formulation is new to
our knowledge. Consider the following generalized min
operator, with a smoothing parameter γ ≥ 0:

minγ{a1, . . . , an} :=

{
mini≤n ai, γ = 0,

ցγ log
∑n

i=1 e
−ai/γ , γ > 0.

With that operator, we can define γ-soft-DTW:

dtwγ(x,y) := minγ{〈A,∆(x,y) 〉, A ∈ An,m}.

The original DTW score is recovered by setting γ to 0.
When γ > 0, we recover dtwγ = ցγ log kγGA. Most
importantly, and in either case, dtwγ can be computed
using Algorithm 1, which requires (nm) operations and
(nm) storage cost as well . That cost can be reduced to
2n with a more careful implementation if one only seeks
to compute dtwγ(x,y), but the backward pass we con-
sider next requires the entire matrix R of intermediary
alignment costs. Note that, to ensure numerical stabil-
ity, the operator minγ must be computed using the usual
log-sum-exp stabilization trick, namely that log

∑
i e

zi =
(maxj zj) + log

∑
i e

zi−maxj zj .

2.2. Differentiation of soft-DTW

A small variation in the input x causes a small change
in dtw0(x,y) or dtwγ(x,y). When considering dtw0,
that change can be efficiently monitored only when the
optimal alignment matrix A" that arises when computing
dtw0(x,y) in Eq. (1) is unique. As the minimum over a
finite set of linear functions of ∆, dtw0 is therefore locally
differentiable w.r.t. the cost matrix ∆, with gradient A",
a fact that has been exploited in all algorithms designed to

Algorithm 1 Forward recursion to compute dtwγ(x,y)
and intermediate alignment costs

1: Inputs: x,y, smoothing γ ≥ 0, distance function δ
2: r0,0 = 0; ri,0 = r0,j = ∞; i ∈ !n", j ∈ !m"
3: for j = 1, . . . ,m do
4: for i = 1, . . . , n do
5: ri,j = δ(xi, yj) +minγ{ri−1,j−1, ri−1,j , ri,j−1}
6: end for
7: end for
8: Output: (rn,m, R)

average time series under the DTW metric (Petitjean et al.,
2011; Schultz & Jain, 2017). To recover the gradient of
dtw0(x,y) w.r.t. x, we only need to apply the chain rule,
thanks to the differentiability of the cost function:

∇xdtw0(x,y) =

(
∂∆(x,y)

∂x

)T

A", (2)

where ∂∆(x,y)/∂x is the Jacobian of ∆ w.r.t. x, a linear
map from Rp×n to Rn×m. When δ is the squared Euclidean
distance, the transpose of that Jacobian applied to a matrix
B ∈ Rn×m is (◦ being the elementwise product):

(∂∆(x,y)/∂x)TB = 2
(
(1p1

T
mBT ) ◦ xց yBT

)
.

With continuous data, A" is almost always likely to be
unique, and therefore the gradient in Eq. (2) will be de-
fined almost everywhere. However, that gradient, when it
exists, will be discontinuous around those values x where
a small change in x causes a change in A", which is likely
to hamper the performance of gradient descent methods.

The case γ > 0. An immediate advantage of soft-DTW
is that it can be explicitly differentiated, a fact that was also
noticed by Saigo et al. (2006) in the related case of edit
distances. When γ > 0, the gradient of Eq. (1) is obtained
via the chain rule,

∇x dtwγ(x,y) =

(
∂∆(x,y)

∂x

)T

Eγ [A], (3)

where Eγ [A] :=
1

kγGA(x,y)

∑

A∈An,m

e−〈A,∆(x,y)/γ 〉A,

is the average alignment matrix A under the Gibbs distri-
bution pγ ∝ e−〈A,∆(x,y) 〉/γ defined on all alignments in
An,m. The kernel kγGA(x,y) can thus be interpreted as
the normalization constant of pγ . Of course, since An,m

has exponential size in n and m, a naive summation is not
tractable. Although a Bellman recursion to compute that
average alignment matrix Eγ [A] exists (see Appendix A)
that computation has quartic (n2m2) complexity. Note that
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this stands in stark contrast to the quadratic complexity ob-
tained by Saigo et al. (2006) for edit-distances, which is due
to the fact the sequences they consider can only take values
in a finite alphabet. To compute the gradient of soft-DTW,
we propose instead an algorithm that manages to remain
quadratic (nm) in terms of complexity. The key to achieve
this reduction is to apply the chain rule in reverse order of
Bellman’s recursion given in Algorithm 1, namely back-
propagate. A similar idea was recently used to compute the
gradient of ANOVA kernels in (Blondel et al., 2016).

2.3. Algorithmic differentiation

Differentiating algorithmically dtwγ(x,y) requires doing
first a forward pass of Bellman’s equation to store all in-
termediary computations and recover R = [ri,j ] when
running Algorithm 1. The value of dtwγ(x,y)—stored
in rn,m at the end of the forward recursion—is then im-
pacted by a change in ri,j exclusively through the terms
in which ri,j plays a role, namely the triplet of terms
ri+1,j , ri,j+1, ri+1,j+1. A straightforward application of
the chain rule then gives

∂rn,m

∂ri,j︸ ︷︷ ︸
ei,j

= ∂rn,m

∂ri+1,j︸ ︷︷ ︸
ei+1,j

∂ri+1,j

∂ri,j
+ ∂rn,m

∂ri,j+1︸ ︷︷ ︸
ei,j+1

∂ri,j+1

∂ri,j
+ ∂rn,m

∂ri+1,j+1︸ ︷︷ ︸
ei+1,j+1

∂ri+1,j+1

∂ri,j
,

in which we have defined the notation of the main object

of interest of the backward recursion: ei,j := ∂rn,m

∂ri,j
. The

Bellman recursion evaluated at (i+1, j) as shown in line 5
of Algorithm 1 (here δi+1,j is δ(xi+1, yj)) yields :

ri+1,j = δi+1,j +minγ{ri,j−1, ri,j , ri+1,j−1},

which, when differentiated w.r.t ri,j yields the ratio:

∂ri+1,j

∂ri,j
= e−ri,j/γ/

(
e−ri,j−1/γ + e−ri,j/γ + e−ri+1,j−1/γ

)
.

The logarithm of that derivative can be conveniently cast
using evaluations of minγ computed in the forward loop:

γ log
∂ri+1,j

∂ri,j
= minγ{ri,j−1, ri,j , ri+1,j−1}ց ri,j

= ri+1,j ց δi+1,j ց ri,j .

Similarly, the following relationships can also be obtained:

γ log
∂ri,j+1

∂ri,j
= ri,j+1 ց ri,j ց δi,j+1,

γ log
∂ri+1,j+1

∂ri,j
= ri+1,j+1 ց ri,j ց δi+1,j+1.

We have therefore obtained a backward recursion to com-
pute the entire matrix E = [ei,j ], starting from en,m =
∂rn,m

∂rn,m
= 1 down to e1,1. To obtain ∇x dtwγ(x,y), notice

that the derivatives w.r.t. the entries of the cost matrix ∆
can be computed by

∂rn,m

∂δi,j
= ∂rn,m

∂ri,j

∂ri,j
∂δi,j

= ei,j · 1 = ei,j ,
and therefore we have that

∇x dtwγ(x,y) =

(
∂∆(x,y)

∂x

)T

E,

where E is exactly the average alignment Eγ [A] in
Eq. (3). These computations are summarized in Algo-
rithm 2, which, once ∆ has been computed, has complexity
nm in time and space. Because minγ has a 1/γ-Lipschitz
continuous gradient, the gradient of dtwγ is 2/γ-Lipschitz
continuous when δ is the squared Euclidean distance.

Algorithm 2 Backward recursion to compute ∇x dtwγ(x,y)

1: Inputs: x,y, smoothing γ ≥ 0, distance function δ
2: (·, R) = dtwγ(x,y), ∆ = [δ(xi, yj)]i,j
3: δi,m+1 = δn+1,j = 0, i ∈ !n", j ∈ !m"
4: ei,m+1 = en+1,j = 0, i ∈ !n", j ∈ !m"
5: ri,m+1 = rn+1,j = ց∞, i ∈ !n", j ∈ !m"
6: δn+1,m+1 = 0, en+1,m+1 = 1, rn+1,m+1 = rn,m
7: for j = m, . . . , 1 do
8: for i = n, . . . , 1 do
9: a = exp 1

γ (ri+1,j ց ri,j ց δi+1,j)

10: b = exp 1
γ (ri,j+1 ց ri,j ց δi,j+1)

11: c = exp 1
γ (ri+1,j+1 ց ri,j ց δi+1,j+1)

12: ei,j = ei+1,j · a+ ei,j+1 · b+ ei+1,j+1 · c
13: end for
14: end for

15: Output: ∇x dtwγ(x,y) =
(

∂∆(x,y)
∂x

)T
E

3. Learning with the soft-DTW loss

3.1. Averaging with the soft-DTW geometry

We study in this section a direct application of Algorithm 2
to the problem of computing Fréchet means (1948) of time
series with respect to the dtwγ discrepancy. Given a
family of N times series y1, . . . ,yN , namely N matrices
of p lines and varying number of columns, m1, . . . ,mN ,
we are interested in defining a single barycenter time se-
ries x for that family under a set of normalized weights
λ1, . . . ,λN ∈ R+ such that

∑N
i=1 λi = 1. Our goal is thus

to solve approximately the following problem, in which we
have assumed that x has fixed length n:

min
x∈Rp×n

N∑

i=1

λi

mi
dtwγ(x,yi). (4)

Note that each dtwγ(x,yi) term is divided by mi, the
length of yi. Indeed, since dtw0 is an increasing (roughly
linearly) function of each of the input lengths n and mi, we
follow the convention of normalizing in practice each dis-
crepancy by n →mi. Since the length n of x is here fixed
across all evaluations, we do not need to divide the objec-
tive of Eq. (4) by n. Averaging under the soft-DTW geom-
etry results in substantially different results than those that
can be obtained with the Euclidean geometry (which can
only be used in the case where all lengths n = m1 = · · · =

IPR2026-00272 
Krisp Technologies EX1010 Page 299



Soft-DTW: a Differentiable Loss Function for Time-Series

δi,j

δi+1,j

δi,j+1

δi+1,j+1

ri−1,j−1 ri−1,j ri−1,j+1

ri,j−1 ri,j ri,j+1

ri+1,j−1 ri+1,j ri+1,j+1

e
1
γ (ri+1,j−ri,j−δi+1,j) e

1
γ (ri+1,j+1−ri,j−δi+1,j+1)

e
1
γ (ri,j+1−ri,j−δi,j+1)ei,j

ei+1,j ei+1,j+1

ei,j+1

Figure 3. Sketch of the computational graph for soft-DTW, in the forward pass used to compute dtwγ (left) and backward pass used to

compute its gradient ∇x dtwγ (right). In both diagrams, purple shaded cells stand for data values available before the recursion starts,

namely cost values (left) and multipliers computed using forward pass results (right). In the left diagram, the forward computation of

ri,j as a function of its predecessors and δi,j is summarized with arrows. Dotted lines indicate a minγ operation, solid lines an addition.

From the perspective of the final term rn,m, which stores dtwγ(x,y) at the lower right corner (not shown) of the computational graph,

a change in ri,j only impacts rn,m through changes that ri,j causes to ri+1,j , ri,j+1 and ri+1,j+1. These changes can be tracked using

Eq. (2.3,2.3) and appear in lines 9-11 in Algorithm 2 as variables a, b, c, as well as in the purple shaded boxes in the backward pass

(right) which represents the recursion of line 12 in Algorithm 2.

mN are equal), as can be seen in the intuitive interpolations
we obtain between two time series shown in Figure 4.

Non-convexity of dtwγ . A natural question that arises
from Eq. (4) is whether that objective is convex or not. The
answer is negative, in a way that echoes the non-convexity
of the k-means objective as a function of cluster centroids
locations. Indeed, for any alignment matrix A of suitable
size, each map x ∝↓ 〈A,∆(x,y) 〉 shares the same convex-
ity/concavity property that δ may have. However, both min
and minγ can only preserve the concavity of elementary
functions (Boyd & Vandenberghe, 2004, pp.72-74). There-
fore dtwγ will only be concave if δ is concave, or become
instead a (non-convex) (soft) minimum of convex functions
if δ is convex. When δ is a squared-Euclidean distance,
dtw0 is a piecewise quadratic function of x, as is also the
case with the k-means energy (see for instance Figure 2
in Schultz & Jain 2017). Since this is the setting we con-
sider here, all of the computations involving barycenters
should be taken with a grain of salt, since we have no way
of ensuring optimality when approximating Eq. (4).

Smoothing helps optimizing dtwγ . Smoothing can be
regarded, however, as a way to “convexify” dtwγ . In-
deed, notice that dtwγ converges to the sum of all costs
as γ ↓ ∞. Therefore, if δ is convex, dtwγ will gradually
become convex as γ grows. For smaller values of γ, one
can intuitively foresee that using minγ instead of a mini-
mum will smooth out local minima and therefore provide a
better (although slightly different from dtw0) optimization
landscape. We believe this is why our approach recovers
better results, even when measured in the original dtw0

discrepancy, than subgradient or alternating minimization
approaches such as DBA (Petitjean et al., 2011), which can,
on the contrary, get more easily stuck in local minima. Ev-
idence for this statement is presented in the experimental
section.

(a) Euclidean loss (b) Soft-DTW loss (γ = 1)

Figure 4. Interpolation between two time series (red and blue) on

the Gun Point dataset. We computed the barycenter by solving Eq.

(4) with (λ1,λ2) set to (0.25, 0.75), (0.5, 0.5) and (0.75, 0.25).

The soft-DTW geometry leads to visibly different interpolations.

3.2. Clustering with the soft-DTW geometry

The (approximate) computation of dtwγ barycenters can
be seen as a first step towards the task of clustering time
series under the dtwγ discrepancy. Indeed, one can nat-
urally formulate that problem as that of finding centroids
x1, . . . ,xk that minimize the following energy:

min
x1,...,xk∈Rp×n

N∑

i=1

1

mi
min
j∈[[k]]

dtwγ(xj ,yi). (5)

To solve that problem one can resort to a direct generaliza-
tion of Lloyd’s algorithm (1982) in which each centering
step and each clustering allocation step is done according
to the dtwγ discrepancy.

3.3. Learning prototypes for time series classification

One of the de-facto baselines for learning to classify time
series is the k nearest neighbors (k-NN) algorithm, com-
bined with DTW as discrepancy measure between time se-
ries. However, k-NN has two main drawbacks. First, the
time series used for training must be stored, leading to
potentially high storage cost. Second, in order to com-
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pute predictions on new time series, the DTW discrep-
ancy must be computed with all training time series, lead-
ing to high computational cost. Both of these drawbacks
can be addressed by the nearest centroid classifier (Hastie
et al., 2001, p.670), (Tibshirani et al., 2002). This method
chooses the class whose barycenter (centroid) is closest
to the time series to classify. Although very simple, this
method was shown to be competitive with k-NN, while re-
quiring much lower computational cost at prediction time
(Petitjean et al., 2014). Soft-DTW can naturally be used
in a nearest centroid classifier, in order to compute the
barycenter of each class at train time, and to compute the
discrepancy between barycenters and time series, at predic-
tion time.

3.4. Multistep-ahead prediction

Soft-DTW is ideally suited as a loss function for any task
that requires time series outputs. As an example of such a
task, we consider the problem of, given the first 1, . . . , t
observations of a time series, predicting the remaining
(t + 1), . . . , n observations. Let xt,t′ ∈ Rp×(t′−t+1) be
the submatrix of x ∈ Rp×n of all columns with indices be-
tween t and t′, where 1 ≤ t < t′ < n. Learning to predict
the segment of a time series can be cast as the problem

min
θ∈Θ

N∑

i=1

dtwγ

(
fθ(x

1,t
i ),xt+1,n

i

)
,

where {fθ} is a set of parameterized function that take
as input a time series and outputs a time series. Natural
choices would be multi-layer perceptrons or recurrent neu-
ral networks (RNN), which have been historically trained
with a Euclidean loss (Parlos et al., 2000, Eq.5).

4. Experimental results

Throughout this section, we use the UCR (University
of California, Riverside) time series classification archive
(Chen et al., 2015). We use a subset containing 79 datasets
encompassing a wide variety of fields (astronomy, geology,
medical imaging) and lengths. Datasets include class infor-
mation (up to 60 classes) for each time series and are split
into train and test sets. Due to the large number of datasets
in the UCR archive, we choose to report only a summary
of our results in the main manuscript. Detailed results are
included in the appendices for interested readers.

4.1. Averaging experiments

In this section, we compare the soft-DTW barycenter ap-
proach presented in §3.1 to DBA (Petitjean et al., 2011)
and a simple batch subgradient method.

Experimental setup. For each dataset, we choose a class
at random, pick 10 time series in that class and compute

Table 1. Percentage of the datasets on which the proposed soft-

DTW barycenter is achieving lower DTW loss (Equation (4) with

γ = 0) than competing methods.

Random
initialization

Euclidean mean
initialization

Comparison with DBA

γ = 1 40.51% 3.80%
γ = 0.1 93.67% 46.83%
γ = 0.01 100% 79.75%
γ = 0.001 97.47% 89.87%

Comparison with subgradient method
γ = 1 96.20% 35.44%
γ = 0.1 97.47% 72.15%
γ = 0.01 97.47% 92.41%
γ = 0.001 97.47% 97.47%

their barycenter. For quantitative results below, we repeat
this procedure 10 times and report the averaged results. For
each method, we set the maximum number of iterations
to 100. To minimize the proposed soft-DTW barycenter
objective, Eq. (4), we use L-BFGS.

Qualitative results. We first visualize the barycenters ob-
tained by soft-DTW when γ = 1 and γ = 0.01, by DBA
and by the subgradient method. Figure 5 shows barycen-
ters obtained using random initialization on the ECG200
dataset. More results with both random and Euclidean
mean initialization are given in Appendix B and C.

We observe that both DBA or soft-DTW with low smooth-
ing parameter γ yield barycenters that are spurious. On
the other hand, a descent on the soft-DTW loss with suf-
ficiently high γ converges to a reasonable solution. For
example, as indicated in Figure 5 with DTW or soft-DTW
(γ = 0.01), the small kink around x = 15 is not repre-
sentative of any of the time series in the dataset. However,
with soft-DTW (γ = 1), the barycenter closely matches the
time series. This suggests that DTW or soft-DTW with too
low γ can get stuck in bad local minima.

When using Euclidean mean initialization (only possible if
time series have the same length), DTW or soft-DTW with
low γ often yield barycenters that better match the shape of
the time series. However, they tend to overfit: they absorb
the idiosyncrasies of the data. In contrast, soft-DTW is able
to learn barycenters that are much smoother.

Quantitative results. Table 1 summarizes the percentage
of datasets on which the proposed soft-DTW barycenter
achieves lower DTW loss when varying the smoothing pa-
rameter γ. The actual loss values achieved by different
methods are indicated in Appendix G and Appendix H.

As γ decreases, soft-DTW achieves a lower DTW loss than
other methods on almost all datasets. This confirms our
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Figure 5. Comparison between our proposed soft barycenter and

the barycenter obtained by DBA and the subgradient method,

on the ECG200 dataset. When DTW is insufficiently smoothed,

barycenters often get stuck in a bad local minimum that does not

correctly match the time series.

claim that the smoothness of soft-DTW leads to an objec-
tive that is better behaved and more amenable to optimiza-
tion by gradient-descent methods.

4.2. k-means clustering experiments

We consider in this section the same computational tools
used in §4.1 above, but use them to cluster time series.

Experimental setup. For all datasets, the number of clus-
ters k is equal to the number of classes available in the
dataset. Lloyd’s algorithm alternates between a centering
step (barycenter computation) and an assignment step. We
set the maximum number of outer iterations to 30 and the
maximum number of inner (barycenter) iterations to 100,
as before. Again, for soft-DTW, we use L-BFGS.

Qualitative results. Figure 6 shows the clusters obtained
when runing Lloyd’s algorithm on the CBF dataset with
soft-DTW (γ = 1) and DBA, in the case of random initial-
ization. More results are included in Appendix E. Clearly,
DTW absorbs the tiny details in the data, while soft-DTW
is able to learn much smoother barycenters.

Quantitative results. Table 2 summarizes the percentage
of datasets on which soft-DTW barycenter achieves lower
k-means loss under DTW, i.e. Eq. (5) with γ = 0. The
actual loss values achieved by all methods are indicated in
Appendix I and Appendix J. The results confirm the same
trend as for the barycenter experiments. Namely, as γ de-
creases, soft-DTW is able to achieve lower loss than other
methods on a large proportion of the datasets. Note that
we have not run experiments with smaller values of γ than
0.001, since dtw0.001 is very close to dtw0 in practice.

(a) Soft-DTW (γ = 1) (b) DBA

Figure 6. Clusters obtained on the CBF dataset when plugging our

proposed soft barycenter and that of DBA in Lloyd’s algorithm.

DBA absorbs the idiosyncrasies of the data, while soft-DTW can

learn much smoother barycenters.

4.3. Time-series classification experiments

In this section, we investigate whether the smoothing in
soft-DTW can act as a useful regularization and improve
classification accuracy in the nearest centroid classifier.

Experimental setup. We use 50% of the data for training,
25% for validation and 25% for testing. We choose γ from
15 log-spaced values between 10−3 and 10.

Quantitative results. Each point in Figure 7 above the di-
agonal line represents a dataset for which using soft-DTW
for barycenter computation rather than DBA improves the
accuracy of the nearest centroid classifier. To summarize,
we found that soft-DTW is working better or at least as well
as DBA in 75% of the datasets.

4.4. Multistep-ahead prediction experiments

In this section, we present preliminary experiments for the
task of multistep-ahead prediction, described in §3.4.

Experimental setup. We use the training and test sets pre-
defined in the UCR archive. In both the training and test
sets, we use the first 60% of the time series as input and the
remaining 40% as output, ignoring class information. We
then use the training set to learn a model that predicts the
outputs from inputs and the test set to evaluate results with
both Euclidean and DTW losses. In this experiment, we
focus on a simple multi-layer perceptron (MLP) with one
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Table 2. Percentage of the datasets on which the proposed soft-

DTW based k-means is achieving lower DTW loss (Equation (5)

with γ = 0) than competing methods.

Random
initialization

Euclidean mean
initialization

Comparison with DBA

γ = 1 15.78% 29.31%
γ = 0.1 24.56% 24.13%
γ = 0.01 59.64% 55.17%
γ = 0.001 77.19% 68.97%

Comparison with subgradient method
γ = 1 42.10% 46.44%
γ = 0.1 57.89% 50%
γ = 0.01 76.43% 65.52%
γ = 0.001 96.49% 84.48%

Figure 7. Each point above the diagonal represents a dataset

where using our soft-DTW barycenter rather than that of DBA

improves the accuracy of the nearest nearest centroid classifier.

This is the case for 75% of the datasets in the UCR archive.

hidden layer and sigmoid activation. We also experimented
with linear models and recurrent neural networks (RNNs)
but they did not improve over a simple MLP.

Implementation details. Deep learning frameworks such
as Theano, TensorFlow and Chainer allow the user to spec-
ify a custom backward pass for their function. Implement-
ing such a backward pass, rather than resorting to automatic
differentiation (autodiff), is particularly important in the
case of soft-DTW: First, the autodiff in these frameworks
is designed for vectorized operations, whereas the dynamic
program used by the forward pass of Algorithm 2 is inher-
ently element-wise; Second, as we explained in §2.2, our
backward pass is able to re-use log-sum-exp computations
from the forward pass, leading to both lower computational
cost and better numerical stability. We implemented a cus-
tom backward pass in Chainer, which can then be used to
plug soft-DTW as a loss function in any network architec-
ture. To estimate the MLP’s parameters, we used Chainer’s
implementation of Adam (Kingma & Ba, 2014).

Qualitative results. Visualizations of the predictions ob-
tained under Euclidean and soft-DTW losses are given in
Figure 1, as well as in Appendix F. We find that for sim-

Table 3. Averaged rank obtained by a multi-layer perceptron

(MLP) under Euclidean and soft-DTW losses. Euclidean initial-

ization means that we initialize the MLP trained with soft-DTW

loss by the solution of the MLP trained with Euclidean loss.

Training loss
Random

initialization
Euclidean

initialization

When evaluating with DTW loss

Euclidean 3.46 4.21
soft-DTW (γ = 1) 3.55 3.96
soft-DTW (γ = 0.1) 3.33 3.42
soft-DTW (γ = 0.01) 2.79 2.12
soft-DTW (γ = 0.001) 1.87 1.29

When evaluating with Euclidean loss

Euclidean 1.05 1.70
soft-DTW (γ = 1) 2.41 2.99
soft-DTW (γ = 0.1) 3.42 3.38
soft-DTW (γ = 0.01) 4.13 3.64
soft-DTW (γ = 0.001) 3.99 3.29

ple one-dimensional time series, an MLP works very well,
showing its ability to capture patterns in the training set.
Although the predictions under Euclidean and soft-DTW
losses often agree with each other, they can sometimes be
visibly different. Predictions under soft-DTW loss can con-
fidently predict abrupt and sharp changes since those have
a low DTW cost as long as such a sharp change is present,
under a small time shift, in the ground truth.

Quantitative results. A comparison summary of our
MLP under Euclidean and soft-DTW losses over the UCR
archive is given in Table 3. Detailed results are given in
the appendix. Unsurprisingly, we achieve lower DTW loss
when training with the soft-DTW loss, and lower Euclidean
loss when training with the Euclidean loss. Because DTW
is robust to several useful invariances, a small error in the
soft-DTW sense could be a more judicious choice than an
error in an Euclidean sense for many applications.

5. Conclusion

We propose in this paper to turn the popular DTW discrep-
ancy between time series into a full-fledged loss function
between ground truth time series and outputs from a learn-
ing machine. We have shown experimentally that, on the
existing problem of computing barycenters and clusters for
time series data, our computational approach is superior to
existing baselines. We have shown promising results on the
problem of multistep-ahead time series prediction, which
could prove extremely useful in settings where a user’s ac-
tual loss function for time series is closer to the robust per-
spective given by DTW, than to the local parsing of the
Euclidean distance.
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Soft-DTW: a Differentiable Loss Function for Time-Series

Marco Cuturi 1 Mathieu Blondel 2

Abstract
We propose in this paper a differentiable learning
loss between time series, building upon the cel-
ebrated dynamic time warping (DTW) discrep-
ancy. Unlike the Euclidean distance, DTW can
compare time series of variable size and is ro-
bust to shifts or dilatations across the time di-
mension. To compute DTW, one typically solves
a minimal-cost alignment problem between two
time series using dynamic programming. Our
work takes advantage of a smoothed formula-
tion of DTW, called soft-DTW, that computes the
soft-minimum of all alignment costs. We show
in this paper that soft-DTW is a differentiable
loss function, and that both its value and gradi-
ent can be computed with quadratic time/space
complexity (DTW has quadratic time but linear
space complexity). We show that this regular-
ization is particularly well suited to average and
cluster time series under the DTW geometry, a
task for which our proposal significantly outper-
forms existing baselines (Petitjean et al., 2011).
Next, we propose to tune the parameters of a ma-
chine that outputs time series by minimizing its
fit with ground-truth labels in a soft-DTW sense.

1. Introduction
The goal of supervised learning is to learn a mapping that
links an input to an output objects, using examples of such
pairs. This task is noticeably more difficult when the out-
put objects have a structure, i.e. when they are not vec-
tors (Bakir et al., 2007). We study here the case where each
output object is a time series, namely a family of observa-
tions indexed by time. While it is tempting to treat time
as yet another feature, and handle time series of vectors
as the concatenation of all these vectors, several practical

1CREST, ENSAE, Université Paris-Saclay, France 2NTT
Communication Science Laboratories, Seika-cho, Kyoto, Japan.
Correspondence to: Marco Cuturi <marco.cuturi@ensae.fr>,
Mathieu Blondel <mathieu@mblondel.org>.

Proceedings of the 34 th International Conference on Machine
Learning, Sydney, Australia, PMLR 70, 2017. Copyright 2017
by the author(s).

Input Output

Figure 1. Given the first part of a time series, we trained two
multi-layer perceptron (MLP) to predict the entire second part.
Using the ShapesAll dataset, we used a Euclidean loss for the first
MLP and the soft-DTW loss proposed in this paper for the second
one. We display above the prediction obtained for a given test
instance with either of these two MLPs in addition to the ground
truth. Oftentimes, we observe that the soft-DTW loss enables us
to better predict sharp changes. More time series predictions are
given in Appendix F.

issues arise when taking this simplistic approach: Time-
indexed phenomena can often be stretched in some areas
along the time axis (a word uttered in a slightly slower pace
than usual) with no impact on their characteristics; varying
sampling conditions may mean they have different lengths;
time series may not synchronized.

The DTW paradigm. Generative models for time series
are usually built having the invariances above in mind:
Such properties are typically handled through latent vari-
ables and/or Markovian assumptions (Lütkepohl, 2005,
Part I,§18). A simpler approach, motivated by geometry,
lies in the direct definition of a discrepancy between time
series that encodes these invariances, such as the Dynamic
Time Warping (DTW) score (Sakoe & Chiba, 1971; 1978).
DTW computes the best possible alignment between two
time series (the optimal alignment itself can also be of in-
terest, see e.g. Garreau et al. 2014) of respective length n
and m by computing first the n ⇥ m pairwise distance ma-
trix between these points to solve then a dynamic program
(DP) using Bellman’s recursion with a quadratic (nm) cost.

The DTW geometry. Because it encodes efficiently a use-
ful class of invariances, DTW has often been used in a dis-
criminative framework (with a k-NN or SVM classifier) to
predict a real or a class label output, and engineered to run
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faster in that context (Yi et al., 1998). Recent works by
Petitjean et al. (2011); Petitjean & Gançarski (2012) have,
however, shown that DTW can be used for more innova-
tive tasks, such as time series averaging using the DTW
discrepancy (see Schultz & Jain 2017 for a gentle introduc-
tion to these ideas). More generally, the idea of synthetis-
ing time series centroids can be regarded as a first attempt
to output entire time series using DTW as a fitting loss.
From a computational perspective, these approaches are,
however, hampered by the fact that DTW is not differen-
tiable and unstable when used in an optimization pipeline.

Soft-DTW. In parallel to these developments, several au-
thors have considered smoothed modifications of Bell-
man’s recursion to define smoothed DP distances (Bahl &
Jelinek, 1975; Ristad & Yianilos, 1998) or kernels (Saigo
et al., 2004; Cuturi et al., 2007). When applied to the
DTW discrepancy, that regularization results in a soft-DTW
score, which considers the soft-minimum of the distribution
of all costs spanned by all possible alignments between
two time series. Despite considering all alignments and
not just the optimal one, soft-DTW can be computed with
a minor modification of Bellman’s recursion, in which all
(min,+) operations are replaced with (+,⇥). As a result,
both DTW and soft-DTW have quadratic in time & linear
in space complexity with respect to the sequences’ lengths.
Because soft-DTW can be used with kernel machines, one
typically observes an increase in performance when using
soft-DTW over DTW (Cuturi, 2011) for classification.

Our contributions. We explore in this paper another
important benefit of smoothing DTW: unlike the original
DTW discrepancy, soft-DTW is differentiable in all of its
arguments. We show that the gradients of soft-DTW w.r.t
to all of its variables can be computed as a by-product of
the computation of the discrepancy itself, with an added
quadratic storage cost. We use this fact to propose an al-
ternative approach to the DBA (DTW Barycenter Averag-
ing) clustering algorithm of (Petitjean et al., 2011), and
observe that our smoothed approach significantly outper-
forms known baselines for that task. More generally, we
propose to use soft-DTW as a fitting term to compare the
output of a machine synthesizing a time series segment
with a ground truth observation, in the same way that, for
instance, a regularized Wasserstein distance was used to
compute barycenters (Cuturi & Doucet, 2014), and later
to fit discriminators that output histograms (Zhang et al.,
2015; Rolet et al., 2016). When paired with a flexible
learning architecture such as a neural network, soft-DTW
allows for a differentiable end-to-end approach to design
predictive and generative models for time series, as illus-
trated in Figure 1. Source code is available at https:
//github.com/mblondel/soft-dtw.

Structure. After providing background material, we show

in §2 how soft-DTW can be differentiated w.r.t the locations
of two time series. We follow in §3 by illustrating how
these results can be directly used for tasks that require to
output time series: averaging, clustering and prediction of
time series. We close this paper with experimental results
in §4 that showcase each of these potential applications.

Notations. We consider in what follows multivariate dis-
crete time series of varying length taking values in ⌦ ⇢ Rp.
A time series can be thus represented as a matrix of p lines
and varying number of columns. We consider a differen-
tiable substitution-cost function � : Rp ⇥ Rp ! R+ which
will be, in most cases, the quadratic Euclidean distance be-
tween two vectors. For an integer n we write JnK for the set
{1, . . . , n} of integers. Given two series’ lengths n and m,
we write An,m ⇢ {0, 1}n⇥m for the set of (binary) align-
ment matrices, that is paths on a n⇥m matrix that connect
the upper-left (1, 1) matrix entry to the lower-right (n, m)
one using only #,!,& moves. The cardinal of An,m is
known as the delannoy(n�1, m�1) number; that number
grows exponentially with m and n.

2. The DTW and soft-DTW loss functions
We propose in this section a unified formulation for the
original DTW discrepancy (Sakoe & Chiba, 1978) and
the Global Alignment kernel (GAK) (Cuturi et al., 2007),
which can be both used to compare two time series x =
(x1, . . . , xn) 2 Rp⇥n and y = (y1, . . . , ym) 2 Rp⇥m.

2.1. Alignment costs: optimality and sum

Given the cost matrix �(x,y) :=
⇥
�(xi, yj)

⇤
ij

2 Rn⇥m,
the inner product hA,�(x,y) i of that matrix with an align-
ment matrix A in An,m gives the score of A, as illustrated
in Figure 2. Both DTW and GAK consider the costs of all
possible alignment matrices, yet do so differently:

DTW(x,y) := min
A2An,m

hA,�(x,y) i,

k�
GA(x,y) :=

X

A2An,m

e�hA,�(x,y) i/� .
(1)

DP Recursion. Sakoe & Chiba (1978) showed that the
Bellman equation (1952) can be used to compute DTW.
That recursion, which appears in line 5 of Algorithm 1 (dis-
regarding for now the exponent �), only involves (min,+)
operations. When considering kernel k�

GA and, instead, its
integration over all alignments (see e.g. Lasserre 2009),
Cuturi et al. (2007, Theorem 2) and the highly related for-
mulation of Saigo et al. (2004, p.1685) use an old algo-
rithmic appraoch (Bahl & Jelinek, 1975) which consists
in (i) replacing all costs by their neg-exponential; (ii) re-
place (min,+) operations with (+,⇥) operations. These
two recursions can be in fact unified with the use of a soft-
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y1 y2 y3 y4 y5 y6

x1

x2

x3

x4

�1,1 �1,2 �1,3 �1,4 �1,5 �1,6

�2,1 �2,2 �2,3 �2,4 �2,5 �2,6

�3,1 �3,2 �3,3 �3,4 �3,5 �3,6

�4,1 �4,2 �4,3 �4,4 �4,5 �4,6

Figure 2. Three alignment matrices (orange, green, purple, in ad-
dition to the top-left and bottom-right entries) between two time
series of length 4 and 6. The cost of an alignment is equal to the
sum of entries visited along the path. DTW only considers the
optimal alignment (here depicted in purple pentagons), whereas
soft-DTW considers all delannoy(n � 1,m � 1) possible align-
ment matrices.

minimum operator, which we present below.

Unified algorithm Both formulas in Eq. (1) can be com-
puted with a single algorithm. That formulation is new to
our knowledge. Consider the following generalized min
operator, with a smoothing parameter � � 0:

min�{a1, . . . , an} :=

(
minin ai, � = 0,

�� log
Pn

i=1 e�ai/� , � > 0.

With that operator, we can define �-soft-DTW:

dtw�(x,y) := min�{hA,�(x,y) i, A 2 An,m}.

The original DTW score is recovered by setting � to 0.
When � > 0, we recover dtw� = �� log k�

GA. Most
importantly, and in either case, dtw� can be computed
using Algorithm 1, which requires (nm) operations and
(nm) storage cost as well . That cost can be reduced to
2n with a more careful implementation if one only seeks
to compute dtw�(x,y), but the backward pass we con-
sider next requires the entire matrix R of intermediary
alignment costs. Note that, to ensure numerical stabil-
ity, the operator min� must be computed using the usual
log-sum-exp stabilization trick, namely that log

P
i ezi =

(maxj zj) + log
P

i ezi�maxj zj .

2.2. Differentiation of soft-DTW

A small variation in the input x causes a small change
in dtw0(x,y) or dtw�(x,y). When considering dtw0,
that change can be efficiently monitored only when the
optimal alignment matrix A? that arises when computing
dtw0(x,y) in Eq. (1) is unique. As the minimum over a
finite set of linear functions of �, dtw0 is therefore locally
differentiable w.r.t. the cost matrix �, with gradient A?,
a fact that has been exploited in all algorithms designed to

Algorithm 1 Forward recursion to compute dtw�(x,y)
and intermediate alignment costs

1: Inputs: x,y, smoothing � � 0, distance function �
2: r0,0 = 0; ri,0 = r0,j = 1; i 2 JnK, j 2 JmK
3: for j = 1, . . . , m do
4: for i = 1, . . . , n do
5: ri,j = �(xi, yj) +min�{ri�1,j�1, ri�1,j , ri,j�1}
6: end for
7: end for
8: Output: (rn,m, R)

average time series under the DTW metric (Petitjean et al.,
2011; Schultz & Jain, 2017). To recover the gradient of
dtw0(x,y) w.r.t. x, we only need to apply the chain rule,
thanks to the differentiability of the cost function:

rxdtw0(x,y) =

✓
@�(x,y)

@x

◆T

A?, (2)

where @�(x,y)/@x is the Jacobian of � w.r.t. x, a linear
map from Rp⇥n to Rn⇥m. When � is the squared Euclidean
distance, the transpose of that Jacobian applied to a matrix
B 2 Rn⇥m is (� being the elementwise product):

(@�(x,y)/@x)T B = 2
�
(1p1

T
mBT ) � x� yBT

�
.

With continuous data, A? is almost always likely to be
unique, and therefore the gradient in Eq. (2) will be de-
fined almost everywhere. However, that gradient, when it
exists, will be discontinuous around those values x where
a small change in x causes a change in A?, which is likely
to hamper the performance of gradient descent methods.

The case � > 0. An immediate advantage of soft-DTW
is that it can be explicitly differentiated, a fact that was also
noticed by Saigo et al. (2006) in the related case of edit
distances. When � > 0, the gradient of Eq. (1) is obtained
via the chain rule,

rx dtw�(x,y) =

✓
@�(x,y)

@x

◆T

E� [A], (3)

where E� [A] :=
1

k�
GA(x,y)

X

A2An,m

e�hA,�(x,y)/� iA,

is the average alignment matrix A under the Gibbs distri-
bution p� / e�hA,�(x,y) i/� defined on all alignments in
An,m. The kernel k�

GA(x,y) can thus be interpreted as
the normalization constant of p� . Of course, since An,m

has exponential size in n and m, a naive summation is not
tractable. Although a Bellman recursion to compute that
average alignment matrix E� [A] exists (see Appendix A)
that computation has quartic (n2m2) complexity. Note that
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this stands in stark contrast to the quadratic complexity ob-
tained by Saigo et al. (2006) for edit-distances, which is due
to the fact the sequences they consider can only take values
in a finite alphabet. To compute the gradient of soft-DTW,
we propose instead an algorithm that manages to remain
quadratic (nm) in terms of complexity. The key to achieve
this reduction is to apply the chain rule in reverse order of
Bellman’s recursion given in Algorithm 1, namely back-
propagate. A similar idea was recently used to compute the
gradient of ANOVA kernels in (Blondel et al., 2016).

2.3. Algorithmic differentiation

Differentiating algorithmically dtw�(x,y) requires doing
first a forward pass of Bellman’s equation to store all in-
termediary computations and recover R = [ri,j ] when
running Algorithm 1. The value of dtw�(x,y)—stored
in rn,m at the end of the forward recursion—is then im-
pacted by a change in ri,j exclusively through the terms
in which ri,j plays a role, namely the triplet of terms
ri+1,j , ri,j+1, ri+1,j+1. A straightforward application of
the chain rule then gives
@rn,m

@ri,j| {z }
ei,j

= @rn,m

@ri+1,j| {z }
ei+1,j

@ri+1,j

@ri,j
+ @rn,m

@ri,j+1| {z }
ei,j+1

@ri,j+1

@ri,j
+ @rn,m

@ri+1,j+1| {z }
ei+1,j+1

@ri+1,j+1

@ri,j
,

in which we have defined the notation of the main object
of interest of the backward recursion: ei,j := @rn,m

@ri,j
. The

Bellman recursion evaluated at (i+1, j) as shown in line 5
of Algorithm 1 (here �i+1,j is �(xi+1, yj)) yields :

ri+1,j = �i+1,j +min�{ri,j�1, ri,j , ri+1,j�1},

which, when differentiated w.r.t ri,j yields the ratio:

@ri+1,j

@ri,j
= e�ri,j/�/

⇣
e�ri,j�1/� + e�ri,j/� + e�ri+1,j�1/�

⌘
.

The logarithm of that derivative can be conveniently cast
using evaluations of min� computed in the forward loop:

� log
@ri+1,j

@ri,j
= min�{ri,j�1, ri,j , ri+1,j�1}� ri,j

= ri+1,j � �i+1,j � ri,j .

Similarly, the following relationships can also be obtained:

� log
@ri,j+1

@ri,j
= ri,j+1 � ri,j � �i,j+1,

� log
@ri+1,j+1

@ri,j
= ri+1,j+1 � ri,j � �i+1,j+1.

We have therefore obtained a backward recursion to com-
pute the entire matrix E = [ei,j ], starting from en,m =
@rn,m

@rn,m
= 1 down to e1,1. To obtain rx dtw�(x,y), notice

that the derivatives w.r.t. the entries of the cost matrix �
can be computed by @rn,m

@�i,j
= @rn,m

@ri,j

@ri,j

@�i,j
= ei,j · 1 = ei,j ,

and therefore we have that

rx dtw�(x,y) =

✓
@�(x,y)

@x

◆T

E,

where E is exactly the average alignment E� [A] in
Eq. (3). These computations are summarized in Algo-
rithm 2, which, once � has been computed, has complexity
nm in time and space. Because min� has a 1/�-Lipschitz
continuous gradient, the gradient of dtw� is 2/�-Lipschitz
continuous when � is the squared Euclidean distance.

Algorithm 2 Backward recursion to compute rx dtw�(x,y)

1: Inputs: x,y, smoothing � � 0, distance function �
2: (·, R) = dtw�(x,y), � = [�(xi, yj)]i,j
3: �i,m+1 = �n+1,j = 0, i 2 JnK, j 2 JmK
4: ei,m+1 = en+1,j = 0, i 2 JnK, j 2 JmK
5: ri,m+1 = rn+1,j = �1, i 2 JnK, j 2 JmK
6: �n+1,m+1 = 0, en+1,m+1 = 1, rn+1,m+1 = rn,m

7: for j = m, . . . , 1 do
8: for i = n, . . . , 1 do
9: a = exp 1

� (ri+1,j � ri,j � �i+1,j)

10: b = exp 1
� (ri,j+1 � ri,j � �i,j+1)

11: c = exp 1
� (ri+1,j+1 � ri,j � �i+1,j+1)

12: ei,j = ei+1,j · a + ei,j+1 · b + ei+1,j+1 · c
13: end for
14: end for
15: Output: rx dtw�(x,y) =

⇣
@�(x,y)

@x

⌘T
E

3. Learning with the soft-DTW loss
3.1. Averaging with the soft-DTW geometry

We study in this section a direct application of Algorithm 2
to the problem of computing Fréchet means (1948) of time
series with respect to the dtw� discrepancy. Given a
family of N times series y1, . . . ,yN , namely N matrices
of p lines and varying number of columns, m1, . . . , mN ,
we are interested in defining a single barycenter time se-
ries x for that family under a set of normalized weights
�1, . . . , �N 2 R+ such that

PN
i=1 �i = 1. Our goal is thus

to solve approximately the following problem, in which we
have assumed that x has fixed length n:

min
x2Rp⇥n

NX

i=1

�i

mi
dtw�(x,yi). (4)

Note that each dtw�(x,yi) term is divided by mi, the
length of yi. Indeed, since dtw0 is an increasing (roughly
linearly) function of each of the input lengths n and mi, we
follow the convention of normalizing in practice each dis-
crepancy by n ⇥ mi. Since the length n of x is here fixed
across all evaluations, we do not need to divide the objec-
tive of Eq. (4) by n. Averaging under the soft-DTW geom-
etry results in substantially different results than those that
can be obtained with the Euclidean geometry (which can
only be used in the case where all lengths n = m1 = · · · =
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4

�i,j

�i+1,j

�i,j+1

�i+1,j+1

ri�1,j�1 ri�1,j ri�1,j+1

ri,j�1 ri,j ri,j+1

ri+1,j�1 ri+1,j ri+1,j+1

e
1
� (ri+1,j�ri,j��i+1,j) e

1
� (ri+1,j+1�ri,j��i+1,j+1)

e
1
� (ri,j+1�ri,j��i,j+1)ei,j

ei+1,j ei+1,j+1

ei,j+1

Figure 3. Sketch of the computational graph for soft-DTW, in the forward pass used to compute dtw� (left) and backward pass used to
compute its gradient rx dtw� (right). In both diagrams, purple shaded cells stand for data values available before the recursion starts,
namely cost values (left) and multipliers computed using forward pass results (right). In the left diagram, the forward computation of
ri,j as a function of its predecessors and �i,j is summarized with arrows. Dotted lines indicate a min� operation, solid lines an addition.
From the perspective of the final term rn,m, which stores dtw�(x,y) at the lower right corner (not shown) of the computational graph,
a change in ri,j only impacts rn,m through changes that ri,j causes to ri+1,j , ri,j+1 and ri+1,j+1. These changes can be tracked using
Eq. (2.3,2.3) and appear in lines 9-11 in Algorithm 2 as variables a, b, c, as well as in the purple shaded boxes in the backward pass
(right) which represents the recursion of line 12 in Algorithm 2.

mN are equal), as can be seen in the intuitive interpolations
we obtain between two time series shown in Figure 4.

Non-convexity of dtw� . A natural question that arises
from Eq. (4) is whether that objective is convex or not. The
answer is negative, in a way that echoes the non-convexity
of the k-means objective as a function of cluster centroids
locations. Indeed, for any alignment matrix A of suitable
size, each map x 7! hA,�(x,y) i shares the same convex-
ity/concavity property that � may have. However, both min
and min� can only preserve the concavity of elementary
functions (Boyd & Vandenberghe, 2004, pp.72-74). There-
fore dtw� will only be concave if � is concave, or become
instead a (non-convex) (soft) minimum of convex functions
if � is convex. When � is a squared-Euclidean distance,
dtw0 is a piecewise quadratic function of x, as is also the
case with the k-means energy (see for instance Figure 2
in Schultz & Jain 2017). Since this is the setting we con-
sider here, all of the computations involving barycenters
should be taken with a grain of salt, since we have no way
of ensuring optimality when approximating Eq. (4).

Smoothing helps optimizing dtw� . Smoothing can be
regarded, however, as a way to “convexify” dtw� . In-
deed, notice that dtw� converges to the sum of all costs
as � ! 1. Therefore, if � is convex, dtw� will gradually
become convex as � grows. For smaller values of �, one
can intuitively foresee that using min� instead of a mini-
mum will smooth out local minima and therefore provide a
better (although slightly different from dtw0) optimization
landscape. We believe this is why our approach recovers
better results, even when measured in the original dtw0

discrepancy, than subgradient or alternating minimization
approaches such as DBA (Petitjean et al., 2011), which can,
on the contrary, get more easily stuck in local minima. Ev-
idence for this statement is presented in the experimental
section.

(a) Euclidean loss (b) Soft-DTW loss (� = 1)

Figure 4. Interpolation between two time series (red and blue) on
the Gun Point dataset. We computed the barycenter by solving Eq.
(4) with (�1,�2) set to (0.25, 0.75), (0.5, 0.5) and (0.75, 0.25).
The soft-DTW geometry leads to visibly different interpolations.

3.2. Clustering with the soft-DTW geometry

The (approximate) computation of dtw� barycenters can
be seen as a first step towards the task of clustering time
series under the dtw� discrepancy. Indeed, one can nat-
urally formulate that problem as that of finding centroids
x1, . . . ,xk that minimize the following energy:

min
x1,...,xk2Rp⇥n

NX

i=1

1

mi
min

j2[[k]]
dtw�(xj ,yi). (5)

To solve that problem one can resort to a direct generaliza-
tion of Lloyd’s algorithm (1982) in which each centering
step and each clustering allocation step is done according
to the dtw� discrepancy.

3.3. Learning prototypes for time series classification

One of the de-facto baselines for learning to classify time
series is the k nearest neighbors (k-NN) algorithm, com-
bined with DTW as discrepancy measure between time se-
ries. However, k-NN has two main drawbacks. First, the
time series used for training must be stored, leading to
potentially high storage cost. Second, in order to com-
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pute predictions on new time series, the DTW discrep-
ancy must be computed with all training time series, lead-
ing to high computational cost. Both of these drawbacks
can be addressed by the nearest centroid classifier (Hastie
et al., 2001, p.670), (Tibshirani et al., 2002). This method
chooses the class whose barycenter (centroid) is closest
to the time series to classify. Although very simple, this
method was shown to be competitive with k-NN, while re-
quiring much lower computational cost at prediction time
(Petitjean et al., 2014). Soft-DTW can naturally be used
in a nearest centroid classifier, in order to compute the
barycenter of each class at train time, and to compute the
discrepancy between barycenters and time series, at predic-
tion time.

3.4. Multistep-ahead prediction

Soft-DTW is ideally suited as a loss function for any task
that requires time series outputs. As an example of such a
task, we consider the problem of, given the first 1, . . . , t
observations of a time series, predicting the remaining
(t + 1), . . . , n observations. Let xt,t0 2 Rp⇥(t0�t+1) be
the submatrix of x 2 Rp⇥n of all columns with indices be-
tween t and t0, where 1  t < t0 < n. Learning to predict
the segment of a time series can be cast as the problem

min
✓2⇥

NX

i=1

dtw�

⇣
f✓(x

1,t
i ),xt+1,n

i

⌘
,

where {f✓} is a set of parameterized function that take
as input a time series and outputs a time series. Natural
choices would be multi-layer perceptrons or recurrent neu-
ral networks (RNN), which have been historically trained
with a Euclidean loss (Parlos et al., 2000, Eq.5).

4. Experimental results
Throughout this section, we use the UCR (University
of California, Riverside) time series classification archive
(Chen et al., 2015). We use a subset containing 79 datasets
encompassing a wide variety of fields (astronomy, geology,
medical imaging) and lengths. Datasets include class infor-
mation (up to 60 classes) for each time series and are split
into train and test sets. Due to the large number of datasets
in the UCR archive, we choose to report only a summary
of our results in the main manuscript. Detailed results are
included in the appendices for interested readers.

4.1. Averaging experiments

In this section, we compare the soft-DTW barycenter ap-
proach presented in §3.1 to DBA (Petitjean et al., 2011)
and a simple batch subgradient method.

Experimental setup. For each dataset, we choose a class
at random, pick 10 time series in that class and compute

Table 1. Percentage of the datasets on which the proposed soft-
DTW barycenter is achieving lower DTW loss (Equation (4) with
� = 0) than competing methods.

Random
initialization

Euclidean mean
initialization

Comparison with DBA
� = 1 40.51% 3.80%
� = 0.1 93.67% 46.83%
� = 0.01 100% 79.75%
� = 0.001 97.47% 89.87%

Comparison with subgradient method
� = 1 96.20% 35.44%
� = 0.1 97.47% 72.15%
� = 0.01 97.47% 92.41%
� = 0.001 97.47% 97.47%

their barycenter. For quantitative results below, we repeat
this procedure 10 times and report the averaged results. For
each method, we set the maximum number of iterations
to 100. To minimize the proposed soft-DTW barycenter
objective, Eq. (4), we use L-BFGS.

Qualitative results. We first visualize the barycenters ob-
tained by soft-DTW when � = 1 and � = 0.01, by DBA
and by the subgradient method. Figure 5 shows barycen-
ters obtained using random initialization on the ECG200
dataset. More results with both random and Euclidean
mean initialization are given in Appendix B and C.

We observe that both DBA or soft-DTW with low smooth-
ing parameter � yield barycenters that are spurious. On
the other hand, a descent on the soft-DTW loss with suf-
ficiently high � converges to a reasonable solution. For
example, as indicated in Figure 5 with DTW or soft-DTW
(� = 0.01), the small kink around x = 15 is not repre-
sentative of any of the time series in the dataset. However,
with soft-DTW (� = 1), the barycenter closely matches the
time series. This suggests that DTW or soft-DTW with too
low � can get stuck in bad local minima.

When using Euclidean mean initialization (only possible if
time series have the same length), DTW or soft-DTW with
low � often yield barycenters that better match the shape of
the time series. However, they tend to overfit: they absorb
the idiosyncrasies of the data. In contrast, soft-DTW is able
to learn barycenters that are much smoother.

Quantitative results. Table 1 summarizes the percentage
of datasets on which the proposed soft-DTW barycenter
achieves lower DTW loss when varying the smoothing pa-
rameter �. The actual loss values achieved by different
methods are indicated in Appendix G and Appendix H.

As � decreases, soft-DTW achieves a lower DTW loss than
other methods on almost all datasets. This confirms our
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Figure 5. Comparison between our proposed soft barycenter and
the barycenter obtained by DBA and the subgradient method,
on the ECG200 dataset. When DTW is insufficiently smoothed,
barycenters often get stuck in a bad local minimum that does not
correctly match the time series.

claim that the smoothness of soft-DTW leads to an objec-
tive that is better behaved and more amenable to optimiza-
tion by gradient-descent methods.

4.2. k-means clustering experiments

We consider in this section the same computational tools
used in §4.1 above, but use them to cluster time series.

Experimental setup. For all datasets, the number of clus-
ters k is equal to the number of classes available in the
dataset. Lloyd’s algorithm alternates between a centering
step (barycenter computation) and an assignment step. We
set the maximum number of outer iterations to 30 and the
maximum number of inner (barycenter) iterations to 100,
as before. Again, for soft-DTW, we use L-BFGS.

Qualitative results. Figure 6 shows the clusters obtained
when runing Lloyd’s algorithm on the CBF dataset with
soft-DTW (� = 1) and DBA, in the case of random initial-
ization. More results are included in Appendix E. Clearly,
DTW absorbs the tiny details in the data, while soft-DTW
is able to learn much smoother barycenters.

Quantitative results. Table 2 summarizes the percentage
of datasets on which soft-DTW barycenter achieves lower
k-means loss under DTW, i.e. Eq. (5) with � = 0. The
actual loss values achieved by all methods are indicated in
Appendix I and Appendix J. The results confirm the same
trend as for the barycenter experiments. Namely, as � de-
creases, soft-DTW is able to achieve lower loss than other
methods on a large proportion of the datasets. Note that
we have not run experiments with smaller values of � than
0.001, since dtw0.001 is very close to dtw0 in practice.

(a) Soft-DTW (� = 1) (b) DBA

Figure 6. Clusters obtained on the CBF dataset when plugging our
proposed soft barycenter and that of DBA in Lloyd’s algorithm.
DBA absorbs the idiosyncrasies of the data, while soft-DTW can
learn much smoother barycenters.

4.3. Time-series classification experiments

In this section, we investigate whether the smoothing in
soft-DTW can act as a useful regularization and improve
classification accuracy in the nearest centroid classifier.

Experimental setup. We use 50% of the data for training,
25% for validation and 25% for testing. We choose � from
15 log-spaced values between 10�3 and 10.

Quantitative results. Each point in Figure 7 above the di-
agonal line represents a dataset for which using soft-DTW
for barycenter computation rather than DBA improves the
accuracy of the nearest centroid classifier. To summarize,
we found that soft-DTW is working better or at least as well
as DBA in 75% of the datasets.

4.4. Multistep-ahead prediction experiments

In this section, we present preliminary experiments for the
task of multistep-ahead prediction, described in §3.4.

Experimental setup. We use the training and test sets pre-
defined in the UCR archive. In both the training and test
sets, we use the first 60% of the time series as input and the
remaining 40% as output, ignoring class information. We
then use the training set to learn a model that predicts the
outputs from inputs and the test set to evaluate results with
both Euclidean and DTW losses. In this experiment, we
focus on a simple multi-layer perceptron (MLP) with one
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Table 2. Percentage of the datasets on which the proposed soft-
DTW based k-means is achieving lower DTW loss (Equation (5)
with � = 0) than competing methods.

Random
initialization

Euclidean mean
initialization

Comparison with DBA
� = 1 15.78% 29.31%
� = 0.1 24.56% 24.13%
� = 0.01 59.64% 55.17%
� = 0.001 77.19% 68.97%

Comparison with subgradient method
� = 1 42.10% 46.44%
� = 0.1 57.89% 50%
� = 0.01 76.43% 65.52%
� = 0.001 96.49% 84.48%

Figure 7. Each point above the diagonal represents a dataset
where using our soft-DTW barycenter rather than that of DBA
improves the accuracy of the nearest nearest centroid classifier.
This is the case for 75% of the datasets in the UCR archive.

hidden layer and sigmoid activation. We also experimented
with linear models and recurrent neural networks (RNNs)
but they did not improve over a simple MLP.

Implementation details. Deep learning frameworks such
as Theano, TensorFlow and Chainer allow the user to spec-
ify a custom backward pass for their function. Implement-
ing such a backward pass, rather than resorting to automatic
differentiation (autodiff), is particularly important in the
case of soft-DTW: First, the autodiff in these frameworks
is designed for vectorized operations, whereas the dynamic
program used by the forward pass of Algorithm 1 is inher-
ently element-wise; Second, as we explained in §2.2, our
backward pass is able to re-use log-sum-exp computations
from the forward pass, leading to both lower computational
cost and better numerical stability. We implemented a cus-
tom backward pass in Chainer, which can then be used to
plug soft-DTW as a loss function in any network architec-
ture. To estimate the MLP’s parameters, we used Chainer’s
implementation of Adam (Kingma & Ba, 2014).

Qualitative results. Visualizations of the predictions ob-
tained under Euclidean and soft-DTW losses are given in
Figure 1, as well as in Appendix F. We find that for sim-

Table 3. Averaged rank obtained by a multi-layer perceptron
(MLP) under Euclidean and soft-DTW losses. Euclidean initial-
ization means that we initialize the MLP trained with soft-DTW
loss by the solution of the MLP trained with Euclidean loss.

Training loss Random
initialization

Euclidean
initialization

When evaluating with DTW loss
Euclidean 3.46 4.21
soft-DTW (� = 1) 3.55 3.96
soft-DTW (� = 0.1) 3.33 3.42
soft-DTW (� = 0.01) 2.79 2.12
soft-DTW (� = 0.001) 1.87 1.29
When evaluating with Euclidean loss
Euclidean 1.05 1.70
soft-DTW (� = 1) 2.41 2.99
soft-DTW (� = 0.1) 3.42 3.38
soft-DTW (� = 0.01) 4.13 3.64
soft-DTW (� = 0.001) 3.99 3.29

ple one-dimensional time series, an MLP works very well,
showing its ability to capture patterns in the training set.
Although the predictions under Euclidean and soft-DTW
losses often agree with each other, they can sometimes be
visibly different. Predictions under soft-DTW loss can con-
fidently predict abrupt and sharp changes since those have
a low DTW cost as long as such a sharp change is present,
under a small time shift, in the ground truth.

Quantitative results. A comparison summary of our
MLP under Euclidean and soft-DTW losses over the UCR
archive is given in Table 3. Detailed results are given in
the appendix. Unsurprisingly, we achieve lower DTW loss
when training with the soft-DTW loss, and lower Euclidean
loss when training with the Euclidean loss. Because DTW
is robust to several useful invariances, a small error in the
soft-DTW sense could be a more judicious choice than an
error in an Euclidean sense for many applications.

5. Conclusion
We propose in this paper to turn the popular DTW discrep-
ancy between time series into a full-fledged loss function
between ground truth time series and outputs from a learn-
ing machine. We have shown experimentally that, on the
existing problem of computing barycenters and clusters for
time series data, our computational approach is superior to
existing baselines. We have shown promising results on the
problem of multistep-ahead time series prediction, which
could prove extremely useful in settings where a user’s ac-
tual loss function for time series is closer to the robust per-
spective given by DTW, than to the local parsing of the
Euclidean distance.
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Appendix material
A. Recursive forward computation of the average path matrix
The average alignment under Gibbs distribution p� can be computed with the following forward recurrence, which mimics
closely Bellman’s original recursion. For each i 2 JnK, j 2 JmK, define

Ei+1,j+1 =


e��i+1,j+1/�Ei,j 0i

0T
j e�ri+1,j+1/�

�
+


e��i+1,j+1/�Ei,j+1

0T
j e�ri+1,j+1/�

�
+


e��i+1,j+1/�Ei+1,j

0i

e�rij/�

�

Here terms rij are computed following the recursion in Algorithm 2. Border matrices are initialized to 0, except for E1,1

which is initialized to [1]. Upon completion, the average alignment matrix is stored in En,m.

The operation above consists in summing three matrices of size (i + 1, j + 1). There are exactly (nm) such updates. A
careful implementation of this algorithm, that would only store two arrays of matrices, as Algorithm 1 only store two arrays
of values, can be carried out in nmmin(n, m) space but it would still require (nm)2 operations.
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B. Barycenters obtained with random initialization

(a) CBF

(b) Herring

(c) Medical Images

(d) Synthetic Control

(e) Wave Gesture Library Y
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C. Barycenters obtained with Euclidean mean initialization

(a) CBF

(b) Herring

(c) Medical Images

(d) Synthetic Control

(e) Wave Gesture Library Y
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D. More interpolation results
Left: results obtained under Euclidean loss. Right: results obtained under soft-DTW (� = 1) loss.

(a) ArrowHead

(b) ECG200

(c) ItalyPowerDemand

(d) TwoLeadECG
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E. Clusters obtained by k-means under DTW or soft-DTW geometry
CBF dataset

(a) Soft-DTW (� = 1, random initialization)

(b) Soft-DTW (� = 1, Euclidean mean initialization)

(c) DBA (random initialization)

(d) DBA (Euclidean mean initialization)
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ECG200 dataset

(a) Soft-DTW (� = 1, random initialization)

(b) Soft-DTW (� = 1, Euclidean mean initialization)

(c) DBA (random initialization)

(d) DBA (Euclidean mean initialization)
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F. More visualizations of time-series prediction

(a) CBF

(b) ECG200

(c) ECG5000

(d) ShapesAll

(e) uWaveGestureLibrary Y
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G. Barycenters: DTW loss (Eq. 4 with � = 0) achieved with random init

Dataset Soft-DTW � = 1 � = 0.1 � = 0.01 � = 0.001 Subgradient method DBA Euclidean mean

50words 5.000 2.785 2.513 2.721 44.399 4.554 25.388
Adiac 0.235 0.207 0.257 0.428 25.533 0.754 0.177

ArrowHead 2.390 1.598 1.487 1.664 36.125 2.512 2.743
Beef 10.471 6.541 6.200 6.238 88.100 7.780 25.347

BeetleFly 35.790 23.655 22.559 23.105 77.993 25.122 191.574
BirdChicken 23.300 12.542 11.164 11.954 45.777 12.820 92.061

CBF 21.098 11.949 12.564 12.667 30.281 14.836 28.236
Car 2.639 1.750 1.611 1.914 80.437 2.609 5.106

ChlorineConcentration 22.260 13.932 14.818 15.044 32.134 16.168 15.411
CinC ECG torso 118.872 80.248 76.536 76.812 262.221 90.663 761.238

Coffee 1.036 0.871 1.262 1.630 41.741 2.380 0.591
Computers 231.421 182.380 178.184 179.886 1 183.388 391.830
Cricket X 41.514 29.290 28.424 28.851 70.128 28.955 104.699
Cricket Y 51.858 30.321 30.337 31.041 70.989 33.098 107.712
Cricket Z 43.458 30.264 28.668 29.373 68.382 32.182 128.129

DiatomSizeReduction 0.055 0.054 0.064 0.132 49.308 0.418 0.033
DistalPhalanxOutlineAgeGroup 1.380 1.074 1.407 1.509 11.539 1.761 0.981

DistalPhalanxOutlineCorrect 2.501 1.968 2.267 2.634 13.169 2.991 2.374
DistalPhalanxTW 1.148 0.906 1.015 1.159 10.957 1.228 0.867

ECG200 7.374 6.400 6.871 7.047 19.514 8.257 10.107
ECG5000 8.951 8.961 10.601 10.265 34.558 12.098 14.517

ECGFiveDays 9.816 9.019 9.364 9.407 17.898 9.837 23.975
Earthquakes 148.959 85.219 85.470 85.515 1 85.788 330.776

ElectricDevices 27.852 23.769 23.783 24.009 1 24.869 56.470
FISH 0.978 0.641 0.662 0.957 63.566 1.680 1.543

FaceAll 15.068 12.373 13.248 13.494 24.582 15.980 29.982
FaceFour 15.500 14.519 15.002 14.849 1 16.339 25.410

FacesUCR 15.033 13.077 13.405 14.174 30.621 14.796 27.026
FordA 56.936 45.492 46.170 46.038 96.087 49.723 218.482
FordB 59.117 47.812 47.058 47.642 102.279 50.262 250.595

Gun Point 7.204 2.507 2.037 2.211 22.590 2.374 7.286
Ham 24.833 19.101 20.397 20.713 55.769 22.807 30.685

HandOutlines 3.400 2.690 2.814 28.759 353.235 3.422 7.838
Haptics 16.424 14.351 14.129 14.320 172.988 16.464 39.559
Herring 1.212 0.946 1.022 1.349 71.388 2.097 1.884

InlineSkate 83.107 29.672 22.819 N/A N/A N/A N/A
ItalyPowerDemand 2.442 2.124 2.316 2.372 5.434 2.355 2.329

MedicalImages 6.934 5.809 5.980 6.089 22.777 6.252 10.911
MiddlePhalanxOutlineAgeGroup 0.858 0.753 1.305 1.375 11.474 1.605 0.624

MiddlePhalanxOutlineCorrect 0.832 0.714 0.985 1.030 11.643 1.678 0.611
MiddlePhalanxTW 0.755 0.581 0.963 1.206 10.684 1.274 0.447

MoteStrain 24.177 21.639 21.616 21.554 32.007 22.437 26.646
NonInvasiveFatalECG Thorax1 6.671 3.324 4.738 5.031 59.162 6.378 3.568
NonInvasiveFatalECG Thorax2 2.559 3.159 3.587 4.097 40339.200 6.494 2.864

OSULeaf 30.041 20.692 20.034 19.950 76.057 23.915 136.512
OliveOil 0.657 0.959 1.494 1.804 95.499 3.420 0.008

PhalangesOutlinesCorrect 1.383 1.114 1.405 1.516 11.070 1.743 1.210
Phoneme 99.205 72.412 73.666 73.767 157.124 78.664 138.157

Plane 1.079 0.849 1.220 1.629 20.328 2.111 1.209
ProximalPhalanxOutlineAgeGroup 0.618 0.511 0.691 0.878 10.437 1.177 0.322

ProximalPhalanxOutlineCorrect 0.749 0.654 0.833 0.882 10.767 1.111 0.615
ProximalPhalanxTW 0.653 0.536 0.672 0.778 10.377 1.133 0.462
RefrigerationDevices 159.745 146.601 140.634 141.200 1 148.931 363.732

ScreenType 156.442 123.746 121.432 122.247 1 132.748 334.379
ShapeletSim 236.039 123.605 125.657 126.062 154.480 130.428 283.458

ShapesAll 15.267 7.108 6.466 6.818 58.734 8.236 67.790
SmallKitchenAppliances 176.073 164.419 162.009 162.585 1 168.170 524.542
SonyAIBORobotSurface 5.735 4.916 5.425 5.337 1 5.813 5.430

SonyAIBORobotSurfaceII 11.994 11.048 11.278 11.405 6637415.793 11.481 13.783
StarLightCurves 22.342 11.757 7.934 7.654 102.255 11.600 47.353

Strawberry 1.392 1.191 1.477 1.627 28.696 2.347 1.300
SwedishLeaf 2.409 1.968 2.476 2.904 19.638 3.283 6.274

Symbols 0.845 0.488 0.439 0.460 1 0.828 4.953
ToeSegmentation1 35.904 27.461 26.554 26.988 63.040 29.838 129.858
ToeSegmentation2 34.177 24.476 23.003 23.194 1 24.944 170.222

Trace 2.686 1.453 0.870 1.031 43.017 2.233 26.037
TwoLeadECG 1.811 1.514 1.641 1.701 7.961 1.802 2.216
Two Patterns 12.048 9.294 7.764 8.143 22.489 8.937 60.963

UWaveGestureLibraryAll 68.276 42.692 38.327 40.320 1 49.486 181.901
Wine 0.728 0.500 0.746 1.147 32.463 1.812 0.094

WordsSynonyms 9.305 4.917 4.491 4.740 48.605 7.209 29.713
Worms 100.683 64.029 61.527 61.296 35.906 68.282 421.381

WormsTwoClass 110.292 68.932 66.258 65.964 37.047 72.387 430.774
synthetic control 14.366 7.115 7.506 7.516 15.931 8.123 12.187

uWaveGestureLibrary X 27.610 16.618 14.902 14.442 1 18.269 75.119
uWaveGestureLibrary Y 29.964 16.106 14.556 14.450 1 15.961 74.405
uWaveGestureLibrary Z 40.154 24.001 22.462 22.656 1 25.040 107.540

wafer 25.831 23.595 25.828 25.195 1 27.323 65.100
yoga 27.418 13.524 11.828 12.051 40.171 15.319 111.236
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H. Barycenters: DTW loss (Eq. (4) with � = 0) achieved with Euclidean init

Dataset Soft-DTW � = 1 � = 0.1 � = 0.01 � = 0.001 Subgradient method DBA Euclidean mean

50words 5.400 2.895 2.355 2.439 4.064 2.595 22.294
Adiac 0.124 0.103 0.089 0.069 0.081 0.071 0.103

ArrowHead 2.677 1.759 1.282 1.327 1.587 1.411 2.965
Beef 14.814 6.412 5.252 5.694 11.112 5.528 31.486

BeetleFly 33.082 20.819 20.781 22.127 25.554 21.960 191.285
BirdChicken 21.646 9.445 7.807 8.026 473.653 8.243 70.614

CBF 22.498 11.844 11.433 11.597 15.321 12.291 28.228
Car 1.556 0.932 0.693 0.901 1.171 1.079 2.439

ChlorineConcentration 19.239 10.663 10.434 10.468 11.370 10.638 13.549
CinC ECG torso 112.562 78.292 69.415 70.383 76.693 68.641 751.445

Coffee 1.078 0.657 0.460 0.393 0.435 0.399 0.571
Computers 172.590 138.605 144.576 146.409 1 154.956 381.271
Cricket X 48.334 35.136 33.103 33.312 42.018 34.430 125.879
Cricket Y 41.804 31.395 31.044 31.158 35.957 31.749 97.393
Cricket Z 46.957 33.453 34.005 33.708 45.125 36.025 140.474

DiatomSizeReduction 0.039 0.033 0.028 0.021 0.024 0.019 0.032
DistalPhalanxOutlineAgeGroup 1.578 0.988 0.784 0.779 0.847 0.794 1.075

DistalPhalanxOutlineCorrect 2.878 2.002 1.751 1.754 2475.922 1.790 2.780
DistalPhalanxTW 1.377 0.837 0.655 0.651 0.773 0.667 0.997

ECG200 7.266 5.608 5.395 5.424 5.955 5.494 9.638
ECG5000 12.430 10.377 10.332 10.343 12.340 10.595 18.886

ECGFiveDays 8.416 7.452 7.046 7.101 145.106 7.145 23.477
Earthquakes 172.035 91.568 90.684 91.071 1 92.126 335.240

ElectricDevices 30.832 26.480 27.131 27.076 1 27.615 57.938
FISH 1.183 0.806 0.541 0.508 0.645 0.551 1.933

FaceAll 18.102 13.305 13.104 13.074 16.491 13.915 40.404
FaceFour 17.070 13.069 12.984 13.091 1 13.568 28.203

FacesUCR 17.172 13.081 13.293 13.394 15.780 13.498 35.942
FordA 53.903 42.199 41.835 41.966 53.545 44.259 235.362
FordB 61.168 48.150 47.327 47.743 60.120 50.121 246.802

Gun Point 5.924 2.132 1.695 1.666 2.543 1.682 5.906
Ham 25.353 18.841 17.457 17.294 1 17.917 32.456

HandOutlines 2.238 1.718 1.004 0.527 1 0.515 6.452
Haptics 12.554 8.874 7.785 8.197 12.193 8.219 35.613
Herring 1.655 1.117 0.809 0.760 0.956 0.817 2.564

InlineSkate 100.849 46.460 27.248 35.578 N/A N/A N/A
ItalyPowerDemand 2.597 1.990 1.956 1.985 2.132 1.997 2.449

MedicalImages 5.719 4.319 4.145 4.070 4.791 4.371 8.047
MiddlePhalanxOutlineAgeGroup 0.870 0.578 0.427 0.415 0.464 0.426 0.552

MiddlePhalanxOutlineCorrect 0.799 0.609 0.460 0.443 0.501 0.461 0.577
MiddlePhalanxTW 0.658 0.466 0.335 0.321 0.358 0.332 0.434

MoteStrain 24.451 20.720 20.829 21.057 1 21.273 26.694
NonInvasiveFatalECG Thorax1 1.619 1.384 0.907 0.785 0.691 0.814 1.400
NonInvasiveFatalECG Thorax2 1.624 1.370 0.932 0.827 2.163 0.853 1.409

OSULeaf 27.428 18.666 18.544 18.595 24.692 20.244 135.980
OliveOil 0.367 0.074 0.022 0.013 0.011 0.009 0.011

PhalangesOutlinesCorrect 1.172 0.895 0.699 0.695 0.766 0.704 1.002
Phoneme 135.535 104.971 105.478 108.031 126.055 108.513 254.392

Plane 0.928 0.600 0.404 0.399 0.499 0.430 1.203
ProximalPhalanxOutlineAgeGroup 0.820 0.502 0.361 0.346 0.390 0.356 0.512

ProximalPhalanxOutlineCorrect 0.816 0.630 0.463 0.452 0.517 0.461 0.669
ProximalPhalanxTW 0.637 0.431 0.313 0.304 0.341 0.308 0.471
RefrigerationDevices 154.420 133.321 135.721 135.300 1 142.697 358.823

ScreenType 189.188 143.582 143.894 141.776 1 148.464 325.840
ShapeletSim 231.937 124.443 122.000 122.506 154.089 127.977 284.079

ShapesAll 13.416 7.519 6.420 6.509 7.317 7.478 80.306
SmallKitchenAppliances 188.030 173.670 169.755 167.097 1 173.004 505.356
SonyAIBORobotSurface 5.715 4.002 3.870 3.896 1 3.828 5.444

SonyAIBORobotSurfaceII 11.300 8.947 8.853 8.871 12.651 8.977 14.225
StarLightCurves 13.581 6.619 4.054 3.765 7.247 4.517 30.354

Strawberry 2.218 1.413 1.128 1.070 1.374 1.156 2.128
SwedishLeaf 2.957 2.068 2.049 2.081 2.520 2.163 6.236

Symbols 0.762 0.451 0.412 0.401 1 0.474 4.822
ToeSegmentation1 35.832 26.067 26.337 25.735 31.157 27.493 131.683
ToeSegmentation2 34.264 22.238 20.800 21.563 1 23.080 164.101

Trace 1.737 1.744 1.508 1.378 4.170 1.969 26.814
TwoLeadECG 1.533 1.172 1.030 1.043 1.323 1.093 2.046
Two Patterns 10.891 7.505 6.045 6.079 18.987 6.584 66.027

UWaveGestureLibraryAll 67.549 38.179 32.894 33.426 1 39.241 167.486
Wine 0.707 0.188 0.127 0.111 0.114 0.110 0.118

WordsSynonyms 9.804 7.282 6.711 6.785 8.884 6.868 39.843
Worms 101.850 61.067 58.725 56.793 244.738 63.234 415.674

WormsTwoClass 122.901 68.771 64.655 64.898 1297.616 72.011 395.088
synthetic control 18.147 9.189 9.307 9.350 11.520 9.614 19.237

uWaveGestureLibrary X 34.423 19.787 18.746 17.807 1 24.269 93.839
uWaveGestureLibrary Y 27.744 14.309 13.010 13.607 1 15.283 51.854
uWaveGestureLibrary Z 21.927 10.081 8.456 8.453 1 11.040 47.947

wafer 32.561 29.197 28.908 28.820 1 33.379 67.413
yoga 23.698 11.632 9.433 9.204 16.239 10.058 93.688
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Soft-DTW: a Differentiable Loss Function for Time-Series

I. k-means clustering: DTW loss achieved (Eq. (5) with � = 0, log-scaled) when using random
initialization

Dataset Soft-DTW � = 1 � = 0.1 � = 0.01 � = 0.001 Subgradient method DBA Euclidean mean

50words 16.294 16.193 16.125 16.135 16.163 16.156 16.205
Adiac 11.933 11.933 11.933 11.933 11.933 11.933 11.933

ArrowHead 9.020 8.757 8.699 8.687 8.732 8.692 8.958
Beef 11.215 11.095 11.069 11.061 11.061 11.117 11.215

BeetleFly 9.946 9.618 9.531 9.592 9.619 9.591 10.368
BirdChicken 9.996 9.652 9.374 9.515 9.870 9.585 10.335

CBF 10.150 10.065 10.005 10.006 10.009 10.009 10.150
Car 9.392 9.290 9.067 9.039 9.059 9.046 9.276

ChlorineConcentration 15.512 15.214 15.182 15.175 15.176 15.176 15.331
CinC ECG torso 13.134 12.837 12.848 12.868 13.621 12.877 13.621

Coffee 7.150 6.893 6.692 6.628 6.693 6.651 6.825
Computers 16.420 16.498 16.489 16.502 16.960 16.475 16.960
Cricket X 16.922 16.696 16.629 16.628 16.649 16.653 16.955
Cricket Y 16.783 16.588 16.545 16.533 16.570 16.570 16.803
Cricket Z 16.874 16.669 16.597 16.593 16.620 16.620 16.981

DiatomSizeReduction 5.959 5.907 5.889 5.739 5.798 5.758 5.932
DistalPhalanxOutlineAgeGroup 11.193 11.220 11.202 11.198 11.194 11.196 11.158

DistalPhalanxOutlineCorrect 12.467 12.373 12.340 12.342 12.494 12.350 12.483
DistalPhalanxTW 11.244 11.260 11.263 11.251 11.264 11.261 11.222

ECG200 11.395 11.317 11.323 11.274 11.300 11.289 11.501
ECG5000 16.169 16.084 16.142 16.136 16.137 16.136 16.211

ECGFiveDays 8.734 8.579 8.522 8.513 8.713 8.533 8.818
Earthquakes 14.757 14.727 14.726 14.728 14.757 14.726 14.757

ElectricDevices 22.404 22.428 22.401 22.398 22.630 22.399 22.332
FISH 10.841 10.740 10.594 10.514 10.560 10.566 10.841

FaceAll 16.272 16.187 16.185 16.183 16.197 16.182 16.291
FaceFour 10.422 10.318 10.302 10.316 10.575 10.321 10.533

FacesUCR 14.479 14.432 14.426 14.423 14.430 14.429 14.431
FordA 18.604 18.390 18.388 18.387 18.977 18.385 18.977
FordB 17.620 17.429 17.425 17.426 17.466 17.416 17.998

Gun Point 10.242 10.019 9.843 9.743 9.883 9.738 10.130
Ham 12.772 12.545 12.488 12.473 13.240 12.506 12.957

MedicalImages 15.081 14.982 14.985 14.979 14.986 14.986 15.032
MiddlePhalanxOutlineAgeGroup 9.909 9.919 9.856 9.818 9.824 9.822 9.856

MiddlePhalanxOutlineCorrect 11.121 11.088 10.984 10.951 10.962 10.961 10.923
MiddlePhalanxTW 10.514 10.514 10.514 10.514 10.514 10.514 10.514

MoteStrain 9.560 9.484 9.460 9.451 9.201 9.470 9.557
NonInvasiveFatalECG Thorax1 17.728 N/A N/A N/A N/A N/A N/A

ProximalPhalanxTW 11.055 10.993 10.978 10.958 10.968 10.965 10.968
RefrigerationDevices 17.391 17.351 17.311 17.322 17.758 17.324 17.758

ScreenType 17.467 17.388 17.306 17.297 18.126 17.289 17.838
ShapeletSim 11.176 10.896 10.905 10.906 10.916 10.915 11.176

ShapesAll 17.539 17.405 17.331 17.333 17.605 17.357 17.509
SmallKitchenAppliances 17.551 17.611 17.537 17.606 18.007 17.561 18.007
SonyAIBORobotSurface 8.181 7.959 7.934 7.943 8.247 7.958 8.084

SonyAIBORobotSurfaceII 9.349 9.265 9.267 9.267 9.325 9.277 9.338
StarLightCurves 19.435 19.110 19.012 N/A N/A N/A N/A

Trace 14.570 14.570 14.556 14.550 14.555 14.556 14.553
TwoLeadECG 6.939 6.939 6.892 6.879 6.936 6.892 6.743
Two Patterns 17.416 17.379 17.317 17.325 17.524 17.307 17.524

UWaveGestureLibraryAll 18.911 18.641 18.514 18.531 19.282 18.537 19.244
Wine 7.527 7.297 6.482 6.358 6.390 6.353 6.223

WordsSynonyms 15.209 15.093 15.024 15.025 15.053 15.036 15.159
Worms 14.184 14.051 13.889 13.896 14.943 13.968 14.648

WormsTwoClass 13.727 13.471 13.429 13.462 14.944 13.494 14.944
synthetic control 15.338 15.303 15.292 15.291 15.303 15.295 15.278

uWaveGestureLibrary X 18.789 18.568 N/A N/A N/A N/A N/A
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Soft-DTW: a Differentiable Loss Function for Time-Series

J. k-means clustering: DTW loss achieved (Eq. (5) with � = 0, log-scaled) when using
Euclidean mean initialization

Dataset Soft-DTW � = 1 � = 0.1 � = 0.01 � = 0.001 Subgradient method DBA Euclidean mean

50words 16.233 16.145 16.046 16.035 16.045 16.233 16.233
Adiac 12.311 12.311 12.264 12.241 12.234 12.233 12.311

ArrowHead 9.014 8.963 8.766 8.746 8.851 8.809 9.014
Beef 11.225 11.110 11.088 11.079 11.077 11.070 11.300

BeetleFly 9.895 9.290 9.268 9.240 9.512 10.926 10.926
BirdChicken 10.032 9.542 9.352 9.338 9.422 9.414 10.335

CBF 10.246 9.995 9.910 9.908 9.933 9.921 10.246
Car 9.276 9.229 8.989 8.910 8.936 8.935 9.276

ChlorineConcentration 15.331 15.291 15.254 15.252 15.270 15.252 15.331
CinC ECG torso 13.197 12.803 12.752 12.728 13.723 13.723 13.723

Coffee 6.825 6.825 6.668 6.599 6.605 6.591 6.825
Computers 16.417 16.346 16.301 16.289 17.167 16.342 17.167
Cricket X 16.895 16.719 16.622 16.623 16.612 16.600 16.987
Cricket Y 16.770 16.651 16.546 16.514 16.515 16.527 16.861
Cricket Z 16.924 16.748 16.670 16.633 16.653 16.653 17.028

DiatomSizeReduction 5.963 5.963 5.963 5.884 5.897 5.896 5.963
DistalPhalanxOutlineAgeGroup 11.164 11.164 11.164 11.164 11.164 11.164 11.164

DistalPhalanxOutlineCorrect 12.544 12.533 12.494 12.475 12.240 12.479 12.577
DistalPhalanxTW 11.242 11.259 11.256 11.243 11.251 11.245 11.259

ECG200 11.462 11.291 11.239 11.222 11.231 11.234 11.503
ECG5000 16.253 16.180 16.171 16.183 16.170 16.172 16.262

ECGFiveDays 8.738 8.614 8.543 8.549 8.709 8.559 8.818
Earthquakes 15.113 14.625 14.601 14.599 15.952 14.597 15.952

ElectricDevices 22.295 22.325 22.291 22.290 22.379 22.283 22.379
FISH 10.904 10.843 10.589 10.543 10.527 10.555 10.904

FaceAll 16.278 16.162 16.145 16.145 16.152 16.140 16.347
FaceFour 10.376 10.273 10.239 10.226 10.566 10.241 10.566

FacesUCR 14.472 14.434 14.406 14.407 14.391 14.481 14.481
FordA 18.581 18.354 18.354 18.360 20.038 20.038 20.038
FordB 17.649 17.443 17.429 17.436 17.466 17.427 19.143

Gun Point 10.334 10.027 9.806 9.751 9.902 9.833 10.334
Ham 12.805 12.603 12.559 12.558 12.974 12.561 12.974

HandOutlines 13.712 N/A N/A N/A N/A N/A N/A
MedicalImages 15.082 14.963 14.940 14.942 14.950 14.941 15.091

MiddlePhalanxOutlineAgeGroup 9.856 9.856 9.855 9.821 9.823 9.821 9.856
MiddlePhalanxOutlineCorrect 10.962 10.962 10.962 10.959 10.950 10.950 10.962

MiddlePhalanxTW 10.558 10.587 10.587 10.569 10.572 10.570 10.587
MoteStrain 9.551 9.454 9.413 9.451 9.557 9.446 9.557

NonInvasiveFatalECG Thorax1 17.765 N/A N/A N/A N/A N/A N/A
ProximalPhalanxTW 10.978 10.973 10.978 10.978 10.978 10.978 10.978
RefrigerationDevices 17.260 17.202 17.093 17.073 18.140 17.095 18.140

ScreenType 17.430 17.359 17.294 17.292 17.838 17.323 17.838
ShapeletSim 11.497 10.864 10.845 10.853 10.865 11.608 11.608

ShapesAll 17.560 17.431 17.335 17.328 17.560 17.560 17.560
SmallKitchenAppliances 17.310 17.273 17.357 17.357 18.206 18.206 18.206
SonyAIBORobotSurface 8.084 7.980 7.941 7.947 8.084 7.948 8.084

SonyAIBORobotSurfaceII 9.338 9.207 9.196 9.195 9.338 9.195 9.338
StarLightCurves 19.457 19.178 19.083 N/A N/A N/A N/A

Trace 14.553 14.553 14.553 14.549 14.553 14.553 14.553
TwoLeadECG 6.743 6.705 6.623 6.606 6.666 6.633 6.743
Two Patterns 17.084 17.363 17.242 17.255 17.518 17.316 17.942

UWaveGestureLibraryAll 18.820 18.613 18.539 18.488 19.259 18.508 19.259
Wine 6.223 6.223 6.223 6.223 6.223 6.205 6.223

WordsSynonyms 15.184 15.036 14.947 14.951 14.965 14.959 15.196
Worms 14.043 13.860 13.791 13.777 14.696 13.772 14.696

WormsTwoClass 13.699 13.440 13.322 13.337 15.076 13.390 15.076
synthetic control 15.472 15.367 15.337 15.338 15.330 15.336 15.472

uWaveGestureLibrary X 18.844 18.562 N/A N/A N/A N/A N/A

IPR2026-00272 
Krisp Technologies EX1010 Page 332



Soft-DTW: a Differentiable Loss Function for Time-Series

K. Time-series prediction: DTW loss achieved when using random init

Dataset Soft-DTW loss � = 1 � = 0.1 � = 0.01 � = 0.001 Euclidean loss

50words 6.473 4.921 4.999 6.489 18.734
Adiac 0.094 0.074 0.078 0.109 0.103

ArrowHead 1.851 1.708 1.933 1.909 2.073
Beef 12.229 8.688 10.244 9.126 22.228

BeetleFly 35.037 25.439 27.588 23.494 50.610
BirdChicken 31.878 19.914 25.100 14.981 30.693

CBF 10.802 9.263 9.595 10.151 12.868
Car 1.724 2.307 2.202 1.318 1.588

ChlorineConcentration 7.876 2.108 2.331 1.735 0.769
CinC ECG torso 45.675 26.337 23.567 24.550 48.171

Coffee 0.914 0.727 1.662 1.883 0.660
Computers 92.584 84.723 78.953 75.435 235.208
Cricket X 9.394 8.042 7.123 7.226 12.080
Cricket Y 11.989 9.643 9.534 9.545 15.002
Cricket Z 9.161 6.889 6.585 7.200 11.003

DiatomSizeReduction 1.182 0.922 0.820 0.897 1.203
DistalPhalanxOutlineAgeGroup 0.426 0.291 0.541 0.496 0.231

DistalPhalanxOutlineCorrect 0.494 0.476 0.564 0.591 0.351
DistalPhalanxTW 0.441 0.330 0.305 1.214 0.231

ECG200 1.874 1.716 1.884 1.734 1.905
ECG5000 4.895 4.705 4.543 4.441 5.463

ECGFiveDays 1.834 1.944 1.699 1.642 2.220
Earthquakes 74.738 59.973 60.877 57.827 147.980

ElectricDevices 20.186 15.125 15.218 15.287 37.121
FISH 0.464 0.429 0.354 0.459 0.462

FaceAll 9.317 7.451 7.902 7.276 10.716
FaceFour 19.564 20.881 28.150 28.839 46.841

FacesUCR 15.359 14.643 16.143 17.428 28.576
Gun Point 0.896 0.805 0.923 0.834 0.858

Ham 20.154 17.931 17.786 17.413 24.340
Haptics 16.174 17.775 17.142 17.423 23.130
Herring 1.000 0.712 0.666 0.762 0.865

InsectWingbeatSound 3.460 2.823 2.458 2.220 5.437
ItalyPowerDemand 0.911 0.893 0.711 0.798 0.881

LargeKitchenAppliances 63.153 60.739 60.157 61.841 266.853
Lighting2 73.293 66.341 65.335 66.881 147.668
Lighting7 44.446 42.699 40.608 41.502 68.902

Meat 0.162 0.242 0.246 0.650 0.099
MedicalImages 1.023 0.853 0.708 0.778 1.211

MiddlePhalanxOutlineAgeGroup 0.343 0.347 0.570 0.400 0.312
MiddlePhalanxOutlineCorrect 0.278 0.204 0.227 0.202 0.182

MiddlePhalanxTW 0.251 0.153 0.445 0.314 0.132
MoteStrain 10.188 9.986 11.119 10.250 11.183

NonInvasiveFatalECG Thorax1 1.002 0.920 0.675 0.634 1.219
OSULeaf 15.125 11.722 11.086 10.775 30.739
OliveOil 0.476 0.683 2.082 2.076 0.020

PhalangesOutlinesCorrect 0.352 0.216 0.352 0.338 0.170
Phoneme 160.536 150.017 148.175 145.093 219.704

Plane 0.619 0.564 0.834 0.788 0.630
ProximalPhalanxOutlineAgeGroup 0.134 0.062 0.105 0.118 0.046

ProximalPhalanxOutlineCorrect 0.129 0.047 0.089 0.128 0.044
ProximalPhalanxTW 0.154 0.077 0.102 0.150 0.055
RefrigerationDevices 108.421 93.519 89.370 89.873 160.361

ShapeletSim 102.413 70.455 71.156 72.094 108.936
ShapesAll 10.391 9.027 7.850 7.207 18.348

SonyAIBORobotSurface 4.453 4.494 4.318 4.910 4.388
SonyAIBORobotSurfaceII 8.072 8.302 7.758 8.669 8.628

Strawberry 0.123 0.088 0.137 0.100 0.081
SwedishLeaf 1.486 1.277 1.316 1.169 1.633

Symbols 17.963 14.039 15.172 13.192 38.268
ToeSegmentation1 23.866 22.987 26.056 22.401 35.806
ToeSegmentation2 41.450 33.100 30.931 31.106 61.899

Trace 0.563 0.379 0.352 0.279 0.582
TwoLeadECG 0.441 0.394 0.318 0.320 0.336
Two Patterns 15.035 10.100 10.588 8.584 35.923

UWaveGestureLibraryAll 40.324 28.975 26.193 25.897 93.019
Wine 0.164 0.203 1.417 0.958 0.028

WordsSynonyms 12.466 10.437 9.165 9.219 32.003
Worms 81.236 63.938 60.950 59.995 114.528

WormsTwoClass 78.455 66.609 60.207 61.685 122.619
synthetic control 7.709 5.315 5.390 5.506 7.690

uWaveGestureLibrary X 13.096 9.995 10.143 9.433 19.995
uWaveGestureLibrary Y 9.793 7.272 7.327 7.225 17.706
uWaveGestureLibrary Z 11.883 8.909 8.494 8.416 20.092

wafer 1.049 0.473 0.386 0.496 2.636
yoga 2.932 2.431 1.995 3.309 4.305
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Soft-DTW: a Differentiable Loss Function for Time-Series

L. Time-series prediction: DTW loss achieved when using Euclidean init

Dataset Soft-DTW loss � = 1 � = 0.1 � = 0.01 � = 0.001 Euclidean loss

50words 6.330 5.628 4.885 4.553 18.734
Adiac 0.082 0.076 0.064 0.079 0.103

ArrowHead 1.823 2.016 1.762 2.106 2.073
Beef 7.250 6.940 7.146 3.757 22.228

BeetleFly 32.430 26.600 27.199 29.003 50.610
BirdChicken 24.952 22.600 19.914 20.540 30.693

CBF 10.744 8.978 9.215 8.398 12.868
Car 0.906 0.812 0.709 0.740 1.588

ChlorineConcentration 6.018 0.979 0.695 0.698 0.769
CinC ECG torso 29.892 18.638 19.635 19.191 48.171

Coffee 0.870 0.582 0.511 0.496 0.660
Computers 86.619 79.250 82.215 81.417 235.208
Cricket X 10.954 8.200 7.932 8.296 12.080
Cricket Y 11.901 10.150 10.265 9.574 15.002
Cricket Z 9.714 7.760 7.544 8.041 11.003

DiatomSizeReduction 0.964 0.852 0.874 0.869 1.203
DistalPhalanxOutlineAgeGroup 0.403 0.206 0.175 0.177 0.231

DistalPhalanxOutlineCorrect 0.515 0.310 0.300 0.262 0.351
DistalPhalanxTW 0.468 0.228 0.186 0.178 0.231

ECG200 1.907 1.541 1.565 1.536 1.905
ECG5000 4.737 4.190 4.398 4.148 5.463

ECGFiveDays 1.584 1.396 1.322 1.335 2.220
Earthquakes 71.461 55.819 56.504 57.153 147.980

ElectricDevices 19.499 15.045 14.999 15.228 37.121
FISH 0.439 0.353 0.319 0.318 0.462

FaceAll 9.309 8.687 7.803 7.853 10.716
FaceFour 20.483 20.411 21.259 21.444 46.841

FacesUCR 14.984 14.530 14.403 14.729 28.576
Gun Point 0.447 0.368 0.300 0.297 0.858

Ham 16.152 14.717 12.252 13.424 24.340
Haptics 15.177 14.275 12.394 11.931 23.130
Herring 0.310 0.305 0.292 0.249 0.865

InsectWingbeatSound 3.104 2.346 2.186 2.036 5.437
ItalyPowerDemand 0.802 0.595 0.623 0.654 0.881

LargeKitchenAppliances 61.531 63.834 59.116 57.219 266.853
Lighting2 65.602 62.240 61.561 60.826 147.668
Lighting7 43.930 41.668 40.535 39.422 68.902

Meat 0.173 0.140 0.103 0.077 0.099
MedicalImages 0.932 0.671 0.615 0.651 1.211

MiddlePhalanxOutlineAgeGroup 0.283 0.200 0.134 0.154 0.312
MiddlePhalanxOutlineCorrect 0.269 0.169 0.133 0.148 0.182

MiddlePhalanxTW 0.225 0.126 0.111 0.094 0.132
MoteStrain 9.704 9.321 9.385 10.156 11.183

NonInvasiveFatalECG Thorax1 0.921 0.736 0.540 0.536 1.219
OSULeaf 16.168 14.372 13.354 12.350 30.739
OliveOil 0.179 0.298 0.034 0.026 0.020

PhalangesOutlinesCorrect 0.328 0.231 0.161 0.153 0.170
Phoneme 173.501 158.036 159.293 158.776 219.704

Plane 0.454 0.343 0.311 0.370 0.630
ProximalPhalanxOutlineAgeGroup 0.137 0.056 0.039 0.036 0.046

ProximalPhalanxOutlineCorrect 0.118 0.046 0.033 0.030 0.044
ProximalPhalanxTW 0.164 0.067 0.054 0.045 0.055
RefrigerationDevices 107.693 95.458 90.328 91.687 160.361

ShapeletSim 106.805 73.626 72.985 73.987 108.936
ShapesAll 11.946 7.724 7.127 7.522 18.348

SonyAIBORobotSurface 4.068 3.619 3.400 3.737 4.388
SonyAIBORobotSurfaceII 6.954 6.585 6.410 6.593 8.628

Strawberry 0.110 0.082 0.071 0.069 0.081
SwedishLeaf 1.438 1.151 1.095 1.108 1.633

Symbols 14.717 12.040 15.229 16.199 38.268
ToeSegmentation1 24.293 20.905 22.914 22.566 35.806
ToeSegmentation2 44.439 36.333 35.804 41.121 61.899

Trace 0.578 0.331 0.272 0.250 0.582
TwoLeadECG 0.157 0.131 0.129 0.149 0.336
Two Patterns 14.843 11.616 11.622 11.059 35.923

UWaveGestureLibraryAll 42.336 30.864 27.572 26.573 93.019
Wine 0.069 0.263 0.045 0.029 0.028

WordsSynonyms 12.654 10.089 9.887 8.946 32.003
Worms 74.589 71.946 70.245 67.669 114.528

WormsTwoClass 81.311 61.360 62.281 74.672 122.619
synthetic control 7.455 5.509 5.374 5.369 7.690

uWaveGestureLibrary X 14.151 10.065 9.231 9.197 19.995
uWaveGestureLibrary Y 9.852 7.285 7.066 7.036 17.706
uWaveGestureLibrary Z 12.019 8.893 8.453 8.513 20.092

wafer 1.125 0.838 0.765 0.818 2.636
yoga 2.510 2.209 1.807 1.851 4.305
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Abstract: Speech recognition and speaker identification are important for authentication and verification in 
security purpose, but they are difficult to achieve. Speaker identification methods can be divided into text-
independent and text-dependent. This paper presents a technique of text-dependent speaker identification using 
MFCC-domain support vector machine (SVM). In this work, melfrequency cepstrum coefficients (MFCCs) and 
their statistical distribution properties are used as features, which will be inputs to the neural network. This 
work firstly used sequential minimum optimization (SMO) learning technique for SVM that improve 
performance over traditional techniques Chunking, Osuna. The cepstrum coefficients representing the speaker 
characteristics of a speech segment are computed by nonlinear filter bank analysis and discrete cosine 
transform. The speaker identification ability and convergence speed of the SVMs are investigated for different 
combinations of features. Extensive experimental results on several samples show the effectiveness of the 
proposed approach. 
 
Keywords: Speech recognition, speaker identification, MFCC, support vector machine, neural networks, 
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 1. Introduction 
 
Speaker identification has been the subject of active 
research for many years, and has many potential 
applications where propriety of information is a 
concern. Speaker identification is the process of 
automatically recognizing a speaker by machine 
using the speaker’s voice [11]. The most common 
application of speaker identification systems is in 
access control, for example, access to a room or 
privileged information over the telephone [14]. Also 
it has a very useful usage for speaker adaptation in 
automatic speech recognition system. 
 
Speaker recognition can be classified into 
identification and verification [13].  Speaker 
identification is the process of determining which 
registered speaker provides a given utterance. 
Speaker verification, on the other hand, is the 
process of accepting or rejecting the identity claim of 
a speaker. Speaker recognition methods can also be 
divided into text-independent and text-dependent 
methods [9].  In a text-independent system, speaker 
models capture characteristics of somebody’s 
speech, which show up irrespective of what one is 
saying.  In a text-dependent system, on the other 
hand, the recognition of the speaker’s identity is 
based on his or her speaking one or more specific 
phrases, like passwords, card numbers, PIN codes, 

etc [2]. The choice of which technology to use is 
application-specific  
 
The objective of this work is to design an efficient 
system for human speech recognition that is able to 
identify and verify human speech more accurately. 
This work presents a technique of text-dependent 
speaker identification using MFCC-domain support 
vector machine (SVM).  Mel-frequency cepstrum 
coefficients (MFCCs) and their statistical 
distribution properties are used as features, which 
will be inputs to the neural network [8].  
 
2. Voice processing 
 
The purpose of this module is to convert the speech 
waveform to some type of parametric representation 
(at a considerably lower information rate). The 
speech signal is a slowly time varying signal (it is 
called quasi-stationary). When examined over a 
sufficiently short period of time (between 5 and 100 
ms), its characteristics are fairly stationary. 
However, over long periods of time (on the order of 
0.2s or more) the signal characteristics change to 
reflect the different speech sounds being spoken. 
Therefore, short-time spectral analysis is the most 
common way to characterize the speech signal. A 
wide range of possibilities exist for parametrically 
representing the speech signal for the speaker 
recognition task, such as linear prediction coding 
(LPC), mel-frequency cepstrum coefficients  

IPR2026-00272 
Krisp Technologies EX1010 Page 346



(MFCC), and others. MFCC is perhaps the best 
known and most popular, and this feature has been 
used in this paper. MFCCs are based on the known 
variation of the human ear’s critical bandwidths with 
frequency. The MFCC technique makes use of two 
types of filter, namely, linearly spaced filters and 
logarithmically spaced filters. To capture the 
phonetically important characteristics of speech, 
signal is expressed in the Mel frequency scale. This 
scale has a linear frequency spacing below 1000 Hz 
and a logarithmic spacing above 1000 Hz. Normal 
speech waveform may vary from time to time 
depending on the physical condition of speakers’ 
vocal cord. Rather than the speech waveforms 
themselves, MFFCs are less susceptible to the said 
variations [1] [4]. 

 
2.1. The MFCC processor 
 
A block diagram of the structure of an MFCC 
processor is given in Figure 1. The speech input is 
recorded at a sampling rate of 22050Hz. This 
sampling frequency is chosen to minimize the effects 
of aliasing in the analog-to-digital conversion 
process.  
 

 
 
 
 
 
 
 
 
 
 

Figure 1: Block diagram of the MFCC processor. 
 
2.2. Mel-frequency wrapping 
 
The speech signal consists of tones with different 
frequencies. For each tone with an actual frequency, 
f, measured in Hz, a subjective pitch is measured on 
the ‘Mel’ scale. The mel-frequency scale is a linear 
frequency spacing below 1000Hz and a logarithmic 
spacing above 1000Hz. As a reference point, the 
pitch of a 1KHz tone, 40dB above the perceptual 
hearing threshold, is defined as 1000 mels. Therefore 
we can use the following formula to compute the 
mels for a given frequency f in Hz: 

mel(f)= 2595*log10(1+f/700) ……….. (1) 
One approach to simulating the subjective spectrum 
is to use a filter bank, one filter for each desired 
melfrequency component. The filter bank has a 
triangular bandpass frequency response, and the 
spacing as well as the bandwidth is determined by a 
constant mel-frequency interval. 
 
 
 

2.3. Cepstrum 
 
In the final step, the log mel spectrum has to be 
converted back to time. The result is called the mel 
frequency cepstrum coefficients (MFCCs). The 
cepstral representation of the speech spectrum 
provides a good representation of the local spectral 
properties of the signal for the given frame analysis. 
Because the mel spectrum coefficients are real 
numbers (and so are their logarithms), they may be 
converted to the time domain using the discrete 
cosine transform (DCT). The MFCCs may be 
calculated using the following equation [3] [5]: 

 
where n=1, 2, …, K. The number of mel cepstrum 
coefficients, K, is typically chosen as 20. The first 
component, c~ 0 , is excluded from the DCT since it 
represents the mean value of the input signal which 
carries little speaker specific information. By 
applying the procedure described above, for each 
speech frame of about 30 ms with overlap, a set of 
mel-frequency cepstrum coefficients is computed. 
This set of coefficients is called an acoustic vector. 
These acoustic vectors can be used to represent and 
recognize the voice characteristic of the speaker [7]. 
Therefore each input utterance is transformed into a 
sequence of acoustic vectors. The next section 
describes how these acoustic vectors can be used to 
represent and recognize the voice characteristic of a 
speaker. 

 
3. Feature matching 

 
The state-of-the-art feature matching techniques used 
in speaker recognition include, NETtalk, Time-Delay 
Neural Network (TDNN), Dynamic Time Warping 
(DTW), Hidden Markov Modeling (HMM), and 
Vector Quantization (VQ). A new approach, Support 
Vector Machine is used here, due to high accuracy.  

 
3.1. Support vector machine 

The support vector machine (SVM) is a linear 
machine pioneered by Vapnik [12]. Like multiplayer 
perceptron and radial basis function networks SVM 
can be used for pattern classification and nonlinear 
regression. The SVM become popular due to its 
attractive features and promising empirical 
performance. The idea of support vector machine is 
to construct a hyperplane as the decision surface in 
such a way that that the margin of separation 
between positive and negative example maximized. 
The SVM is an approximate implementation of the 
method of structural risk minimization (SRM). SRM 
principles have been shown to be superior to 
empirical risk minimization (ERM) principle 
employed by conventional neural networks. SRM 

Frame  
Blocking 

Windowing FFT 
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minimize an upper bound on the expected risk as 
opposed to ERM that minimizes the error on the 
training data [6]. 

 
 

Figure 2: A linear support vector machine. 
 

3.2. SVM training process 
 

Though a solution for the quadratic optimization is 
guaranteed based on the KKT conditions, the 
number of computation required can be very high 
depending on the separability of the data and the 
number of training data points. Due to the size, the 
quadratic optimization problem that arises from 
SVMs cannot be easily solved via standard QP 
techniques. The quadratic form involves a matrix 
that has a number of elements equal to the square of 
the number of training examples. This matrix cannot 
be fit into 128 Megabytes if there are more than 
4000 training examples. Vapnik [15] describes a 
method to solve the SVM quadratic problem, which 
has since been known as “chunking.” The chunking 
algorithm uses the fact that the value of the quadratic 
form is the same if you remove the rows and 
columns of the matrix that corresponds to zero 
Lagrange multipliers. Therefore, the large quadratic 
optimization problem can be broken down into a 
series of smaller quadratic problems, whose ultimate 
goal is to identify all of the non-zero Lagrange 
multipliers and discard all of the zero Lagrange 
multipliers. At every step, chunking solves a 
quadratic optimization problem that consists of the 
following examples: every non-zero Lagrange 
multiplier from the last step, and the M worst 
examples that violate the KKT conditions [4], for 
some value of M. If there are fewer than M examples 
that violate the KKT conditions at a step, all of the 
violating examples are added in. Each quadratic sub-
problem is initialized with the results of the previous 
sub-problem. At the last step, the entire set of non-
zero Lagrange multipliers has been identified, hence 
the last step solves the large problem. Chunking 
seriously reduces the size of the matrix from the 
number of training examples squared to 
approximately the number of non-zero Lagrange 
multipliers squared. However, chunking still cannot 
handle large-scale training problems, since even this 
reduced matrix cannot fit into memory.  
 
In 1997, Osuna, et al. [10] proved a theorem which 
suggests a whole new set of quadratic algorithms for 

SVMs. The theorem proves that the large quadratic 
optimization problem can be broken down into a 
series of smaller quadratic sub-problems. As long as 
at least one example that violates the KKT 
conditions is added to the examples for the previous 
sub-problem, each step will reduce the overall 
objective function and maintain a feasible point that 
obeys all of the constraints. Therefore, as sequence 
of quadratic sub-problems that always add at least 
one violator will be guaranteed to converge. Notice 
that the chunking algorithm obeys the conditions of 
the theorem, and hence will converge.  
 
Osuna, et al. suggests keeping a constant size matrix 
for every quadratic sub-problem, which implies 
adding and deleting the same number of examples at 
every step [10]. Using a constant-size matrix will 
allow the training on arbitrarily sized data sets. The 
algorithm given in Osuna’s paper [10] suggests 
adding one example and subtracting one example 
every step. Clearly this would be inefficient, because 
it would use an entire numerical quadratic 
optimization step to cause one training example to 
obey the KKT conditions. In practice, researchers 
add and subtract multiple examples according to 
unpublished heuristics [10]. In any event, a 
numerical QP solver is required for all of these 
methods. Numerical quadratic optimization is 
notoriously tricky to get right; there are many 
numerical precision issues that need to be addressed. 
 
For each method, three steps are illustrated. The 
horizontal thin line at every step represents the 
training set, while the thick boxes represent the 
Lagrange multipliers being optimized at that step. 
For chunking, a fixed number of examples are added 
every step, while the zero Lagrange multipliers are 
discarded at every step. 
 
Thus, the number of examples trained per step tends 
to grow. For Osuna’s algorithm, a fixed number of 
examples are optimized every step: the same number 
of examples is added to and discarded from the 
problem at every step. For SMO, only two examples 
are analytically optimized at every step, so that each 
step is very fast. 
 

 
 
 

Figure 3: Three alternative methods for training SVMs: 
Chunking, Osuna’s algorithm, and SMO. 
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3.3. Sequential minimal optimization (SMO) 
 

Sequential minimal optimization (SMO) is a simple 
algorithm that can quickly solve the SVM problem 
without any extra matrix storage and without using 
numerical quadratic optimization steps at all. SMO 
decomposes the overall quadratic problem into 
quadratic sub-problems, using Osuna’s theorem to 
ensure convergence. 
 
Unlike the previous methods, SMO chooses to solve 
the smallest possible optimization problem at every 
step. For the standard SVM quadratic problem, the 
smallest possible optimization problem involves two 
Lagrange multipliers, because the Lagrange 
multipliers must obey a linear Equality constraint. At 
every step, SMO chooses two Lagrange multipliers 
to jointly optimize, finds the optimal values for these 
multipliers, and updates the SVM to reflect the new 
optimal values. The advantage of SMO lies in the 
fact that solving for two Lagrange multipliers can be 
done analytically. Thus, numerical quadratic 
optimization is avoided entirely. The inner loop of 
the algorithm can be expressed in a short amount of 
C code, rather than invoking an entire quadratic 
library routine. Even though more optimization sub-
problems are solved in the course of the algorithm, 
each sub-problem is so fast that the overall quadratic 
problem is solved quickly. 
 
In addition, SMO requires no extra matrix storage at 
all. Thus, very large SVM training problem scan fit 
inside of the memory of an ordinary personal 
computer or workstation. Because no matrix 
algorithms are used in SMO, it is less susceptible to 
numerical precision problems. There are two 
components to SMO an analytic method for solving 
for the two Lagrange multipliers, and a heuristic for 
choosing which multipliers to optimize. 

 
4. Performance measure of SMO  
  
The data set used to test SMO’s speed was the UCI 
"adult" data set, which is available at [16]. There are 
9888 examples in the "adult" training set. Two 
different SVMs were trained on the problem: a linear 
SVM, and a non-linear SVM. The timings for SMO 
versus chunking and Osuna for a linear SVM and 
non-linear SVM are shown in the table below: 

 
Table 1: Timing of SMO versus chunking for a linear 

SVM and non-linear SVM. 
 

For the linear SVM on this data set, the SMO 
training time faster than Chunking. This experiment 
is another situation where SMO is superior to Osuna 
and chunking in computation time. In this case, the 
scaling for SMO is somewhat better than chunking: 
SMO is a factor of between two and six times faster 
than chunking. The non-linear test shows that SMO 
is still faster than chunking. For the real-world test 
sets, SMO can be a factor of 1200 times faster for 
linear SVMs and a factor of 15 times faster for non-
linear SVMs. Because of its ease of use and better 
scaling with training set size, SMO is a strong 
candidate for becoming the standard SVM training 
algorithm. 
 
5. Experiment results 

 
To show the effectiveness of the proposed approach 
some experimental results are shown. The 
experiment has done by testing the system in 
different ways and then comparing their result to 
estimate the final result. Here we used the sample of 
word “Zero” 20 times for each speaker. We work on 
total 8 speakers. All the data samples are collected 
from an international database. Our experiment 
results are given below by using Chunking and SMO 
training algorithm in SVM. Now, we will see how 
the system acts when using Chunking training 
algorithm in SVM.   

 
Table 2: Results obtain from using Chunking training 

algorithm. 
 

Speaker 
ID 

Total 
Sample 

No. of 
correct 
samples 

No. of 
false 

samples 

Success rate 
in 

percentage 
(%) 

1 20 16 4 75 
2 20 20 0 90 
3 20 20 0 90 
4 20 17 3 80 
5 20 20 0 90 
6 20 16 4 75 
7 20 18 2 90 
8 20 20 0 90 

 
Now, we will see how the system acts when using 
sequential minimum optimization (SMO) training 
algorithm in SVM.   
 

Table 3: Results obtain from using SMO training 
algorithm. 

 

For Linear SVM For Non-Linear SVM Training Set 
Size SMO Chunking SMO Chunkin

g 
2477 2.2 13.1 26.3 64.9 
3470 4.9 16.1 44.1 110.4 
4912 8.1 40.6 83.6 372.5 
7366 12.7 140.7 156.7 545.5 
9888 24.7 239.3 248.1 907.6 

Speaker 
ID 

Total 
Sample 

No. of 
correct 
samples 

No. of 
false 

samples 

Success rate 
in percentage 

(%) 
1 20 18 2 90 
2 20 20 0 100 
3 20 20 0 100 
4 20 19 1 95 
5 20 20 0 100 
6 20 18 2 90 
7 20 18 2 90 
8 20 19 1 95 
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Here is the final result of our proposed approach  
 

Table 4: Success rate in both SVM training methods. 

 
 
6. Conclusions 
 
This paper successfully presents an approach based 
on neural networks for voice recognition and user 
identification. This approach based on MFCC-
domain support vector machine by using SMO 
learning method.  We have found a good result after 
testing the voice dependent system where there is a 
91.88% success rate for using Chunking SVM 
training method and 95% for using SMO SVM 
training method. Thus we can conclude that, our 
approach have identified and verified human voice 
better than previous approaches.   
 
The MFCC technique has been applied for speaker 
identification. VQ is used to minimize the data of the 
extracted feature. The study reveals that as number 
of centroids increases, identification rate of the 
system increases. It has been found that combination 
of Mel frequency and Hamming window gives the 
best performance. It also suggests that in order to 
obtain satisfactory result, the number of centroids 
has to be increased as the number of speakers 
increases. The study shows that the linear scale can 
also have a reasonable identification rate if a 
comparatively higher number of centroid is used. 
However, the recognition rate using a linear scale 
would be much lower if the number of speakers 
increases. Mel scale is also less vulnerable to the 
changes of speaker's vocal cord in course of time. 
The present study is still ongoing, which may 
include following further works. HMM may be used 
to improve the efficiency and precision of the 
segmentation to deal with crosstalk, laughter and 
uncharacteristic speech sounds. A more effective 
normalization algorithm can be adopted on extracted 
parametric representations of the acoustic signal, 
which would improve the identification rate further. 
Finally, a combination of features (MFCC, LPC, 
LPCC, Formant etc) may be used to implement a 
robust parametric representation for speaker 
identification. 
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Abstract

In this paper we present a hierarchical framework for the extraction of spectro-temporal acoustic features. The design of the features
targets higher robustness in dynamic environments. Motivated by the large gap between human and machine performance in such con-
ditions we take inspirations from the organization of the mammalian auditory cortex in the design of our features. This includes the joint
processing of spectral and temporal information, the organization in hierarchical layers, competition between coequal features, the use of
high-dimensional sparse feature spaces, and the learning of the underlying receptive fields in a data-driven manner. Due to these prop-
erties we termed the features as hierarchical spectro-temporal (HIST) features. For the learning of the features at the first layer we use
Independent Component Analysis (ICA). At the second layer of our feature hierarchy we apply Non-Negative Sparse Coding (NNSC) to
obtain features spanning a larger frequency and time region. We investigate the contribution of the different subparts of this feature
extraction process to the overall performance. This includes an analysis of the benefits of the hierarchical processing, the comparison
of different feature extraction methods on the first layer, the evaluation of the feature competition, and the investigation of the influence
of different receptive field sizes on the second layer. Additionally, we compare our features to MFCC and RASTA-PLP features in a
continuous digit recognition task in noise. On a wideband dataset we constructed ourselves based on the Aurora-2 task, as well as
on the actual Aurora-2 database. We show that a combination of the proposed HIST features and RASTA-PLP features yields signif-
icant improvements and that the proposed features carry complementary information to RASTA-PLP and MFCC features.
! 2010 Elsevier B.V. All rights reserved.

Keywords: Spectro-temporal; Auditory; Robust speech recognition; Image processing; Learning; Competition; Hierarchical

1. Introduction

Humans have the astonishing ability to preserve stable
representations even in a dynamic environment. In contrast
to automatic speech recognition systems additional back-
ground noise and changes in the transmission channel have
only minor effects on human performance (Lippmann,
1997; Sroka and Braida, 2005). Hence better understanding
the underlying processes in humans bears the potential to
yield better recognition systems.

Unfortunately, our knowledge of the auditory process-
ing in the mammalian brain is still quite limited. The visual

system is for example already much better understood
(King and Nelken, 2009). This is also expressed in the
wealth of corresponding computational models of the
visual system. On the other hand, there are several studies
highlighting important similarities between the two sys-
tems. Sur et al. (1988) showed that newborn ferrets whose
retinal nerves were rerouted to the auditory part of the
thalamus, sometimes called the gateway to the cortex
(Crick, 1984), where later able to respond to visual stimuli
via their auditory cortex. This at least demonstrates a high
plasticity of these areas during development if not a strong
similarity in functional organization. Despite significant
differences between auditory and visual processing in the
brain common, modality independent processing principles
are usually assumed (Read et al., 2002; King and Nelken,
2009). Different authors have shown that at least at the
level of the receptive fields in the primary visual and
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auditory cortices these similarities can be found (Schreiner
and Calhoun, 1994; de Charms et al., 1998; Shamma,
2001). Measurements in the primary auditory cortex of dif-
ferent animals revealed its spectro-temporal organization,
i.e. the receptive fields are selective to modulations in the
time-frequency domain. The corresponding receptive fields
have, as in the visual cortex, Gabor-like shapes. The above
mentioned findings suggest that modeling principles known
from image processing can beneficially be transferred to
auditory tasks.

Traditionally, speech features mainly took inspirations
from psychoacoustic findings and thereby relied in
most cases on independent spectral (Hermansky, 1990;
Hermansky and Morgan, 1994; Flynn and Jones, 2008;
Haque et al., 2009) or temporal representations (Hermansky
and Sharma, 1998).

In recent years also features inspired by above men-
tioned similarities between visual and auditory processing,
i.e. features capable of directly capturing spectro-temporal
variations, were developed. In his seminal work
Kleinschmidt (2002) introduced the usage of 2 D Gabor
features for speech recognition in noise. This was followed
by others, also employing Gabor features on similar tasks,
including speech vs. non-speech discrimination (Mesgarani
et al., 2006; Meyer and Kollmeier, 2008; Sherry and Zhao,
2008). In (Elhilali and Shamma, 2006) a spectro-temporal
respresentation based on Gabor filters was used for source
separation. Ezzat et al. (2007) randomly selected spectro-
temporal patches of the target word from the training set
and then used these as features for keyword spotting.

The framework for the extraction of spectro-temporal
speech features we present here takes many inspirations
from the visual object recognition system of Wersing and
Körner (2003) and is an extension of our previous work
(Domont et al., 2007, 2008). In contrast to the previously
mentioned approaches and other models in the literature
we integrated additional processing principles which are
also inspired by the mammalian sensory cortex. The pro-
cessing in the sensory cortices seems to be organized in a
hierarchical fashion. This has been stated for the visual
(Hubel and Wiesel, 1965; Felleman and Van Essen, 1991)
and auditory cortex (Rauschecker, 1998; Read et al.,
2002; Scott et al., 2003). Based on this principle we propose
a hierarchical framework consisting of two layers.1 Fea-
tures in the first layer extract local information. In the sec-
ond layer the results of these local features are combined to
form more complex features. The hierarchical processing
and the construction of more complex and at the same time
more specific features leads to a substantial increase in the
number of features. A trend also observed in the human
brain where approximately 3500 inner hair cells are present

in the cochlea and about 100,000,000 neurons in the audi-
tory cortex (Dusan and Rabiner, 2005).

In general, when dealing with spectro-temporal features
developing methods for the selection of the relevant features
is a key issue. Kleinschmidt (2002) already proposed to use
a so-called “feature finding neural network” to select the
features yielding the best recognition rates. The unsuper-
vised learning of sparse spectro-temporal representations
was proposed in (Klein et al., 2003; Behnke, 2003). Cho
and Choi (2005) investigated how such learned representa-
tions can be applied to the task of sound classification. We
follow this idea in that we learn the receptive fields on both
layers of our hierarchy with unsupervised learning rules.
Another important property of the mammalian sensory
cortices is the competition between coequal features. To
model this we implemented a Winner-Take-Most competi-
tion between the features on the first layer.

The following sections will describe our framework in
more detail and will evaluate its performance in comparison
to conventional speech features. In Section 2 we give an
overview on our framework. Section 3 describes the prepro-
cessing we apply to the speech signal prior to the feature
extraction. The learning of the receptive fields and the
extraction of the spectro-temporal features is detailed in
Section 4. Section 5 presents recognition results we obtain
on a noisy digits task. Based on this task this section also
evaluates the contribution of the different elements of our
framework to the overall performance. Finally, in Section 6
we discuss the results we obtain and possible improvements.

2. Overview

The key elements of our hierarchical feature extraction
framework are depicted in Fig. 1. The first step performs
a preprocessing of the speech signal and mainly consists
of a transformation into the frequency domain and an
enhancement of the formant structure. Based on this we
calculate local spectro-temporal features. This step is fol-
lowed by a competition between these local features.
Together these two steps constitute the first layer of our
framework. On the second layer the local features are com-
bined to form complex features, spanning larger time and
frequency regions. The final steps are an orthogonalization
of the features via a Principal Component Analysis (PCA)
and recognition of the feature stream with a Hidden
Markov Model (HMM) based recognizer. Strictly speaking
we do not consider the last two steps as being part of our
framework. However, they are necessary to evaluate the
feature extraction. Due to their hierarchical organization
we termed the features resulting from the proposed frame-
work as hierarchical spectro-temporal (HIST) features.

Fig. 1. Overview of the feature extraction process.

1 Behnke (2003) already suggested a hierarchical speech feature extrac-
tion framework but did not evaluate the resulting features in respect to
what information they extract and how this could be used for speech
processing.
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3. Preprocessing

As most of the phonetic information is conveyed via the
formant variations we perform a preprocessing of the sig-
nal after transformation into the spectral domain which
aims at enhancing the formant structure.

The process of speech production is commonly modeled
via a non-linear volume velocity source followed by a time-
varying linear filter and radiation components (Fant,
1970). Hence, the speech signal we hear is the overlay of
the excitation signal at the glottis, the time-varying reso-
nance frequencies of the vocal tract, the radiation compo-
nents of the mouth and lips, and influences of the room.
The preprocessing we present in the following was mainly
developed in (Gläser et al., 2010). It aims at compensating
for the effects of the excitation signal and the radiation
components and thereby focuses on the resonance frequen-
cies of the vocal tract, commonly referred to as formants.
We do not explicitly model the room effects or the excita-
tion signal.

The spectral tilt introduced by excitation and radiation
can be corrected via a pre-emphasis. Additionally, for
voiced sounds the glottis converts the steady airflow pro-
duced by the lungs into a quasi-periodic train of flow pulses
by which the transfer function of the vocal tract is sampled
at multiples of the fundamental frequency. Consequently,
spectrograms feature spectral peaks at the harmonics
rather than the vocal tract resonance frequencies. This
effect will be compensated for by a smoothing along the fre-
quency axis.

3.1. Gammatone filterbank

We transform the speech signal into the spectro-tempo-
ral domain via the Patterson–Holdsworth auditory filter-
bank (Patterson et al., 1992). This filterbank is based on
neurophysiological findings on the human auditory system
and models the peripheral processing as carried out by the
cochlea, where sound is transformed into spatio-temporal
response patterns on the auditory nerve. It is implemented
as a set of linear Gammatone filters, each of them tuned to
a different frequency range. Hence, non-linear effects as
suppression and level-dependent tuning curves are not
modeled. The filterbank we use is composed of 128 filters
covering the frequency range from 80 Hz to 8 kHz and fol-
lows the implementation suggested by Slaney (1993). Sub-
sequently, the spectral envelope is calculated via
rectification and low-pass filtering. Fig. 2(a) exemplary
shows the envelope of the filter responses to a sequence
of digits from the TIDigits database (Leonard et al., 1984).

3.2. Pre-emphasis

The source signal of voiced sounds is produced at the
glottis. Fant (1979) suggested to use a second-order low-
pass filter for the approximation of the glottal flow spec-
trum. This adequately approximates the most common

phonation types, modal and creaky phonation (Childers
and Lee, 1991). Thus, voiced excitation changes the spec-
tral characteristic by !12 dB/oct.

Following (Stevens, 2000) the radiation components, i.e.
the lip impedance, can be modeled via a first-order high-
pass filter yielding a spectral change of +6 dB/oct. Overall
this means that a pre-emphasis via amplification of fre-
quency magnitudes by +6 dB/oct adequately eliminates
the spectral influence of excitation and radiation.

3.3. Spectral filtering

After the above mentioned pre-emphasis we enhance the
formant structure in the spectrogram by smoothing along
the frequency axis following the same spirit as (Baer
et al., 1993). We obtain this by a filtering with channel-
dependent Difference-of-Gaussians (DoG) operators with
standard deviations of the negative Gaussian components
being twice as large as that of the corresponding positive
ones:

DoGkðf Þ ¼
1!!!!!!
2p
p exp !ðf ! fckÞ

2

2r2
DoGk

 ! 

! 1

2
exp !ðf ! fckÞ

2

8r2
DoGk

 !!

: ð1Þ

Here, DoGk is the DoG operator of channel k featuring a
center frequency fck. As standard deviations rDoGk we use
70 Hz for filter channels with center frequencies in the range
from 80 Hz to 5 kHz and 400 Hz filter channels with center
frequencies in the range from 5 kHz to 8 kHz. We discret-
ized the DoGs by sampling them at the logarithmically ar-
ranged Gammatone filterbank’s channel center frequencies
and normalized the resulting DoGk vectors. Fig. 3 exempl-
arily depicts the DoGs of 8 filter channels. The smoothed
spectrogram SSmooth is obtained via multiplying the matrix
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Fig. 2. In (a) the original spectrogram for the digit sequence “zero-one-
seven” spoken by a male speaker is shown. The spectrogram after the
application of the preprocessing for enhancing the formant structure is
shown in (b).
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DoG containing in its rows the vectors DoGT
k with the

spectrogram following the pre-emphasis SPre-emphasis:

SSmooth ¼ DoG % SPre-emphasis: ð2Þ

The smoothing with the DoG operator results in a suppres-
sion of the responses from neighboring frequency channels
and thereby sharpens the peaks at the formants. We add a
non-linear component to this suppression by suppressing
all negative values. Additionally we apply a fourth root
compression on the resulting signal to approximate the
non-linear loudness perception:

SCompressed ¼
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
max SSmooth; 0ð Þ4

p
: ð3Þ

In a final step we filter the spectrograms along the time
direction with a low-pass filter having a cut-off frequency
of 100 Hz and then perform a downsampling to 400 Hz.
Fig. 2(b) continues the example depicted in (a) by showing
the corresponding resulting spectrogram S .

4. Hierarchical spectro-temporal features

The hierarchical feature extraction framework we pres-
ent here consists of two layers. The first layer extracts local
features, covering small regions in the spectro-temporal
domain. In the second layer these local features are inte-
grated to more complex features integrating information
over longer time spans and frequency ranges (e.g.
40 ms & 8 kHz). Structuring it in this way was largely
inspired by the visual object recognition system of Wersing
and Körner (2003). Such hierarchical feature extraction
schemes have shown to be beneficial in visual object recog-
nition (Fukushima, 1980; Riesenhuber and Poggio, 1999;
Fergus et al., 2003). In the following we will demonstrate
how these approaches can be transferred to the auditory
domain.

4.1. Extraction of local features

On the first layer Q(1) we extract features via a 2 D filter-
ing of the preprocessed spectrograms S with a set n(1) of
receptive fields wð1Þl . After filtering we only keep the abso-
lute value of the response:

qð1Þl ðt; f Þ ¼ S ' wð1Þl

" #
ðt; f Þ

$$$
$$$; ð4Þ

The indices t and f indicate time and frequency. As a conse-
quence of the filtering border effects occur when the recep-
tive fields only partially overlap with the input spectrogram.
We decided to keep the size of the n(1) spectrograms qð1Þl
after the filtering identical to the spectrogram S at the input
and use an overlay-save implementation for the filtering in
the time direction. This yields small border effects in the fre-
quency direction and in most cases negligible effects in the
time direction for the first and last block.

The filtering with the receptive fields, i.e. the filter ker-
nels, is identical to a correlation between the spectrogram
at the input and the frequency and time inverted receptive
fields. Hence, the responses in the output spectrograms
indicate the similarity of the spectro-temporal patches in
the input spectrogram to the (time and frequency inverted)
receptive fields.

Neurobiological experiments show that the processing
in the primary visual cortex aims at reducing the redun-
dancy of the stimuli. When applying corresponding unsu-
pervised learning methods on natural images one obtains
receptive fields similar in shape to Gabor functions
(Olshausen et al., 1996; van Hateren and Ruderman, 1998).

We therefore decided to learn the filters of the first layer
of our feature hierarchy with Independent Component
Analysis (ICA) (Comon, 1994). For the learning we used
3500 randomly selected patches of size 50 ms & 20 chan-
nels, i.e. 20 & 20 pixels, taken from the training set of the
TIDigits database (Leonard et al., 1984). We applied the
FastICA fixed-point algorithm (Hyvärinen, 1999) for the
calculation of the ICA. A tanh non-linearity was used,
i.e. the negentropy of the data is approximated by the con-
trast function G(u) = 1/a log cosh(au), with the parameter a
in the range 1–2. For n(1) = 8 the resulting receptive fields,
depicted in Fig. 4, are rather difficult to interpret. They
show some preferences for steady formants and upward
and downward transitions. However, overall they are not
very specific and only vaguely resemble Gabor functions.

Additionally, we also investigated the usage of genuine
Gabor functions. The Gabor functions were not learned
but selected manually. During this selection process we
investigated different sets of filters. Thereby, we set the
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Fig. 3. The DoG operators of the filter channels used to enhance the
formant structure in spectrograms vary in bandwidth and frequency
resolution dependent on the channels’ center frequencies. Here, the DoG
operators of 8 exemplarily chosen filter channels are shown.
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Fig. 4. Visualization of the receptive fields used for the extraction of local
features learned via ICA. The frequency axis is given in channels as on the
non-linear frequency grid the actual extend in frequency depends on the
position on the frequency axis of the receptive field.
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modulation frequencies and orientations to resemble those
of the learned ICA filters and to what one would expect to
be a relevant feature given the widths and orientations of
the formants in the enhanced spectrograms (see Fig. 5 for
an example).

A discrete two dimensional complex Gabor function is a
complex sinusoidal carrier s(t, f) modulated with a Gauss-
ian envelope g(t, f). Important properties of Gabor func-
tions are the shape of the Gaussian envelope, controlled
via the variances rGt and rGf , and the frequency and orien-
tation of the carrier, governed by the radian frequencies xt

and xf. Further parameters are the center of mass in time t0

and frequency f0. The complex carrier s(t, f) is defined as

sðt; f Þ ¼ exp ixtðt ! t0Þ þ ixf ðf ! f0Þ
% &

ð5Þ

and the Gaussian envelope g(t, f) as

gðt; f Þ ¼ 1

2prGtrGf

% exp
!ðt ! t0Þ2r

2r2
Gt

þ!ðf ! f0Þ2r
2r2

Gf

" #

; ð6Þ

where the subscript r denotes the rotated coordinates

ðt ! t0Þr ¼ ðt ! t0Þ cos hþ ðf ! f0Þ sin h;

ðf ! f0Þr ¼ !ðt ! t0Þ sin hþ ðf ! f0Þ cos h
ð7Þ

with h = tan!1(xf/xt), if xf – 0, and h = sign(xf)p/2 other-
wise. A modulation frequency xt = 0 yields purely spectral
filters (h = p/2), a modulation frequency xf = 0 purely
temporal filters (h = 0), and settings in between spectro-
temporal filters. The real part of the complex Gabor
function yields an even filter and the imaginary part an
odd filter. For our implementation we used the 8 odd filters
depicted in Fig. 5.

4.2. Competition between local features

Ideally the neurons in the previous processing step will
only respond to spectro-temporal patterns in the spectro-
gram matching their receptive field (e.g. an upward moving
formant). However, the neurons are not sufficiently selec-
tive and most of the time several neurons respond with sim-
ilar strength to a given pattern. To counterbalance this we
introduce a competition mechanism between the different

neurons similar to Wersing and Körner (2003). We inde-
pendently apply a Winner-Take-Most (WTM) competition
between the activities qð1Þl ðt; f Þ of the l neurons for all
points (t, f) in the spectrogram:

rð1Þl ðt; f Þ ¼
0 if

qð1Þl ðt;f Þ
Mðt;f Þ < cð1Þ

or Mðt; f Þ ¼ 0

qð1Þl ðt;f Þ!cð1ÞMðt;f Þ
1!cð1Þ else;

8
>>><

>>>:
ð8Þ

Mðt; f Þ ¼ maxkqð1Þk ðt; f Þ is the maximal value at position
(t, f) over the n(1) neurons and 0 6 c(1) 6 1 is a parameter
controlling the strength of the competition. By suppressing
less active neurons the selectivity of the feature extraction is
enhanced, a process commonly found in the auditory sys-
tem (Young, 2008).

Furthermore, a non-linear transformation including a
threshold #(1) is applied on all the rð1Þl ðt; f Þ:

sð1Þl t; fð Þ ¼ Hðrð1Þl ðt; f Þ ! #
ð1ÞÞ; ð9Þ

where H(x) is the Heaviside step function.
To introduce robustness against small fluctuations in

location and amplitude as well as further sharpen the con-
trast between the activities we perform a pooling followed
by a non-linear transformation on all the sð1Þl ðt; f Þ. The
pooling consist of a smoothing with a 2D Gaussian filter
g(1) and reduction of the resolution of the activations sl(t, f)
by a factor of four in both frequency and time dimension.
As non-linear transformation we use a tanh function:

cð1Þl ðt; f Þ ¼ tanh sð1Þl ' gð1Þ
" #

ð4t; 4f Þ: ð10Þ

This yields 32 frequency channels and a sampling rate of
100 Hz. In the visual object recognition system of (Wersing
and Körner, 2003) a binarization was performed after the
tanh non-linearity. This results in further robustness
against fluctuations. As prerequisite it is required that the
dynamics of the input data does not vary too much. For
images this can be guaranteed via a normalization of each
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Fig. 6. The results of the first feature extraction layer obtained with the
example from Fig. 2 are visualized. As local features the Gabor functions
depicted in Fig 5 were used. Only the responses of the first four receptive
fields (top row in Fig. 5) are shown.
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individual image. In the case of speech such a normaliza-
tion is more difficult and has to be adaptive. For the time
being we omitted the binarization but we are convinced
that such an adaptive input normalization followed by
stronger non-linearities will be very beneficial for the fea-
ture extraction process.

Fig. 6 visualizes the results of the first feature extraction
layer with the example from Fig. 2. The preference of the
receptive fields for certain orientations can clearly be seen.
One can further notice that as a consequence of the
Winner-Take-Most competition mainly only one feature
is active at a given point in the spectrogram. In the follow-
ing we will refer to these features as c(1).

4.3. Extraction of combination features

In contrast to previous approaches which extract spec-
tro-temporal information we only rely on a few initial neu-
rons in the first layer Q(1) but introduce a second layer Q(2)

which combines the responses of the neurons on the first
layer to more complex spectro-temporal patterns.

Each of the n(2) combination patterns in Q(2) is com-
posed of n(1) receptive fields wð2Þl;k , i.e. one for each of the
neurons in the previous stage Q(1). The coefficients of these
receptive fields are non-negative and span all frequency
channels. Similarly to (4) the activity qð2Þk ðtÞ of the kth neu-
ron at the time t is given by

qð2Þk ðtÞ ¼
Xnð1Þ

l¼1

cð1Þl ' wð2Þl;k

" #
ðt; f Þ ð11Þ

with the main difference that the final activity qð2Þk ðtÞ is the
result of a summation over all n(1) receptive fields. As the
combination patterns span the whole frequency range the
response of the neurons does not depend on f anymore.
This means that, by computing the convolution, the pat-
terns wð2Þl;k are only shifted in the time direction. Note that
the absolute value is not required in (11) as both the cð1Þl
and the wð2Þl;k are non-negative.

The combination patterns were also learned in an unsu-
pervised manner using Non-Negative Sparse Coding
(NNSC) (Hoyer, 2004). NNSC differs from Non-negative
Matrix Factorization (NMF) by the presence, in the cost
function (12), of a sparsity enforcing term which aims at
limiting the number of non-zero coefficients required for
the reconstruction. Consequently, if a feature appears often
in the data, it will be learned, even if it can be obtained by a
combination of two or more other features. Therefore, the
NNSC is expected to learn complex and global features
appearing in the data.

We cut out patches of length D = 40 ms of the first layer
activations cð1Þl . From these patches we learned n(2) = 50
combination features by minimizing the following cost
function (Wersing and Körner, 2003):

E ¼
X

i

Pi !
Xnð2Þ

k¼1

ak;iw
ð2Þ
k

'''''

'''''

2

þ b
X

i

Xnð2Þ

k¼1

jak;ij; ð12Þ

where Pi is a tensor representing the n(1) layers of the ith
patch, the wð2Þk are n(2) non-negative tensors each of them
containing the n(1) receptive fields wð2Þl;k , the ak,i are nonneg-
ative reconstruction factors, and b is a parameter allowing
to control the sparsity of the learned features.

4.4. Integration with an HMM

HMMs are still the dominant paradigm for speech recog-
nition. Therefore, we also use them to assess the perfor-
mance of the proposed feature extraction framework. Due
to notorious shortages in training data it is advisable to
use diagonal covariance matrices for the Gaussian mixtures.
This entails that decorrelated features are better suited.
Consequently, we perform a Principal Component Analysis
(PCA) prior to transferring the features to the HMM. The
PCA statistics were determined from the training part of
the TIDigits database. Additionally, we also add Delta
and Delta–Delta features (i.e. the first and second derivative
of the features) to the feature vector. The integration of the
Delta features is done prior to the calculation of the PCA.
When in the following we refer to HIST features we refer
to the features as obtained after the application of the PCA.

5. Results

To asses the performance of the proposed HIST features
we use two different datasets. In both cases the task is the
robust speaker-independent recognition of continuous dig-
its under a comprehensive variety of additional background
noise. This setup is inspired by the Aurora-2 framework
(Pearce and Hirsch, 2000). The difference between the two
datasets is that our first and main dataset consists of wide-
band, i.e. 16 kHz, signals whereas Aurora-2, our second
dataset, consists of telephone quality signals, i.e. 8 kHz
bandwidth with additional channel distortions. Via differ-
ent tests on the wideband dataset we determine the role
the different elements of the presented feature extraction
framework play for the overall performance. The evalua-
tion on Aurora-2 serves to further substantiate our results.

5.1. Speech databases

5.1.1. Wideband corpus
Similar to Aurora-2 we also derived our wideband corpus

from TIDigits. TIDigits contains 326 speakers each pro-
nouncing 77 digit sequences (Leonard et al., 1984). In con-
trast to Aurora-2 we use the full TIDigits set. To this data
we added four types of noise from the Noisex database
(Varga and Steeneken, 1993): White, Babble, Factory, and
Car. Each noise type was added at Signal to Noise Ratios
(SNRs) ranging from!5 dB. . . inf, i.e. we also kept the clean
signal. The differences in our speech data to Aurora-2 are:

) We downsampled signals to 16 kHz instead of 8 kHz.
) When mixing the signals with noise using FaNT (Hirsch,

2005) we used the G.712 only for the noise and signal

M. Heckmann et al. / Speech Communication 53 (2011) 736–752 741

IPR2026-00272 
Krisp Technologies EX1010 Page 365



level estimation, i.e. the obtained signals have no chan-
nel distortions.
) We took four types of noise from the Noisex database.
) Each individual test condition contains significantly (12

times) more utterances than Aurora-2.

We have chosen a sampling rate of 16 kHz for our main
corpus as our primary application domain is the speech
based interaction with Honda’s humanoid robot. In this
case a restriction to 8 kHz is without justification. Addi-
tionally, also telephone speech has already partially moved
to higher bandwidths.

The Hidden Markov Models were trained on clean
signals with HTK using the same parameters as in the
Aurora-2 framework. Whole word HMMs containing 16
states without skip transitions and a mixture of 3 Gaussians
with a diagonal covariance matrix per state were used.

5.1.2. Aurora-2
Aurora-2 uses a subset of 8440 training sentences out of

the 12,549 training sentences contained in TIDigits. These
signals were downsampled to 8 kHz and convolved with a
G.712 characteristic yielding telephone quality signals with
an effective bandwidth of 0.3, . . ., 3.4 kHz. Aurora consists
of a clean and a multi condition training part, both of equal
size. In the multi condition training part recordings from
inside a subway, babble noise, car noise, and recordings
in an exhibition hall are added to the signals. The first test
data set contains signals degraded by the same types of
noise as used in the multi condition training. In the second
set recordings from a restaurant, in a street, at an airport,
and at a train station are added to the signals. Finally, in
the third set the signals are convolved with a MIRS instead
of a G.712 characteristic. As noise types subway and street
are used for this set. All noise types were added, as in our
wideband dataset, at SNR levels ranging from !5 dB. . .
inf. Each individual test contains only 1001 utterances,
compared to 12,547 in our wideband dataset. As a conse-
quence the statistical significance of the results obtained
on Aurora-2 is notably inferior to that we obtained on
our wideband dataset. If not stated otherwise, all following
tests are performed on the wideband dataset.

5.2. Parameterization of the feature extraction framework

The proposed HIST feature extraction framework
requires the proper setting of different parameters. With
the exception of those experiments where we mention a dif-
ferent setting of the parameters the following parameteriza-
tion is used for all subsequent tests.

For the extraction of local features on the first level of
the hierarchy we used 8 filters learned via ICA. The corre-
sponding receptive fields are depicted in Fig. 4. The sizes of
the receptive fields were 20 & 20 at a sampling rate of
400 Hz. Hence they span 50 ms and 20 channels.

For the competition between the different local features
we used c(1) = 0.7. The following non-linear compression

uses a value of #(1) = 0.25. In the pooling stage the dimen-
sions in time and frequency are reduced by four.

We learned n(2) = 50 combination features ðqð2Þ1 ðtÞ; . . . ;
qð2Þnð2Þ ðtÞÞ

T all spanning the full frequency range. As temporal
extend we used 40 ms wide receptive fields. At a sampling
rate of 100 Hz this corresponds to four samples.

Delta (resp. Delta–Delta) features were computed using
a 9th order FIR low-pass (resp. band-pass). After decorre-
lation of the feature vectors via PCA we retained from the
150 features the 39 with the highest eigenvalues. We have
chosen this number as it corresponds to the dimensionality
of the MFCC features we use as a benchmark.

Due to the several non-linearities in our processing the
performance gain due to a modification at a certain stage
in the processing is a very unreliable predictor for the per-
formance of the complete hierarchy. For this reason we
always report the performance of the whole hierarchy.
An exception to this is of course the investigation on the
contribution of the different layers.

5.3. Comparison to purely spectral features

First, we want to compare the results we achieve with
the proposed HIST features to those of conventional spec-
tral features. As benchmark we used Mel Frequency Ceps-
tral Coefficients (MFCCS) (Davis and Mermelstein, 1980)
and RelAtive SpecTral Perceptual Linear Predictive
(RASTA-PLP) features (Hermansky and Morgan, 1994).
In the case of MFCC features we applied Cepstral Mean
Subtraction as it yielded in almost all cases significant per-
formance improvements. For both feature types we also
calculated Delta and Delta–Delta features in the same fash-
ion as for the HIST features. When comparing the recogni-
tion scores in Fig. 7 one can see that the HIST features
show inferior performance than either the MFCC or
RASTA-PLP features in clean and low noise conditions
(2.5% for HIST vs. 1.5% for RASTA-PLP in clean).2 From
this it is evident that some important information in the
speech signal is not well represented by the HIST features.
However, with increasing noise level the purely spectral
features deteriorate quickly whereas the performance of
the HIST features is more robust. One can also observe
that the MFCC s yield better results in clean than
RASTA-PLP features (1.2% vs. 1.5%) but deteriorate fas-
ter when additional background noise is present.

Based on the observation that the performance of the
proposed HIST features and the conventional features is
complementary, i.e. conventional features showing good
performance at low noise levels and HIST features in
high noise levels, we combined the HIST features with

2 We also observed that the HIST features have a strong tendency to
produce erroneous word insertions. To counterbalance this we used a
word insertion penalty of !p !70 in the HTK decoding for all results we
report for the HIST features alone. All remaining tests, including the
combination of HIST with other features, were performed with the
standard setting !p 0.
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RASTA-PLP features. Thereby we concatenated at each
frame the 45 RASTA-PLP features and the 39 HIST fea-
tures to an 84 dimensional feature vector. For comparison
we also combined MFCC and HIST features and MFCC
and RASTA-PLP features in the same way. As can be seen
from Fig. 7 the combination of RASTA-PLP and MFCC
features gives a significant improvement for clean (1.0%)
but does not help when additional background noise is pres-
ent. In fact, it is hard to distinguish the two curves in Fig. 7.
The combination of HIST and RASTA-PLP features shows
a very similar performance to the RASTA-PLP features
alone in low noise conditions and gives substantial improve-
ments when the noise level increases. The same is true for
the combination of HIST and MFCC features although
the overall performance is not as good, most likely due to
the inferior performance of the MFCC features with addi-
tional background noise. Table 1 displays the recognition
results for each of the 4 noise types tested.

To better quantify the performance of the combination
of the proposed HIST features with RASTA-PLP features
compared to conventional features we visualized the

relative improvements over RASTA-PLP features in
Fig. 8. Improvements of the combination of HIST and
RASTA-PLP features are moderate for clean speech (from
1.5% to 1.3% on clean) and reach levels of 40–60% at med-
ium SNR levels. Over most SNR levels we obtain an SNR
gain of approximately 5 dB, i.e. we obtain from the combi-
nation of HIST and RASTA-PLP features almost the same
word error rates as at 5 dB better SNR levels when using
only RASTA-PLP features. It can also be seen that the
combination of MFCC and RASTA-PLP features does
not lead to a significant improvement. The averaged rela-
tive improvements are given in Table 2.

Despite the significant improvements we see from the
combination of HIST and RASTA-PLP features in most
cases the performance with additional babble noise is quite
poor. We attribute this to the preprocessing and the strong
non-linearities. The preprocessing very effectively enhances
the formant structure. This is also the case when only bab-
ble noise is present. Due to the following non-linearities
this formant structure is then further emphasized such that
it does not much differ anymore from speech at a normal
level and generates word or phone hypotheses. This can
also be seen from a deeper analysis of the errors. With
20 dB babble noise RASTA-PLP features show 3.3% word
errors, 0.9% insertions and deletions and additional 2.4%
confusions. On the other hand the combination of HIST
and RASTA-PLP features yields 14.7% word errors,
12.6% insertions and deletions and only 2.1% confusions.
This means that the combination of HIST and RASTA-
PLP features does indeed in more cases recognize the
correct word but on the other hand produces tremendously
more erroneous word insertions.

The largest improvements we see are for scenarios with
high significance for real applications. For the rather sim-
ple task of continuous digit recognition word error rates
should certainly not exceed 10%. When adding the HIST
features to the RASTA-PLP features at an SNR level of
10 dB in white noise, factory noise, and car noise we see
improvements form 13.5% to 7.0%, from 31.3% to 11.6%,
and from 8.0% to 3.7%. Hence more than a reduction by
two down to tolerable error rates.
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Fig. 7. Word error rates (WERs) when factory noise was added to the
speech data.

Table 1
Word error rates averaged for an individual type of additional noise over
SNR values ranging from !5 dB. . . inf.

Features Noise type

White Factory Babble Car

MFCC 49.1 44.1 35.6 25.4
RASTA-PLP 43.1 41.0 35.0 19.5
c(1) 52.7 51.7 63.0 21.8
HIST 43.3 42.1 53.9 17.9
RASTA-PLP + MFCC 43.5 40.7 32.8 20.4
MFCC + HIST 33.6 33.0 36.4 11.9
RASTA-PLP + c(1) 30.6 31.6 37.3 12.0
RASTA-PLP + HIST 26.7 29.1 48.7 10.6
HISTGabor 50.4 40.9 57.4 24.1
RASTA-PLP + HISTGabor 46.9 39.4 57.4 21.2
HISTNo WTM 58.6 70.3 89.5 47.7
RASTA-PLP + HISTNo WTM 33.8 35.1 45.0 23.7
HIST20ms 44.2 42.7 51.4 18.9
RASTA-PLP + HIST20ms 34.9 35.5 40.7 13.9
HIST80ms 54.0 48.1 54.5 17.1
RASTA-PLP + HIST80ms 41.7 40.7 60.9 11.7
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Fig. 8. Word error rates (WERs) when factory noise was added to the
speech data relative to those obtained with RASTA-PLP features alone.
Bars indicate the 95% confidence intervals calculated according to Vilar
(2008).
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Due to the inferior performance of the MFCC features
by themselves and in combination with the HIST features
we will in the following only use the RASTA-PLP features.

5.4. Contribution of the hierarchical processing

Next, we want to investigate the contribution of the two
hierarchical levels to the overall performance. We calcu-
lated for the features c(1) after the first layer of our frame-
work (compare Eq. (10)) a PCA in the same way as for the
complete HIST features. With the resulting features and

with the concatenation of these features and RASTA-
PLP features we trained an HMM. The results indicated
with c(1) and RASTA-PLPþ cð1Þ in Figs. 9 and 10 as well
as in Tables 1 and 2 show that the features on the first layer
alone already yield good performance. Nevertheless the
second layer further improves this performance in all cases,
except for babble noise. The results based on the c(1) fea-
tures show lower word insertions than the HIST features
when babble noise is added but at the same time yield more
confusions (7.1% insertions and deletions and 2.2% confu-
sions compared to 12.6% insertions and deletions and 2.1%
confusions at 20 dB SNR).

5.5. Contribution of the feature competition

Now we want to analyze the influence of the competi-
tion between the features on the first layer introduced in
Eq. (8) on the performance. The results we obtain without
the Winner-Take-Most (WTM) competition are displayed
in Figs. 11 and 12 as well as Tables 1 and 2. As one can
see the impact of the competition depends on the noise type
and noise level. In the case of car noise the competition
seems to be especially beneficial. However, with additional
babble noise the results without the competition are better
than with it. A closer look reveals again that without the
competition the number of erroneous insertions decreases
but at the same time the number of confusions increases.
Overall the competition leads to notable improvements.

Table 2
Relative word error rates averaged for an individual type of additional
noise over SNR values ranging from !5 dB. . . inf. The error rates
obtained with RASTA-PLP features were used as a baseline.

Features Noise type

White Factory Babble Car

MFCC !29.1 !15.4 2.5 !13.1
RASTA-PLP + MFCC 3.4 6.9 17.7 16.4
MFCC + HIST 19.8 24.6 !11.8 38.8
RASTA-PLP + c(1) 30.1 26.2 !45.1 31.9
RASTA-PLP + HIST 36.7 34.1 !109.0 41.0
RASTA-PLP + HISTGabor !51.1 10.4 !267.9 11.8
RASTA-PLP + HISTNo WTM 21.4 18.4 !88.9 !12.7
RASTA-PLP + HIST20ms 22.7 21.4 !53.7 31.4
RASTA-PLP + HIST80ms 5.4 7.3 !223.0 39.2
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Fig. 9. Word error rates (WERs) when factory noise was added to the
speech data.
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Fig. 10. Word error rates (WERs) when factory noise was added to the
speech data relative to those obtained with RASTA-PLP features alone.
Bars indicate the 95% confidence intervals calculated according to Vilar
(2008).
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Fig. 11. Word error rates (WERs) when factory noise was added to the
speech data.
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Fig. 12. Word error rates (WERs) when factory noise was added to the
speech data relative to those obtained with RASTA-PLP features alone.
Bars indicate the 95% confidence intervals calculated according to Vilar
(2008).
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5.6. Contribution of the size of the combination features

One possible source for the improvements we see could
be that our features span a longer time window than
RASTA-PLP and MFCC features (40 ms compared to
25 ms). To further investigate this we varied the size, i.e.
the length, of the combination features. We used 20, 40,
and 80 ms. Taking significantly longer time windows would
harbour the risk of a strong adaptation of the features to
the lexical content. As can be seen from Tables 1 and 2
and Figs. 13 and 14 a width of 40 ms for the second layer
seems to be optimal. With smaller and larger widths the
performance decreases. Nevertheless with a width of
20 ms the performance is largely better than that of
RASTA-PLP features alone. Keeping in mind that already
the filters at the first layer have a width of 50 ms we never-
theless conclude from the results that it is not only the
longer temporal window which is responsible for the per-
formance improvements we see.

5.7. Choice of the first layer

In this experiment we want to evaluate the role of the
receptive field shape on the first layer. In the tests so far
we used the features learned via ICA (compare Fig. 4). In
Figs. 15 and 16 as well as Tables 1 and 2 we compare them

to features derived from the Gabor functions displayed in
Fig. 5. Even tough the shape of the Gabor filters seems
to match the shapes one observes in the spectrograms much
better than the ICA features the results we obtain are sig-
nificantly inferior to those with the features learned via
ICA. During these tests we varied the sizes and frequencies
of the Gabor filters to a large extend but did not find a set-
ting which yielded better results as those reported above.
This could change when one uses more than just 8 filters.

5.8. Adaptation to HMMs

Standard HMMs yield best results with independent fea-
tures which statistics can well be modeled as the overlay of
a few Gaussian distributions (Hermansky, 1998). However,
as can be seen from the feature covariances in Fig. 17(a)
and (b) the correlation between the different dimensions
of the HIST features is much stronger than for RASTA-
PLP features. The PCA step effectively eliminates this
problem and hence is indispensable for the successful inte-
gration with an HMM featuring diagonal covariance
matrices (compare Fig. 17(c)).

In addition, we use the PCA also to reduce the dimen-
sionality of the features. In Figs. 18 and 19 we compare
the results we obtain when we either use all 150 dimensions
of the HIST features and combine them with RASTA-PLP
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Fig. 13. Word error rates (WERs) when factory noise was added to the
speech data.
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Fig. 14. Word error rates (WERs) when factory noise was added to the
speech data relative to those obtained with RASTA-PLP features alone.
Bars indicate the 95% confidence intervals calculated according to Vilar
(2008).
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Fig. 15. Word error rates (WERs) when factory noise was added to the
speech data.
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Fig. 16. Word error rates (WERs) when factory noise was added to the
speech data relative to those obtained with RASTA-PLP features alone.
Bars indicate the 95% confidence intervals calculated according to Vilar
(2008).
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features to those when we reduce the dimensionality to 39
as we did in the previous experiments. As can be seen from
these figures the performance slightly improves for the
HIST features alone but does decrease for the combination
of HIST and RASTA-PLP features. We attribute this to
the weakness of the HMMs to identify the relevant features
in this combination. When we use all 150 HIST features the
additional features resulting from eigenvectors with low
eigenvalues and putatively low significance seem to partly
mask the 45 RASTA-PLP features. Hence, the preselection
of the relevant HIST features by retaining only the 39 fea-
tures with the highest eigenvalues seems to be beneficial
when combining them with lower dimensional features in
an HMM recognition system.

5.9. Complementarity of the features

We also want to use the covariance matrices between the
different feature types to shed some light on the causes for
the improvements we see. Fig. 17(d) and (e) show that the
correlation between the HIST features and the RASTA-
PLP features is much lower than that between the MFCC
features and the RASTA-PLP features. From this it fol-
lows that the HIST features deliver information comple-
mentary to RASTA-PLP features whereas MFCC and
RASTA-PLP features extract very similar information.
This explains on one hand why we do not see noticeable
improvements when combining RASTA-PLP and MFCC
features and on the other hand why we do observe them

when combining either RASTA-PLP or MFCC features
with HIST features.

5.10. Matched training

In all previous tests the features as well as the HMM
models were trained on clean data and tested with different
levels of additional background noise. In most scenarios
one has some a priori information on the type and strength
of the background noise one will face. Training the HMM
models with speech corrupted by this additional back-
ground noise significantly increases performance when
later tested in similar conditions. Therefore, we addition-
ally performed a test where we added all four noise
types at SNR levels of 20 and 10 dB to the training set of
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Fig. 17. Covariance matrices of HIST prior to PCA (a), RASTA-PLP (b), HIST after PCA (c), RASTA-PLP + HIST (d), and RASTA-PLP + MFCC (e)
features. Prior to the calculation of the covariance matrices we removed the mean and performed a variance normalization of each feature individually.
Delta and Delta-Delta features were excluded, except for the HIST features after the PCA in (c) and in combination with RASTA-PLP features in (d). For
the combination of RASTA-PLP + HIST and RASTA-PLP + MFCC the separation between the two feature sets is highlighted with a black bar.
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Fig. 18. Word error rates (WERs) when factory noise was added to the
speech data.
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Fig. 19. Word error rates (WERs) when factory noise was added to the
speech data relative to those obtained with RASTA-PLP features alone.
Bars indicate the 95% confidence intervals calculated according to Vilar
(2008).

Table 3
Word error rates averaged for an individual type of additional noise over
SNR values ranging from !5 dB. . . inf when training was performed on
noisy data.

Features Noise type

White Factory Babble Car

RASTA-PLP 27.5 26.4 22.0 6.5
HIST 24.8 27.7 40.0 8.4
HISTadapted 26.2 28.7 49.8 16.5
RASTA-PLP + HIST 23.9 24.9 22.9 5.3
RASTA-PLP + HISTadapted 21.9 23.8 22.8 6.2
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TIDigits. We combined this with the clean signals and
trained the HMM models. For computational reasons we
used in all cases only a third of the training set. During rec-
ognition we used the same data as in the previous tests.

As can be seen from Tables 3 and 4 as well as Figs. 20
and 21 this matched training reduces error rates in well
matching scenarios to a large extend. This is true for
RASTA-PLP features as well as for the combination of
RASTA-PLP and HIST features. On the other hand the
performance on the clean signal severely decreased (from
1.5% to 4.7% with RASTA-PLP and 3.4% for the combina-
tion of HIST and RASTA-PLP). What we also observed is

that the strong tendency of the HIST features to generate
insertion errors in the case of babble noise disappeared.
Now we see an improvement from the combination of
RASTA-PLP and HIST features for all cases tested. We
attribute this to the fact that in this case the HMMs learned
to reject weak speech hypotheses generated by the HIST
features. Overall the improvement from the combination
of the features is smaller than in the case when training
was performed only on clean signals. The reason for this
seems to be two-fold. First, the weaker generalization capa-
bilities of the RASTA-PLP features is remedied by the
better adaptation of the HMMs to the scenarios. Second,
in this test we used so far features which were learned on
clean signals.

In a further test we also learned the features on the noisy
data used to train the HMMs. We want to refer to the
resulting features as HISTadapted. The results in Tables 3
and 4 as well as Figs. 20 and 21 show that this decreased
the performance of the HIST features when taken alone
but improves performance when used in combination with
RASTA-PLP features for almost all cases. We see improve-
ments of around 20%. In the case of clean the improvement
even amounts to 45% up to a word error rate of 2.6%. An
exception is the case of car noise. We saw before that car
noise has a much smaller effect on the recognition perfor-
mance than the other noise types. Therefore, we presume
that including the other noise types in the training leads
for tests with additional car noise to a stronger mismatch
between training and testing than in the case of training
in clean and testing in noise.

5.11. Evaluation on Aurora-2

The tests so far were all performed on the original
TIDigits corpus where we added noise at different SNR lev-
els, i.e. our wideband corpus with a 16 kHz sampling rate.
Despite the fact that we compared our features to the com-
monly used RASTA-PLP and MFCC features we wanted
to further substantiate our results with additional tests on
Aurora-2.

For the tests on Aurora-2 we only changed the parame-
ters in our feature hierarchy directly related to the new sam-
pling rate of 8 kHz. Thereby the different characteristic of
the telephone quality signals also in the low frequency range
is not taken into account. We adapted the Gammatone filter
bank such that the filter center frequencies are distributed in
the range of 0, . . . , 4 kHz instead of 0, . . . , 8 kHz as before.
The DoG filters from Eq. (1) were adapted accordingly.
All remaining parameters remained unchanged.

In Table 5 the results of these test are depicted. Addi-
tionally, in Fig. 22 the absolute word error rates and in
Fig. 23 the relative word error rates compared to the
RASTA-PLP features for subway noise in the clean train-
ing condition are given. Figs. 24 and 25 show the corre-
sponding results for multi condition training.

The results show that we obtain substantial improve-
ments for some noise types but there are also problematic

Table 4
Relative word error rates averaged for an individual type of additional
noise over SNR values ranging from !5 dB. . . inf when training was
performed on noisy data. The error rates obtained with RASTA-PLP
features were used as a baseline.

Features Noise type

White Factory Babble Car

RASTA-PLP + HIST 21.7 9.7 2.1 17.6
RASTA-PLP + HISTadapted 30.3 19.1 4.1 11.0
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Fig. 20. Word error rates (WERs) when factory noise was added to the
speech data. Training was performed on noisy data. Results for the
original HIST features or HIST features adapted to the training condition
are displayed.
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Fig. 21. Word error rates (WERs) when factory noise was added to the
speech data relative to those obtained with RASTA-PLP features alone.
Training was performed on noisy data. Results for the original HIST
features or HIST features adapted to the training condition are displayed.
Bars indicate the 95% confidence intervals calculated according to Vilar
(2008).
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noise types where the combination of HIST and RASTA-
PLP features yields only small improvements or is even
not beneficial. A closer analysis of the noise used in Aur-
ora-2 reveals that additional speech is present in almost
all noise types. Only subway, car, and train-station noise
do not contain any additional background speech. Hence
we assume that the partly unfavorable behavior of our
HIST features for most of the remaining noise types is
related to the same problem we saw already for babble
noise. The results obtained on the multi condition training,
depicted in Table 4 as well as Figs. 24 and 25 support this

hypothesis. In this case both the HIST features and the
HMM models were learned form the multi condition train-
ing part of Aurora-2. As we saw already previously, e.g. in
Fig. 20, this multi condition training improves performance
of the RASTA-PLP features in noisy conditions substan-
tially and at the same time the benefit from the combina-
tion with the HIST features is reduced. However, the
unfavorable behavior of the HIST features when speech
is also present in the noise also gets smaller. In this case

Table 5
Word error rates (WERs) and relative improvements for the Aurora-2 dataset. The training was carried out either with clean speech, or with speech mixed
with various noise types (multi condition training). Tests were always performed using a mixture of noisy and clean signals. The presented scores are
averages over all SNRs levels (i.e. !5 dB. . . inf).

Subway Babble Car Exhibition Restaurant Street Airport Train-
station

Subway
(MIRS)

Street
(MRIS)

Average

Clean condition
training

RASTA-PLP 35.2 33.8 37.4 38.6 34.4 35.5 31.3 35.2 35.2 35.8 35.2
HIST 52.5 68.3 51.6 57.1 61.2 42.5 52.0 52.9 36.1 36.4 51.1
RASTA-PLP
+ HIST

30.0 34.9 34.0 35.8 36.0 30.5 29.0 30.9 30.9 32.9 32.5

Rel. improvement 22.3 !11.6 7.5 11.0 !2.9 19.6 6.6 14.8 20.5 8.3 9.6

Multi condition
training

RASTA-PLP 18.2 20.9 22.7 21.3 20.4 20.8 18.9 22.2 18.4 20.8 20.5
HIST 25.0 37.5 24.4 27.0 35.5 27.9 28.6 29.2 22.9 27.9 28.6
RASTA-PLP
+ HIST

17.1 20.4 21.8 20.4 19.9 19.0 18.2 20.1 17.0 20.0 19.4

Rel. improvement 13.2 1.1 10.5 14.8 10.2 16.4 3.2 14.3 16.1 11.9 11.2
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Fig. 22. Word error rates (WERs) obtained on the Aurora-2 dataset with
training on the clean training set and testing with additional subway noise.
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Fig. 23. Word error rates (WERs) obtained on the Aurora-2 dataset with
training on the clean training set and testing with additional subway noise
relative to those obtained with MFCCS alone. Bars indicate the 95%
confidence intervals calculated according to Vilar (2008).
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Fig. 24. Word error rates (WERs) obtained on the Aurora-2 dataset with
training on the multi condition training set and testing with additional
subway noise.
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Fig. 25. Word error rates (WERs) obtained on the Aurora-2 dataset with
training on the multi condition training set and testing with additional
subway noise relative to those obtained with MFCCS alone. Bars indicate
the 95% confidence intervals calculated according to Vilar (2008).
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we now see again improvements for all types. When com-
paring these results to the previous ones one hast also to
take into account their much weaker statistical significance
(this can e.g. be assessed when comparing the confidence
intervals depicted in Figs. 8 and 22.

5.12. Computational complexity

The proposed feature extraction framework involves
several time consuming 2 D convolutions. Nevertheless,
we were able to integrate the feature extraction into an
online speech recognition system (Heckmann et al.,
2009). We used a Linux workstation with eight Intel Xeon
X5355 CPUs working at 2.66 GHz with 4 MB cache and
4 GB RAM per processor. Using only one core of one of
the processors, the extraction of the HIST features for 1 s
of speech lasts approximatively 280 ms, i.e. 3.5 times faster
than real time. Additionally, the higher dimensionality of
the resulting feature vector (84 dimensions for HIST +
RASTA-PLP compared to only 45 for RASTA-PLP alone)
increases the computational load during decoding. How-
ever, this can easily be handled by current computers for
most speech recognition tasks.

6. Discussion

Similar to other approaches we apply pattern matching
techniques inspired by image processing to the task of
speech feature extraction. This was motivated not only
by the observation that speech shows distinct patterns in
the spectrogram but also by recent findings in neurobiology
on similarities in the processing in the visual and auditory
cortex. We extended this idea by introducing additional
concepts from models of visual object perception as unsu-
pervised feature learning, feature competition, hierarchical
processing, and high-dimensional sparse representations.

With the results obtained from the first layer of our fea-
ture extraction framework we could replicate previous find-
ings by, e.g., Kleinschmidt and Gelbart (2002) as well as
Meyer and Kollmeier (2008), that adding spectro-temporal
information improves the recognition in noise. We cannot
fully rule out the hypothesis that the main reason for the
improvements we see lies in the nature of our preprocess-
ing. However, in (Gläser et al., 2010) we compared a pre-
processing very similar to the one presented here on a
formant tracking task to a Linear Predicitive Coding
(LPC) based preprocessing. There we saw that our prepro-
cessing shows under some conditions, especially for the
tracking of the second formant in white noise, superior per-
formance but in most cases yields similar results as the LPC
based preprocessing. Therefore, we assume that the
improvements we see here should be attributed to the rep-
resentation of spectro-temporal information via the pro-
posed hierarchy. In light of the good results (Kim and
Stern, 2010) obtained by applying a 15th-root on the enve-
lope signal we will in the future also investigate if such a

strong non-linearity is also beneficial to further improve
our preprocessing.

At least for the small number of features we use the
actual shape of the features in the first layer seems to play
an important role. Despite numerous variations we always
achieved significantly better results when learning the fea-
tures via ICA than when using Gabor shaped features.
Hence, the unsupervised data-driven learning of the fea-
tures seems to be superior to a predefined set of features.

When investigating the feature competition we saw con-
sistent improvements. However, we applied the framework
without further modification when calculating the results
reported above without the competition. It is well possible
that tuning of the parameters will reduce this difference in
performance. Nevertheless, we saw in all cases we tested a
gain from the competition. On the other hand we also
observed that the competition is so far not ideally adapted
to the task. In some cases the receptive fields responses lar-
gely varied with minor displacements in the spectrogram.
As a consequence different features dominate at closely
neighboring points thereby breaking up larger structures
in the spectrogram and dispersing them over the different
features. Modifying the purely local competition such that
also surrounding regions are taken into account seems to
be a promising approach to further improve the results of
this competition step.

One key aspect of our feature extraction framework is
the processing in two hierarchical layers. In contrast to
purely spectral features and previous spectro-temporal fea-
tures the proposed second layer, which we termed combi-
nation layer, is able to represent complete formant
configurations and model non-stationary patterns. We
showed that adding this second layer further improves
the recognition performance on clean data and in noise.
This underlines that the information represented by this
second layer is indeed relevant.

In addition to the recognition experiments we demon-
strated via a correlation analysis that conventional spectral
features as MFCCS and RASTA-PLP features capture
similar information. On the other hand, the proposed
HIST features extract additional, i.e. complementary,
information. From this analysis we also saw that without
an additional PCA the different feature dimensions of the
HIST features are much stronger correlated than it is the
case for RASTA-PLP or MFCC features. Such a behavior
is particularly inapt for the use with an HMM. In general
one can expect that due to a “coevolution” of spectral fea-
tures and HMMs an HMM is not very well suited to be
used with such novel features (Morgan et al., 2005). Similar
to (Meyer and Kollmeier, 2008; Wang et al., 2008;
Hermansky and Sharma, 1998; Chen et al., 2004) which
use less conventional features and hence features less
well suited to HMMs we also expect further improve-
ments when applying alternative recognition backends as
e.g. Multilayer Perceptrons or TANDEM modelling
(Hermansky et al., 2000; Morgan and Bourlard, 1995).
Such alternative recognition backends will be of particular
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importance when we continue to pursue our goal to obtain
sparse and high-dimensional representations and increase
the number of elements on the different layers.

We evaluated our features on two different databases
each with a comprehensive set of background noise types
and SNR levels. On the dataset containing the TIDigits
data at a sampling rate of 16 kHz we saw, except for the
case of babble noise, consistent improvements from the
combination of the HIST features and RASTA-PLP or
MFCC features. In particular we obtain strong improve-
ments in scenarios most relevant for actual applications.
In the case of babble noise the tendency of the HIST fea-
tures for high insertions is certainly unfavorable. Also for
the tests we performed on the Aurora-2 database we saw
unfavorable behavior for those noise types which also
included speech. A remedy to this is on one hand the use
of additional mechanisms to detect speech on- and offsets
and, as we showed, the use of speech corrupted by babble
noise already in the training phase. Furthermore, we expect
that improvements in our preprocessing will also be able to
alleviate this problem.

The improvements we obtained when combining the
HIST features with purely spectral features on Aurora-2
were notably lower than those we obtained on TIDigits.
One of the reasons for this is certainly that during the
development of the HIST features we took only 16 kHz
wideband speech data into account and did only change
the parameters of the Gammatone filter bank and the
DoG filters when applying it to Aurora-2 which uses
telephone quality speech sampled at 8 kHz and with an
efficient bandwidth of 0.3, . . . , 3.4 kHz. Adaptation of the
preprocessing, the filter sizes and the different non-lineari-
ties will certainly yield to better performance also on tele-
phone quality speech.

When taken alone our features show for good and mod-
erate SNR levels clearly inferior performance to conven-
tional spectral features. From this it follows that some
important information captured very well by RASTA-
PLP and MFCC features is not represented by the HIST
features. We speculate that the smoothing along the time
and frequency axis, the preprocessing as well as the pooling
stage, could be at the root of this. The information retained
might be especially robust against additional distortions
but on the other hand not detailed enough to provide pre-
cise recognition in undistorted speech. Further experiments
will be necessary to validate this hypothesis and develop
mechanisms to better capture the relevant information
such that the presented approach can serve as a true alter-
native to conventional features.

So far we only reported results on a continuous digit rec-
ognition task. It will be interesting to see how the proposed
HIST features perform on more complex tasks and if the
features learn only characteristics of the specific task or
of speech in general. In a recent experiment we could show
that the performance of the HIST features when learned on
Timit (Garofolo et al., 1993), a database consisting of pho-
netically rich American sentences not containing numbers,

and then applied on TIDigits the performance only
degraded little compared to the case when learning the fea-
tures on the same dataset as later used for the recognition
experiments (Heckmann, 2010). We see this as a first indi-
cation that the features are not only learning information
limited to the task but more general speech properties.

The additional performance gain we observed via an
adaptation of the features to the noise in the matched train-
ing condition illustrates that such an adaptation to the cur-
rent situation can be beneficial. For mammals such task
specific plasticity of receptive fields in the auditory cortex
seems to play an important role (Fritz et al., 2003). Given
that all the learning steps involved in the presented feature
extraction framework are unsupervised such an online
adaptation seems to the least possible.

Despite the significant improvements we obtained com-
pared to spectral features, many questions on how to opti-
mally combine the different elements we presented here are
still open. This is also manifest in the observation we made
that by different settings of parameters one could tune the
features to have different properties like better performance
on clean at the cost of inferior performance in noise, better
performance when used alone compared to better perfor-
mance when combined with RASTA-PLP features and so
on. Also for this reason we always reported the perfor-
mance of the whole hierarchy. Overall, we think that we
could show that the different ideas borrowed from neurobi-
ology and vision research we introduced as well as the
framework as a whole enable more robust speech recogni-
tion. Nevertheless, we see this rather as early steps with
many more to follow.
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