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l. INTRODUCTION AND QUALIFICATIONS

I, Ingrid Hsieh-Yee, declare as follows:

1. | am over the age of eighteen and otherwise competent to make this
declaration.
2. | have been retained by counsel for Petitioner Wealth, Inc.

(“Wealth.com”) as an expert witness in the above-captioned proceeding. | have been
asked to provide my expert opinion regarding the authenticity and public availability
of certain prior art references in relation to U.S. Patent No. 12,353,917 (“the *917
Patent”) (Ex. 1001). This is my written declaration.

3. | am being compensated for my time in connection with this IPR at my
current consulting rate. | am also being reimbursed for any reasonable expenses
associated with my work and testimony in this investigation. My compensation is
not contingent on the results of my study, the substance of my opinions, or the
outcome of this matter.

A.  Qualifications and Professional Experience

4, My complete qualifications and professional experience are described
in my academic curriculum vitae (Appendix A). The following is a brief summary
of my relevant qualifications and professional experience.

5. | was a professor in the Department of Library and Information Science

at the Catholic University of America for 32 years and was conferred the title of
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Professor Emerita in December 2022. | have experience working in an academic
library, a medical library, and a legislative library. | hold a Ph.D. and a Masters in
Library and Information Studies from the University of Wisconsin-Madison.

6. | am an expert on library cataloging and classification and have
published two editions on this subject, Organizing Audiovisual and Electronic
Resources for Access: A Cataloging Guide (2000 and 2006). | taught a variety of
courses, including Cataloging and Classification, Advanced Cataloging and
Classification, Organization of Internet Resources, Organization of Information,
Metadata, Digital Content Creation and Management, Internet Searches and Web
Design, Information Literacy Instruction, Advanced Information Retrieval and
Analysis Strategies, and The Information Professions in Society. | am familiar with
metadata schema design and implementation. In my teaching, | covered the design
and implementation of metadata in databases, search engines, digital repositories,
digital libraries, and digital archives. | also covered how information organization
affects the discovery and access to digital resources on the Internet. My research
interests cover cataloging and classification, information organization, metadata,
information retrieval, information architecture, digital collections, scholarly
communication, social media, user interaction with information systems, and others.

7. | am personally familiar with many online catalogs, databases, and

search engines. In preparing for this declaration, | used the following authoritative
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information systems to search for records:

B.
8.

ACL Anthology (https://aclanthology.org/)
arXiv (https://arxiv.org/)
Google Scholar (https://scholar.google.com/)

Internet Archive (https://archive.org/)

SSRN (Social Science Research Network) of Elsevier
(https://www.ssrn.com/ssrn/)

Scope of this Declaration

| have been asked to offer my opinions on the public availability dates

of the following documents:

(1)

(2)

Curtotti, M., & Mccreath, E. (2010, December). Corpus based
classification of text in Australian contracts. In Proceedings of

the Australasian Language Technology Association Workshop
2010, pp. 18-26, Ex. 1008 (“Curtotti”’), and

Kwak, A., lIsraelsen, J., Morrison, C., Bambauer, D., &
Surdeanu, M. (2022, December). Validity assessment of legal

will statements as natural language inference. In Findings of the
Association for Computational Linguistics: EMNLP 2022, pages
6047-6056, Ex. 1011 (“Kwak”).

| am informed by counsel and understand that a given reference is
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“published” upon a satisfactory showing that such a document has been
disseminated or otherwise made publicly available to the extent that persons
interested and ordinarily skilled in the subject matter or art could locate it exercising
reasonable diligence and obtain the document.

10. I have been informed by counsel that the 917 Patent purports to claim
November 29, 2023 as its earliest priority date. | have assessed public accessibility
of the documents referenced below as of November 29, 2023.

11. | have been informed by counsel that the subject matter of this
proceeding generally relates to machine learning.

C.  Person of Ordinary Skill in the Art

12. I have been informed by counsel that a “person of ordinary skill in the
art at the time of the invention” (POSITA) is a hypothetical person who is presumed
to be familiar with the relevant field and its literature at the time of the inventions. |
have been informed by counsel that this hypothetical person is also a person of
ordinary creativity, capable of understanding the scientific principles and literature
applicable to the pertinent field.

13. | have been informed by counsel that a person of ordinary skill in the
art, as of November 29, 2023, would have had an undergraduate degree in computer
science or a related field, and three to five years of industry experience with artificial

intelligence and machine learning. This level of skill is approximate, and more
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education could have compensated for less experience, and vice versa.

14. It is my opinion that such a person would have been actively engaged
in learning about the field, possibly through formal instruction and through
exploration of online resources such ACL Anthology, arXiv.org, Social Science
Research Network, Internet Archive, institutional repositories, and digital archives.
By at least November 29, 2023, such a person would have had access to a vast array
of print and electronic resources, including at least the documents referenced below.

D.  Evidence Considered in Forming My Opinion

15.  Inthe preparation of this declaration, | have reviewed Ex. 1008 and EXx.
1011 referenced in paragraph 8 above, and any other documents | reference herein.
Each of these is a type of material that experts in my field would reasonably rely
upon when forming their opinions. | provided a further description of materials |
considered in Appendix B.

1. AUTHENTICITY AND PUBLIC AVAILABILITY OF CURTOTTI (EX.
1008)

A. Authentication

16. Ex. 1008 is a true and accurate copy of “Corpus based classification of
text in Australian contracts,” (“Curtotti’’), by Michael Curtotti and Eric Mccreath, in
Proceedings of Australasian Language Technology Association Workshop 2010,
pages 18-26, that | received from counsel. This copy is presented as Ex. 1008 in

this declaration.
7
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17. Page 1 of Ex. 1008 shows the title, authors, and abstract. The bottom
of this page shows the article was published in 2010 in the “Proceedings of
Australasian Language Technology Association Workshop,” pages 18 to 26. EX.
1008 shows Curtotti has a total of nine pages, including five tables, one figure, 20
footnotes, and 19 references.

18. EXx. 1007 is a true and correct copy of “Natural language processing for
extracting conveyance graphs” by Bateman et al., US 2015/0286630 Al (Oct. 8,
2015), that | received from counsel. Paragraph 0072 references “Corpus Based
Classification of Text in Australian Contracts” by Curtotti and Mccreath to explain
that “training a given language processing model may be based on a combination of
machine-learning algorithms and hand-coded rules.” It also shows Curtotti is

available at http://www.aclweb.org/anthology/U10-1005. To determine when this

article became publicly accessible on the Internet, | searched the Wayback Machine
of the Internet Archive for records, and found the article at this URL was first
archived on August 7, 2017. This archived copy from 2017 is presented as
Appendix 1008A in this declaration.

19. Page 1 of Appendix 1008A is a screen capture of a Wayback Machine

calendar that shows the file at http://www.aclweb.org/anthology/U10-1005 was

archived four times between “7 Aug 2017” and “18 Apr 2021 and this particular

copy was archived on “AUG 07 2017,” available at
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https://web.archive.org/web/20170807183515/http://www.aclweb.org/anthology/U

10-1005. Pages 2 to 10 of Appendix 1008A are the PDF of this archived copy. |
have closely compared Ex. 1008 and Appendix 1008A and found them to have the
same content for Curtotti.

20. Ex. 1008 is in a condition that raises no suspicion about its authenticity.
Specifically, this copy of Curtotti does not appear to miss any intermediate pages,
and there are no visible alterations to the document. Furthermore, this copy has the
same content as the copy archived by Internet Archive on August 7, 2017 (Appendix
1008A). Based on my review and analysis, it is my opinion that Ex. 1008 is
authentic.

B.  Public Availability of Curtotti

21. Appendix  1008A shows the copy of Curtotti at

http://www.aclweb.org/anthology/U10-1005, as cited by Bateman et al. (Ex. 1007),

became publicly available on the Internet no later than August 7, 2017. Since
Curtotti is available on the ACL Anthology website, | searched Internet Archive for
records of this website to determine whether Curtotti was archived before 2017.
Appendix 1008B is a true and correct copy of the web files | encountered during
my research. | personally located, identified, and obtained these files. They are the
type of materials experts in my field would reasonably rely upon when forming their

opinions.
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22. Internet Archive is a digital library that archives scholarly materials,
cultural artifacts, and other web resources on the Internet. It provides the public with
free access to its collections. | have used the Internet Archive in the past and am
familiar with their practice of assigning an extended URL to an archived web
resource in the format of http://www.archive.org/web/[Year in yyyy][Month in
mm][Day in dd][Time code in hh:mm:ss]/[Archived URL] (also known as an
extended URL) to show the point of time the archived file was captured.

23. Internet Archive usually does not archive web resources the moment
they appear on the Internet, and a web resource must be available first before it can
be archived. The archive date of a file captured by the Internet Archive therefore is
typically later than the date when the file first became publicly accessible on the
Internet. In other words, the archive date means that the archived file was available
before, and definitely no later than, the archive date. For example, if a web file was
first archived by the Internet Archive on February 1, 2001, that archive date informs
us that the web file was available on the Internet for users to discover no later than
February 1, 2001. As of that date, users could use search engines such as Google to
do keyword searches or title searches to discover the web file. Another option is to
search the URL of a file, an institution, or an event on the Wayback Machine, a
service of the Internet Archive, to determine if Internet Archive has archived copies

of a web file of interest.

10
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24. Page 1 of Appendix 1008B is a screen capture of a Wayback Machine
calendar that shows ACL Anthology is “a digital archive of research papers in

computational linguistics” and its website at http://www.aclweb.org/anthology/ was

archived 1,180 times. Page 1 shows this particular copy was archived on “AUG 07
2011, available at

https://web.archive.org/web/20110807051635/http://www.aclweb.org/anthology/.

Page 2 is the PDF of this archived copy that shows links to various events, and the
lower right corner shows several links to ALTA. The link for the 2010 ALTA (“10”)
leads to the webpage for the “Proceedings of the Australasian Language Technology
Association Workshop 2010.”

25.  Page 3 of Appendix 1008B is a screen capture of a Wayback Machine
calendar that shows the webpage for the “Proceedings of the Australasian Language

Technology Association Workshop 2010 at http://aclweb.org/anthology/U/U10/

was archived 47 times and this particular copy was archived on “AUG 03 2011,”
available at

https://web.archive.org/web/20110803053509/http://aclweb.org/anthology/U/U10/.

This webpage shows “Corpus Based Classification of Text in Australian Contracts”
by Curtotti and McCreath is listed as “U10-1005.” Page 4 is the PDF of this archived
copy and the link for “U10-1005 leads to an archived copy of Curtotti.

26. Page 5 of Appendix 1008B is a screen capture of a Wayback Machine

11
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calendar that shows Curtotti was archived four times, and this particular copy was
archived on “JUL 08 2011,” available at

https://web.archive.org/web/20110708111015/http://aclweb.org/anthology/U/U10/

U10-1005.pdf. Pages 6 to 14 are the PDF of this archived copy. | have closely

compared this archived copy with Ex. 1008 and the archived copy of 2017
(Appendix 1008A), and found these three copies to have the same content for
Curtotti.

27.  Taken together, the web files in Appendix 1008B show that Curtotti
was publicly available on the Internet no later than July 8, 2011. As of that date,
interested users could use search engines, such as Google, to search for Curtotti.
They could also explore Internet Archive for archived copies of Curtotti. Since ACL
Anthology is a digital archive of research papers in computational linguistics, users
interested in computational linguistics would likely be aware of this digital archive,
which means that they could begin their exploration at the website of ACL

Anthology at http://www.aclweb.org/anthology, then select the link for the 2010

ALTA event to reach the webpage for the Proceedings of the Australasian Language
Technology Association Workshop 2010, and discover a link for Curtotti (“U10-
1005”) that would lead them to the copy of Curtotti archived by the Internet Archive
on July 8, 2011. The discovery path presented in Appendix 1008B shows that in

August 2011 interested users could take three simple steps to discover and access
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Curtotti. Further, the ACL Anthology’s home page provides a search bar for users
to “Search the Anthology” “via Google,” “via Searchbench @ DFKI,” and ‘“via
AAN @ UMich” (see page 1 of Appendix 1008B). It is therefore my opinion that
Curtotti became publicly discoverable and accessible by July 8, 2011.

C. Usage Records

28.  Actual usage of a publication is reflected by other publications that
make reference to it. | used Google Scholar and Google Patents to review citations
to Curtotti and selected citations published between 2013 and 2017 to demonstrate
usage. Appendix 1008C presents seven verified citations and shows the earliest
citation was published in March 2013.

D.  Summary of My Opinion on Curtotti

29. Itis my opinion that Curtotti (Ex. 1008) is authentic because it contains
no signs to raise suspicion about its authenticity. Furthermore, this document has
the same content as copies of Curtotti archived by Internet Archive on July 8, 2011
(Appendix 1008B), and August 7, 2017 (Appendix 1008A).

30.  Web files on the website of ACL Anthology (Appendix 1008B) show
that in August 2011 interested users could visit this website, which is a digital
archive of research papers in computational linguistics, and follow the conference
link for the 2010 ALTA to discover Curtotti. The ACL Anthology’s home page also

provides a search bar for users to “Search the Anthology” “via Google,” “via

13
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Searchbench @ DFKI,” and “via AAN @ UMich” (see page 1 of Appendix 1008B).
Archived records show that Curtotti was archived no later than July 8, 2011,
meaning it became publicly discoverable and accessible on the Internet no later than
that date. Citation records (Appendix 1008C) show the earliest citation was
published in March 2013.

31. Based on the documents and records | have reviewed, it is my opinion
that Curtotti is authentic and the article became publicly discoverable and accessible
on the Internet no later than July 8, 2011.

IIl. AUTHENTICITY AND PUBLIC AVAILABILTIY OF KWAK
(EX. 1011)

A. Authentication

32. Ex. 1011 isatrue and correct copy of “Validity assessment of legal will
statements as natural language inference,” (“Kwak”), by Kwak et al. in Findings of
the Association for Computational Linguistics: EMNLP 2022, pages 6047-6056, that
| received from counsel. This copy is presented as Ex. 1011 in this declaration.

33. Page 1 of Ex. 1011 (internal page 6047) shows the title, authors, and
abstract, and the bottom of this page shows this article is included in the “Findings
of the Association for Computational Linguistics: EMNLP 2022, pages 6047-6056”
and the conference took place on “December 7-11, 2022.” This page also shows
Kwak has a “2022” copyright date and the Association for Computational
Linguistics holds the copyright. Ex. 1011 shows Kwak has a total of 10 pages,

14
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including four figures (some color), four tables, nine footnotes, and 19 references.
34. Since Kwak is a conference paper, | searched Internet Archive for

records. Appendix 1011A is a copy of Kwak archived by Internet Archive on

February 2, 2023, available at

https://web.archive.org/web/20230202142404/https://aclantholoqgy.org/2022.findin

gs-emnlp.447.pdf. | personally located, identified, and obtained this archived copy.

It is the type of material experts in my field would reasonably rely upon when
forming their opinions.

35. Page 1 of Appendix 1011A is a screen capture of a Wayback Machine
that shows Kwak was archived twice and this particular copy was archived on “FEB
02 2023,” available at

https://web.archive.orq/web/20230202142404/https://aclanthology.org/2022.findin

gs-emnlp.447.pdf. Pages 2 to 11 are the full article of Kwak in PDF. | have closely

compared Ex. 1011 and Appendix 1011A, and found them to have the same content
for Kwak.

36. My research on Kwak discovers a copy of this article on arXiv, which
is “a curated research-sharing platform open to anyone” that “offers researchers a
broad range of service: article submission, compilation, production, retrieval, search
and discovery, web distribution for human readers, and API access for machines,
together with content curation and preservation” (About arXiv, at
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https://info.arxiv.org/about/index.html). The metadata record for Kwak at

https://arxiv.org/abs/2210.16989v1 shows Alice Kwak submitted the article on

October 30, 2022 (cited as “arXiv:2210.16989v1”), and the “View PDF” link leads

to the full article at https://arxiv.org/pdf/2210.16989v1. To determine when this

submitted article became publicly available on the Internet, | searched Internet
Archive for records. Appendix 1011B is a copy of this article archived by Internet
Archive.

37. Page 1 of Appendix 1011B is a screen capture of a Wayback Machine

calendar that shows https://arxiv.org/pdf/2210.16989v1 was archived twice and this

particular copy was archived on “NOV 01 2022,” available at

https://web.archive.org/web/20221101104607/https://arxiv.org/pdf/2210.16989v1.

pdf. Pages 2 to 11 are the full article of Kwak in PDF. Since Appendix 1011B is a
pre-publication submission to arXiv, an open access archive, by the lead author, it
does not include the conference information as Ex. 1011 and Appendix 1011A,
which are copies of the published article. Specifically, Appendix 1011B is different
from Ex. 1011 and Appendix 1011A in that 1) it has a banner that identifies the

article as arXiv:2210.16989v1 with a “30 Oct 2022 posting date, 2) pages in

Appendix 1011B are not numbered, 3) Appendix 1011B does not show the
conference information, and 4) the grant number on page 10 of Appendix 1011B is

preceded by a # sign. | have closely compared Appendix 1011B with Ex. 1011 and

16

Exhibit 1026 Page 16


https://info.arxiv.org/about/index.html
https://arxiv.org/abs/2210.16989v1
https://arxiv.org/abs/2210.16989v1
https://arxiv.org/pdf/2210.16989v1
https://arxiv.org/pdf/2210.16989v1
https://web.archive.org/web/20221101104607/https:/arxiv.org/pdf/2210.16989v1.pdf
https://web.archive.org/web/20221101104607/https:/arxiv.org/pdf/2210.16989v1.pdf
https://arxiv.org/abs/2210.16989v1

Docusign Envelope ID: 6D1FE4B4-091D-4AEB-8E9C-65CD787854EB

Declaration of Dr. Ingrid Hsieh-Yee, Ph.D.
U.S. Patent No. 12,353,917

Appendix 1011A, and found these three copies to have the same content for Kwak.

38. Ex. 1011 isinacondition that raises no suspicion about its authenticity.
Specifically, this copy of Kwak does not appear to miss any intermediate pages, and
there are no visible alterations to the document. Furthermore, this copy has the same
content as the copy archived by Internet Archive on February 2, 2023 (Appendix
1011A), and a copy posted by the lead author to arXiv on October 30, 2022
(Appendix 1011B). Based on my review and analysis, it is my opinion that Ex.
1011 is authentic.

B.  Discovery of the arXiv copy of Kwak

39. To determine the public availability date of Kwak submitted to arXiv
by the lead author, | searched Internet Archive for records. Appendix 1011C is a
true and correct copy of the web files | discovered from Internet Archive. They are
the type of materials experts in my field would reasonably rely upon when forming
their opinions.

40.  The first two pages of Appendix 1011C are the arXiv metadata record

for Kwak at https://arxiv.org/abs/2210.16989v1 that shows the title, authors,

abstract, subject, citations for this article (“arXiv:2210.16989 [cs.CL]” and
“arXiv:2210.16989v1 [cs.CL] for this version”). The Comments field shows Kwak
has 10 pages, includes four figures, and is “[t]o be published in the Findings of the

Association for Computational linguistics: EMNLP 2022.” The record includes a

17
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link to the PDF of Kwak.
41. Page 3 shows a screen capture of a Wayback Machine calendar that

shows the metadata record for Kwak (https://arxiv.org/abs/2210.16989v1) was

archived once on “NOV 01 20227 and available at

https://web.archive.org/web/20221101102929/https://arxiv.org/abs/2210.16989v1.

The “View PDF” link leads to the full article of Kwak.
42. Page 5 is a screen capture of a Wayback Machine calendar that shows

https://arxiv.org/pdf/2210.16989v1 was archived twice and this particular copy was

archived on “NOV 01 20227 and available at

https://web.archive.org/web/20221101104607/https://arxiv.org/pdf/2210.16989v1.

pdf. Pages 6 to 15 are the PDF of this archived copy. | have closely compared this
copy of Kwak with the arXiv copy (Appendix 1011B), and found them to be the
same.

43.  Taken together, the files in Appendix 1011C show that the lead author
of Kwak submitted the article to arXiv on October 30, 2022 and indicated the article
would Dbe published in the Findings of the Association for Computational
Linguistics: EMNLP 2022. This pre-publication copy of Kwak was archived by
Internet Archive on November 1, 2022, making it publicly discoverable and
accessible by that date. These dates inform my opinion that in November 2022
interested users could use search engines such as Google to discover the copy of
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Kwak on arXiv. Or, they could visit arXiv to search for Kwak. In addition, by
November 1, 2022, interested users would be able to discover and access Kwak on
Internet Archive.

C. Discovery of Kwak Archived in February 2023
44.  After the EMNLP 2022 conference, Kwak was published in the

conference proceedings. In early 2023 interested users had several ways to discover
the published copy of Kwak. Appendix 1011D, Appendix 1011E, and Appendix
1011F present three discovery paths readily available to interested users in early
2023.

45.  Appendix 1011D is a true and correct copy of records | encountered
while researching on Kwak in December 2025. Pages 1 and 2 are a screen capture
of the metadata record for Kwak at https://aclanthology.org/2022.findings-
emnlp.447/ on the ACL Anthology website. The record shows the title, authors,

abstract, PDF link (https://aclanthology.org/2022.findings-emnlp.447.pdf) and a

presentation by the lead author. It also shows Kwak is included in the Findings of
the Association for Computational Linguistics: EMNLP 2022, and has a publication
date of December 2022. Pages 3 and 4 are the PDF of this metadata record.

46. To determine the first public availability date of this published copy of
Kwak, | searched Internet Archive for records. Page 5 is a screen capture of a

Wayback Machine calendar that shows https://aclanthology.org/2022.findings-
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emnlp.447.pdf was archived twice by Internet Archive. Page 6 is a screen capture

of a Wayback Machine calendar that shows Kwak was archived twice and this
particular copy was archived on February 2, 2023. Pages 7 to 16 are the full article
of Kwak, which is the same as Appendix 1011A.

47.  Appendix 1011D shows that in early 2023 interested users could use

the URL of Kwak (https://aclanthology.org/2022.findings-emnlp.447.pdf) to explore

the Wayback Machine to obtain a copy of this article.

48.  Another path for discovery is to begin with the ACL Anthology
website. ACL Anthology is a digital archive for research publications in the field of
computational linguistics, so users interested in this area should know about this
important source for scholarly publications. Appendix 1011E illustrates how
interested users could discover Kwak in 2023. Interested users could begin their
search for Kwak at the website of the ACL Anthology. They would then learn that
this website was archived 670 times between “24 May 2021” and “1 Jan 2026” (see
Page 1 of Appendix 1011E). For information about the EMNLP 2022 conference,
they would select the website archived on March 14, 2023, available at

https://web.archive.org/web/20230314133352/https://aclantholoqgy.org/, and follow

the “EMNLP 22” link to reach the webpage for the “Conference on Empirical
Methods in Natural Language Processing (2022)” archived on March 18, 2023 (see
page 2 of Appendix 1011E, available at
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https://web.archive.org/web/20230318065928/https://aclantholoqgy.org/events/emnl

p-2022/). A screen search for Kwak on this webpage would lead to the entry for
Kwak that includes links for the PDF, bibliographic record, and abstract (see page 3
of Appendix 1011E). The PDF link would then lead to the copy of Kwak archived
on February 2, 2023.

49.  Appendix 1011E shows that in early 2023 interested users could begin
their search for Kwak on the ACL Anthology website, select the conference of
interest, verify that Kwak is included in the conference proceedings, then select the
PDF to discover that Kwak was archived on February 2, 2023. This four-step
discovery path was readily available to interested users in early 2023,

50. Interested users had at least one more path to discover Kwak in 2023.
They could begin on the ACL Anthology website (see page 1 of Appendix 1011F
for a screen shot of the website archived on March 14, 2023), and follow the link for
“Findings 22” to reach the webpage for the “Findings of the Association for
Computational Linguistics (2022)” (see page 2 of Appendix 1011F for a screen shot
of the webpage archived on March 7, 2023). By doing a screen search for Kwak,
interested users would discover an entry for Kwak with links for the PDF,
bibliographic records and abstract (see page 3 of Appendix 1011F), then follow the
PDF link to reach the copy of Kwak archived on February 2, 2023 (see pages 5 to 14

of Appendix 1011F).
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51.  Another way to discover Kwak in 2023 or earlier was to search the ACL
Anthology website that stores Kwak. A 2018 paper about the ACL Anthology titled
“The ACL Anthology: Current State and Future Directions” explains that the ACL
Anthology “offers both text and faceted search of the indexed papers, author-specific
pages, and can incorporate third-party metadata and services that can be embedded
within pages (Bysani and Kan, 2012)” (see page 1 of Appendix 1011J). Further,
the ACL Anthology home page archived as of February 2, 2023 showed a search bar
(see page 1 of Appendix 1011F).

52.  Taken together, Appendix 1011D shows that interested users could
discover the pre-publication copy posted by the lead author on arXiv by November
1, 2022. Appendix 1011E, Appendix 1011F, and Appendix 1011J show that
interested users could discover and access the published copy of Kwak in early 2023
by visiting the website of ACL Anthology to either (1) select the conference link or
conference proceeding link of interest, then do a screen search to find Kwak and
follow the PDF to access the published copy of Kwak archived on February 2, 2023;
or (2) search for Kwak using the ACL Anthology search functionality (as shown on
the home page and as described in Appendix 1011J) to locate the published copy of
Kwak.

D. Usage Records

53. Actual usage of a publication is reflected by other publications that

22

Exhibit 1026 Page 22



Docusign Envelope ID: 6D1FE4B4-091D-4AEB-8E9C-65CD787854EB

Declaration of Dr. Ingrid Hsieh-Yee, Ph.D.
U.S. Patent No. 12,353,917

make reference to it. | have reviewed citations to Kwak on Google Scholar and found
one citation to Kwak published in 2022: Cao, Y., Sun, Y., Xu, C,, Li, C., Du, J., &
Lin, H. (2022, December) (Appendix 10111). CAILIE 1.0: A dataset for Challenge
of Al in Law-Information Extraction V1. 0. Al Open, 3, 208-212. Kwak is cited as
“Kwak et al., 2022. Kwak Alice Saebom, Israelsen Jacob O., Morrison Clayton T.
Validity assessment of legal will statements as natural language inference” (see
Appendix 10111, page 14). The publication history of this citing article on page 1
of Appendix 10111 shows the manuscript was received by the publisher on June 20,
2022, revised on November 27, 2022, and accepted for publication on December 1,
2022; and the article became available online on December 5, 2022. This 2022
citation supports my opinion that the pre-publication copy of Kwak on arXiv
(Appendix 1011B) became publicly discoverable and accessible no later than
November 1, 2022, and the published copy of Kwak became publicly discoverable
and accessible on ACL Anthology no later than February 2, 2023 (Appendix
1011A).

54.  Another metric for article usage is the number of downloads an article
received over time. The Social Science Research Network (SSRN) provides such
data. According to “What is SSRN?” (last updated on August 19, 2021, at

https://www.elsevier.support/ssrn/answer/what-is-ssrn), “SSRN, formerly known as

Social Science Research Network, is an open access research platform used to share
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early-stage research, evolve ideas, measure results, and connect scholars around the
world” and this platform “is a searchable online library that enables authors to post
their papers and abstracts easily and free of charge. The vast majority of papers can
be downloaded free of charge as well.” In addition, “SSRN maximizes usage and
discoverability by classifying papers into topic-based eJournals that are distributed
to individual and institutional subscribers. This results in downloads and citations
that SSRN aggregates into meaningful metrics that authors use for promotion and
tenure purposes and that institutions use in their hiring and ranking activities.”
Elsevier acquired SSRN in 2016.

55.  Appendix 1011G is a true and correct copy of the metadata record for

Kwak on SSRN at https://papers.ssrn.com/sol3/papers.cfm?abstract 1d=4279728. |

personally located, identified, and obtained this record from SSRN. This is the type
of record experts in my field would reasonably rely upon when forming their
opinions.

56. Pages 1 to 3 of Appendix 1011G are screen captures of the SSRN
metadata record for Kwak. Page 1 shows the title and authors, and indicates Kwak
is “Arizona Legal Studies Discussion Paper No. 22-21” and is to be published in
“Findings of the Association for Computational Linguistics: EMNLP 2022.” It also
shows this paper has 11 pages, was first posted on SSRN on November 17, 2022,

and last revised on November 21, 2022. Page 2 shows the abstract, keywords, and
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suggested citation for this work, and page 3 shows a link for “Download This Paper,”
which leads to the full discussion paper. Page 4 is the cover sheet of this discussion
paper that shows Arizona Legal Studies Discussion Paper No. 22-21 was completed
in November 2022. Pages 5 to 14 are the full discussion paper. | have closely
compared this copy with the pre-publication copy of Kwak on arXiv (Appendix
1011B), and found them to have the same content, except for the banner of article id
and posting date in Appendix 1011B. Appendix 1011G shows that a pre-
publication copy of Kwak was posted on SSRN on November 17, 2022, making this
copy publicly accessible on SSRN on that date. The “Paper statistics” area on page
1 of Appendix 1011G shows this copy of Kwak has been downloaded 92 times when
| produced this exhibit in late 2025.

57. To have a better understanding of the usage of the copy of Kwak on
SSRN, | searched Internet Archive for records. Appendix 1011H is a true and
correct copy of the SSRN metadata record and an author profile archived by Internet
Archive. These are the type of records experts in my field would reasonably rely
upon when forming their opinions.

58. Page 1 of Appendix 1011H is a screen capture of a Wayback Machine
calendar that shows the SSRN metadata record for Kwak was archived eight times
and this particular copy was archived on “NOV 28 2022,” available at

https://web.archive.org/web/20221128060841/https://papers.ssrn.com/sol3/papers.
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cfm?abstract id=4279728. The “Paper statistics” area on page 1 shows Kwak was

downloaded 22 times. Pages 2 and 3 are the PDF of this archived record.

59. Pages 4 to 6 are screen captures of an author profile for Alice Kwak,
and the Wayback Machine calendar shows the author profile was archived once by
Internet Archive on February 2, 2023. The profile shows Alice Kwak had one
scholarly paper on SSRN, which was downloaded 37 times. Page 5 shows the
scholarly paper is entitled “Validity Assessment of Legal Will Statements as Natural
Language Inference,” which is Arizona Legal Studies Discussion Paper No. 22-21.
It also shows the paper is published in Findings of the Association for Computational
Linguistics: EMNLP 2022 (forthcoming 2022), and was posted on SSRN on
November 17, 2022. The download number is listed as 37 as of February 2, 2023
when this profile was archived by Internet Archive. Pages 7 to 9 are the PDF of this
archived author profile.

60. The download numbers presented in Appendix 1011H inform my
opinion that Kwak was downloaded 22 times between November 17, 2022 (when
the copy was posted on SSRN) and November 28, 2022 (when the SSRN metadata
record for Kwak was archived by Internet Archive); and the paper was downloaded
15 more times between November 29, 2022 and February 2, 2023 (when the author

profile of Alice Kwak was archived by Internet Archive).
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E. Summary of My Opinion on Kwak

61. Itis my opinion that Kwak (Ex. 1011) is authentic because it contains
no signs to raise suspicion about its authenticity. Furthermore, this document has
the same content as a copy archived by Internet Archive on February 2, 2023
(Appendix 1011A) and a copy posted on arXiv on October 30, 2022 (Appendix
1011B).

62. Kwak has four manifestations—as a published article in a 2022
conference proceedings (Ex. 1011), as a copy archived by Internet Archive
(Appendix 1011A), as a pre-publication copy on arXiv (Appendix 1011B), and as
a discussion paper on SSRN (Appendix 1011G). Archived records show the lead
author, Alice Kwak, posted a copy of Kwak on arXiv in October 2022, and that copy
was archived by Internet Archive on November 1, 2022 (Appendix 1011C), making
the copy of Kwak on arXiv publicly accessible no later than November 1, 2022.

63.  Archived records from Internet Archive show the published version of
Kwak (Ex. 1011) was archived by Internet Archive on February 2, 2023 (Appendix
1011A), making it publicly discoverable and accessible no later than that date. In
early 2023, interested users could discover and access this file by visiting the ACL
Anthology website and follow conference links to discover and access Kwak, or by
searching for Kwak using the ACL Anthology’s search features (Appendix 1011E,

Appendix 1011F, and Appendix 1011J). Citation records show a citing paper to
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Kwak was published in December 2022 (Appendix 10111); the SSRN metadata
record for Kwak archived in November 2022 shows 22 downloads of the paper; and
the SSRN author profile for Alice Kwak archived by Internet Archive in February
2023 shows the paper was downloaded 37 times (Appendix 1011H).

64. Based on the documents and records | have reviewed, it is my opinion
that the copy of Kwak on arXiv became publicly discoverable and accessible no later
than November 1, 2022, and a copy of Kwak posted on SSRN became publicly
discoverable and accessible no later than November 17, 2022. The copy of Kwak in
a published conference proceedings became publicly discoverable and accessible no
later than February 2, 2023 (Appendix 1011A). A citing paper to Kwak appeared
in December 2022.

IV. CONCLUSION

65. Insigning this Declaration, | recognize that the Declaration will be filed
as evidence in a contested case before the Patent Trial and Appeal Board of the
United States Patent and Trademark Office. | also recognize that I may be subject
to cross-examination in this proceeding. If required, | will appear for cross-
examination at the appropriate time.

66. | 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 with the knowledge that willful
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false statements and the like so made are punishable by fine or imprisonment, or

both, under 18 U.S.C. §1001.

Dated: 2/13/2026 Respectfully submitted,

Signed by:
il (et p—
/ :
39E37127A44440F ...

Ingrid Hsieh-Yee, Ph.D.
Annapolis, Maryland
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Education

Ph.D. 1990. Library and Information Studies, University of Wisconsin-Madison
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M.A. 1984. Library and Information Studies, University of Wisconsin-Madison.
M.A. 1983. Comparative Literature, University of Wisconsin-Madison.

B.A. 1980. Foreign Languages and Literature, National Taiwan University.

Work Experience

Professor, School/Dept. of Library and Information Science, Catholic University of America,
1990-2022 (Assistant Professor, 1990-1996; Associate Professor, 1997-2004; Professor
2004-2022; Professor Emerita 2022)
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Usability Studies

Grants & Honors

Cultural Heritage Information Management Project. IMLS grant. Amount: $498,741. Period:
Aug. 2012 to July 2015. Co-PI with Dr. Youngok Choi.
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Nation’s Capital. Dept. of Labor H2B Training Grant. Grant amount: $4,175,500. Grant
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Department of Employment Services, Holy Cross Hospital, Howard University, Center
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(Lead institution). Part of the grant supported the development of a Master’s degree
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ALISE Research Grant (2001).
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Research Grant from ERIC (1999-2000).

Best Research Paper Award; Association for Library and Information Science Education (1998).

Research Grants, Catholic University of America. 1991, 1992, 1993, 1996, 1998, 1999, 2004,
2005, 2006, 2007, 2013-14.

Cooperative Faculty Research Grant, Consortium of Universities in the Washington
Metropolitan Area (1993-1994).
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Journal of the American Society for Information Science Best Paper Award (1993).
ASIS/ISI Information Science Doctoral Dissertation Scholarship (1989).

HEA Title IIB Fellowship (Dept. of Education) (1989)

Chinese-American Librarians Association Scholarship (1987).
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Vilas Fellowship, University of Wisconsin-Madison. 1984
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Paper of OCLC Systems & Services in 2000" award.)

Hsieh-Yee, 1. (1998). The Retrieval Power of Selected Search Engines: How Well Do They
Address General Reference Questions and Subject Questions? Reference Librarian, 60:
27-47.

Hsieh-Yee, 1. (1998). Search Tactics of Web Users in Searching for Texts, Graphics, Known
Items and Subjects: A Search Simulation Study. Reference Librarian, 60: 61-85.
(Received the 1997 Best ALISE Research Paper Award.)

Hsieh-Yee, 1. (1997). Access to OCLC and Internet Resources: LIS Educators' Views and
Teaching Practices. RQ, 36: 569-86.
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Hsieh-Yee, 1. (1997). Teaching Online and CD-ROM Resources: LIS Educators' Views and
Practices. Journal of Education for Library and Information Science, 38: 14-34.

Hsieh-Yee, 1. (1996). The Cataloging Practices of Special Libraries and Their Relationship with
OCLC. Special Libraries, 87: 10-20.

Hsieh-Yee, 1. (1996). Modifying Cataloging Practice and OCLC Infrastructure for Effective
Organization of Internet Resources. In Proceedings of the OCLC Internet Cataloging
Colloquium. [Online]. Available: http://www.oclc.org/oclc/man/collog/hsieh.htm

Hsieh-Yee, 1. (1996). Student Use of Online Catalogs and Other Information Channels. College
& Research Libraries, 57: 161-175.

Hsieh-Yee, 1. (1995). Ten entries in James S. C. Hu (Ed.), Encyclopedia of Library &
Information Science, 913, 1028-29, 1036, 1037, 1145-46, 1514, 1575, 1763-64, 2216-27,
2378-79. Taipei, Taiwan: Sino-American Publishing. (Topics include "Advanced
Technology/Libraries," "Information Ethics," "Instruction on Cataloging and
Classification," "Instruction on Reference Services.")

Hsieh-Yee, 1. (1993). Effects of Search Experience and Subject Knowledge on Online Search
Behavior: Measuring the Search Tactics of Novice and Experienced Searchers. Journal
of the American_Society for Information Science, 44: 161-174. (Received the 1993 Best
JASIS Paper Award.)

Presentations

Bailey, T. & Hsieh-Yee, I. (February 2020). The Phenomena of Sharing Misinformation and the
Need for Information Literacy. Presented at the 2020 Bridging the Spectrum Symposium,
Washington, D.C., February 14, 2020.

Hsieh-Yee, 1. and Fragan-Fly, J. (May 2018) Trends, Design & Strategies for Digital Scholarship
Services. Presented at the 2018 Maryland/Delaware Library Association Conference,
Cambridge, MD.

Hsieh-Yee, 1. (February, 2018) Research Data Management: What It Takes to Succeed.
Presented at the 10" Bridging the Spectrum Symposium, Washington, D.C.

Hsieh-Yee, 1. (February, 2017) Research Data Management: New Competencies and
Opportunities for Information Professionals. Presented at the 9th Bridging the Spectrum
Symposium, Washington, D.C.

Hsieh-Yee, 1. and Lawton, P. (February, 2017) Enhancing Catholic Portal Searches with User

Terms and LCSH. Presented at the 9th Bridging the Spectrum Symposium, Washington,
D.C.
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7
Hsieh-Yee, 1. (2016, October) Visualizing Data for Information. Presented at the 2016 Virginia
Library Association Conference, Hot Springs, VA.

Hsieh-Yee, 1. (2016, August) Religious Materials Toolbox for Archivists: Solutions to Problems
Facing the Profession. Presented at Archives * Records 2016, Atlanta, GA.

Hsieh-Yee, 1. and Lawton, P. (2016, March) Enhancing Retrieval of Catholic Materials with
LCSH Knowledge Structure. Presented at the 2016 Catholic Library Association
Conference, San Diego, CA.

Fagan-Fry, J. and Hsieh-Yee, 1. (2016, February) Approaches to Digital Scholarship at Top
Universities around the World: Scholarly Publishing in the Digital Age. Presented at the
8th Bridging the Spectrum Symposium, Washington, D.C.

Hsieh-Yee and Fagan-Fry, J. (2016, January) Innovative Services for Digital Scholarship at Top
100 Research Libraries of the World. Poster presented at the 2016 Annual Conference of
the Association for Library and Information Science Education, Boston, Mass.

Hsieh-Yee, 1. and Lawton, P. (2015, June). Crowdsourcing terms for CRRA portal themes. Poster
presented at the third CRRA symposium and annual meeting, Bringing the created
toward the Creator: Liturgical art and design since Vatican II. Catholic Theological
Union, Chicago, Illinois.

Hsieh-Yee, 1. and Lawton, P. (2015, February). Crowdsourcing terms for thematic exploration in
the Catholic Portal. Poster presented at the 7™ Annual Bridging the Spectrum
Symposium, Washington, D.C.

Hsieh-Yee, 1., James, R., and Fagan-Fry, J. (2015, February). Support for digital scholarship at
top university libraries of the world. Poster presented at the 7" Annual Bridging the
Spectrum Symposium, Washington, D.C.

Hsieh-Yee, 1., Zhang, S., Lin, K., and Cherry, S. (2015, February). Thus said the end users.
Summon experience and support for research workflows. Poster presented at the 70
Annual Bridging the Spectrum Symposium, Washington, D.C.

Yontz, E., Hsieh-Yee, 1., & Houston, S. (2015, February). Healthy Heroes Summer Reading
Club: Developing healthy youth at public libraries. 11th Annual Jean Mills Health
Symposium, Greenville, North Carolina.

Yontz, E., Hsieh-Yee, 1., and Houston, S. (2015, January). Healthy youth and libraries: A pilot

study. Association for Library & Information Science Education (ALISE) Annual
Conference, Chicago, Illinois.
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Hsieh-Yee, 1. (2014, May). Linking CRRA resources to portal themes via authority files.
Presented at the Catholic Research Resources Alliance 2014 Membership Meeting,
Marquette, WI.

Hsieh-Yee, 1. (2014, April). Enhancing subject access to CRRA resources. Presented at the 2014
Catholic Library Association Conference, Pittsburgh, PA.

Hsieh-Yee, 1. (2014, January). Health Information Technology Program: Educational
entrepreneurship in action. Presented at the 2014 annual Conference of the Association
for Library and Information Science Education, Philadelphia, PA

Hsieh-Yee, 1., Zhang, S., Lin, K., and Cherry, S. (2014, January). Discovering information
through Summon: An analysis of user search strategies and search success. Paper
presented at the 6th Bridging the Spectrum Symposium, Washington, D.C.

Hsieh-Yee, 1. (2012, December). National Digital Stewardship Alliance and SLIS at CUA:
An Educational Partnership. Paper presented at Best Practices Exchange: Acquiring,
Preserving, and Providing Access to Government Information in the Digital Era,
Annapolis, MD

Choi, Y. and Hsieh-Yee, 1. (2010, January). Finding Images in an OPAC: Analysis of User
Queries, Subject Headings, and Description Notes. Paper presented at 2" Annual
Bridging the Spectrum Symposium, Catholic University of America, Washington, D.C.

Hsieh-Yee, 1. and Coogan, J. (2010, January). Google Scholar vs. Academic Search Premier:
What Libraries and Searchers Need to Know. Paper presented at 2" Annual Bridging the
Spectrum Symposium, Catholic University of America, Washington, D.C.

Hsieh-Yee, 1. (2009, November). Information Science Education: An LIS School’s Perspective.
Paper presented at Annual Meeting of the American Society for Information Science and
Technology, Vancouver, British Columbia, Canada.

Hsieh-Yee, 1., Menard, E., Ya-Ning Chen, A., Shu-Jiun Chen, S., Kalfatovic, M. R., Wisser. K.
M. (2009, November). Information Organization in Libraries, Archives and Museums.
Converging Practices and Collaboration Opportunities. Presented at Annual Meeting of
the American Society for Information Science and Technology, Vancouver, British
Columbia, Canada. (Organizer and moderator of this panel.)

Hsieh-Yee, 1. and Coogan, J. (2009, July). Catching up to Google Scholar: The Retrieval Power
of Academic Search Premier and Google Scholar. Poster presented at American Library

Association Conference, Chicago, Illinois.

Hsieh-Yee, 1., with the CUA Scholarly Communications Project Team. (2009, January). Digital
Scholarship@CUA: Developing an Institutional Repository for CUA. Poster presented at
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1*" Annual Bridging the Spectrum Symposium, Catholic University of America,
Washington, D.C.

Wise, M., Cylke, K., and Hsieh-Yee, 1. (2009, January). Digital Talking Books: Meeting the
Needs of the Blind and the Handicapped. Paper presented at the Bridging the Spectrum
Symposium, Catholic University of America, Washington, D.C.

Hsieh-Yee, 1. (2009, January). User Expectations of MERIC. Presented at the Information
Organization Competencies for the 21st Century Discussion Session of the 2009
Conference of the Association for Library and Information Science Education, Denver,
Colorado.

Choi, Y., and Hsieh-Yee, 1. (2008,November). Subject Access for Images in an OPAC. Annual
Meeting of the American Society for Information Science and Technology, Columbus,
Ohio. (Also co-organized a panel on Retrieving and Using Visual Resources: Challenges
and Opportunities for Research and Education.)

Hsieh-Yee, 1. (2008, June). Educating Cataloging Professionals in a Changing Information
Environment. National Taiwan University, Taipei, Taiwan.

Vellucci, S. L., Moen, W.E., Hsieh-Yee, 1., Marson, B., and Wisser, K. (2008, January)
Building a Metadata Education and Research Community through MERIC (Metadata
Education and Research Information Commons): Demo and Stakeholder Input. A panel
presented at the 2008 Conference of the Association for Library and Information Science
Education, Philadelphia, Pennsylvania.

Hsieh-Yee, 1., Choi,Y. and Kules, B. (2007, October). Searching for Books and Images in
OPAC: Effects of LCSH, TOC and Subject Domains. A poster presented at the American
Society for Information Science and Technology Annual Meeting, Milwaukee,
Wisconsin.

Hsieh-Yee, 1. and Coogan, J. (2007, August) Google Scholar vs. Academic Search Premier: A
Comparative Analysis. Presented to the Faculty and Staff of the University of the District
of Columbia.

Hsieh-Yee, 1. and Coogan, J. (2007, June). Google Scholar vs. Academic Search Premier: A
Comparative Analysis. Presented to the Washington Research Library Consortium
Community, Catholic University of America, Washington, D.C.

Hsieh-Yee, 1., Choi, Y., and Kules, B.. (2007, June). What Users Need for Subject Access: Table
of Contents or Subject Headings? A poster presented at the 2007 American Library
Association Annual Conference, Washington, D.C., June 2007.

Choti, Y., Hsieh-Yee, 1., and Kules, B. (2007, June). Retrieval Effectiveness of TOC and LCSH.
A paper presented at the Joint Conference on Digital Libraries 2007, Vancouver, Canada.
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Vellucci, S. L., Hsieh-Yee, ., and Moen, W.E. (2007, May). If We Build It, Will They Come?
Building a Community of Practice for Metadata Stakeholders. A poster presented at the
Rutgers University Research Day, Bridgeton, New Jersey.

Hsieh-Yee, 1. (2007, May). Federated Searching: User Experience & Perceptions. International
Conference on Information Organization & Retrieval, National Taiwan University,
Taipei, Taiwan.

Hsieh-Yee, 1. (2007, May). Search Performance of Google Scholar and Academic Search
Premier. International Conference on Information Organization & Retrieval, National
Taiwan University, Taipei, Taiwan.

Hsieh-Yee, 1. (2007, May) MERIC: Building a Digital Commons for Metadata Education &
Research. International Conference on Information Organization & Retrieval, National
Taiwan University, Taipei, Taiwan.

Hsieh-Yee, 1., and Coogan, J. (2007, March/April). 4 Comparative Analysis of Google Scholar
and Academic Search Premier. Poster presented at the Association of College &
Research Libraries 13th National Conference, Baltimore, Maryland.

Vellucci, S. L. and Hsieh-Yee, I. (2007, March/April) They Didn’t Teach Me That in Library
School! Building a Digital Teaching Commons to Enhance Metadata Teaching, Learning
and Research. On-site presentation and Webcast by Elluminate. A contributed paper
presented at the Association of College & Research Libraries 13th National Conference,
Baltimore, Maryland. The acceptance rate for contributed paper was 20%. This paper was
one of 10 conference papers chosen for live webcast during the conference.

Moen, W., Hsieh-Yee, 1. and Vellucci, S.L. (2007, January) 4 DSpace Foundation for a
Teaching & Research Commons: The Metadata Education and Research Information
Commons. A poster session presented at the Open Repositories Conference 2007, San
Antonio, Texas.

Tang, R., Hsieh-Yee, I., and Zhang, S. (2006, November) User Perception of MetaLib Combined
Search. Paper presented at the Annual Meeting of the American Society for Information
Science and Technology, Austin, Texas, Nov. 2006.

Hsieh-Yee, 1. (2006, November). Federated Searching: User Perceptions, System Design, and
Library Instructions. Paper presented at the Annual Meeting of the American Society for
Information Science and Technology, Austin, Texas. (Panel organizer, moderator,
presenter).

Hsieh-Yee, 1. (2006, November). Building a Digital Teaching Commons to Enhance Teaching

and Learning: The MERIC Experience and Challenges. Paper presented at the Annual
Meeting of the American Society for Information Science and Technology, Austin,
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11
Texas. (Panel organizer, moderator, presenter)

Hsieh-Yee, 1. (2006, September). Search Performance of Google Scholar and Academic Search
Premier. Paper presented at the ERIC Publishers Meeting, Washington, D.C.

Hsieh-Yee, 1., Zhang, S., and Rong Tang, R. (2006, June). User Perceptions of a Federated
Search System. Poster presented at Joint Conference on Digital Libraries, Chapel Hill,
North Carolina.

Hsieh-Yee, I. and Zhang, S. (2006, June). Preparing Users for Federated Search: Implications
of a MetaLib User Perceptions Study. Paper presented at the 2006 Ex Libris User Groups
of North America Conference, Knoxville, Tennessee.

Hsieh-Yee, 1. (2006, January). MERIC Organizations and Navigation. Paper presented at the
2006 ALISE Annual Conference, San Antonio, Texas.

Hsieh-Yee, 1. (2006, January). Metadata and Cataloging Education: Recommended
Competencies. Paper presented at the 2006 ALISE Annual Conference, San Antonio,
Texas.

Hsieh-Yee, 1. (2005, November). Digital Library Evaluation: Progress & Next Steps.
Presentation at the Annual Meeting of the American Society for Information Science &
Technology, Charlotte, North Carolina.

Hsieh-Yee, 1. (2005, August). Providing Access to Digital Content: Issues for DL Managers.
Presentation at MDK 12 Digital Library Steering Committee Meeting, Columbia,
Maryland.

Hsieh-Yee, 1. (2005, April). Enhancing Teaching and Learning: The Role of School Library
Media Specialists. Presentation at Meeting of the Baltimore County Public School
System School Media Specialists, Baltimore, Maryland.

Hsieh-Yee, 1. (2005, January). Subject Access and Users: Insights & Inspirations from Marcia J.
Bates. Paper presented at the Historical Perspectives SIG, 2005 Conference of the
Association for Library and Information Science Education, Boston, Massachusetts.

Hsieh-Yee, 1. (2005, January). Electronic Resource Management: Practice, Employer
Expectations, & CE Interests. Paper presented at Technical Services Education SIG, 2005
Conference of the Association for Library and Information Science Education, Boston,
Massachusetts.

Hsieh-Yee, 1. (2004, October). Library Professionals for the Digital Age: Competencies &

Preparation. Paper presented at Bibliographic Access Management Team meeting,
Library of Congress, Washington, D.C.
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12
Hsieh-Yee, 1. (2004, January). Cataloging and metadata expertise for the digital era.
Presented at Preparing 21% Century Cataloging and Metadata Professionals: A Workshop
for Educators and Trainers, San Diego and sponsored by ALCTS, ALISE, LC, and
OCLC.

Hsieh-Yee, 1. (2004, January). Educating catalogers for the digital era. Paper presented at the
Technical Services SIG, 2004 Conference of the Association for Library and Information
Science Education, San Diego.

Hsieh-Yee, 1. (2003, July). Cataloging Education for the 21*' Century. A presentation at the
Library of Congress, Washington, D.C.

Hsieh-Yee, 1. (2002, January) Metadata Education and Research Priorities: A Delphi Study of
Metadata Experts. Presentation at the 2002 Conference of the Association for Library
and Information Science Education, New Orleans.

Hsieh-Yee, 1. (2001, November). A Delphi Study of Metadata: Preliminary Findings. Poster
session at the 2001 Annual Meeting of the American Society for Information Science &
Technology, Washington, D.C.

Hsieh-Yee, 1. (2001, June). Resources on Asian American Children: Analysis of Retrieval by
Search Engines and WorldCat. Presentation at the National Conference on Asian Pacific
American Librarians, San Francisco.

Hsieh-Yee, 1. (2001, January). Delphi Study on Metadata: Project Design. Presentation at
Research Awards Session, Association for Library & Information Science Education,
Washington, D.C.

Hsieh-Yee, 1. (2000, May). Web Search Behavior Research: Progress and Implications.
Presentation at the Symposium on Evaluating Library and Information Science Research,
University of Wisconsin-Madison, Madison, Wisconsin.

Hsieh-Yee, 1. (2000, March). ERIC User Services: Evaluation in a Decentralized Environment.
Presentation at the National ERIC Joint Directors/Technical Meeting, Arlington,
Virginia.

Hsieh-Yee, 1. (2000, January). Enhancing Learning with Web Technology. Presentation at
Faculty Conversations, Catholic University of America, Washington, D.C.

Hsieh-Yee, 1. (2000, January). From Surrogates to Objects: CUA’s Approaches to Organizing
Electronic Resources. Paper presentation at the Annual Conference of the Association
for Library and Information Science Education, San Antonio, Texas.

Yee, P., and Hsieh-Yee, 1. (1997, November). Individual Differences in Search Behavior on the
WWW. A poster session presented at the 38th Annual Meeting of the Psychonomic
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Society, Philadelphia, Pennsylvania.

Hsieh-Yee, 1. (1997, April). Research + Marketing + Preparation = Job! Presented at the
"Workshop on Resume and Interview Techniques," Special Libraries Association,
Student Chapter, Catholic University of America, Washington, D.C.

Hsieh-Yee, 1. (1997, February). Creating CyberCatalogers: Education and Training.
Presentation at ALA's Midwinter Meeting, Washington, D.C.

Hsieh-Yee, 1. (1997, February). Search Tactics of Web Users in Searching for Texts, Graphics,
Known Items and Subjects: A Search Simulation Study. Presented at the Conference of
the Association for Library and Information Science Education, Washington, D.C.

Hsieh-Yee, Ingrid. "Beginning Your Special Library/Information Center Career." Presented at
SLA's "Career Day," Jan. 11, 1997, Catholic University of America.

Hsieh-Yee, 1. (1996, September). The Roles of Library and Information Scientists in Managing
Electronic Information. Presentation at Hamilton College, Clinton, New Y ork.

Hsieh-Yee, 1. (1996, May). The Future of Cataloging as a Profession. Presented at "The
Cataloging Forum, Library of Congress, Washington, D.C.

Hsieh-Yee, 1. (1994, October). The Impact of the Internet on OPACs. Presented at the Third
Workshop on User Interfaces for OPACs, Library of Congress, Washington, D.C.

Reports

Hsieh-Yee, 1., with Knowledge Management Competencies and Performance Action Group of
the Federal Knowledge Management Initiative. “From Knowledge Management
Competencies to Improved Organizational Performance.” April 9, 2009.

Hsieh-Yee, 1., with Knowledge Practices Action Group of the Federal Knowledge Management
Initiative. “KM Practice in Government Agencies: Findings and Recommendations.”
April 9, 2009.

Hsieh-Yee, 1. “Delphi Study on Metadata.” 2001. Three quarterly reports submitted to the
Association for Library and Information Science Education.

Hsieh-Yee, 1. “College Students' Information Channels: Patterns of Use and Possible Factors in
Channel Selection.” 1995. Submitted to the Catholic University of America.

Hsieh-Yee, 1. “The Information-Seeking Patterns of Scholars and Their Use of an Online
Information System.” 1994. Submitted to the Council on Library Resources.
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Book Reviews

Review of The Measurement and Evaluation of Library Services, by Sharon L. Baker and F.
Wilfrid Lancaster. Information Processing and Management 30 (1994): 450-52.

Review of Subject Access to Films and Videos, by Sheila S. Intner and William E. Studwell; and
Cataloging Unpublished Nonprint Materials, by Verna Urbanski with Bao Chu Chang
and Bernard L. Karon. Information Processing and Management 30 (1994): 449-50.

Review of Automated Information Retrieval in Libraries: A Management Handbook, by Vicki
Anders. Journal of Library and Information Science 19 (1993): 98-100.

Review of Full Text Databases, by Carol Tenopir and Jung Soon Ro. Information Processing
and Management 28 (1992): 667-68.

Review of Descriptive Cataloging for the AACR2R And USMARC: A How-to-Do It Workbook,
by Larry Millsap and Terry Ellen Ferl. Information Processing and Management 28
(1992): 809-11.

Review of MARC Manual: Understanding and Using MARC Records, by Deborah J. Byrne.
Information Processing and Management 28 (1992): 537-38.

Service
Professional Associations and Societies

e Library of Congress. RDA Training Program for the Profession. Co-authored with Tim
Carlton. 2013-2014.

e 2014 Digital Preservation Outreach & Education Survey. Contributed to the design

of the survey, 2014.

National Digital Stewardship Alliance. Outreach Committee. 2011-2014.

National Digital Stewardship Residency Program. Advisory Group, 2012-2013.

FEDLINK Health Information Technology Advisory Council, 2011-2015.

2012 Joint Conference on Digital Libraries. Program Planning Committee, Pre-

Conference Proposals Review Committee, 2012

Catholic Research Resources Alliance. Five-Year Strategic Plan Task Force, 2011-2012

e Institute of Museum and Library Services. Grant reviewer. 2004, 2005, 2010.

e Association for Library and Information Science Education.
* ALISE Bodan Wynar Research Paper Award Committee, 2015, 2016, 2017
* ALISE Eugene Garfield Dissertation Award Competition, Jury, 2013, 2014
* ALISE Research Grant Competition Committee. Chair, 2012
* Pratt-Severn Faculty Innovation Award. Chair, 2009, 2010
* ALISE Doctoral Poster Jury, 2012
* “Information Organization Competencies for the 21st Century” Discussion session
leader. 2009 Conference of the Association for Library and Information Science
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Education.
* Assisted Technical Services SIG Convener in organizing a program, ““Building a
Metadata Education and Research Community through MERIC (Metadata Education and
Research Information Commons): Demo and Stakeholder Input” for the 2008 ALISE
conference.
* Association for Library Collections and Technical Services/Association for Library and
Information Science Education (ALCTS/ALISE) Metadata Education and Research
Information Center (MERIC) Advisory Board, Co-Chair (with Sherry Vellucci), 2005-
2007. Chair, 2008-2009 (leading the effort to build MERIC, a repository and
collaborative space for metadata educators, practitioners, and researchers)
* Technical Services SIG, Convener, 2004-2005. Organized a program on “Electronic
Resources Management: Current Practices, Employer Expectations, and Teaching
Strategies” for the 2005 conference in Boston, Massachusetts.
* Technical Services SIG, Convener, 2003-2004. Organized a program on “Organizing
Information with Metadata: Desired Competencies and Teaching Innovations” for the
2004 conference.
* Technical Services SIG, Convener, 1999-2000. Organized a program on "Teaching the
Organization of Electronic Resources" for the 2000 conference.
* Curriculum SIG, Co-convener (with Sibyl Moses), 1996-97. Organized a program on
“Government Information Policy” for the 1997 conference.

American Society for Information Science & Technology.

* Reviewer, Conference program panel submissions and poster submissions, 2005, 2006,
2007, 2009, 2011, 2012, 2013, 2014, 2015, 2016, 2017

* Nomination Committee, 2009-2011

* Information Science Education Special Interest Group. American Society for
Information Science and Technology. Chair-Elect, 2007-2008. Chair 2008-2009.

* Committee on Information Science Education. 1999-2006.

* Committee on Information Science Education. Organizing Committee for an
orientation program for students at ASIS annual meetings, 1999-2001

* Committee on Information Science Education. Sub-committee on Student Welfare
(focusing on issues related to master's education), 1998-2001

* SIG ED. Organizing Committee for the "Seminar on Research and Career
Development" for junior researchers. 1995-96 (chair), 1997-2001

* ISI Doctoral Dissertation Proposal Scholarship Jury, 1997; 2001, 2002

* Pratt-Severn Best Student Research Paper Award Jury. Chair. 1997

* 1998 Midyear Meeting (referee of contributed papers), 1997

* Organizer and moderator of the ASIS Doctoral Forum and the Doctoral Research
Seminar 1994-1995

* SIG Human Computer Interaction. Chair-Elect, Chair, 1993-1995

* Doctoral Forum Award Jury, 1995

* Best Student Paper Award Jury, 1995

American Library Association.
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* Committee on Accreditation, External Review Panelist, 2009- (site visiting team
2013-2014; site visiting team 2016-2017)
* Association for Library Collections and Technical Services Task Force on
Competencies and Education for a Career in Cataloging, member, 2008-2009
* Facilitator for “What They Don't Teach in Library School: Competencies, Education
and Employer Expectations for a Career in Cataloging,” an Association for Library
Collections and Technical Services Preconference, June 22, 2007 in Washington, D.C.
Also a local liaison for bringing this program to the Catholic University of America.
* Facilitator for a discussion on "Effect of Electronic Resources on Technical Services" at
ALA's Midwinter Meeting held in Feb. 1997 in Washington, D.C.
* International Relations Committee, Subcommittee Task Force for IFLA and China,
1994-1997

Virginia Association of School Librarians. Scholarships and Awards Committee. 2010-
2012

Federal Knowledge Management Initiative, Knowledge Management Practices Action
Group. Member. 2009 (leading the effort to build a knowledge management repository)
Federal Knowledge Management Initiative, Knowledge Management Competencies &
Learning Action Group. Member. 2009 (developing an action plan for helping
government knowledge workers and government agencies to develop knowledge
management competencies)

National Center for Education Statistics. Technical Review Panel. 2008.

External evaluator for a case of promotion to full professorship. University of Tennessee.
2008.

National Information Standards Organization (NISO). Advisory Board, Revision of
“IMLS Framework of Guidance for Building Good Digital Collections,” 2004, 2007.
Library of Congress, Bibliographic Control of Web Resources: A Library of Congress
Action Plan. Principal Investigator of Action Item 5.1, focusing on cataloging and
metadata education for students and new librarians, 2002-2003. (worked with the
Association for Library Collections and Technical Services, Education Task Force)

Chinese American Librarians Association

* Chinese American Librarians Association Outstanding Library Leadership Award in
Memory of Dr. Margaret Chang Fung, Award Committee, 2016-2017

* Achievement Award Jury, 2000-2001

* CALA Goal 2000 Task Force, 1997

* Scholarship Committee, 1995, 1996-1997 (chair)

* Board of Directors, 1994-1997

* Publication Committee, 1993-1995

* International Relations Committee, 1993-1996

Sailor™ Assessment Advisory Group (An impact study of Sailor, Maryland's Public
Information Network), 1995
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Editorial boards
Journal of Library & Information Science. Editorial Board, 2012-
Chinese American Librarians Association, Occasional Papers Series. Editorial
Board, 2009-2016.
Library Quarterly. Editorial Board, 2003-2008
Bulletin of the Medical Library Association, 1994-97
Newsletter editor for the Chinese American Librarians Association, 1989-92

Referee for the following journals
Information Processing and Management
Journal of Digital Information
Journal of Education for Library and Information Science
Journal of Information Science
Journal of Library & Information Science
Journal of Library Metadata
Journal of the American Society for Information Science & Technology
Library and Information Science Research
Library Quarterly

Expert reviewer, “Digital Library” course, Evaluation module, University of North
Carolina, Chapel Hill, 2007-2008.

Expert reviewer, “Information Organization” course, University of Michigan, Ann Arbor.
2007.

Catholic University of America

Academic Senate Committee on Appointments and Promotions, 2005-2008
Academic Senate Committee on Committees and Rules, 2009-2012, 2019-2022
Academic Senate representative (for School of Arts & Sciences), 2017-2020
Academic Senate representative (for School of Library & Information Science) 2003-
2012

Academic Senate Library Committee, Interim Chair (2007), Member, 2008-2012
Academic Senate Committee on Computing, 1995-2003

President’s Administrative Council, 2010-2012
Deans’ Council, 2010-2012

Academic Leadership Group, 2010-2012
Graduate Board, 2010-2012

School of Arts & Sciences, Committee on Appointments and Promotions, 2015-2019
School of Arts & Sciences, Academic Council, 2015-2016.
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School of Arts & Sciences, Ordinary Professor Group, 2013-
Doctoral Dissertation Defense Committee, Chair, Dept. of Psychology, 2016, 2017, 2018,
2019, 2020, 2021, 2022
Doctoral Dissertation Defense Committee, Chair, Dept. of Education, 2014, 2015, 2017,
2018, 2019
Doctoral Dissertation Defense Committee, Chair, National Catholic School of Social
Services, 2019, 2020, 2021
Doctoral Dissertation Defense Committee, Chair, School of Nursing, 2006, 2008
CUA Scholarly Communication Project Team, Member (2007), Chair, 2008-2009
Dean Search Committee, 1992-1994, 1998-1999, 2002-2003, 2006-2007
Fulbright Review Panel, 2006
CUA Service Learning Advisory Board, 2001-2002
CUA Faculty Conversations on Enhancing Teaching and Learning through
Technology, Planning Group, 1999-2001
CUA Initiative on Technology and Teaching, 1998-2001

Dept. of Library and Information Science

Admissions Committee, 2007-2009, Chair 2010-2012, Member 2013-2015, Member
2018-2022

Appointments and Promotions Committee, 1991-2022

Student advisement, 1990-2022

4+1 Bachelor to Master program, Program Advisor, 2014-2022

LIS Minor, Advisor, 2017-2022

Curriculum Committee, 2020-21 (Member), 2021-2022 (Chair)

Scholarship & Awards Committee, 2016-2018, 2020-21

Comprehensive examination editor, 2020-21

Symposium, Colloquium, Lecture Series Committee, May 2018-May 2020 (Chair)
Symposium and Colloquium Committee, fall 2016-May 2018

Bridging the Spectrum Symposium session moderator, 2018, 2019, 2020, 2021
Organization of Information Core Course Outcomes Assessment, 2019, 2020

The Information Professions in Society Core Course Outcomes Assessment, 2019, 2020
Community Services Librarianship, Course of Study Review and Revision, 2020
Organization of Information, Course of Study Review and Revision, 2019
Organization of Information, Competency and Course Offerings Review, 2018-2019
Accreditation presentation, Chair, June 2015-August 2016

Interim Co-Chair, June 2015-August 2016.

Blended/OWL Learning Committee, spring 2016-2018

Technology Committee, fall 2016-2017

Comprehensive examination editor, 2016-2017, reader (every year since 1990)

LIS Advisory Board, 2015-2016 (chair); fall 2016- May 2018 (member)

Committee on Planning and Assessment, 2015-2016 (chair)
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Senior Faculty Committee, 2014-2016.
Accreditation Steering Committee, 2014-2016 (Chair, 2015-2016)
Accreditation Students Standard Committee, co-chair, 2014-2016
Accreditation Mission, Goals, and Objectives Standard Committee, co-chair, 2014-2016
Accreditation Curriculum Standard, member 2014-2-16
Accreditation Administration and Finance Standard, member 2014-2016
Cultural Heritage Information Management Project (IMLS-funded), Co-PI, 2012-2015
Cultural Heritage Information Management Forum (scheduled for June 2015), Co-
Organizer, 2013-2015
Health Information Technology Interim Review Committee, 2015 (chair)
Health Sciences Librarianship Advisory Group, 2015- (chair)
Comprehensive examination editors, 2013-2014, 2016-2017
National Digital Stewardship Alliance liaison, 2011-2014
Advisory Board, Chair 2010-2012
Academic Honesty Committee, Chair, 2008-2012
Blended Learning Committee, 2010-2012
Colloquium Committee, 2010-2012
Comprehensive Examination Administration, 2010-2012
Cultural Heritage Information Management Advisory Committee, 2010-2012 (chair),
2013-
Curriculum Committee, 1991-2003, 2007-2009, Chair 2010-2012, member 2013-
Curriculum Subcommittee on Comprehensive Examination, Chair 2009-2012
Health Information Technology Advisory Board, Chair 2010-2012. Member 2013-
Health Sciences Advisory Committee, 2009, Chair 2010-2012. Member 2013-
HIT Expert Forum, Chair 2012. Member 2013-2015
Health Information Technology Student Group Advisor, 2011-2012
State Council for Higher Education of Virginia, SLIS Representative, 2010-2012
Symposium Planning Committee, 2010-2012
Website Management Team, Chair, 2010-2012
Urban School Librarianship Project (IMLS-Funded), PI, 2007-2011 (chair, 2010-11)
Failing Grades Committee, 1995-1997 (chair), 2000-2001 (chair), 2004-2005 (chair),
2007 (chair)-2011
Faculty Search Committee, 1994-1998, 2002-2004, 2006 (chair), Fall 2007-2009, Chair
fall 2009-2012
Recruitment Committee, Chair 2010-2012
Strategic Planning Committee, Chair 2010-2012
Technology Committee, 2010-2012
Accreditation Advisory Committee, 2007-2009
Accreditation Coordinating Committee, 2007-2009
Accreditation Steering Committee, 2007-2009
SLIS Advisory Group, 2007-2009
Accreditation Curriculum Standard Committee, Co-chair, 2007-2009
Accreditation Faculty Standard Committee, Co-chair, 2007-2009
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LSC 551 Information Organization Review Team, Co-chair, 2008-2009, 2015-2016.
Curriculum Subcommittee on Portfolios, 2009
LSC 555 Information Systems in Libraries and Information Centers Review Team,
contributor, 2008-2009
Redesign of LSC 730 Use and Users of Libraries and Information. 2009-
Development of a metadata institute that was taught as LSC 715 Organization of Internet
Resources in 2008. The institute is being revised and will be offered in 2010 under a new
course title.
Development of lesson plans, assignments, and evaluation rubrics for LSC 606,
Cataloging and Classification, for the School’s NCATE accreditation. 2008
Howard and Mathilde Rovelstad Scholarship Committee, Chair, 2004-2007
Assistant Dean Search Committee, Chair, Fall 2007
Liaison to the Association for Library Collections and Technical Services to bring its
preconference program, Cataloging Education and Employer Expectations, to CUA
during the 2007 American Library Association Annual Meeting in Washington, D.C.
Organizer of the colloquium presentation and reception for Tamar Sadeh of Ex Libris on
PRIMO June 2007
Practicum review and design (work with potential supervisors, such as the American
Indian Museum internship description revision) 2006-
Comprehensive examinations (edits, proctoring, and grading), 1990-
SLIS Web site redesign: Comments and suggestions. Fall 2007
Conducted surveys of current students and alumni in preparation for the 2005 re-
accreditation, 2004-2005
Technology Committee, 1992-1999 (chair, 1996-1998), 2002-2003 (member)
Colloquia Committee 1997-1999, 2002-2003.
Advisor of the CUA Student Chapter of the American Society for Information Science
and Technology, 2002-2003
Visiting Professor Search Committee, 1999, 2000, 2001
Leader, Participation in the CORC experiment, 1999-2000
Advisor of the Special Libraries Association Student Chapter, 1993-1999; the group was
recognized for outstanding leadership by SLA in 1999.
COA planning Committee, Task Force on Electronic Presentation of SLIS Reports (team
leader) 1997-1998
COA Planning Committee, Subcommittee on Technology 1996-1998
NLM practicum coordinator, 1997-1998
Computer Literacy Workshops: Assisted with the development and evaluation of the
workshops, 1996-1998
Leader, Participation in the InterCat project, 1995-1997
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Exhibit /
Appendix

Description

1007

Bateman et al. (2015, October). Natural Language Processing for
Extracting Conveyance Graphs, United States Patent Application
Publication, no. US 2015/0286630 Al.

1008

Curtotti, M., & Mccreath, E. (2010, December). Corpus based
classification of text in Australian contracts. In Proceedings of the
Australasian Language Technology Association Workshop 2010, pp.

18-26. (“Curtotti®).

1008A

Copy of Curtotti archived by Internet Archive on August 7, 2017,
available at
https://web.archive.org/web/20170807183515/www.aclweb.org/anth
ology/U10-1005.

1008B

ACL Anthology website archived by Internet Archive on Aug. 7,
2011, available at
https://web.archive.org/web/20110807051635/http://www.aclweb.or

g/anthology/.

Proceedings of the Australasian Language Technology Association
Workshop 2010, archived by Internet Archive on Aug. 3, 2011,
available at
https://web.archive.org/web/20110803053509/http://aclweb.org/anth
ology/U/U10/.

Curtotti archived on by Internet Archive on July 8, 2011, available
at
https://web.archive.org/web/20110708111015/http://aclweb.org/anth
ology/U/U10/U10-1005.pdf.

1008C

Usage records of Curtotti obtained from Google Scholar.
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https://web.archive.org/web/20170807183515/www.aclweb.org/anthology/U10-1005
https://web.archive.org/web/20170807183515/www.aclweb.org/anthology/U10-1005
https://web.archive.org/web/20110807051635/http:/www.aclweb.org/anthology/
https://web.archive.org/web/20110807051635/http:/www.aclweb.org/anthology/
https://web.archive.org/web/20110803053509/http:/aclweb.org/anthology/U/U10/
https://web.archive.org/web/20110803053509/http:/aclweb.org/anthology/U/U10/
https://web.archive.org/web/20110708111015/http:/aclweb.org/anthology/U/U10/U10-1005.pdf
https://web.archive.org/web/20110708111015/http:/aclweb.org/anthology/U/U10/U10-1005.pdf
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1011

Kwak, A., Israelsen, J., Morrison, C., Bambauer, D., & Surdeanu,
M. (2022, December). Validity assessment of legal will statements
as natural language inference. In Findings of the Association for
Computational Linguistics: EMNLP 2022, pages 6047-6056.
(“Kwak™).

101TA

Copy of Kwak archived by Internet Archive on February 2, 2023,
available at
https://web.archive.org/web/20230202142404/https://aclanthology.o
rg/2022.findings-emnlp.447.pdf.

1011B

A pre-publication copy of Kwak on ArXiv, archived by Internet
Archive on November 1, 2022, available at
https://web.archive.org/web/20221101104607/https://arxiv.org/pdf/2
210.16989v1.pdf.

1011C

Discovery of the ArXiv copy of Kwak:

ArXiv metadata record for Kwak archived by Internet Archive on
Nov. 1, 2022, available at
https://web.archive.org/web/20221101102929/http://arxiv.org/abs/22
10.16989v1, and the PDF link leads to an archived copy of Kwak,
archived on Nov. 1, 2022, available at
https://web.archive.org/web/20221101104607/https://arxiv.org/pdf/2
210.16989v1.pdf.

Exhibit 1026 Page 52
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https://web.archive.org/web/20230202142404/https:/aclanthology.org/2022.findings-emnlp.447.pdf
https://web.archive.org/web/20221101104607/https:/arxiv.org/pdf/2210.16989v1.pdf
https://web.archive.org/web/20221101104607/https:/arxiv.org/pdf/2210.16989v1.pdf
https://web.archive.org/web/20221101102929/http:/arxiv.org/abs/2210.16989v1
https://web.archive.org/web/20221101102929/http:/arxiv.org/abs/2210.16989v1
https://web.archive.org/web/20221101104607/https:/arxiv.org/pdf/2210.16989v1.pdf
https://web.archive.org/web/20221101104607/https:/arxiv.org/pdf/2210.16989v1.pdf
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1011D

Discovery of Kwak archived by Internet Archive on February 2,
2023:

Metadata record for Kwak at https://aclanthology.ore/2022.findings-
emnlp.447/ on ACL Anthology website.

Wayback Machine calendar for
https://aclanthology.org/2022.findings-emnlp.447.pdf.

Copy of Kwak archived by Internet Archive on February 2, 2023,
available at
https://web.archive.org/web/20230202142404/https://aclanthology.o
rg/2022.findings-emnlp.447.pdf.

1011E

Discovery of Kwak archived by Internet Archive on February 2,
2023:

ACL Anthology website archived by Internet Archive on March 14,
2023, available at
https://web.archive.org/web/20230314133352/https://aclanthology.o

re/.

Conference on Empirical Methods in Natural Language Processing
(2022) archived by Internet Archive on March 18, 2023 and a screen
capture of the webpage with an entry for Kwak, available at
https://web.archive.org/web/20230318065928/https://aclanthology.o
rg/events/emnlp-2022/.

Copy of Kwak archived on February 2, 2023, available at
https://web.archive.org/web/20230202142404/https://aclanthology.o
rg/2022 findings-emnlp.447 .pdf.
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https://aclanthology.org/2022.findings-emnlp.447/
https://aclanthology.org/2022.findings-emnlp.447/
https://aclanthology.org/2022.findings-emnlp.447.pdf
https://web.archive.org/web/20230202142404/https:/aclanthology.org/2022.findings-emnlp.447.pdf
https://web.archive.org/web/20230202142404/https:/aclanthology.org/2022.findings-emnlp.447.pdf
https://web.archive.org/web/20230314133352/https:/aclanthology.org/
https://web.archive.org/web/20230314133352/https:/aclanthology.org/
https://web.archive.org/web/20230318065928/https:/aclanthology.org/events/emnlp-2022/
https://web.archive.org/web/20230318065928/https:/aclanthology.org/events/emnlp-2022/
https://web.archive.org/web/20230202142404/https:/aclanthology.org/2022.findings-emnlp.447.pdf
https://web.archive.org/web/20230202142404/https:/aclanthology.org/2022.findings-emnlp.447.pdf
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1011F

Discovery of Kwak, archived by Internet Archive on February 2,
2023:

ACL Anthology website archived by Internet Archive on March 14,
2023, available at
https://web.archive.org/web/20230314133352/https://aclanthology.o

re/.

Findings of the Association for Computational Linguistics (2022)
archived on March 7, 2023 at
https://web.archive.org/web/20230307233013/https://aclanthology.o
rg/events/findings-2022/ and a screen capture of the webpage with
an entry for Kwak.

Copy of Kwak archived on February 2, 2023, available at
https://web.archive.org/web/20230202142404/https://aclanthology.o
rg/2022.findings-emnlp.447.pdf.

1011G

Copy of Kwak on SSRN, available at
https://papers.ssrn.com/sol3/Delivery.cfm/SSRN 1D4279728 code5
75020.pdf?abstractid=4279728&mirid=1.

1011H

Usage Records from SSRN

SSRN metadata record for Kwak, archived by Internet Archive on
Nov. 28, 2022, available at
https://web.archive.org/web/2022112806084 1/https://papers.ssrn.co
m/sol3/papers.cfm?abstract_1d=4279728.

SSRN Author profile for Alice Kwak, archived by Internet Archive
on February 2, 2023, available at
https://web.archive.org/web/2023020215381 1/https://papers.ssrn.co
m/sol3/cf dev/AbsByAuth.ctfm?per_id=5582596
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https://web.archive.org/web/20230314133352/https:/aclanthology.org/
https://web.archive.org/web/20230314133352/https:/aclanthology.org/
https://web.archive.org/web/20230307233013/https:/aclanthology.org/events/findings-2022/
https://web.archive.org/web/20230307233013/https:/aclanthology.org/events/findings-2022/
https://web.archive.org/web/20230202142404/https:/aclanthology.org/2022.findings-emnlp.447.pdf
https://web.archive.org/web/20230202142404/https:/aclanthology.org/2022.findings-emnlp.447.pdf
https://papers.ssrn.com/sol3/Delivery.cfm/SSRN_ID4279728_code575020.pdf?abstractid=4279728&mirid=1
https://papers.ssrn.com/sol3/Delivery.cfm/SSRN_ID4279728_code575020.pdf?abstractid=4279728&mirid=1
https://web.archive.org/web/20221128060841/https:/papers.ssrn.com/sol3/papers.cfm?abstract_id=4279728
https://web.archive.org/web/20221128060841/https:/papers.ssrn.com/sol3/papers.cfm?abstract_id=4279728
https://web.archive.org/web/20230202153811/https:/papers.ssrn.com/sol3/cf_dev/AbsByAuth.cfm?per_id=5582596
https://web.archive.org/web/20230202153811/https:/papers.ssrn.com/sol3/cf_dev/AbsByAuth.cfm?per_id=5582596
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10111 Cao, Y., Sun, Y., Xu, C., Li, C., Du, J., & Lin, H. (December 6,
2022), CAILIE 1.0: A dataset for Challenge of Al in Law —
Information Extraction V1.0, in AI Open, Vol. 3, pages 208-212,
available at
https://www.sciencedirect.com/science/article/pii/S26666510220002
377via%3Dihub (click “Show more” for received date, revised date,
accepted date, available online date, and version of record date).

1011J Gildea, D., Kan, M., Madnani, N., Teichmann, C., & Villalba, M.

(July 20, 2018), The ACL Anthology, Current State and Future
Directions, in Proceedings of Workshop for NLP Open Source
Software, pages 23-28, available at https://aclanthology.org/W 18-

2504v1.pdf.
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Abstract problem affecting the drafting and operation of

contracts. The costs of ambiguity in a contract

Written contracts are a fundamental can be enormous. The presence of ambiguity in-
framework for commercial and coopera- creases the risk of litigation, project failure and
tive transactions and relationships. Lim- loss of commercial relationships. Instances of lit-
ited research has been published on the ap- igated ambiguity are used in drafting manuals as
plication of machine learning and natural instructional tales for the unwarv drafter (Aitken

Exhibit 1026 Page 57



Corpus Based Classification of Text in Australian Contracts

Michael Curtotti
Australian National University
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michael.curtotti@anu.edu.au

Abstract

Written contracts are a fundamental
framework for commercial and coopera-
tive transactions and relationships. Lim-
ited research has been published on the ap-
plication of machine learning and natural
language processing (NLP) to contracts.
In this paper we report the classification
of components of contract texts using ma-
chine learning and hand-coded methods.
Authors studying a range of domains have
found that combining machine learning
and rule based approaches increases accu-
racy of machine learning. We find similar
results which suggest the utility of consid-
ering leveraging hand coded classification
rules for machine learning. We attained an
average accuracy of 83.48% on a multi-
class labelling task on 20 contracts com-
bining machine learning and rule based
approaches, increasing performance over
machine learning alone.

1 Introduction

Contracts govern economic transactions and com-
mercial or organisational relationships from triv-
ial purchases to major national infrastructure
projects. Any large organisation (whether private
or public) must unavoidably invest significant re-
sources in developing and concluding contracts, as
the contracts it enters define its legal relations with
organisations and individuals with which it inter-
acts. As one author has noted, contracts are an
integral part of any business enterprise and it is
“difficult to overstate their importance to the busi-
ness world” (Khoury and Yamouni, 2007, p16). In
addition, drafting contracts represents a major eco-
nomic activity for the legal industry.

Ambiguity is an unresolved problem in natu-
ral language processing. It is also an important

Eric Mccreath
Australian National University
Canberra, Australia
eric.mccreath@anu.edu.au

problem affecting the drafting and operation of
contracts. The costs of ambiguity in a contract
can be enormous. The presence of ambiguity in-
creases the risk of litigation, project failure and
loss of commercial relationships. Instances of lit-
igated ambiguity are used in drafting manuals as
instructional tales for the unwary drafter (Aitken
and Butt, 2004, p37).

Our future research goal is to investigate ap-
proaches that will help identify such ambiguity,
however, a precursor for addressing the problem
of ambiguity is accurate labelling or classification
of the constituent parts of contract documents.! In
this paper we report work on classifying ‘lines’ in
contracts into 32 classes. We compare three dif-
ferent classification approaches in order to deter-
mine which approach may provide the best per-
formance with respect to this task: supervised
machine learning; a hand-crafted rule based tag-
ger; or combining hand-crafted rules based tag-
ging with machine learning.

2 Background

Natural language processing involves applying a
pipeline of transformations to text. A typical first
step is to segment the text into its sentences, af-
ter which further processing is applied (Jurafsky
and Martin, 2009, p 69). This works well in usual
English prose, but is not necessarily well suited to
contracts because of the heavy use of layout to em-
body structure and semantics. In a contract, a sen-
tence may occur within a single paragraph of text,
or may be spread over several line breaks due to
the use of sub-paragraphing as an aid to compre-
hension. Such sub-paragraphs may embody dis-
junctive or conjunctive conditions associated with

"This task can also be thought of as a document segmen-
tation task, although we here consider it as a classification
exercise.

Michael Curtotti and Eric McCreath. 2010. Michael Curtotti and Eric McCreath. In Proceedings of
Australasian Language Technology AssociationEX %ﬁ“{c%ﬁg,F%%%%SwaG



arule. A ‘clause’? is the typical structural unit
which embodies a legal rule or set of rules. Some-
times clauses are organised into sub-clauses and
clauses and sub-clauses may be numbered in hier-
archical fashion (e.g. 1, 1.1, (a), (i), (A))(Aitken
and Butt, 2004, pp 23, 27). Line breaks often
occur immediately before data such as headings,
clauses, sub-clauses, party names, dates or execu-
tion blocks. Being able to label a line as to its char-
acter, key content or function thus enriches avail-
able information for later NLP. The line is thus a
valuable starting point for applying NLP.

3 Related Work

3.1 Classification and Segmentation of
Contracts and Legislative Documents

There would appear to be little published work
on the application of natural language process-
ing (NLP) or machine learning specifically for the
classification of text in legal contracts. An excep-
tion to this is (Indukuri and Krishna, 2010) who
apply a support vector machine over feature vec-
tors extracted from contract clauses. These feature
vectors are comprised of n-grams up to size n = 4.
They classify contract sentences as clauses or non-
clauses and then sub-classify clauses as concerned
with payment terms or not. Indukuri and Krishna
note the lack of published work on classification
of sentences in contract documents for workflow
and monitoring purposes.

While also limited, there has been some work
on segmentation or classification of legislative cor-
pora using machine learning. (Mencia, 2009) re-
ports 100% precision and recall in machine learn-
ing on classification of legislation into articles,
sections and parts (although to a task for which he
is able to craft an equally accurate regular expres-
sion based segmenter). (Bacci et al., 2009) auto-
matically classify plain text legislative documents
for the purpose of XML mark up. (Francesconi,
2006), on whose work Bacci et al. build, describes
four separate modules for dealing with plain text
legacy content which they are seeking to convert
to XML tagged text. (Hasan et al., 2008) carry
out segmentation of Spanish legislative bulletins
using the table of contents as an aid to segmenta-
tion. This work, in the legislative field, provides
a parallel application domain for the work under-
taken here in respect of contracts, although it is

The term ‘clause’ here refers to a legal rule or rules ap-
pearing in a contract, rather than the linguistic entity.

19

generally true that legislation will tend to conform
to far tighter stylistic rules, because of the central
control of legislative drafting.

3.2 Combining Machine Learning and Hand
Coded Approaches

A number of researchers have combined hand-
coded approaches and machine learning to pro-
duce better overall results.

(Kipp, 2006) augments handcrafted rules with
machine learnt rules for gesture generation.

(McCreath and Kay, 2003) used such a com-
bined approach to improve performance on cate-
gorizing emails.

(Park and Zhang, 2003) address the problem of
text chunking for the Korean language, combining
hand-crafted rules with a memory based machine
learning method. A rule based method is used to
determine whether an instance may constitute an
exceptional case, with machine learning used to
correct classifications assigned by the rule based
method. They report up to a 2.83% improvement
in F-scores over memory-based learning alone.

(Rochery et al., 2002) report the use of hand-
crafted rules to enhance the accuracy of machine
learning utilising boosting. They apply the method
to a multi-labelling classification problem where
they are seeking to classify spoken utterances.
They attribute increased accuracy to the fact that
the rules they develop are not represented in their
data at all or do not appear sufficiently to have sta-
tistical impact during the training process. They
note that the combination has the greatest effect
when there are less then 100 examples, with the
benefit of the combination decreasing as the num-
ber of training examples increases. The method
therefore has direct applicability to reducing the
data requirement for machine learning (a costly as-
pect of supervised machine learning).

(Takahashi et al., 2005) utilise a combination
of SVM based learning and hand-crafted rules for
the task of classifying occupations from social sur-
veys. They effect a combination by using rule de-
rived labels as features for the machine learner.
Again the work occurs in a multi-class labelling
context (with around 200 occupation codes). They
find that SVM approaches are superior to rule-
based approaches alone but that combining rule-
based and SVM learning produces the best results.
They also examine the effect of the number of
training examples, noting that the differential ben-
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efits of combining methods reduces with increas-
ing data.

In our study we use class labels assigned by a
hand-coded tagger as additional features for ma-
chine learning to obtain an increase in accuracy in
the domain of text classification.

The work reported above, and our own paper,
come from diverse domains and illustrate the ap-
plication of combined rule/ML approaches using a
variety of machine learning algorithms.

This suggests the wide utility of using hand-
coded rules to improve accuracy of machine learn-
ing. Symetrically we may say that machine learn-
ing may potentially be used to improve the accu-
racy of hand-coded rules. Here we essentially fol-
low a hybrid model of development that examines
each method separately as well as in combination.

4 Data

4.1 Australian Contract Corpus

The data which forms the basis of this study is a
corpus of 256 contracts (‘the Australian Contract
Corpus’) which has been compiled from the web
using the Google Australia web search: http:
//www.google.com.au.’ The corpus is con-
stituted of 1043364 tokens (words and punctua-
tion), 42910 sentences, and a vocabulary of 14217.
The lexical diversity of this corpus is 73.39.* As
far as we are aware there is no published work
based on a corpus of Australian contract language,
however space does not permit a fuller discussion
of the design and analysis of the corpus.

4.2 Data Representation

For the purpose of this study we randomly selected
30 contracts from the Australian Contract Corpus
to produce data sets for application of machine
learning. The 30 contracts were divided into three

3The search phrase we employed was: “clause party
agreement” , limiting the search to “pages from Australia”
and the filetype to “.doc”. The collection of the corpus was
undertaken in the period 6 - 24 December 2009. Each doc-
ument was visually inspected by one of the authors to verify
that it was an Australian contract and documents were added
to the corpus in order of their appearance in Google search
results. We have made available the list of URLs of the docu-
ments that make up the corpus at: http://cs.anu.edu.
au/people/Michael.Curtotti/. We also make code
and data referred to in this paper available at the same loca-
tion.

“Lexical diversity refers to the ratio of the total number of
tokens in the corpus to the total number of types of tokens i.e.
tokens/vocabulary. The statistics and information provided
here were extracted using the NLTK. (Bird et al., 2009).
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sets: a training set (Set A)°, a second set (Set B)®
(primarily used as a test set, although sometimes
combined with Set A to form a larger training set)
and an additional test set (Set C)’, each of 10 con-
tracts. Set C was added to increase both available
data and the number of contracts on which testing
could be carried out.

To simplify processing all contracts were con-
verted into text files as a preprocessing step.® Also
we removed material that typically does not ap-
pear in contracts (primarily guideline notes for
drafters).

For purposes of our study each ‘line’ or ‘para-
graph’ in a contract constituted a data point.
Sets A, B and C provided 1825, 2157 and 2231
lines/data points, respectively.

To classify our data for machine learning we
first employed our hand-coded tagger to produce
a labelled data set constituted of a line and pri-
mary and secondary labels according to our clas-
sification system (see below). The classifications
applied by the hand-coded tagger were then manu-
ally corrected to remove any labelling errors. Both
for the reason that hand tagging data from scratch
is more error prone than correcting previously ma-
chine tagged data, and because of the high labour
in manual tagging, machine assisted tagging is a
standard method used in corpus creation (Biber
et al., 1998, p 262), ((ed) Christopher S. Butler,
1992, p 131).

4.3 Feature Selection

Features were then extracted from our labelled
lines using a hand-coded feature extractor to ex-
tract up to 40 features to be used for machine
learning, with the primary class label earlier ap-
plied to each line serving as the target for machine
learning.” Features for machine learning were se-
lected based on assumed relevance to the intended
classification.'” While a bag of word representa-

3Contracts numbered in our corpus: 55, 74, 77, 91, 94,
144, 174, 185, 208 and 213

®Contracts 11, 12, 164, 193, 196, 199, 249, 59, 64, 9

"Contracts 200, 254, 175, 180, 120, 102, 207, 127, 75 and
79

8Notably, this step does have the downside of discarding
valuable style and layout information found in the word doc-
ument format.

°In some instances the assignment of class is not entirely
disjunctive and implies a priority ordering of potential classi-
fications. For instance a clause may contain address details,
and be classified as such rather than as a clause. The feature
extractor removed secondary labels.

10The full list of features is as follows: 1. relative position
of a line within the contract; 2. line end punctuation; 3. num-
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tion with automatic feature extraction was trialed,
this was found to result in lower accuracy than
a manually selected (but small) number of fea-
tures. Traditionally, ‘feature engineering’ or ‘se-
lection’ in text classification has focussed on ‘bag
of words’ or proximate features such as n-grams
or noun phrases (Scott and Matwin, 1999). Our
selection of features might be regarded as ‘hybrid’
in that they implicitly encode domain knowledge
and ‘rules’. For example, we expect a definition
line to contain the widely used word ‘means’ as in
‘x means y’. We would expect clause headings to
display a different pattern of parts of speech occur-
rence, as compared to clauses themselves. We also
consider features such as the relationship between
the particular line/datapoint and its neighbouring
lines (e.g. is the preceding line long or short), or
the document as a whole (e.g. relative placement
of the line within the document).

Features used in the related work carried out
by others on contracts and legislation include: n-
grams (Indukuri), bag of word together with capi-
talisation and character patterns (Mencia), the use
of sequential word and token data as a HMM to
predict state where state is the classification of the
portion of text (Bacci/Francesconi) and the use of
word terms identifying titles and lists of indexed
terms (Hasan).

4.4 Classes

We adopted 32 classes for our classification
scheme. These classes represented significant

bering at the beginning of the line; 4. line length in charac-
ters; 5. line length in tokens; 6. number of nouns; 7. number
of adjectives; 8. number of verbs; 9. number of preposi-
tions; 10. number of coordinating conjunctions and cardinal
numbers; 11. number of modal verbs; 12. number of personal
pronouns, possessives; 13. number of adjectives; 14. whether
must occurs; 15. whether may occurs; 16. whether shall oc-
curs; 17. whether means occurs;18. the position of the word
means in the line; 19. whether the word ‘include’ occurs; 20.
the position of the word ‘includes’ in the line; 21. whether
the phase ‘has the same meaning’ occurs; 22. whether the
line begins with a capital letter followed by a stop or a space;
23. do the letters "abn’ or "acn’ appear; 24. does the word ad-
dress appear near the beginning of the line; 25. does the word
‘contact’” appear near the beginning of the line; 26. does the
word ‘email’ appear near the beginning of the line; 27. does
the word ‘fax’ appear near the beginning of the line; 28. does
the word ‘note’ appear at the beginning of the line; 29. does
the word ‘phone’ appear at the beginning of the line; 30. do
the terms ‘web’ or ‘www’ appear near the beginning of the
line; 31-36. token lengths of 3 lines before and after the data
line; 37. the tag applied by the hand coded tagger to the data
line; 38. whether the contract from which the line comes has
clause headings; 39. whether the contract from which the line
comes has clause sub-headings; 40. whether the contract has
a schedule.

21

structural elements (such as clause headings or
content lines) or sometimes key contract meta data
(for instance the parties, the date on which an
agreement is made, email addresses, ABNs etc).!!
Of particular interest to us, was an ability to accu-
rately identify clausematter (the primary location
of legal rules of a contract) and clause headings
(which in some contracts effectively mark bound-
aries between major rule sets).

S Experimental Evaluation

Analysis of our data sets was carried out using two
major methods: analysis using the training Set A
measuring peformance on test Set B (i.e. testing
for accuracy of classification of lines in Set B); and
analysis using training Set A where each contract
in test Sets B and C was used individually as a test
set (testing for accuracy of classification of lines
of each individual contract). The former testing
approach is more widely used but the latter is more
consistent with our intended end application: that
is, developing an ability to accurately classify lines
in a previously unseen contract as an individual
document.

Set A consisted of 1825 lines of data, Set B con-
sisted of 2157 lines of data and Set C consisted of
2231 lines of data.

5.1 Tools

The following tools were used to carry out ma-
chine learning tasks reported in this paper:

1. the python programming language was used
to develop a hand coded line tagger, a feature
extractor and code for evaluation of the per-
formance of the hand coded tagger;

the Natural Language Toolkit (NLTK)(Bird
et al., 2009) was used in corpus development
and in the hand coded tagger for application
of parts of speech tags; and

. the Weka data mining software(Hall et al.,
2009) was used to carry out machine learn-
ing.

""The following class labels were applied: CLAUSE-
MATTER, CLAUSEHEAD, DEF, CONTENTSHEAD,
BLANK, DROSS, AND, BETWEEN, DATEMADE-
LINE, PARTIESHEAD, PARTYLINE, RECITALHEAD,
RECITALLINE, HEAD, CONTENTLINE, PRELIM, OP-
ERATIVEPROVISIONLINE, NUMBEREDLINE, SCHED-
ULEHEAD, SCHEDULEITEM, EXECUTIONBLOCK,
NOTE, ABNLINE, ADDRESSLINE, EMAILLINE,
WEBLINE, FAXLINE, PH-LINE, REF-LINE, SCH-
OTHERMATTER, CONTACTOFFICER, TITLELINE.
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5.2 Hand-Coded Tagger

Our hand-coded tagger follows a pipeline method-
ology. A contract is separated into a list of lines. In
the first phase, each line is passed through a series
of “if-then-else” routines (essentially utilising reg-
ular expressions) to assign primary and secondary
labels to the line. This produces a contract with
enhanced information content, in the form of a tu-
ple of labels and line text. This output is then fed
through a series of methods, progressively boot-
strapping improvements to labelling, based on the
information available when the method is applied.
For instance content lines will be identified, these
are then used in later methods to seek to identify
clause headings. In addition, the tagger extracts
contract meta data such as: a list of definitions,
a list of clause headings, where the beginning of
operative provisions occurs, where the schedule
begins. Such features may or may not occur in
a contract. In addition the tagger also provided
a method for hand correcting tagging which was
used to create our data set for supervised machine
learning purposes.

Development of the tagger relied heavily on do-
main knowledge to identify logical tests for label
application. For instance the occurrence of num-
bering at the beginning a line was used to identify
clause headings, or the presence of a common text
pattern which occur in definitions i.e. (the pattern
[“word[1-3]] means [...]” was used as a criterion
for identifying a line as a definition).

T K
On Set B Contracts | 86.27% NA
Contract X Contract | 82.84% 10.85%

Table 1: Accuracy of Line Tagger.

The first row of Table 1 reports accuracy of the
hand coded tagger when applied to Set B as the
test set (the % accuracy of tagging of individual
lines in Set B is reported). The second row of
Table 1 reports average accuracy with which the
lines in each of 20 contracts in Sets B and C are
tagged (standard deviation is also reported). The
high variance of the results at a contract by con-
tract level suggests a need for future work to iden-
tify if issues such as contract ‘type’ may account
for the differences (the lowest level of accuracy
was around 50% and the highest around 95%).

Table 2 provides measures of precision, recall
and F-measure attained by the hand coded tag-
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Precision Recall F-Measure
CL.HEAD 0.98 0.83 0.89
CL.MATTER 0.91 0.91 0.91
DEF 1.00 0.66 0.80

Table 2: Performance results for Hand-Coded
Line Tagger

ger on Set B for key data items: clause headings,
clauses themselves and definitions.'> These re-
sults on key measures are sufficient for our ini-
tial purposes and will allow us to focus subsequent
work on addressing ambiguity in the substantive
rules found in a contract.

5.3 Supervised Machine Learning

Column 1 of Table 3 reports the accuracy of var-
ious supervised machine learning algorithms with
Set A as training set and Set B as test set. Of
the algorithms applied, Random Forest (imple-
mented using 100 trees and 30 random features)
performed best. No ML method performed better
than the hand coded tagger tested on the same test
set (see row 1 of Table 1).

5.4 Machine Learning vs Hand-coded

methods

Given our ultimate focus on developing applied
tools, we are primarily concerned to identify the
best methods to maximise the accuracy of our clas-
sification task. Whether this proves to be ma-
chine learning methods or hand-coded methods or
a combination of the two is immaterial from this
viewpoint (other than in regard of development
costs).

Also it is useful to consider whether methods
and insights from one method may assist in the
other. For instance, hand-coded rules that success-
fully labelled lines directly suggested ‘features’ to
be extracted for machine learning purposes. Con-
versely the identification of ‘features’ for machine
learning can be regarded as a programming ab-
straction where the algorithm is ‘under the hood’
but human intervention is required in the form of
feature selection for ‘learning’ to occur (implic-
itly encoding of rules in the feature set). In de-
riving our results we used a confusion matrix as a
tool to assist in identifying areas where the hand-

2Pprecision is %, Recall is TPZ%’ and F-Measure
is 2295, where TP is true positives, F'P is false positives,

F'N is false negatives, P is precision, and R is recall.
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coded tagger required improvement and as a com-
mon baseline for performance. In certain forms
of machine learning, the resulting machine learn-
ing model can be represented as code in “if, then,
else” form (as in the output of a decision list or de-
cision tree learner). We may thus conceive of ma-
chine learning and hand coding of rules as differ-
ent ‘programming paradigms’ - a perspective that
encourages us to apply insights across the bound-
ary between them.

Further, we wished to explore the relative accu-
racy of machine learning vs hand coding for this
particular task. Such an exploration is valuable
from a cost benefit point of view. Supervised ma-
chine learning (where we have focused our atten-
tion) requires the production of human annotated
data (which is costly to produce) as well as fea-
ture testing and refinement. Also machine learn-
ing may be computationally intensive. Production
of an accurate hand-coded tagger requires expert
knowledge and considerable testing and code re-
finement in order to achieve a high level of ac-
curacy (which again is resource intensive). We
did not undertake quantitative data collection in
respect of time employed in the two methods,
particularly as we followed an iterative develop-
ment model that switched between rule based and
machine learning focussed work and as we were
searching for optimal outcomes. Nonetheless we
anecdotally report that each method presented sig-
nificant demands in terms of development time.

In the results reported above we note that no
machine learning approach alone exceeded the
performance of the hand coded tagger when con-
sidering performance on test Set B as a whole.
This is the result also found at contract by contract
level (see below Table 4).

5.5 Leveraging Hand-Coded Labels for
Machine Learning

As noted above we also wished to explore whether
utilising the output from the hand coded tagger
as input features for machine learning might im-
prove the accuracy of machine learning alone. A
converse question that could be framed is whether
the rule based tagger’s performance could be im-
proved by combination with machine learning.

We carried out two trials that bear on these ques-
tions:

1. machine learning alone and machine learning
enhanced with rule based input on an entire
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test set (Set B); and

2. machine learning alone, rule alone and ma-
chine learning enhanced with rule based in-
put at contract by contract level.

ML Algorithm ML Alone ML + Rule

Naive Bayes 82.38% 84.75%

SMO (SVM) 82.80% 85.40%

Cl. via Regression | 83.91% 87.07%

Decision Tree 82.01% 87.02%

Bagging 83.54% 87.76%

Majority Vote 84.42% 87.11%

Random Forest 85.12% 86.69%

Table 3: Comparative Performance ML alone and
ML + Rule on train and test set

Column 2 of Table 3 shows the improvement in
performance of various machine learning methods
when tags applied by the hand coded tagger were
provided as input features. All methods show im-
provement with addition of the rule derived feature
on Set B as a whole.!?

We report below a comparison of accuracy of
machine learning, rule based tagging and a com-
bination of both in respect of Decision Trees. De-
cision trees offer the advantage that the output is
easily interpretable as a rule set for tagging.

Method T s

ML Alone | 79.12% | 10.71%
Rule Alone | 82.84% | 10.85%
ML + Rule | 83.48% | 9.83%

Table 4: Tagging Accuracy Mean and Standard
Deviation - Contract by Contract

Although the results reported in Table 4 are
different (as different contracts are included in
the tested contracts)!'# average accuracy continued
to show a differential between machine learning
alone, and machine learning leveraged with hand
rules, as described above. On this combination
ML + Rule also outperformed the rule based tag-
ger alone, but by a very narrow margin. In 17 of
20 cases ML + Rule improved or did not worsen
performance of ML alone. In 15 of 20 cases, ML +

"3The training set for the results reported in Table 3 was
Set A. The test set was Set B.

“The training set was Set A. Sets B and C provided 20
individual contracts (effectively 20 test sets) for testing.
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rule was no worse or outperformed the hand coded
tagger alone. Notably variation is quite high as
compared to the mean. Testing for statistical sig-
nificance we can reject a null hypothesis that the
mean accuracy for ML + Rule is the same as for
ML alone. We cannot reject a null hypothesis that
ML + Rule is the same as Rule alone.!> We note
also that this investigation was only carried out in
respect of the decision tree learner.

5.5.1 Isit more effective to increase data or
use rule based features?

To further explore the question of how much ef-
fort might be saved by combining rule based ap-
proaches with machine learning alone we tested
the effect of adding random noise to the feature
set provided by the hand coded tagger. We found
that we had to randomly flip over 45% of these
tags before they ceased to impact positively on
classification accuracy. This suggests that even
poorly prepared hand coded rules can improve per-
formance.'6

We also tested the effect of incrementally in-
creasing the amount of available training data
to explore any decrease in differential in perfor-
mance. Testing using Set C as the test set and
taking training data from Sets A and B, we pro-
gressively increased training data by increments
of 500 instances of data. Differential performance
decreases progressively, starting around 5% and
reducing to 2.5% as more training data is made
available.!” (See Table 5.) Extrapolating from
these figures we would expect at a minimum that
training data would have to be doubled to remove
differential accuracy. Relatively little effort in de-
veloping rule based features may substitute for
considerable work in creating additional super-
vised data.

SWe gratefully acknowledge the assistance of Bob For-
rester of the ANU Statistical Consulting Unit in deriving
this result, undertaken utilising a generalised linear model
to undertake model fitting adjusting for different file (con-
tract) types. Predictions of estimated mean proportions were:
ML Alone 0.7760 (s.e. 0.007181), Rule alone 0.8106 (s.e.
0.006775), ML+ Rule 0.8181 (s.e. 0.006677).

16Using a Decision Tree, ML + Rule accuracy on test Set B
with training Set A, was 87.0% with zero noise, 86.9% with
5% noise, 84.7% with 10% noise, 85.2% with 20% noise,
84.4% with 30% noise, 83.9% with 40% noise, 82.8% with
45% noise, 82.4% with 50% noise. Decision Tree accuracy
on ML alone on this training and test set was 82.0%.

"The data has a negative correlation of -0.70

24

0.5
5.1

15| 2K

4.2

2.5
33

3K
3.1

35
39

4K
2.6

Data
Diff.

1K
34

Table 5: Difference in % accuracy of ML alone
and ML with rule based feature with increasing
training data.

5.5.2 Decision tree output

An examination of the decision tree produced af-
ter adding the output of the hand-coded tagger to
machine learning is of interest.

LTlabel = #CLAUSEMATTER#

| tknLngth <= 4

| | nounNum <= 1: #CLAUSEMATTER# (6.0/2.0)
| | nounNum > 1

||| linePos. <= 0.383929: #PRELIM# (2.0)
||| linePos. > 0.383929: #CLAUSEHEAD# (2.0)
| tknLngth > 4: #CLAUSEMATTER# (508.0/7.0)
LTlabel = #PH-LINE#

| prepNum <= 1: #PH-LINE# (5.0)

| prepNum > 1: #CLAUSEMATTER# (2.0)
LTlabel = #EMAILLINE#: #EMAILLINE# (3.0)
LTlabel = #ABNLINE#

| preLine2 <= 0: #TITLELINE# (2.0/1.0)

| preLine2 > 0: #ABNLINE# (3.0)

Figure 1: Part of the decision tree learnt when the
labels from the hand-coded are provided as an at-
tribute.

Using only the machine learning feature set, the
size of the pruned tree is 199 with 108 leaves.
After addition of labels provided by our hand-
coded tagger the size of the decision tree is re-
duced to 105 with 69 leaves. Figure 1 shows part
of this decision tree and as illustrated, the deci-
sion tree generally begins with the label assigned
by the hand-coded tagger ‘LTlabel’ and amends
the label (where necessary) utilizing other fea-
tures available to the machine learner. Some labels
(e.g. EMAILLINE) were simply adopted without
change. In the case of the CLAUSEMATTER la-
bel, the machine learner used the number of to-
kens in the line (‘tknLngth’), number of nouns in
the line (‘nounNum’) and the relative position of
the line in the contract (‘linePos.”) to re-assign the
class of the line. The significance of the use of la-
bels assigned by the hand-coded tagger is that the
decision-tree identifies that attribute as providing
the most significant information gain (that is re-
duction in entropy) and therefore partitions on that
feature (Callan, 2003, p245). This remains true
in this example irrespective of the class to which
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the data is being assigned.'® It is obvious that the
best feature for assigning the correct label for an
item of data is the correct or probably correct la-
bel (if one can obtain it without undue endeavour).
From a practical viewpoint some effort directing
to hand-crafting code to extract appropriate class
labels may thus assist machine learning.

6 Conclusions and Future Work

In terms of the overall performance of the methods
described in this paper the closest point of compar-
ison is the work reported by Indukuri and Krishna
(Indukuri and Krishna, 2010). While comparisons
using different methods, software and data are of
dubious validity, we may note their broad similar-
ity. With a training set of 10 contracts and a test set
of 20 contracts, the contract-by-contract average
F-measure for the clausematter class was 0.8632.
Also in 14 contracts of the 20 tested the F-measure
for the clausematter class was above 0.85. With a
training set of 10 contracts (Set A) and a test set
of 10 contracts (Set B) (as a single test set) the
F-measure for the clausematter class was 0.921.1°
Using 4-grams as features, Indukuri and Krishna
report an accuracy of 83.48% on the task of clas-
sification clauses from non-clauses, applied to 73
sentences to be so classified. Whereas the task in
that case was a binary classification task over one
contract, we report results on multi-class classifi-
cation over test sets of up to 20 contracts.?’

The work we have undertaken and related work
reviewed in this paper (Section 3) suggests the po-
tentially broad utility of combining rule based and
machine learning methods. One potential hybrid
classification method in its simplest formulation
may look something like this:

1. determine the required or anticipated level of
accuracy for the intended application;

. develop a simple code rule set for the classifi-
cation task (i.e. with minimal expenditure of
resources);

. if classification accuracy is sufficient ma-
chine learning would not be required, if not

3 The Weka decision tree implementation, “J.48”, is based
on the Quinlan’s C4.5(Quinlan, 1986).

9The results reported here are derived using a random for-
est algorithm and using the hand coded tag as an input feature
for classification.

P Coincidentally the 83.48% figure is the same as our av-
erage result over all classes for 20 contracts.
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proceed as usual in development of machine
learning using the output of hand coded rules
as an input to machine learning.

Such a development model does not avoid the de-
velopment of a supervised training set, as such a
set is required both to assess the accuracy of the
rule based tagger as well as the machine learner
(should development proceed to that stage). How-
ever it may reduce the amount of data required
to attain a desired level of accuracy. The method
could of course be applied iteratively, if the accu-
racy level is insufficient after a first iteration.

Future work to be explored includes the effec-
tive “typing” of contracts (particularly in light of
the high variance of performance on individual
contracts). For instance, some contracts use clause
headings, others do not. Some use schedules, oth-
ers do not, etc. Such type information may fur-
ther assist in the classification task (the accuracy of
which varies considerably depending on the con-
tract to which it is applied). In typical preprocess-
ing, documents in corpora are converted to plain
text. This results in the loss of layout and hierar-
chical information found in word documents. The
preservation of such information for use in classi-
fication tasks may improve accuracy.

The preliminary work here is also a precursor to
work on identification of ambiguity and the devel-
opment of practical tools to assist in contract draft-
ing. In separate work, we intend also to describe
and analyse the contract corpus that is referred to
here as the basis of this work.
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Corpus Based Classification of Text in Australian Contracts
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Abstract

Written contracts are a fundamental
framework for commercial and coopera-
tive transactions and relationships. Lim-
ited research has been published on the ap-
plication of machine learning and natural
language processing (NLP) to contracts.
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problem affecting the drafting and operation of
contracts. The costs of ambiguity in a contract
can be enormous. The presence of ambiguity in-
creases the risk of litigation, project failure and
loss of commercial relationships. Instances of lit-
igated ambiguity are used in drafting manuals as
instructional tales for the unwary drafter (Aitken
and Butt, 2004, p37).
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Abstract

Written contracts are a fundamental
framework for commercial and coopera-
tive transactions and relationships. Lim-
ited research has been published on the ap-
plication of machine learning and natural
language processing (NLP) to contracts.
In this paper we report the classification
of components of contract texts using ma-
chine learning and hand-coded methods.
Authors studying a range of domains have
found that combining machine learning
and rule based approaches increases accu-
racy of machine learning. We find similar
results which suggest the utility of consid-
ering leveraging hand coded classification
rules for machine learning. We attained an
average accuracy of 83.48% on a multi-
class labelling task on 20 contracts com-
bining machine learning and rule based
approaches, increasing performance over
machine learning alone.

1 Introduction

Contracts govern economic transactions and com-
mercial or organisational relationships from triv-
ial purchases to major national infrastructure
projects. Any large organisation (whether private
or public) must unavoidably invest significant re-
sources in developing and concluding contracts, as
the contracts it enters define its legal relations with
organisations and individuals with which it inter-
acts. As one author has noted, contracts are an
integral part of any business enterprise and it is
“difficult to overstate their importance to the busi-
ness world” (Khoury and Yamouni, 2007, p16). In
addition, drafting contracts represents a major eco-
nomic activity for the legal industry.

Ambiguity is an unresolved problem in natu-
ral language processing. It is also an important

Eric Mccreath
Australian National University
Canberra, Australia
eric.mccreath@anu.edu.au

problem affecting the drafting and operation of
contracts. The costs of ambiguity in a contract
can be enormous. The presence of ambiguity in-
creases the risk of litigation, project failure and
loss of commercial relationships. Instances of lit-
igated ambiguity are used in drafting manuals as
instructional tales for the unwary drafter (Aitken
and Butt, 2004, p37).

Our future research goal is to investigate ap-
proaches that will help identify such ambiguity,
however, a precursor for addressing the problem
of ambiguity is accurate labelling or classification
of the constituent parts of contract documents.' In
this paper we report work on classifying ‘lines’ in
contracts into 32 classes. We compare three dif-
ferent classification approaches in order to deter-
mine which approach may provide the best per-
formance with respect to this task: supervised
machine learning; a hand-crafted rule based tag-
ger; or combining hand-crafted rules based tag-
ging with machine learning.

2 Background

Natural language processing involves applying a
pipeline of transformations to text. A typical first
step is to segment the text into its sentences, af-
ter which further processing is applied (Jurafsky
and Martin, 2009, p 69). This works well in usual
English prose, but is not necessarily well suited to
contracts because of the heavy use of layout to em-
body structure and semantics. In a contract, a sen-
tence may occur within a single paragraph of text,
or may be spread over several line breaks due to
the use of sub-paragraphing as an aid to compre-
hension. Such sub-paragraphs may embody dis-
junctive or conjunctive conditions associated with

"This task can also be thought of as a document segmen-
tation task, although we here consider it as a classification
exercise.

Michael Curtotti and Eric McCreath. 2010. Michael Curtotti and Eric McCreath. In Proceedings of
Australasian Language Technology AssociationEX %ﬁ“{“’?eﬁg’F%%%e%lS*Zﬁ



arule. A ‘clause’? is the typical structural unit
which embodies a legal rule or set of rules. Some-
times clauses are organised into sub-clauses and
clauses and sub-clauses may be numbered in hier-
archical fashion (e.g. 1, 1.1, (a), (i), (A))(Aitken
and Butt, 2004, pp 23, 27). Line breaks often
occur immediately before data such as headings,
clauses, sub-clauses, party names, dates or execu-
tion blocks. Being able to label a line as to its char-
acter, key content or function thus enriches avail-
able information for later NLP. The line is thus a
valuable starting point for applying NLP.

3 Related Work

3.1 Classification and Segmentation of
Contracts and Legislative Documents

There would appear to be little published work
on the application of natural language process-
ing (NLP) or machine learning specifically for the
classification of text in legal contracts. An excep-
tion to this is (Indukuri and Krishna, 2010) who
apply a support vector machine over feature vec-
tors extracted from contract clauses. These feature
vectors are comprised of n-grams up to size n = 4.
They classify contract sentences as clauses or non-
clauses and then sub-classify clauses as concerned
with payment terms or not. Indukuri and Krishna
note the lack of published work on classification
of sentences in contract documents for workflow
and monitoring purposes.

While also limited, there has been some work
on segmentation or classification of legislative cor-
pora using machine learning. (Mencia, 2009) re-
ports 100% precision and recall in machine learn-
ing on classification of legislation into articles,
sections and parts (although to a task for which he
is able to craft an equally accurate regular expres-
sion based segmenter). (Bacci et al., 2009) auto-
matically classify plain text legislative documents
for the purpose of XML mark up. (Francesconi,
2006), on whose work Bacci et al. build, describes
four separate modules for dealing with plain text
legacy content which they are seeking to convert
to XML tagged text. (Hasan et al., 2008) carry
out segmentation of Spanish legislative bulletins
using the table of contents as an aid to segmenta-
tion. This work, in the legislative field, provides
a parallel application domain for the work under-
taken here in respect of contracts, although it is

The term ‘clause’ here refers to a legal rule or rules ap-
pearing in a contract, rather than the linguistic entity.
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generally true that legislation will tend to conform
to far tighter stylistic rules, because of the central
control of legislative drafting.

3.2 Combining Machine Learning and Hand
Coded Approaches

A number of researchers have combined hand-
coded approaches and machine learning to pro-
duce better overall results.

(Kipp, 2006) augments handcrafted rules with
machine learnt rules for gesture generation.

(McCreath and Kay, 2003) used such a com-
bined approach to improve performance on cate-
gorizing emails.

(Park and Zhang, 2003) address the problem of
text chunking for the Korean language, combining
hand-crafted rules with a memory based machine
learning method. A rule based method is used to
determine whether an instance may constitute an
exceptional case, with machine learning used to
correct classifications assigned by the rule based
method. They report up to a 2.83% improvement
in F-scores over memory-based learning alone.

(Rochery et al., 2002) report the use of hand-
crafted rules to enhance the accuracy of machine
learning utilising boosting. They apply the method
to a multi-labelling classification problem where
they are seeking to classify spoken utterances.
They attribute increased accuracy to the fact that
the rules they develop are not represented in their
data at all or do not appear sufficiently to have sta-
tistical impact during the training process. They
note that the combination has the greatest effect
when there are less then 100 examples, with the
benefit of the combination decreasing as the num-
ber of training examples increases. The method
therefore has direct applicability to reducing the
data requirement for machine learning (a costly as-
pect of supervised machine learning).

(Takahashi et al., 2005) utilise a combination
of SVM based learning and hand-crafted rules for
the task of classifying occupations from social sur-
veys. They effect a combination by using rule de-
rived labels as features for the machine learner.
Again the work occurs in a multi-class labelling
context (with around 200 occupation codes). They
find that SVM approaches are superior to rule-
based approaches alone but that combining rule-
based and SVM learning produces the best results.
They also examine the effect of the number of
training examples, noting that the differential ben-

Exhibit 1026 Page 74



efits of combining methods reduces with increas-
ing data.

In our study we use class labels assigned by a
hand-coded tagger as additional features for ma-
chine learning to obtain an increase in accuracy in
the domain of text classification.

The work reported above, and our own paper,
come from diverse domains and illustrate the ap-
plication of combined rule/ML approaches using a
variety of machine learning algorithms.

This suggests the wide utility of using hand-
coded rules to improve accuracy of machine learn-
ing. Symetrically we may say that machine learn-
ing may potentially be used to improve the accu-
racy of hand-coded rules. Here we essentially fol-
low a hybrid model of development that examines
each method separately as well as in combination.

4 Data

4.1 Australian Contract Corpus

The data which forms the basis of this study is a
corpus of 256 contracts (‘the Australian Contract
Corpus’) which has been compiled from the web
using the Google Australia web search: http:
/ /www.google.com.au.’ The corpus is con-
stituted of 1043364 tokens (words and punctua-
tion), 42910 sentences, and a vocabulary of 14217.
The lexical diversity of this corpus is 73.39.* As
far as we are aware there is no published work
based on a corpus of Australian contract language,
however space does not permit a fuller discussion
of the design and analysis of the corpus.

4.2 Data Representation

For the purpose of this study we randomly selected
30 contracts from the Australian Contract Corpus
to produce data sets for application of machine
learning. The 30 contracts were divided into three

3The search phrase we employed was: “clause party
agreement” , limiting the search to “pages from Australia”
and the filetype to “.doc”. The collection of the corpus was
undertaken in the period 6 - 24 December 2009. Each doc-
ument was visually inspected by one of the authors to verify
that it was an Australian contract and documents were added
to the corpus in order of their appearance in Google search
results. We have made available the list of URLs of the docu-
ments that make up the corpus at: http://cs.anu.edu.
au/people/Michael.Curtotti/. We also make code
and data referred to in this paper available at the same loca-
tion.

“Lexical diversity refers to the ratio of the total number of
tokens in the corpus to the total number of types of tokens i.e.
tokens/vocabulary. The statistics and information provided
here were extracted using the NLTK. (Bird et al., 2009).
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sets: a training set (Set A)°, a second set (Set B)®
(primarily used as a test set, although sometimes
combined with Set A to form a larger training set)
and an additional test set (Set C)’, each of 10 con-
tracts. Set C was added to increase both available
data and the number of contracts on which testing
could be carried out.

To simplify processing all contracts were con-
verted into text files as a preprocessing step.® Also
we removed material that typically does not ap-
pear in contracts (primarily guideline notes for
drafters).

For purposes of our study each ‘line’ or ‘para-
graph’ in a contract constituted a data point.
Sets A, B and C provided 1825, 2157 and 2231
lines/data points, respectively.

To classify our data for machine learning we
first employed our hand-coded tagger to produce
a labelled data set constituted of a line and pri-
mary and secondary labels according to our clas-
sification system (see below). The classifications
applied by the hand-coded tagger were then manu-
ally corrected to remove any labelling errors. Both
for the reason that hand tagging data from scratch
is more error prone than correcting previously ma-
chine tagged data, and because of the high labour
in manual tagging, machine assisted tagging is a
standard method used in corpus creation (Biber
et al., 1998, p 262), ((ed) Christopher S. Butler,
1992, p 131).

4.3 Feature Selection

Features were then extracted from our labelled
lines using a hand-coded feature extractor to ex-
tract up to 40 features to be used for machine
learning, with the primary class label earlier ap-
plied to each line serving as the target for machine
learning.” Features for machine learning were se-
lected based on assumed relevance to the intended
classification.'” While a bag of word representa-

3Contracts numbered in our corpus: 55, 74, 77, 91, 94,
144, 174, 185, 208 and 213

®Contracts 11, 12, 164, 193, 196, 199, 249, 59, 64, 9

"Contracts 200, 254, 175, 180, 120, 102, 207, 127, 75 and
79

8Notably, this step does have the downside of discarding
valuable style and layout information found in the word doc-
ument format.

°In some instances the assignment of class is not entirely
disjunctive and implies a priority ordering of potential classi-
fications. For instance a clause may contain address details,
and be classified as such rather than as a clause. The feature
extractor removed secondary labels.

10The full list of features is as follows: 1. relative position
of a line within the contract; 2. line end punctuation; 3. num-
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tion with automatic feature extraction was trialed,
this was found to result in lower accuracy than
a manually selected (but small) number of fea-
tures. Traditionally, ‘feature engineering’ or ‘se-
lection’ in text classification has focussed on ‘bag
of words’ or proximate features such as n-grams
or noun phrases (Scott and Matwin, 1999). Our
selection of features might be regarded as ‘hybrid’
in that they implicitly encode domain knowledge
and ‘rules’. For example, we expect a definition
line to contain the widely used word ‘means’ as in
‘x means y’. We would expect clause headings to
display a different pattern of parts of speech occur-
rence, as compared to clauses themselves. We also
consider features such as the relationship between
the particular line/datapoint and its neighbouring
lines (e.g. is the preceding line long or short), or
the document as a whole (e.g. relative placement
of the line within the document).

Features used in the related work carried out
by others on contracts and legislation include: n-
grams (Indukuri), bag of word together with capi-
talisation and character patterns (Mencia), the use
of sequential word and token data as a HMM to
predict state where state is the classification of the
portion of text (Bacci/Francesconi) and the use of
word terms identifying titles and lists of indexed
terms (Hasan).

4.4 Classes

We adopted 32 classes for our classification
scheme. These classes represented significant

bering at the beginning of the line; 4. line length in charac-
ters; 5. line length in tokens; 6. number of nouns; 7. number
of adjectives; 8. number of verbs; 9. number of preposi-
tions; 10. number of coordinating conjunctions and cardinal
numbers; 11. number of modal verbs; 12. number of personal
pronouns, possessives; 13. number of adjectives; 14. whether
must occurs; 15. whether may occurs; 16. whether shall oc-
curs; 17. whether means occurs;18. the position of the word
means in the line; 19. whether the word ‘include’ occurs; 20.
the position of the word ‘includes’ in the line; 21. whether
the phase ‘has the same meaning’ occurs; 22. whether the
line begins with a capital letter followed by a stop or a space;
23. do the letters "abn’ or acn’ appear; 24. does the word ad-
dress appear near the beginning of the line; 25. does the word
‘contact’ appear near the beginning of the line; 26. does the
word ‘email’ appear near the beginning of the line; 27. does
the word ‘fax’ appear near the beginning of the line; 28. does
the word ‘note’ appear at the beginning of the line; 29. does
the word ‘phone’ appear at the beginning of the line; 30. do
the terms ‘web’ or ‘www’ appear near the beginning of the
line; 31-36. token lengths of 3 lines before and after the data
line; 37. the tag applied by the hand coded tagger to the data
line; 38. whether the contract from which the line comes has
clause headings; 39. whether the contract from which the line
comes has clause sub-headings; 40. whether the contract has
a schedule.

21

structural elements (such as clause headings or
content lines) or sometimes key contract meta data
(for instance the parties, the date on which an
agreement is made, email addresses, ABNs etc).!!
Of particular interest to us, was an ability to accu-
rately identify clausematter (the primary location
of legal rules of a contract) and clause headings
(which in some contracts effectively mark bound-
aries between major rule sets).

S Experimental Evaluation

Analysis of our data sets was carried out using two
major methods: analysis using the training Set A
measuring peformance on test Set B (i.e. testing
for accuracy of classification of lines in Set B); and
analysis using training Set A where each contract
in test Sets B and C was used individually as a test
set (testing for accuracy of classification of lines
of each individual contract). The former testing
approach is more widely used but the latter is more
consistent with our intended end application: that
is, developing an ability to accurately classify lines
in a previously unseen contract as an individual
document.

Set A consisted of 1825 lines of data, Set B con-
sisted of 2157 lines of data and Set C consisted of
2231 lines of data.

5.1 Tools

The following tools were used to carry out ma-
chine learning tasks reported in this paper:

1. the python programming language was used
to develop a hand coded line tagger, a feature
extractor and code for evaluation of the per-
formance of the hand coded tagger;

the Natural Language Toolkit (NLTK)(Bird
et al., 2009) was used in corpus development
and in the hand coded tagger for application
of parts of speech tags; and

. the Weka data mining software(Hall et al.,
2009) was used to carry out machine learn-

ing.

""The following class labels were applied: CLAUSE-
MATTER, CLAUSEHEAD, DEF, CONTENTSHEAD,
BLANK, DROSS, AND, BETWEEN, DATEMADE-
LINE, PARTIESHEAD, PARTYLINE, RECITALHEAD,
RECITALLINE, HEAD, CONTENTLINE, PRELIM, OP-
ERATIVEPROVISIONLINE, NUMBEREDLINE, SCHED-
ULEHEAD, SCHEDULEITEM, EXECUTIONBLOCK,
NOTE, ABNLINE, ADDRESSLINE, EMAILLINE,
WEBLINE, FAXLINE, PH-LINE, REF-LINE, SCH-
OTHERMATTER, CONTACTOFFICER, TITLELINE.
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5.2 Hand-Coded Tagger

Our hand-coded tagger follows a pipeline method-
ology. A contract is separated into a list of lines. In
the first phase, each line is passed through a series
of “if-then-else” routines (essentially utilising reg-
ular expressions) to assign primary and secondary
labels to the line. This produces a contract with
enhanced information content, in the form of a tu-
ple of labels and line text. This output is then fed
through a series of methods, progressively boot-
strapping improvements to labelling, based on the
information available when the method is applied.
For instance content lines will be identified, these
are then used in later methods to seek to identify
clause headings. In addition, the tagger extracts
contract meta data such as: a list of definitions,
a list of clause headings, where the beginning of
operative provisions occurs, where the schedule
begins. Such features may or may not occur in
a contract. In addition the tagger also provided
a method for hand correcting tagging which was
used to create our data set for supervised machine
learning purposes.

Development of the tagger relied heavily on do-
main knowledge to identify logical tests for label
application. For instance the occurrence of num-
bering at the beginning a line was used to identify
clause headings, or the presence of a common text
pattern which occur in definitions i.e. (the pattern
[“word[1-3]] means [...]” was used as a criterion
for identifying a line as a definition).

T K
On Set B Contracts | 86.27% NA
Contract x Contract | 82.84% 10.85%

Table 1: Accuracy of Line Tagger.

The first row of Table 1 reports accuracy of the
hand coded tagger when applied to Set B as the
test set (the % accuracy of tagging of individual
lines in Set B is reported). The second row of
Table 1 reports average accuracy with which the
lines in each of 20 contracts in Sets B and C are
tagged (standard deviation is also reported). The
high variance of the results at a contract by con-
tract level suggests a need for future work to iden-
tify if issues such as contract ‘type’ may account
for the differences (the lowest level of accuracy
was around 50% and the highest around 95%).

Table 2 provides measures of precision, recall
and F-measure attained by the hand coded tag-

22

Precision Recall F-Measure
CL.HEAD 0.98 0.83 0.89
CL.MATTER 0.91 0.91 0.91
DEF 1.00 0.66 0.80

Table 2: Performance results for Hand-Coded
Line Tagger

ger on Set B for key data items: clause headings,
clauses themselves and definitions.'> These re-
sults on key measures are sufficient for our ini-
tial purposes and will allow us to focus subsequent
work on addressing ambiguity in the substantive
rules found in a contract.

5.3 Supervised Machine Learning

Column 1 of Table 3 reports the accuracy of var-
ious supervised machine learning algorithms with
Set A as training set and Set B as test set. Of
the algorithms applied, Random Forest (imple-
mented using 100 trees and 30 random features)
performed best. No ML method performed better
than the hand coded tagger tested on the same test
set (see row 1 of Table 1).

5.4 Machine Learning vs Hand-coded

methods

Given our ultimate focus on developing applied
tools, we are primarily concerned to identify the
best methods to maximise the accuracy of our clas-
sification task. Whether this proves to be ma-
chine learning methods or hand-coded methods or
a combination of the two is immaterial from this
viewpoint (other than in regard of development
costs).

Also it is useful to consider whether methods
and insights from one method may assist in the
other. For instance, hand-coded rules that success-
fully labelled lines directly suggested ‘features’ to
be extracted for machine learning purposes. Con-
versely the identification of ‘features’ for machine
learning can be regarded as a programming ab-
straction where the algorithm is ‘under the hood’
but human intervention is required in the form of
feature selection for ‘learning’ to occur (implic-
itly encoding of rules in the feature set). In de-
riving our results we used a confusion matrix as a
tool to assist in identifying areas where the hand-

2Pprecision is %, Recall is TPZ%’ and F-Measure
is 2295, where TP is true positives, F'P is false positives,

F'N is false negatives, P is precision, and R is recall.
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coded tagger required improvement and as a com-
mon baseline for performance. In certain forms
of machine learning, the resulting machine learn-
ing model can be represented as code in “if, then,
else” form (as in the output of a decision list or de-
cision tree learner). We may thus conceive of ma-
chine learning and hand coding of rules as differ-
ent ‘programming paradigms’ - a perspective that
encourages us to apply insights across the bound-
ary between them.

Further, we wished to explore the relative accu-
racy of machine learning vs hand coding for this
particular task. Such an exploration is valuable
from a cost benefit point of view. Supervised ma-
chine learning (where we have focused our atten-
tion) requires the production of human annotated
data (which is costly to produce) as well as fea-
ture testing and refinement. Also machine learn-
ing may be computationally intensive. Production
of an accurate hand-coded tagger requires expert
knowledge and considerable testing and code re-
finement in order to achieve a high level of ac-
curacy (which again is resource intensive). We
did not undertake quantitative data collection in
respect of time employed in the two methods,
particularly as we followed an iterative develop-
ment model that switched between rule based and
machine learning focussed work and as we were
searching for optimal outcomes. Nonetheless we
anecdotally report that each method presented sig-
nificant demands in terms of development time.

In the results reported above we note that no
machine learning approach alone exceeded the
performance of the hand coded tagger when con-
sidering performance on test Set B as a whole.
This is the result also found at contract by contract
level (see below Table 4).

5.5 Leveraging Hand-Coded Labels for
Machine Learning

As noted above we also wished to explore whether
utilising the output from the hand coded tagger
as input features for machine learning might im-
prove the accuracy of machine learning alone. A
converse question that could be framed is whether
the rule based tagger’s performance could be im-
proved by combination with machine learning.

We carried out two trials that bear on these ques-
tions:

1. machine learning alone and machine learning
enhanced with rule based input on an entire
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test set (Set B); and

2. machine learning alone, rule alone and ma-
chine learning enhanced with rule based in-
put at contract by contract level.

ML Algorithm ML Alone ML + Rule

Naive Bayes 82.38% 84.75%

SMO (SVM) 82.80% 85.40%

Cl. via Regression | 83.91% 87.07%

Decision Tree 82.01% 87.02%

Bagging 83.54% 87.76%

Majority Vote 84.42% 87.11%

Random Forest 85.12% 86.69%

Table 3: Comparative Performance ML alone and
ML + Rule on train and test set

Column 2 of Table 3 shows the improvement in
performance of various machine learning methods
when tags applied by the hand coded tagger were
provided as input features. All methods show im-
provement with addition of the rule derived feature
on Set B as a whole.!?

We report below a comparison of accuracy of
machine learning, rule based tagging and a com-
bination of both in respect of Decision Trees. De-
cision trees offer the advantage that the output is
easily interpretable as a rule set for tagging.

Method T s

ML Alone | 79.12% | 10.71%
Rule Alone | 82.84% | 10.85%
ML + Rule | 83.48% | 9.83%

Table 4: Tagging Accuracy Mean and Standard
Deviation - Contract by Contract

Although the results reported in Table 4 are
different (as different contracts are included in
the tested contracts)'# average accuracy continued
to show a differential between machine learning
alone, and machine learning leveraged with hand
rules, as described above. On this combination
ML + Rule also outperformed the rule based tag-
ger alone, but by a very narrow margin. In 17 of
20 cases ML + Rule improved or did not worsen
performance of ML alone. In 15 of 20 cases, ML +

"3The training set for the results reported in Table 3 was
Set A. The test set was Set B.

“The training set was Set A. Sets B and C provided 20
individual contracts (effectively 20 test sets) for testing.
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rule was no worse or outperformed the hand coded
tagger alone. Notably variation is quite high as
compared to the mean. Testing for statistical sig-
nificance we can reject a null hypothesis that the
mean accuracy for ML + Rule is the same as for
ML alone. We cannot reject a null hypothesis that
ML + Rule is the same as Rule alone.!> We note
also that this investigation was only carried out in
respect of the decision tree learner.

5.5.1 Isit more effective to increase data or
use rule based features?

To further explore the question of how much ef-
fort might be saved by combining rule based ap-
proaches with machine learning alone we tested
the effect of adding random noise to the feature
set provided by the hand coded tagger. We found
that we had to randomly flip over 45% of these
tags before they ceased to impact positively on
classification accuracy. This suggests that even
poorly prepared hand coded rules can improve per-
formance.'6

We also tested the effect of incrementally in-
creasing the amount of available training data
to explore any decrease in differential in perfor-
mance. Testing using Set C as the test set and
taking training data from Sets A and B, we pro-
gressively increased training data by increments
of 500 instances of data. Differential performance
decreases progressively, starting around 5% and
reducing to 2.5% as more training data is made
available.!” (See Table 5.) Extrapolating from
these figures we would expect at a minimum that
training data would have to be doubled to remove
differential accuracy. Relatively little effort in de-
veloping rule based features may substitute for
considerable work in creating additional super-
vised data.

We gratefully acknowledge the assistance of Bob For-
rester of the ANU Statistical Consulting Unit in deriving
this result, undertaken utilising a generalised linear model
to undertake model fitting adjusting for different file (con-
tract) types. Predictions of estimated mean proportions were:
ML Alone 0.7760 (s.e. 0.007181), Rule alone 0.8106 (s.e.
0.006775), ML+ Rule 0.8181 (s.e. 0.006677).

16Using a Decision Tree, ML + Rule accuracy on test Set B
with training Set A, was 87.0% with zero noise, 86.9% with
5% noise, 84.7% with 10% noise, 85.2% with 20% noise,
84.4% with 30% noise, 83.9% with 40% noise, 82.8% with
45% noise, 82.4% with 50% noise. Decision Tree accuracy
on ML alone on this training and test set was 82.0%.

"The data has a negative correlation of -0.70
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Table 5: Difference in % accuracy of ML alone
and ML with rule based feature with increasing
training data.

5.5.2 Decision tree output

An examination of the decision tree produced af-
ter adding the output of the hand-coded tagger to
machine learning is of interest.

LTlabel = #CLAUSEMATTER#

| tknLngth <= 4

| | nounNum <= 1: #CLAUSEMATTER# (6.0/2.0)
| | nounNum > 1

||| linePos. <= 0.383929: #PRELIM# (2.0)
||| linePos. > 0.383929: #CLAUSEHEAD# (2.0)
| tknLngth > 4: #CLAUSEMATTER# (508.0/7.0)
LTlabel = #PH-LINE#

| prepNum <= 1: #PH-LINE# (5.0)

| prepNum > 1: #CLAUSEMATTER# (2.0)
LTlabel = #EMAILLINE#: #EMAILLINE# (3.0)
LTlabel = #ABNLINE#

| preLine2 <= 0: #TITLELINE# (2.0/1.0)

| preLine2 > 0: #ABNLINE# (3.0)

Figure 1: Part of the decision tree learnt when the
labels from the hand-coded are provided as an at-
tribute.

Using only the machine learning feature set, the
size of the pruned tree is 199 with 108 leaves.
After addition of labels provided by our hand-
coded tagger the size of the decision tree is re-
duced to 105 with 69 leaves. Figure 1 shows part
of this decision tree and as illustrated, the deci-
sion tree generally begins with the label assigned
by the hand-coded tagger ‘LTlabel’ and amends
the label (where necessary) utilizing other fea-
tures available to the machine learner. Some labels
(e.g. EMAILLINE) were simply adopted without
change. In the case of the CLAUSEMATTER la-
bel, the machine learner used the number of to-
kens in the line (‘tknLngth’), number of nouns in
the line (‘nounNum’) and the relative position of
the line in the contract (‘linePos.”) to re-assign the
class of the line. The significance of the use of la-
bels assigned by the hand-coded tagger is that the
decision-tree identifies that attribute as providing
the most significant information gain (that is re-
duction in entropy) and therefore partitions on that
feature (Callan, 2003, p245). This remains true
in this example irrespective of the class to which
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the data is being assigned.'® It is obvious that the
best feature for assigning the correct label for an
item of data is the correct or probably correct la-
bel (if one can obtain it without undue endeavour).
From a practical viewpoint some effort directing
to hand-crafting code to extract appropriate class
labels may thus assist machine learning.

6 Conclusions and Future Work

In terms of the overall performance of the methods
described in this paper the closest point of compar-
ison is the work reported by Indukuri and Krishna
(Indukuri and Krishna, 2010). While comparisons
using different methods, software and data are of
dubious validity, we may note their broad similar-
ity. With a training set of 10 contracts and a test set
of 20 contracts, the contract-by-contract average
F-measure for the clausematter class was 0.8632.
Also in 14 contracts of the 20 tested the F-measure
for the clausematter class was above 0.85. With a
training set of 10 contracts (Set A) and a test set
of 10 contracts (Set B) (as a single test set) the
F-measure for the clausematter class was 0.921.1°
Using 4-grams as features, Indukuri and Krishna
report an accuracy of 83.48% on the task of clas-
sification clauses from non-clauses, applied to 73
sentences to be so classified. Whereas the task in
that case was a binary classification task over one
contract, we report results on multi-class classifi-
cation over test sets of up to 20 contracts.?’

The work we have undertaken and related work
reviewed in this paper (Section 3) suggests the po-
tentially broad utility of combining rule based and
machine learning methods. One potential hybrid
classification method in its simplest formulation
may look something like this:

1. determine the required or anticipated level of
accuracy for the intended application;

develop a simple code rule set for the classifi-
cation task (i.e. with minimal expenditure of
resources);

. if classification accuracy is sufficient ma-
chine learning would not be required, if not

3 The Weka decision tree implementation, “J.48”, is based
on the Quinlan’s C4.5(Quinlan, 1986).

9The results reported here are derived using a random for-
est algorithm and using the hand coded tag as an input feature
for classification.

P Coincidentally the 83.48% figure is the same as our av-
erage result over all classes for 20 contracts.

25

proceed as usual in development of machine
learning using the output of hand coded rules
as an input to machine learning.

Such a development model does not avoid the de-
velopment of a supervised training set, as such a
set is required both to assess the accuracy of the
rule based tagger as well as the machine learner
(should development proceed to that stage). How-
ever it may reduce the amount of data required
to attain a desired level of accuracy. The method
could of course be applied iteratively, if the accu-
racy level is insufficient after a first iteration.

Future work to be explored includes the effec-
tive “typing” of contracts (particularly in light of
the high variance of performance on individual
contracts). For instance, some contracts use clause
headings, others do not. Some use schedules, oth-
ers do not, etc. Such type information may fur-
ther assist in the classification task (the accuracy of
which varies considerably depending on the con-
tract to which it is applied). In typical preprocess-
ing, documents in corpora are converted to plain
text. This results in the loss of layout and hierar-
chical information found in word documents. The
preservation of such information for use in classi-
fication tasks may improve accuracy.

The preliminary work here is also a precursor to
work on identification of ambiguity and the devel-
opment of practical tools to assist in contract draft-
ing. In separate work, we intend also to describe
and analyse the contract corpus that is referred to
here as the basis of this work.

References

J. K. Aitken and P. Butt. 2004. Piesse The Elements of
Drafting. Lawbook Co, 10th edition.

L. Bacci, P. Spinosa, C. Marchetti, R. Battistoni, I. Flo-
rence, I. Senate, and I. Rome. 2009. Automatic
mark-up of legislative documents and its application
to parallel text generation. In Proc. of LOAIT Work-
shop, pages 45-54.

D. Biber, S. Conrad, and R. Reppen. 1998. Corpus lin-
guistics: Investigating language structure and use.
Cambridge University Press.

Steven Bird, Edward Loper, and Ewan Klein.
2009. Natural Language Processing with Python.
O’Reilly Media Inc.

Rob Callan. 2003. Artificial Intelligence. Palgrave
Macmillan.

Exhibit 1026 Page 80



(ed) Christopher S. Butler. 1992. Computers and writ-
ten texts. Blackwell.

E. Francesconi. 2006. The Norme in Rete Project:
Standards and Tools for Italian Legislation. Interna-
tional Journal Legal Information, 34:358.

Mark Hall, Eibe Frank, Geoffrey Holmes, Bernhard
Pfahringer, Peter Reutemann, and Ian H. Witten.
2009. The weka data mining software. SIGKDD
Explorations, 11(1).

I. Hasan, J. Parapar, and R. Blanco. 2008. Seg-
mentation of legislative documents using a domain-
specific lexicon. In Proceedings of the 19th Interna-
tional Conference on Database and Expert Systems
Application, pages 665—669.

Kishore Varma Indukuri and P. Radha Krishna. 2010.
Mining e-contract documents to classify clauses. In
COMPUTE ’10: Proceedings of the Third Annual
ACM Bangalore Conference, pages 1-5, New York,
NY, USA. ACM.

Daniel Jurafsky and James H. Martin. 2009. Speech
and Language Processing: An introduction to natu-
ral language processing, computational linguistics,
and speech recognition. Pearson Prentice Hall, 2nd
edition.

D. Khoury and Y. S. Yamouni. 2007. Understanding
Contract Law. Lexis Nexis Butterworths, 7th edi-
tion.

M. Kipp. 2006. Creativity meets automation: Combin-
ing nonverbal action authoring with rules and ma-
chine learning. In Intelligent Virtual Agents, pages
230-242. Springer.

Eric McCreath and Judy Kay. 2003. Iems: Helping
Users Manage Email. User Modeling 2003, pages
146-146.

Eneldo Loza Mencia. 2009. Segmentation of legal
documents. In Proceedings of the 12th International
Conference on Artificial Intelligence and Law, pages
88-97. ACM.

Seong-Bae Park and Byoung-Tak Zhang.  2003.
Text chunking by combining hand-crafted rules and
memory-based learning. In Proceedings of the 41st
Annual Meeting on Association for Computational
Linguistics, pages 497-504.

J.R. Quinlan. 1986. Induction of decision trees. Ma-
chine Learning, 1:81-106.

M. Rochery, R. Schapire, M. Rahim, N. Gupta, G. Ric-
cardi, S. Bangalore, H. Alshawi, and S. Douglas.
2002. Combining prior knowledge and boosting for
call classification in spoken language dialogue. In
Proceedings of the IEEE International Conference
of Acoustics and Speech and Signal Processing.

26

S. Scott and S. Matwin. 1999. Feature Engineering
for Text Classification. In Machine learning: pro-
ceedings of the Sixteenth International Conference
(ICML’99), Bled, Slovenia, June 27-30, 1999, page
379. Morgan Kaufmann Pub.

K. Takahashi, H. Takamura, and M. Okumura. 2005.
Automatic occupation coding with combination of
machine learning and hand-crafted rules. Advances
in Knowledge Discovery and Data Mining, pages
269-279.

Exhibit 1026 Page 81



APPENDIX
1008C



Citations to Curtotti
Source document:

Curtotti, M., & Mccreath, E. (2010, December). Corpus based classification of text
in Australian contracts. In Proceedings of the Australasian language
technology association workshop, pp. 18-26.

Citations: 2013 — 2017 (in chronological order)

Gao, X., & Singh, M. P. (2013, March). Mining contracts for business events and
temporal constraints in service engagements. /[EEE Transactions on Services
Computing, 7(3), 427-439.

Gabbard, J., Sukkarieh, J. Z., & Silva, F. (2015, June). Writing and reviewing
contracts: don't you wish to save time, effort, and money?. In Proceedings of
the 15th International Conference on Artificial Intelligence and Law (pp.

229-230).

Bateman et al. (2015, October). Natural Language Processing for Extracting
Conveyance Graphs, United States Patent Application Publication, no. US
2015/0286630 Al.

Aires, J. P., & Meneguzzi, F. (2017, May). Norm conflict identification using deep
learning. In International Conference on Autonomous Agents and Multiagent
Systems (pp. 194-207). Cham: Springer International Publishing.

Cardellino, C., Teruel, M., Alemany, L. A., & Villata, S. (2017, June). A low-cost,
high-coverage legal named entity recognizer, classifier and linker. In
Proceedings of the 16th edition of the International Conference on Articial
Intelligence and Law (pp. 9-18).

Chalkidis, 1., Androutsopoulos, I., & Michos, A. (2017, June). Extracting contract
elements. In Proceedings of the 16th edition of the International Conference
on Articial Intelligence and Law (pp. 19-28).

Engelfriet, A. (2017, September). Creating an Artificial Intelligence for NDA
Evaluation. Available at SSRN: https://ssrn.com/abstract=3039353 or
http://dx.doi.org/10.2139/ssrn.3039353

Exhibit 1026 Page 83


https://ssrn.com/abstract=3039353
https://dx.doi.org/10.2139/ssrn.3039353

APPENDIX
1011A



C [O 8 web.archive.org/web/20230202142404/https://aclanthology.org/2022 findings-emnlp.447.pdf iﬁ?] N ;@Signin’ Yy 9

INTERNET ARCHIVE |https://aclanthology.org/ZOZ2.ﬁndings—emn|p.447.pdf | FEB R
WAUBACHMANNE 2 caprures N 02
2 Feb 2023 - 26 Mar 2025 2023
[EN] Q A|v 6076 | (10f 10) — | 4+ Automatic Zoom v B L T2

Validity Assessment of Legal Will Statements
as Natural Language Inference

Alice Saebom Kwak, Jacob O. Israelsen, Clayton T. Morrison,
Derek E. Bambauer, Mihai Surdeanu
The University of Arizona, Tucson, Arizona, USA
{alicekwak, jisraelsen, claytonm, derekbambauer, msurdeanu}@arizona.edu

Abstract

This work introduces a natural language infer-
ence (NLI) dataset that focuses on the validity
of statements in legal wills. This dataset is
unique because: (a) each entailment decision
requires three inputs: the statement from the
will, the law, and the conditions that hold at the
time of the testator’s death; and (b) the included
texts are longer than the ones in current NLI
datagete We trained eicht nenral NT.T models

Exhibit 1026 Page 85

NLI in general deals with determining whether
a premise entails, contradicts, or is neutral to the
hypothesis given. Our project made two impor-
tant changes to this approach to fit legal docu-
ments. First, our dataset contains three input types:
statements from wills (as hypotheses), laws (as
premises), and conditions, which are circumstances
at the time of probate (e.g., eligibility of the tes-
tator or witnesses). This adaptation is necessary

¥ About this capture

@ & | »



Validity Assessment of Legal Will Statements
as Natural Language Inference

Alice Saebom Kwak, Jacob O. Israelsen, Clayton T. Morrison,
Derek E. Bambauer, Mihai Surdeanu
The University of Arizona, Tucson, Arizona, USA
{alicekwak, jisraelsen, claytonm, derekbambauer, msurdeanu}@arizona.edu

Abstract

This work introduces a natural language infer-
ence (NLI) dataset that focuses on the validity
of statements in legal wills. This dataset is
unique because: (a) each entailment decision
requires three inputs: the statement from the
will, the law, and the conditions that hold at the
time of the testator’s death; and (b) the included
texts are longer than the ones in current NLI
datasets. We trained eight neural NLI models
in this dataset. All the models achieve more
than 80% macro F1 and accuracy, which in-
dicates that neural approaches can handle this
task reasonably well. However, group accu-
racy, a stricter evaluation measure that is cal-
culated with a group of positive and negative
examples generated from the same statement
as a unit, is in mid 80s at best, which suggests
that the models’ understanding of the task re-
mains superficial. Further ablative analyses
and explanation experiments indicate that all
three text segments are used for prediction, but
some decisions rely on semantically irrelevant
tokens. This indicates that overfitting on these
longer texts likely happens, and that additional
research is required for this task to be solved.

1 Introduction

Natural language inference (NLI) in the legal do-
main has not been widely investigated, despite its
importance and potential. One such important NLI
application is validity assessment of legal docu-
ments such as wills. Legal procedures for creating
and executing wills are evolving rapidly. Process-
ing a will via probate is a costly, time-consuming
process that can be exacerbated by errors or by
challenges to validity. These problems will likely
increase as people increasingly employ electronic
wills. Developing natural language techniques that
can determine a will’s validity at creation and ex-
ecution can increase validity, conserve legal re-
sources, and effectuate the author’s intent. To this
end, this work explores how NLI models can be em-
ployed to evaluate the validity of will statements.

NLI in general deals with determining whether
a premise entails, contradicts, or is neutral to the
hypothesis given. Our project made two impor-
tant changes to this approach to fit legal docu-
ments. First, our dataset contains three input types:
statements from wills (as hypotheses), laws (as
premises), and conditions, which are circumstances
at the time of probate (e.g., eligibility of the tes-
tator or witnesses). This adaptation is necessary
as will statements’ validity cannot be evaluated
without considering both circumstances at the time
of probate (“‘conditions”) and relevant legal rules
(“laws”). Also, we switched the labels from entail-
ment, contradict, neutral to support, refute, unre-
lated to better represent the relation between will
statements and laws.
The major contributions of this work are:

* We create an open-access annotated dataset
with 1,014 data points, generated from 23 pub-
licly available wills. In addition to the three-
tuple setting unique to the legal domain, this
dataset also contains texts considerably longer
than in other open-domain NLI datasets, such
as SNLI (Bowman et al., 2015). The average
length of our texts is 269 tokens, while the
average lengths of premises and hypotheses
in SNLI are 8 and 14 tokens, respectively.

* We demonstrate that validity assessment of
legal will statements can be handled reason-
ably well with state-of-the-art NLI models
when trained on our dataset. However, low
scores in group accuracy, which is a stricter
evaluation measure calculated with a group
of positive and negative examples generated
from the same statement as a unit, indicate
that work remains before NLI models fully
understand legal language.

* We explain how the trained models utilize our
dataset via ablation tests that remove various
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pieces of information at prediction time (laws,
conditions, or both), and through post-hoc
explainability analyses using LIME (Ribeiro
et al., 2016). Our analyses indicate that in
most cases the NLI classifiers use meaningful
phrases from all three pieces of text, indicat-
ing the models do capture useful information.
However, in some situations, the models use
features that are not intuitive for humans, in-
dicating that the task is incomplete.

2 Related Work

Natural language inference (NLI), also known as
Recognizing Textual Entailment (RTE), determines
entailment relations between a pair of sentences:
a premise and a hypothesis. Their relationship is
either: a) entailment, if a premise entails a hypoth-
esis; b) contradiction, if a premise contradicts a
hypothesis; or ¢) neutral, if a premise neither en-
tails nor contradicts a hypothesis. NLI has been
a key framework in natural language processing
since Dagan et al. (2006) proposed the RTE chal-
lenge.

Numerous datasets exist for general NLI tasks.
For example, the Stanford Natural Language In-
ference (SNLI) Corpus (Bowman et al., 2015)
dataset contains about 570,000 pairs of sentences
(premises and hypotheses) generated from Flickr
image captions. More recently, datasets for domain-
specific NLI tasks are being introduced. SciNLI
(Sadat and Caragea, 2022) is drawn from scientific
texts. It contains 107,412 sentence pairs extracted
from papers in natural language processing and
computational linguistics.

There have been a few NLI-related resources
for the legal domain, including IFlyLegal (Wang
et al., 2019), StAtutory Reasoning Assessment
(SARA) dataset (Holzenberger et al., 2020), Graph-
based Causal Inference (GCI) framework (Liu et al.,
2021), and ContractNLI (Koreeda and Manning,
2021). One IFlyLegal module was developed for
natural language article inference; it provides rel-
evant legal articles when asked legal questions.
SARA contains rules extracted from the US Inter-
nal Revenue Code and natural language questions.
GCI generates causal graphs based on fact descrip-
tions. Though the framework was not specifically
designed for law, Liu et al. (2021) demonstrated
that it can be utilized for legal text analysis. Con-
tractNLI is a dataset consisting of 607 legal con-
tracts designed to handle document-level natural

language inference.

Our work differs from these existing NLI works
in two ways: (a) it contains three types of input
information; and (b) it operates in a pragmatic mid-
dle space with respect to text length: larger than
datasets with sentence-level texts, which are in-
sufficient to capture legal details, but shorter than
document-level inference datasets.

3 Dataset

Our dataset includes three types of entries (will
statements, applicable law, and facts representing
external state) rather than the usual two types. Va-
lidity often depends upon such external circum-
stances. Thus, a will statement can be legally valid
under some facts, but not others. Hence, a will can
change from valid to invalid or vice versa; wills
must, at minimum, be evaluated when executed
(drafted and signed) and when probated (where a
court determines whether to implement its provi-
sions). For example, if a will contains a statement
appointing a specific person as executor, that per-
son’s eligibility must be verified. This requires
information about both the law and the person’s
circumstances at probate time. For example, ac-
cording to Tennessee Code section 40-20-115, any
person who has been imprisoned cannot be an ex-
ecutor. Thus, to assess eligibility of a Tennessee
executor in Tennessee, one must know whether
they have been in prison at probate time.

3.1 Data Collection

Our data was collected from the U.S. Wills and
Probates datasets in Ancestry, which contains doc-
uments in the public domain.! We chose 23 wills
based on three criteria: 1) whether the wills were
handwritten; 2) the wills’ execution and probation
dates; and 3) where the wills were executed and
probated. We excluded handwritten wills due to the
difficulty of OCR text recognition. Execution and
probation dates can affect interpretation of wills;
we excluded wills executed before 1970 and pro-
bated before 2000. Lastly, we only collected wills
from Tennessee, because including wills from mul-
tiple states would require analyzing each state’s
laws governing wills. Tennessee had the greatest
number of wills meeting our criteria.

All collected wills were anonymized. Personal
information was replaced with special tokens de-
noting the type of information (such as [Person-

!Court documents are in the public domain in the US.
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Law:

32-1-104. Will other than holographic or nuncupative — Signatures.
(a) The execution of a will, other than a holographic or nuncupative
will, must be by the signature of the testator and of at least two (2)
witnesses as follows: (1) The testator shall signify to the attesting
witnesses that the instrument is the testator's will and either: (A) The
testator sign; (B) Acknowledge the testator's signature already made;

Condition A:

The testator signed his/her will
while two or more witnesses were
present.

I — support

Statement:

IN WITNESS WHEREOF, I have
hereunto signed, published and
declared this instrument as my —
Last Will and Testament, in

or (C) At the testator's direction and in the testator's presence have
someone else sign the testator's name; and (D) In any of the above
cases the act must be done in the presence of two (2) or more
attesting witnesses; (2) The attesting witnesses must sign: (A) In the
presence of the testator; and (B) In the presence of each other.

Condition B:

The testator signed his/her will
while only one eligible witness
was present, and he/she didn't
acknowledge the signature made
to another witness.

— refute

Lauderdale County, Tennessee, on
this 5th day of December, 2001.

Law:

commission, and who do not join as petitioners.

27-9-104. Defendants named in petition. The petition shall be
addressed to the presiding chancellor and shall name as defendants
the particular board or commission and such other parties of record,
if such, as were involved in the hearing before the board or

— ConditonAorB ~—+—— unrelated

Figure 1: A demonstration of the annotation procedure. Given a law and condition, each statement is evaluated
for validity. Support: it is supported by the law and condition provided; Refute: refuted by the law and condition.
Unrelated: not relevant to the law. When a statement and a law are unrelated to each other, a condition is not
required for classification. However, it is still assigned one of the conditions from either support or refute case.
The goal is to prevent NLI models from depending on contextual difference (i.e., “texts without conditions are all
unrelated cases”) rather than features when making predictions.

n], [Address-n], [Number-n], where n identi-
fied each person or object in the will. (Suntwal
et al. (2019) suggested this anonymization method).
Anonymization was performed manually to prevent
including personal information in the dataset.

3.2 Annotation

Each will statement was annotated as support, re-
fute, or unrelated based on a given condition and
law. (Our annotators set hypothetical conditions
when necessary to categorize statements.)

Importantly, each statement was annotated mul-
tiple times. A statement was annotated once
as support, once as refute, and thrice as unre-
lated.> This ensured that every statement was
labeled with all three classes in the same ratio
(support:refute:unrelated=1:1:3). Also, annotat-
ing statements three times more with “unrelated”
than support and refute enabled including a greater
range of laws in the dataset. Formally, our annota-
tion procedure included the following steps:

(1) preprocessing: extracting texts from collected
wills using OCR?, and copying statements into the
dataset;

(2) for each statement, identifying the Tennessee

2A few exceptions occurred when:
a) it was impossible to create a case where the statement
was refuted. In such cases, statements were not annotated as
"refute."”
b) a statement had more than one relevant legal rule. Such
statements were annotated twice as support, twice as refute,
and once as unrelated.

3The collected wills were scanned documents, so OCR
was necessary to extract machine-readable text.

legal provision that supported, refuted, or was un-
related to the statement’s validity;

(3) adding a condition specifying external circum-
stances relevant to validity;

(4) repeating these steps to generate five annota-
tions per statement;

(5) anonymizing all statements by replacing per-
sonal information with special tokens.

Figure 1 demonstrates the annotation procedure
with examples.

Two annotators participated in the task. One is a
law student, and annotation was supervised by au-
thor Bambauer, a law professor. The other annota-
tor does not have legal training, but ongoing discus-
sions and reviews ensured the uniform quality. The
annotators contributed equally. Annotators worked
individually but shared annotation guidelines. Af-
ter the annotation was complete, cross-annotation
was conducted on 200 randomly selected items
(100 items from each annotator’s set; each annota-
tor worked blinded on items drawn from the other
annotator’s set) to check inter-annotator agreement.
We calculated Kappa agreement score based on
the cross-annotation result, and the score is 0.91
(rounded to hundredth).

After the annotation was complete, the dataset
was split into training, development, and test sets.
There are 1014 data points in our dataset, split
50:25:25% (train: 504, development: 255, test:
255). When splitting, a group containing anno-
tations from a single statement (one support, one
refute, and three unrelated) was treated as a single
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Figure 2: Histograms demonstrating the length distribution of a) full texts (i.e., statement+condition+law), b)
statements, ¢) conditions, and d) laws in terms of token counts. Token counts are plotted on the X-axis; the Y-axis
indicates the number of texts/statements/conditions/laws for each bin.

Datasets Texts Tokens
Train 504 135218
Development 255 69643
Test 255 68042
Total 1014 272903

Table 1: The number of texts and tokens contained in
each dataset and in total

unit. Each annotator’s work was equally repre-
sented in all three datasets. All 23 wills appear in
more than one of the train, dev, and test partitions.
However, given the nature of the will statements
from the wills and how they were annotated, data
leakage is unlikely. Will statements are indepen-
dent and generally do not convey information about
other statements from the same wills. Summary
statistics are in Table 1 and Figure 2.

3.3 Characteristics of the Dataset

Our dataset has two characteristics distinguishing it
from other datasets: a) texts are composed of three
input types, and b) texts contain a large number of
tokens.

First, our task requires a third input type: a condi-
tion, since validity often depends upon conditions.

Second, our texts tend to contain a large number
of tokens. 44% of our texts contain 200 or more
tokens. The average token number was 269.14; 79
texts contain more than 512 tokens (the threshold
for most NLI models). Popular NLI datasets are
shorter.

3.4 Implementation

We trained multiple NLI models with our dataset to
assess their performance: four transformer models
and four sentence-transformer models. The trans-
former models include bert-base-uncased (Devlin
et al., 2018), distilbert-base-uncased (Sanh et al.,
2019a), roberta-large-mnli (Liu et al., 2019), and
longformer-base-4096 (Beltagy et al., 2020). Bert-
base-uncased and dilstilbert-base-uncased were
trained to set baselines on the task. In addition
to the baseline models, we used roberta-large-
mnli and longformer-base-4096. Among sentence-
transformer models (Reimers and Gurevych, 2019),
four pretrained models with top average perfor-
mances (based on the Model Overview page*) were
chosen: all-mpnet-base-v2>, multi-qa-mpnet-base-

4https://www.sbert.net
Shttps://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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dot-v1°, all-distilroberta-v1 (Sanh et al., 2019b)’,
and all-MiniLM-L12-v2 (Wang et al., 2020)8.

To distinguish between statements, laws, and
conditions in the concatenated texts, we prefixed
each with a special token: [STATE], [LAW], and
[COND].

Both transformer models and sentence-
transformer models were trained on PyTorch
1.11.0 with Cuda 11.3. All transformer models
were trained using the Trainer class provided
by HuggingFace. Learning rates and training
epochs were tuned on the development partition.
Sentence-transformer models were trained with
Sentence Transformer Fine-Tuning (SetFit)
proposed by Wasserblat (2021). It was slightly
adapted to fit the multi-class classification task,
but its fundamentals remain intact. SetFit utilizes
sentence pairs generated within the same class
as training data. It fits the model with the data
to minimize the Softmax Loss. Once the model
is fitted, it is used to encode the training and
development (or test, when it is a testing phase)
datasets. The encoded data is used to fit the
Logistic Regression classifier (with ‘liblinear’
solver) which, finally, makes predictions.

All models except for longformer-base-4096
were trained and evaluated on the truncated datasets
due to the models’ token number limitations. The
models can only process texts with 512 or fewer to-
kens without truncation (all-MiniLM-L12-v2: 256
tokens; all-mpnet-base-v2: 384 tokens; other mod-
els, except longformer-base-4096: 512 tokens).
When truncating datasets, the ratio of average to-
ken numbers among three input types (statements,
laws, and conditions) was considered to prevent
losing excessive information from a single type of
input.

4 Results and Analysis

4.1 Evaluation Measures

We report results using standard accuracy, preci-
sion, recall, and F1 scores. To ensure all labels are
well represented, precision, recall, and F1 scores
were computed with Macro average. Additionally,
as suggested by Elazar et al. (2021), we introduce
a new measure called group accuracy (GA). GA

®https://huggingface.co/sentence-transformers/
multi-ga-mpnet-base-dot-v1

"https://huggingface.co/sentence-transformers/
all-distilroberta-vi

8https://huggingface.co/sentence-transformers/
all-MinilM-L12-v2

is calculated with a group of positive and nega-
tive examples from the same statement (rather than
each text) as a unit. If a group has one or more
incorrect predictions, the group is incorrect. If a
model correctly understands a will statement, it
should perform equally well on all examples from
the same statement.

4.2 Results from Trained Models

Table 2 shows the models’ performances on our
test partition. Overall, the models demonstrated
good performances. Each achieved more than 80%
in all metrics but group accuracy. Roberta-large-
mnli showed the best performance. It achieved over
96% in all metrics but group accuracy (84.31%),
suggesting it can handle the task reasonably well.
However, the large difference between accuracy
and group accuracy suggests that the models’ un-
derstanding of the task is superficial.

Accuracy for the unrelated label was higher
than for support and refute in all models except
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-
v1. This higher accuracy for unrelated label may
be partially attributable to the gap between accu-
racy and group accuracy, as it would inflate overall
accuracy. However, since the gap between accuracy
and group accuracy is not significantly smaller for
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-v1
(i.e., the models where accuracy for unrelated was
not higher than the other labels), it is more likely
that the gap originated from the strictness of group
accuracy and the models’ superficial understanding
of will statements.

Further, roberta-large-mnli (trained with trun-
cated inputs) showed better performance than
longformer-base-4096 (trained with full length in-
puts). This suggests that models with token number
limitations can still perform well with long inputs
when truncated properly.

4.3 Experiment with Different Input Lengths

To investigate whether the models’ performance
was affected by input length and/or input trunca-
tion, we varied input lengths. Inputs were classified
into three categories by length: a) short (equal or
less than 192 or 256 tokens); b) regular (larger than
192 or 256 tokens and equal or less than 384 or
512); and c) long (larger than 384 or 512)°. The

For all-mpnet-base-v2 model, 192 and 384 were used as
dividing points instead of 256 and 512, as its maximum token
length is 384.
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Model Precision Recall F1 Accuracy GA
Transformers models

bert-base-uncased 81.47 82.20 81.81 87.06 49.02
distilbert-base-uncased 82.37 82.59 8248 87.06 50.98
longformer-base-4096 94.09 93.69 93.85 94.90 74.51
roberta-large-mnli 96.67 96.25 9642 96.86 84.31
Sentence-Transformers models

all-MiniLM-L12-v2 81.50 84.54 82.64 85.49 50.98
all-disilroberta-v1 83.43 8599 84.22 87.06 49.02
multi-qa-mpnet-base-dot-v1 91.48 94.13  92.65 93.73 74.51
all-mpnet-base-v2 92.93 95.05 93.82 94.90 76.47

Table 2: Results of all classifiers trained on our dataset using five measures: precision, recall, F1, accuracy, and
group accuracy (GA in table, see Section 4.1). Precision, recall, and F1 scores were computed with Macro average.
Group accuracy is calculated with positive and negative examples generated from the same statement as a unit. If a
group contains one or more incorrect predictions, the group is considered incorrect.

Model Precision Recall F1 Accuracy
all-mpnet-base-v2 (sample n = 52)

token <= 192 93.75 93.15 9291 94.23
192 < token <= 384 90.48 89.10 89.63 94.23
384 < token 86.35 89.49  87.08 88.46
longformer-base-4096 (sample n = 20)

token <= 256 95.24 88.89  90.77 95.00
256 < token <= 512 80.56 71.67 70.93 80.00
512 < token 73.81 66.67 6693 75.00
roberta-large-mnli (sample n = 20)

token <= 256 100 100 100 100
256 < token <= 512 94.87 85.00 88.76 90.00
512 < token 94.44 93.33  93.27 95.00

Table 3: Results with different input lengths. Models generally performed worse when token numbers in inputs
were larger. Roberta-large-mnli performed better than longformer-base-4096 in predicting long inputs (token > 512)
despite truncation. Roberta-large-mnli also showed better performance on long inputs than regular inputs, indicating

input truncation did not worsen the model’s performance.

number of inputs in each category varied. To con-
trol the impact of varying sample size, categories
with larger sample sizes were reduced by random
sampling to match the smallest sample size. For
this experiment, we used the three models with best
performance on the full dataset.

Table 3 shows the results. Models generally
performed worse with larger input token numbers.
All three models performed best with inputs with
smaller token numbers. One interesting finding
is that roberta-large-mnli performed better than
longformer-base-4096 in predicting inputs with
large token numbers (n > 512) despite truncation.
Roberta-large-mnli showed better performance on
long inputs than regular inputs, indicating trunca-
tion did not negatively affect the model’s perfor-

mance. This finding aligns with the observation
from the overall results that models with token num-
ber limitation can still show good performances on
long inputs when properly truncated. However,
results differed with a smaller token number limita-
tion. All-mpnet-base-v2 performed worst on long
inputs (where truncation occurred), indicating trun-
cation negatively impacted performance.

4.4 Results from Ablation Experiment

To determine whether the models correctly rely on
all three types of texts (statements, conditions, and
laws), we conducted an ablation experiment, train-
ing the models with datasets lacking one (law or
condition) or two types (law+condition) of inputs.
Poliak et al. (2018) suggested a similar experiment
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Model Precision Recall F1 Accuracy GA
Statements and laws

all-mpnet-base-v2 75.64 76.47 7598 81.96 27.45
longformer-base-4096 75.72 7598 75779 82.75 37.25
roberta-large-mnli 77.93 77.51  77.55 84.31 39.22
Statements and conditions

all-mpnet-base-v2 46.67 57.13 4480 44.31 0.00
longformer-base-4096 58.00 4944 5130 58.82 0.00
roberta-large-mnli 37.63 41.72  38.08 56.86 0.00
Statements only

all-mpnet-base-v2 36.76 3594  34.04 3647 0.00
longformer-base-4096 18.17 3333 2352 54.51 0.00
roberta-large-mnli 18.17 3333 2352 54.51 0.00

Table 4: Results from the ablation experiment where three models were trained with datasets lacking one (law or
condition) or two types (law+condition) of inputs. Results demonstrate that the models’ performances deteriorate if
one or more input type(s) is omitted. Thus, both types of inputs affect the models’ performances, though laws have

larger impact than conditions.

to this one to set hypothesis-only baselines. We
used the three models with the best performances
on the full dataset for this experiment.

Table 4 shows the results. Performance dete-
riorated if any input type was omitted. Among
the models trained on partial data, those trained
with statements and laws performed better, with
F1 scores over 75%. However, group accuracy
dropped to the 30s or even 20%s, indicating ac-
tual understanding decreased considerably. Models
trained with statements and conditions performed
significantly worse. Results ranged between 38%
and 52% for F1, and group accuracy dropped to
0. Models trained only with statements performed
worst, with F1 scores dropping to 35% or lower.

This degradation from partial data shows includ-
ing both conditions and laws positively affects the
models’ performance. Models use all three types
of inputs when making predictions!?. Laws have
more impact on performance than conditions, since
deterioration in results without laws was more sig-
nificant than from models trained without condi-

19A reviewer suggested an experiment where laws and con-
ditions are packed into premises and treat the task as nor-
mal NLI. A pilot experiment with the best performing model
(roberta-large-mnli) found a slight deterioration in perfor-
mance when laws and conditions were combined as premises
(precision: 93.09, recall: 93.89, F1: 93.41, accuracy: 94.12,
GA: 74.51; see Table 2 for comparison with main result). The
biggest difference came from GA score (74.51 vs. 84.31).
This lowered GA score implies that the model’s understand-
ing worsened when conditions and laws were combined into
premises. Given this preliminary result, it is likely that three-
way distinction in input types positively contributes to the

model’s performance. Nevertheless, as the performance differ-
ence is not significantly large, further investigation is needed.

tions. This is realistic, since laws set the parameters
within which conditions operate to make a given
provision valid or invalid.

4.5 Understanding Results with LIME

To clarify model behavior, we used Local Inter-
pretable Model-Agnostic Explanations (LIME) to
explain our classifiers’ predictions (Ribeiro et al.,
2016). We implemented LIME on predictions
made by the best performing model (roberta-large-
mnli, fine-tuned on our data). The LIME results
revealed that the model tends to correctly rely on
all three texts (statements, laws, conditions) for a
prediction, and uses meaningful features in many
cases. However, sometimes the model utilized fea-
tures that are not intuitive for humans.

4.5.1 A Correct Example

Figure 3 shows a case where the model made a
correct prediction based on features sensible to hu-
mans. Figure 3’s text is a statement saying two or
more witnesses witnessed the testator signing the
will and signed in each other’s presence. It includes
a condition stating that one of the two witnesses
was ineligible to serve under Tennessee law, and
the law specifying witness eligibility in Tennessee.
The given condition and the law invalidate the will
statement, rendering it as refute. The model cor-
rectly predicted the outcome based on tokens such
as ineligible, witnesses, One, testament, and 2. The
top two tokens with greatest impact on the model’s
prediction were ineligible and witnesses, with im-
portance score of 0.60 and 0.14, respectively. It is
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NOT refute refute

S

s« Text with highlighted words

beneficial interest.

[STATE] We, the undersigned subscribing witnesses, do hereby certify that we witnessed the foregoing Last Will
and Testament of [Person-1] at his request, in his presence and in the presence of each other, and that he signed
the same in our presence, and in the presence of each of us, declaring the same to be his Last Will and Testament.
This 5th day of December, 2001. [COND] One out of the two witnesses was [HSIEIDIg to serve according to
Tennessee state law. [LAW] 32-1-103. Witnesses — Who may act. (a) Any person competent to be a witness
generally in this state may act as attesting witness to a will. (b) No will is invalidated because attested by an
interested witness, but any interested witness shall, unless the will is also attested by two (2) disinterested
witnesses, forfeit so much of the provisions therein made for the interested witness as in the aggregate exceeds in
value, as of the date of the testator's death, what the interested witness would have received had the testator died
intestate. (c) No attesting witness is interested unless the will gives to the attesting witness some personal and

Figure 3: Examples of LIME explanations showing a case where the model (roberta-large-mnli) makes correct

predictions based on features sensible to humans.

NOT unrelated unrelated

Text with highlighted words

deceased,

for making 8 filing an ifiventory of

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] The person named as an executor was eligible to serve 8iild agreed to serve as one. [LAW] 30-2-301. ViaKing
inventory — Return — NGEEE to beneficiaries. (a) The personal representative, within sixty (60) days after entering on
the administration of a testate or intestate estate, shall make a complete &fid accurate inven

return fig iAventory to g clerk of
verify it by the personal representative's oath before
in such cases whether within or without

of the probate estate of
court exercising probate jurisdiction ::i county of ffig estate,
clerk or before any person authorized by law to administer oaths
borders of tg §tate. When fi€ will of i€ deceased excuses fli§ requirement
estate, or when excused by all of i€ residuary distributees or legatees, no

inventory shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fig estate.

Figure 4: An example of a LIME explanation showing a case where the model (roberta-large-mnli) makes an
incorrect prediction based on the tokens such as Making, and, and the which bear little semantic relevancy to the

gist of the text.

understandable that these tokens have high scores,
as they are the keywords ("One out of two (2) wit-
nesses is ineligible") which provide grounds for
revoking a will statement.

4.5.2 An Incorrect Example

Figure 4 shows a case where the model made an in-
correct prediction based on irrelevant tokens. The
intent of the will statement is to excuse the Execu-
tor from filing inventory. This is not contradicted by
the condition and law, requiring the model to clas-
sify the text as support. Nevertheless, the model
incorrectly classified it as unrelated. The reason
for the incorrect prediction is that the model (prob-
ably) relied on irrelevant tokens such as Making,
and, and the, which bear little semantic relevancy
to the text, versus more relevant tokens such as
inventories and excuses when making the predic-
tion. This is likely due to overfitting induced by
longer texts. This LIME explanation shows that
even the best performing model still has room for
improvement.

5 Future Work

This work can be expanded in several directions.
First, it can be extended to cover multiple states by
adapting the models or adding more data. Future
work can investigate if models trained on a single
state’s data can be adapted to evaluate data from
other states. Also, wills from multiple states could
be added to the dataset. We expect the augmented
dataset would enhance the models’ performance on
evaluating wills from other states.

This work can be expanded to other legal do-
mains. Models trained on our data can be adapted
to similar tasks in other legal domains.

Lastly, this work can be extended by investigat-
ing novel transformer models. Given the unique-
ness of our dataset with regard to the number of
inputs and text length, it is likely that further exper-
iment and modification is needed to handle such
characteristics.
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6 Conclusion

This work presented an annotated dataset for natu-
ral language inference (NLI) in the legal domain,
consisting of 1,014 data points generated from
23 publicly available wills. The dataset is novel
for two reasons: it included texts with three in-
put types (statement, law, and condition) rather
than two (premise and hypothesis) in the tradi-
tional NLI, and included texts are longer than in
general NLI datasets. The NLI models trained on
our dataset showed reasonable performance in as-
sessing the validity of will statements. Ablative
experiments demonstrated that the models’ perfor-
mances worsen if any input type (condition, law,
or both) is omitted. This suggests that the models
utilize all three input types. The LIME implemen-
tation reveals that even the best performing model
makes errors in some cases by using semantically
irrelevant tokens. Our open-access dataset is pub-
licly available at: https://github.com/ml4ai/
nli4wills-corpus

Limitations

Our dataset consists of a relatively small number
of data points (1,014 texts). Annotating will state-
ments with relevant laws and conditions is a highly
demanding, time intensive task. A larger size of
dataset would likely further improve the models’
performances.

Our dataset only includes wills executed and
probated in Tennessee, with execution after 1970
and probate after 2000. Due to these restrictions,
our framework might produce incorrect results on
inputs from wills from different settings. Supple-
menting the dataset with wills from more diverse
settings would address this limitation. Even though
the scope is limited to a single state (Tennessee),
our study demonstrates that transformer models
trained on the dataset can evaluate the validity of
statements from wills with reasonable accuracy.
Future additions to our dataset will be available
at the same URL: https://github.com/ml4ai/
nli4wills-corpus

This work does not involve humans in the loop.
Considering how crucial accuracy is for the task
(i.e., legal validity evaluation), the work would
have benefited much from involving domain ex-
perts. Even though our study discovered that the
state-of-the-art transformer models can show good
performances (over 85% accuracy in all 8 models)
without human interaction, it was also found that

the models’ understanding on the task is rather su-
perficial (GAs ranging from 49-85% in Table 2).
Including humans-in-the-loop could be a solution
for enhancing the models’ understanding on the
task.

Ethics Statement

We collected legal wills from Ancestry as a part of
our dataset creation process. The wills probated in
court are in the public domain in the US, and we did
not violate Ancestry’s Terms and Conditions when
collecting wills. We also anonymized the wills
by replacing any personal identifiable information
contained in the documents with special tokens.

Our datasets and codes are released to public.
We believe our released datasets and codes would
contribute to society by promoting further NLI en-
deavors in the legal domain. The resources could
potentially assist with people reviewing wills, but
they should not be considered as legal advice. To
avoid any confusion, we placed a disclaimer that
the users must not rely on any information provided
from our resources when making legal decisions
and should instead consult with an attorney.
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Abstract

This work introduces a natural language infer-
ence (NLI) dataset that focuses on the valid-
ity of statements in legal wills. This dataset
is unique because: (a) each entailment deci-
sion requires three inputs: the statement from
the will, the law, and the conditions that hold
at the time of the testator’s death; and (b) the
included texts are longer than the ones in cur-
rent NLI datasets. We trained eight neural NLI
models in this dataset. All the models achieve
more than 80% macro F1 and accuracy, which
indicates that neural approaches can handle
this task reasonably well. However, group ac-
curacy, a stricter evaluation measure that is cal-
culated with a group of positive and negative
examples generated from the same statement
as a unit, is in mid 80s at best, which suggests
that the models’ understanding of the task re-
mains superficial. Further ablative analyses
and explanation experiments indicate that all
three text segments are used for prediction, but
some decisions rely on semantically irrelevant
tokens. This indicates that overfitting on these
longer texts likely happens, and that additional
research is required for this task to be solved.

1 Introduction

Natural language inference (NLI) in the legal do-
main has not been widely investigated, despite its
importance and potential. One such important NLI
application is validity assessment of legal docu-
ments such as wills. Legal procedures for creating
and executing wills are evolving rapidly. Process-
ing a will via probate is a costly, time-consuming
process that can be exacerbated by errors or by
challenges to validity. These problems will likely
increase as people increasingly employ electronic
wills. Developing natural language techniques that
can determine a will’s validity at creation and ex-
ecution can increase validity, conserve legal re-
sources, and effectuate the author’s intent. To this
end, this work explores how NLI models can be em-
ployed to evaluate the validity of will statements.

NLI in general deals with determining whether
a premise entails, contradicts, or is neutral to the
hypothesis given. Our project made two impor-
tant changes to this approach to fit legal docu-
ments. First, our dataset contains three input types:
statements from wills (as hypotheses), laws (as
premises), and conditions, which are circumstances
at the time of probate (e.g., eligibility of the tes-
tator or witnesses). This adaptation is necessary
as will statements’ validity cannot be evaluated
without considering both circumstances at the time
of probate (“‘conditions”) and relevant legal rules
(“laws™). Also, we switched the labels from entail-
ment, contradict, neutral to support, refute, unre-
lated to better represent the relation between will
statements and laws.
The major contributions of this work are:

* We create an open-access annotated dataset
with 1,014 data points, generated from 23 pub-
licly available wills. In addition to the three-
tuple setting unique to the legal domain, this
dataset also contains texts considerably longer
than in other open-domain NLI datasets, such
as SNLI (Bowman et al., 2015). The average
length of our texts is 269 tokens, while the
average lengths of premises and hypotheses
in SNLI are 8 and 14 tokens, respectively.

* We demonstrate that validity assessment of
legal will statements can be handled reason-
ably well with state-of-the-art NLI models
when trained on our dataset. However, low
scores in group accuracy, which is a stricter
evaluation measure calculated with a group
of positive and negative examples generated
from the same statement as a unit, indicate
that work remains before NLI models fully
understand legal language.

* We explain how the trained models utilize our
dataset via ablation tests that remove various
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pieces of information at prediction time (laws,
conditions, or both), and through post-hoc
explainability analyses using LIME (Ribeiro
et al., 2016). Our analyses indicate that in
most cases the NLI classifiers use meaningful
phrases from all three pieces of text, indicat-
ing the models do capture useful information.
However, in some situations, the models use
features that are not intuitive for humans, in-
dicating that the task is incomplete.

2 Related Work

Natural language inference (NLI), also known as
Recognizing Textual Entailment (RTE), determines
entailment relations between a pair of sentences:
a premise and a hypothesis. Their relationship is
either: a) entailment, if a premise entails a hypoth-
esis; b) contradiction, if a premise contradicts a
hypothesis; or ¢) neutral, if a premise neither en-
tails nor contradicts a hypothesis. NLI has been
a key framework in natural language processing
since Dagan et al. (2006) proposed the RTE chal-
lenge.

Numerous datasets exist for general NLI tasks.
For example, the Stanford Natural Language In-
ference (SNLI) Corpus (Bowman et al., 2015)
dataset contains about 570,000 pairs of sentences
(premises and hypotheses) generated from Flickr
image captions. More recently, datasets for domain-
specific NLI tasks are being introduced. SciNLI
(Sadat and Caragea, 2022) is drawn from scientific
texts. It contains 107,412 sentence pairs extracted
from papers in natural language processing and
computational linguistics.

There have been a few NLI-related resources
for the legal domain, including IFlyLegal (Wang
et al., 2019), StAtutory Reasoning Assessment
(SARA) dataset (Holzenberger et al., 2020), Graph-
based Causal Inference (GCI) framework (Liu et al.,
2021), and ContractNLI (Koreeda and Manning,
2021). One IFlyLegal module was developed for
natural language article inference; it provides rel-
evant legal articles when asked legal questions.
SARA contains rules extracted from the US Inter-
nal Revenue Code and natural language questions.
GCI generates causal graphs based on fact descrip-
tions. Though the framework was not specifically
designed for law, Liu et al. (2021) demonstrated
that it can be utilized for legal text analysis. Con-
tractNLI is a dataset consisting of 607 legal con-
tracts designed to handle document-level natural

language inference.

Our work differs from these existing NLI works
in two ways: (a) it contains three types of input
information; and (b) it operates in a pragmatic mid-
dle space with respect to text length: larger than
datasets with sentence-level texts, which are in-
sufficient to capture legal details, but shorter than
document-level inference datasets.

3 Dataset

Our dataset includes three types of entries (will
statements, applicable law, and facts representing
external state) rather than the usual two types. Va-
lidity often depends upon such external circum-
stances. Thus, a will statement can be legally valid
under some facts, but not others. Hence, a will can
change from valid to invalid or vice versa; wills
must, at minimum, be evaluated when executed
(drafted and signed) and when probated (where a
court determines whether to implement its provi-
sions). For example, if a will contains a statement
appointing a specific person as executor, that per-
son’s eligibility must be verified. This requires
information about both the law and the person’s
circumstances at probate time. For example, ac-
cording to Tennessee Code section 40-20-115, any
person who has been imprisoned cannot be an ex-
ecutor. Thus, to assess eligibility of a Tennessee
executor in Tennessee, one must know whether
they have been in prison at probate time.

3.1 Data Collection

Our data was collected from the U.S. Wills and
Probates datasets in Ancestry, which contains doc-
uments in the public domain.! We chose 23 wills
based on three criteria: 1) whether the wills were
handwritten; 2) the wills’ execution and probation
dates; and 3) where the wills were executed and
probated. We excluded handwritten wills due to the
difficulty of OCR text recognition. Execution and
probation dates can affect interpretation of wills;
we excluded wills executed before 1970 and pro-
bated before 2000. Lastly, we only collected wills
from Tennessee, because including wills from mul-
tiple states would require analyzing each state’s
laws governing wills. Tennessee had the greatest
number of wills meeting our criteria.

All collected wills were anonymized. Personal
information was replaced with special tokens de-
noting the type of information (such as [Person-

!Court documents are in the public domain in the US.
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Law:

32-1-104. Will other than holographic or nuncupative — Signatures.
(a) The execution of a will, other than a holographic or nuncupative
will, must be by the signature of the testator and of at least two (2)
witnesses as follows: (1) The testator shall signify to the attesting
witnesses that the instrument is the testator's will and either: (A) The
testator sign; (B) Acknowledge the testator's signature already made;

Condition A:

The testator signed his/her will
while two or more witnesses were
present.

BN — support

Statement:

IN WITNESS WHEREOF, I have
hereunto signed, published and
declared this instrument as my —
Last Will and Testament, in
Lauderdale County, Tennessee, on

this 5th day of December, 2001.

Law:

or (C) At the testator's direction and in the testator's presence have
someone else sign the testator's name; and (D) In any of the above
cases the act must be done in the presence of two (2) or more
attesting witnesses; (2) The attesting witnesses must sign: (A) In the
presence of the testator; and (B) In the presence of each other.

Condition B:

The testator signed his/her will
while only one eligible witness
was present, and he/she didn't
acknowledge the signature made
to another witness.

— refute

27-9-104. Defendants named in petition. The petition shall be
addressed to the presiding chancellor and shall name as defendants
the particular board or commission and such other parties of record,

—> ConditionAorB ~F——» unrelated

if such, as were involved in the hearing before the board or

commission, and who do not join as petitioners.

Figure 1: A demonstration of the annotation procedure. Given a law and condition, each statement is evaluated
for validity. Support: it is supported by the law and condition provided; Refute: refuted by the law and condition.
Unrelated: not relevant to the law. When a statement and a law are unrelated to each other, a condition is not
required for classification. However, it is still assigned one of the conditions from either support or refute case.
The goal is to prevent NLI models from depending on contextual difference (i.e., “texts without conditions are all
unrelated cases”) rather than features when making predictions.

n], [Address-n], [Number-n], where n identi-
fied each person or object in the will. (Suntwal
et al. (2019) suggested this anonymization method).
Anonymization was performed manually to prevent
including personal information in the dataset.

3.2 Annotation

Each will statement was annotated as support, re-
fute, or unrelated based on a given condition and
law. (Our annotators set hypothetical conditions
when necessary to categorize statements.)

Importantly, each statement was annotated mul-
tiple times. A statement was annotated once
as support, once as refute, and thrice as unre-
lated.> This ensured that every statement was
labeled with all three classes in the same ratio
(support:refute:unrelated=1:1:3). Also, annotat-
ing statements three times more with “unrelated”
than support and refute enabled including a greater
range of laws in the dataset. Formally, our annota-
tion procedure included the following steps:

(1) preprocessing: extracting texts from collected
wills using OCR?, and copying statements into the
dataset;

(2) for each statement, identifying the Tennessee

2A few exceptions occurred when:
a) it was impossible to create a case where the statement
was refuted. In such cases, statements were not annotated as
"refute.”
b) a statement had more than one relevant legal rule. Such
statements were annotated twice as support, twice as refute,
and once as unrelated.

3The collected wills were scanned documents, so OCR
was necessary to extract machine-readable text.

legal provision that supported, refuted, or was un-
related to the statement’s validity;

(3) adding a condition specifying external circum-
stances relevant to validity;

(4) repeating these steps to generate five annota-
tions per statement;

(5) anonymizing all statements by replacing per-
sonal information with special tokens.

Figure 1 demonstrates the annotation procedure
with examples.

Two annotators participated in the task. One is a
law student, and annotation was supervised by au-
thor Bambauer, a law professor. The other annota-
tor does not have legal training, but ongoing discus-
sions and reviews ensured the uniform quality. The
annotators contributed equally. Annotators worked
individually but shared annotation guidelines. Af-
ter the annotation was complete, cross-annotation
was conducted on 200 randomly selected items
(100 items from each annotator’s set; each annota-
tor worked blinded on items drawn from the other
annotator’s set) to check inter-annotator agreement.
We calculated Kappa agreement score based on
the cross-annotation result, and the score is 0.91
(rounded to hundredth).

After the annotation was complete, the dataset
was split into training, development, and test sets.
There are 1014 data points in our dataset, split
50:25:25% (train: 504, development: 255, test:
255). When splitting, a group containing anno-
tations from a single statement (one support, one
refute, and three unrelated) was treated as a single
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Figure 2: Histograms demonstrating the length distribution of a) full texts (i.e., statement+condition+law), b)
statements, c¢) conditions, and d) laws in terms of token counts. Token counts are plotted on the X-axis; the Y-axis
indicates the number of texts/statements/conditions/laws for each bin.

Datasets Texts Tokens
Train 504 135218
Development 255 69643
Test 255 68042
Total 1014 272903

Table 1: The number of texts and tokens contained in
each dataset and in total

unit. Each annotator’s work was equally repre-
sented in all three datasets. All 23 wills appear in
more than one of the train, dev, and test partitions.
However, given the nature of the will statements
from the wills and how they were annotated, data
leakage is unlikely. Will statements are indepen-
dent and generally do not convey information about
other statements from the same wills. Summary
statistics are in Table 1 and Figure 2.

3.3 Characteristics of the Dataset

Our dataset has two characteristics distinguishing it
from other datasets: a) texts are composed of three
input types, and b) texts contain a large number of
tokens.

First, our task requires a third input type: a condi-
tion, since validity often depends upon conditions.

Second, our texts tend to contain a large number
of tokens. 44% of our texts contain 200 or more
tokens. The average token number was 269.14; 79
texts contain more than 512 tokens (the threshold
for most NLI models). Popular NLI datasets are
shorter.

3.4 Implementation

We trained multiple NLI models with our dataset to
assess their performance: four transformer models
and four sentence-transformer models. The trans-
former models include bert-base-uncased (Devlin
et al., 2018), distilbert-base-uncased (Sanh et al.,
2019a), roberta-large-mnli (Liu et al., 2019), and
longformer-base-4096 (Beltagy et al., 2020). Bert-
base-uncased and dilstilbert-base-uncased were
trained to set baselines on the task. In addition
to the baseline models, we used roberta-large-
mnli and longformer-base-4096. Among sentence-
transformer models (Reimers and Gurevych, 2019),
four pretrained models with top average perfor-
mances (based on the Model Overview page*) were
chosen: all-mpnet-base-v2>, multi-qa-mpnet-base-

4https://www.sbert.net
Shttps://huggingface.co/sentence-transformers/
all-mpnet-base-v2

Exhibit 1026 Page 101


https://www.sbert.net
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2

dot-v1°, all-distilroberta-v1 (Sanh et al., 2019b)’,
and all-MiniLM-L12-v2 (Wang et al., 2020)8.

To distinguish between statements, laws, and
conditions in the concatenated texts, we prefixed
each with a special token: [STATE], [LAW], and
[COND].

Both transformer models and sentence-
transformer models were trained on PyTorch
1.11.0 with Cuda 11.3. All transformer models
were trained using the Trainer class provided
by HuggingFace. Learning rates and training
epochs were tuned on the development partition.
Sentence-transformer models were trained with
Sentence Transformer Fine-Tuning (SetFit)
proposed by Wasserblat (2021). It was slightly
adapted to fit the multi-class classification task,
but its fundamentals remain intact. SetFit utilizes
sentence pairs generated within the same class
as training data. It fits the model with the data
to minimize the Softmax Loss. Once the model
is fitted, it is used to encode the training and
development (or test, when it is a testing phase)
datasets. The encoded data is used to fit the
Logistic Regression classifier (with ‘liblinear’
solver) which, finally, makes predictions.

All models except for longformer-base-4096
were trained and evaluated on the truncated datasets
due to the models’ token number limitations. The
models can only process texts with 512 or fewer to-
kens without truncation (all-MiniLM-L12-v2: 256
tokens; all-mpnet-base-v2: 384 tokens; other mod-
els, except longformer-base-4096: 512 tokens).
When truncating datasets, the ratio of average to-
ken numbers among three input types (statements,
laws, and conditions) was considered to prevent
losing excessive information from a single type of
input.

4 Results and Analysis

4.1 Evaluation Measures

We report results using standard accuracy, preci-
sion, recall, and F1 scores. To ensure all labels are
well represented, precision, recall, and F1 scores
were computed with Macro average. Additionally,
as suggested by Elazar et al. (2021), we introduce
a new measure called group accuracy (GA). GA

®https://huggingface.co/sentence-transformers/
multi-ga-mpnet-base-dot-v1

"https://huggingface.co/sentence-transformers/
all-distilroberta-vi

8https://huggingface.co/sentence-transformers/
all-MinilM-L12-v2

is calculated with a group of positive and nega-
tive examples from the same statement (rather than
each text) as a unit. If a group has one or more
incorrect predictions, the group is incorrect. If a
model correctly understands a will statement, it
should perform equally well on all examples from
the same statement.

4.2 Results from Trained Models

Table 2 shows the models’ performances on our
test partition. Overall, the models demonstrated
good performances. Each achieved more than 80%
in all metrics but group accuracy. Roberta-large-
mnli showed the best performance. It achieved over
96% in all metrics but group accuracy (84.31%),
suggesting it can handle the task reasonably well.
However, the large difference between accuracy
and group accuracy suggests that the models’ un-
derstanding of the task is superficial.

Accuracy for the unrelated label was higher
than for support and refute in all models except
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-
v1. This higher accuracy for unrelated label may
be partially attributable to the gap between accu-
racy and group accuracy, as it would inflate overall
accuracy. However, since the gap between accuracy
and group accuracy is not significantly smaller for
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-v1
(i.e., the models where accuracy for unrelated was
not higher than the other labels), it is more likely
that the gap originated from the strictness of group
accuracy and the models’ superficial understanding
of will statements.

Further, roberta-large-mnli (trained with trun-
cated inputs) showed better performance than
longformer-base-4096 (trained with full length in-
puts). This suggests that models with token number
limitations can still perform well with long inputs
when truncated properly.

4.3 Experiment with Different Input Lengths

To investigate whether the models’ performance
was affected by input length and/or input trunca-
tion, we varied input lengths. Inputs were classified
into three categories by length: a) short (equal or
less than 192 or 256 tokens); b) regular (larger than
192 or 256 tokens and equal or less than 384 or
512); and c) long (larger than 384 or 512)°. The

For all-mpnet-base-v2 model, 192 and 384 were used as
dividing points instead of 256 and 512, as its maximum token
length is 384.
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Model Precision Recall F1 Accuracy GA
Transformers models

bert-base-uncased 81.47 82.20 81.81 87.06 49.02
distilbert-base-uncased 82.37 82.59 8248 87.06 50.98
longformer-base-4096 94.09 93.69 93.85 94.90 74.51
roberta-large-mnli 96.67 96.25 96.42 96.86 84.31
Sentence-Transformers models

all-MiniLM-L12-v2 81.50 84.54 82.64 85.49 50.98
all-disilroberta-v1 83.43 8599 84.22 87.06 49.02
multi-qa-mpnet-base-dot-v1 91.48 94.13  92.65 93.73 74.51
all-mpnet-base-v2 92.93 95.05 93.82 94.90 76.47

Table 2: Results of all classifiers trained on our dataset using five measures: precision, recall, F1, accuracy, and
group accuracy (GA in table, see Section 4.1). Precision, recall, and F1 scores were computed with Macro average.
Group accuracy is calculated with positive and negative examples generated from the same statement as a unit. If
a group contains one or more incorrect predictions, the group is considered incorrect.

Model Precision Recall F1 Accuracy
all-mpnet-base-v2 (sample n = 52)

token <= 192 93.75 93.15 9291 94.23
192 < token <= 384 90.48 89.10 89.63 94.23
384 < token 86.35 89.49  87.08 88.46
longformer-base-4096 (sample n = 20)

token <= 256 95.24 88.89  90.77 95.00
256 < token <= 512 80.56 71.67 70.93 80.00
512 < token 73.81 66.67 6693 75.00
roberta-large-mnli (sample n = 20)

token <= 256 100 100 100 100
256 < token <= 512 94.87 85.00 88.76 90.00
512 < token 94.44 93.33 93.27 95.00

Table 3: Results with different input lengths. Models generally performed worse when token numbers in inputs
were larger. Roberta-large-mnli performed better than longformer-base-4096 in predicting long inputs (token >
512) despite truncation. Roberta-large-mnli also showed better performance on long inputs than regular inputs,
indicating input truncation did not worsen the model’s performance.

number of inputs in each category varied. To con-
trol the impact of varying sample size, categories
with larger sample sizes were reduced by random
sampling to match the smallest sample size. For
this experiment, we used the three models with best
performance on the full dataset.

Table 3 shows the results. Models generally
performed worse with larger input token numbers.
All three models performed best with inputs with
smaller token numbers. One interesting finding
is that roberta-large-mnli performed better than
longformer-base-4096 in predicting inputs with
large token numbers (n > 512) despite truncation.
Roberta-large-mnli showed better performance on
long inputs than regular inputs, indicating trunca-
tion did not negatively affect the model’s perfor-

mance. This finding aligns with the observation
from the overall results that models with token num-
ber limitation can still show good performances on
long inputs when properly truncated. However,
results differed with a smaller token number limita-
tion. All-mpnet-base-v2 performed worst on long
inputs (where truncation occurred), indicating trun-
cation negatively impacted performance.

4.4 Results from Ablation Experiment

To determine whether the models correctly rely on
all three types of texts (statements, conditions, and
laws), we conducted an ablation experiment, train-
ing the models with datasets lacking one (law or
condition) or two types (law+condition) of inputs.
Poliak et al. (2018) suggested a similar experiment
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Model Precision Recall F1 Accuracy GA
Statements and laws

all-mpnet-base-v2 75.64 76.47 7598 81.96 27.45
longformer-base-4096 75.72 7598 75779 82.75 37.25
roberta-large-mnli 77.93 7751 7755 84.31 39.22
Statements and conditions

all-mpnet-base-v2 46.67 5713 4480 44.31 0.00
longformer-base-4096 58.00 4944 5130 58.82 0.00
roberta-large-mnli 37.63 41.72  38.08 56.86 0.00
Statements only

all-mpnet-base-v2 36.76 3594  34.04 3647 0.00
longformer-base-4096 18.17 3333 2352 54.51 0.00
roberta-large-mnli 18.17 3333 2352 54.51 0.00

Table 4: Results from the ablation experiment where three models were trained with datasets lacking one (law or
condition) or two types (law+condition) of inputs. Results demonstrate that the models’ performances deteriorate
if one or more input type(s) is omitted. Thus, both types of inputs affect the models’ performances, though laws

have larger impact than conditions.

to this one to set hypothesis-only baselines. We
used the three models with the best performances
on the full dataset for this experiment.

Table 4 shows the results. Performance dete-
riorated if any input type was omitted. Among
the models trained on partial data, those trained
with statements and laws performed better, with
F1 scores over 75%. However, group accuracy
dropped to the 30s or even 20%s, indicating ac-
tual understanding decreased considerably. Models
trained with statements and conditions performed
significantly worse. Results ranged between 38%
and 52% for F1, and group accuracy dropped to
0. Models trained only with statements performed
worst, with F1 scores dropping to 35% or lower.

This degradation from partial data shows includ-
ing both conditions and laws positively affects the
models’ performance. Models use all three types
of inputs when making predictions!?. Laws have
more impact on performance than conditions, since
deterioration in results without laws was more sig-
nificant than from models trained without condi-

19A reviewer suggested an experiment where laws and con-
ditions are packed into premises and treat the task as nor-
mal NLI. A pilot experiment with the best performing model
(roberta-large-mnli) found a slight deterioration in perfor-
mance when laws and conditions were combined as premises
(precision: 93.09, recall: 93.89, F1: 93.41, accuracy: 94.12,
GA: 74.51; see Table 2 for comparison with main result). The
biggest difference came from GA score (74.51 vs. 84.31).
This lowered GA score implies that the model’s understand-
ing worsened when conditions and laws were combined into
premises. Given this preliminary result, it is likely that three-
way distinction in input types positively contributes to the

model’s performance. Nevertheless, as the performance differ-
ence is not significantly large, further investigation is needed.

tions. This is realistic, since laws set the parameters
within which conditions operate to make a given
provision valid or invalid.

4.5 Understanding Results with LIME

To clarify model behavior, we used Local Inter-
pretable Model-Agnostic Explanations (LIME) to
explain our classifiers’ predictions (Ribeiro et al.,
2016). We implemented LIME on predictions
made by the best performing model (roberta-large-
mnli, fine-tuned on our data). The LIME results
revealed that the model tends to correctly rely on
all three texts (statements, laws, conditions) for a
prediction, and uses meaningful features in many
cases. However, sometimes the model utilized fea-
tures that are not intuitive for humans.

4.5.1 A Correct Example

Figure 3 shows a case where the model made a
correct prediction based on features sensible to hu-
mans. Figure 3’s text is a statement saying two or
more witnesses witnessed the testator signing the
will and signed in each other’s presence. It includes
a condition stating that one of the two witnesses
was ineligible to serve under Tennessee law, and
the law specifying witness eligibility in Tennessee.
The given condition and the law invalidate the will
statement, rendering it as refute. The model cor-
rectly predicted the outcome based on tokens such
as ineligible, witnesses, One, testament, and 2. The
top two tokens with greatest impact on the model’s
prediction were ineligible and witnesses, with im-
portance score of 0.60 and 0.14, respectively. It is
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NOT refute refute

S

s Text with highlighted words

beneficial interest.

[STATE] We, the undersigned subscribing witnesses, do hereby certify that we witnessed the foregoing Last Will
and Testament of [Person-1] at his request, in his presence and in the presence of each other, and that he signed
the same in our presence, and in the presence of each of us, declaring the same to be his Last Will and Testament.
This 5th day of December, 2001. [COND] One out of the two witnesses was [HSIgIDIg to serve according to
Tennessee state law. [LAW] 32-1-103. Witnesses — Who may act. (a) Any person competent to be a witness
generally in this state may act as attesting witness to a will. (b) No will is invalidated because attested by an
interested witness, but any interested witness shall, unless the will is also attested by two (2) disinterested
witnesses, forfeit so much of the provisions therein made for the interested witness as in the aggregate exceeds in
value, as of the date of the testator's death, what the interested witness would have received had the testator died
intestate. (c) No attesting witness is interested unless the will gives to the attesting witness some personal and

Figure 3: Examples of LIME explanations showing a case where the model (roberta-large-mnli) makes correct

predictions based on features sensible to humans.

NOT unrelated unrelated

Text with highlighted words

deceased,

for making 8 filing an ifiventory of

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] The person named as an executor was eligible to serve 8ild agreed to serve as one. [LAW] 30-2-301. ViakKing
inventory — Return — NGEEE to beneficiaries. (a) The personal representative, within sixty (60) days after entering on
the administration of a testate or intestate estate, shall make a complete &fid accurate inven

return g fAventory to g clerk of
verify it by the personal representative's oath before
in such cases whether within or without

of the probate estate of
court exercising probate jurisdiction :i county of ffig estate,
clerk or before any person authorized by law to administer oaths
borders of tg §tate. When [l will of i€ deceased excuses fli§ requirement
estate, or when excused by all of i€ residuary distributees or legatees, no

inventory shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fig estate.

Figure 4: An example of a LIME explanation showing a case where the model (roberta-large-mnli) makes an
incorrect prediction based on the tokens such as Making, and, and the which bear little semantic relevancy to the

gist of the text.

understandable that these tokens have high scores,
as they are the keywords ("One out of two (2) wit-
nesses is ineligible") which provide grounds for
revoking a will statement.

4.5.2 An Incorrect Example

Figure 4 shows a case where the model made an in-
correct prediction based on irrelevant tokens. The
intent of the will statement is to excuse the Execu-
tor from filing inventory. This is not contradicted by
the condition and law, requiring the model to clas-
sify the text as support. Nevertheless, the model
incorrectly classified it as unrelated. The reason
for the incorrect prediction is that the model (prob-
ably) relied on irrelevant tokens such as Making,
and, and the, which bear little semantic relevancy
to the text, versus more relevant tokens such as
inventories and excuses when making the predic-
tion. This is likely due to overfitting induced by
longer texts. This LIME explanation shows that
even the best performing model still has room for
improvement.

5 Future Work

This work can be expanded in several directions.
First, it can be extended to cover multiple states by
adapting the models or adding more data. Future
work can investigate if models trained on a single
state’s data can be adapted to evaluate data from
other states. Also, wills from multiple states could
be added to the dataset. We expect the augmented
dataset would enhance the models’ performance on
evaluating wills from other states.

This work can be expanded to other legal do-
mains. Models trained on our data can be adapted
to similar tasks in other legal domains.

Lastly, this work can be extended by investigat-
ing novel transformer models. Given the unique-
ness of our dataset with regard to the number of
inputs and text length, it is likely that further exper-
iment and modification is needed to handle such
characteristics.
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6 Conclusion

This work presented an annotated dataset for natu-
ral language inference (NLI) in the legal domain,
consisting of 1,014 data points generated from
23 publicly available wills. The dataset is novel
for two reasons: it included texts with three in-
put types (statement, law, and condition) rather
than two (premise and hypothesis) in the tradi-
tional NLI, and included texts are longer than in
general NLI datasets. The NLI models trained on
our dataset showed reasonable performance in as-
sessing the validity of will statements. Ablative
experiments demonstrated that the models’ perfor-
mances worsen if any input type (condition, law,
or both) is omitted. This suggests that the models
utilize all three input types. The LIME implemen-
tation reveals that even the best performing model
makes errors in some cases by using semantically
irrelevant tokens. Our open-access dataset is pub-
licly available at: https://github.com/ml4ai/
nli4wills-corpus

Limitations

Our dataset consists of a relatively small number
of data points (1,014 texts). Annotating will state-
ments with relevant laws and conditions is a highly
demanding, time intensive task. A larger size of
dataset would likely further improve the models’
performances.

Our dataset only includes wills executed and
probated in Tennessee, with execution after 1970
and probate after 2000. Due to these restrictions,
our framework might produce incorrect results on
inputs from wills from different settings. Supple-
menting the dataset with wills from more diverse
settings would address this limitation. Even though
the scope is limited to a single state (Tennessee),
our study demonstrates that transformer models
trained on the dataset can evaluate the validity of
statements from wills with reasonable accuracy.
Future additions to our dataset will be available
at the same URL: https://github.com/ml4ai/
nli4wills-corpus

This work does not involve humans in the loop.
Considering how crucial accuracy is for the task
(i.e., legal validity evaluation), the work would
have benefited much from involving domain ex-
perts. Even though our study discovered that the
state-of-the-art transformer models can show good
performances (over 85% accuracy in all 8 models)
without human interaction, it was also found that

the models’ understanding on the task is rather su-
perficial (GAs ranging from 49-85% in Table 2).
Including humans-in-the-loop could be a solution
for enhancing the models’ understanding on the
task.

Ethics Statement

We collected legal wills from Ancestry as a part of
our dataset creation process. The wills probated in
court are in the public domain in the US, and we did
not violate Ancestry’s Terms and Conditions when
collecting wills. We also anonymized the wills
by replacing any personal identifiable information
contained in the documents with special tokens.

Our datasets and codes are released to public.
We believe our released datasets and codes would
contribute to society by promoting further NLI en-
deavors in the legal domain. The resources could
potentially assist with people reviewing wills, but
they should not be considered as legal advice. To
avoid any confusion, we placed a disclaimer that
the users must not rely on any information provided
from our resources when making legal decisions
and should instead consult with an attorney.
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Abstract

This work introduces a natural language infer-
ence (NLI) dataset that focuses on the valid-
ity of statements in legal wills. This dataset
is unique because: (a) each entailment deci-
sion requires three inputs: the statement from
the will, the law, and the conditions that hold
at the time of the testator’s death; and (b) the
included texts are longer than the ones in cur-
rent NLI datasets. We trained eight neural NLI
models in this dataset. All the models achieve
more than 80% macro F1 and accuracy, which
indicates that neural approaches can handle
this task reasonably well. However, group ac-
curacy, a stricter evaluation measure that is cal-
culated with a group of positive and negative
examples generated from the same statement
as a unit, is in mid 80s at best, which suggests
that the models’ understanding of the task re-
mains superficial. Further ablative analyses
and explanation experiments indicate that all
three text segments are used for prediction, but
some decisions rely on semantically irrelevant
tokens. This indicates that overfitting on these
longer texts likely happens, and that additional
research is required for this task to be solved.

1 Introduction

Natural language inference (NLI) in the legal do-
main has not been widely investigated, despite its
importance and potential. One such important NLI
application is validity assessment of legal docu-
ments such as wills. Legal procedures for creating
and executing wills are evolving rapidly. Process-
ing a will via probate is a costly, time-consuming
process that can be exacerbated by errors or by
challenges to validity. These problems will likely
increase as people increasingly employ electronic
wills. Developing natural language techniques that
can determine a will’s validity at creation and ex-
ecution can increase validity, conserve legal re-
sources, and effectuate the author’s intent. To this
end, this work explores how NLI models can be em-
ployed to evaluate the validity of will statements.

NLI in general deals with determining whether
a premise entails, contradicts, or is neutral to the
hypothesis given. Our project made two impor-
tant changes to this approach to fit legal docu-
ments. First, our dataset contains three input types:
statements from wills (as hypotheses), laws (as
premises), and conditions, which are circumstances
at the time of probate (e.g., eligibility of the tes-
tator or witnesses). This adaptation is necessary
as will statements’ validity cannot be evaluated
without considering both circumstances at the time
of probate (“‘conditions”) and relevant legal rules
(“laws™). Also, we switched the labels from entail-
ment, contradict, neutral to support, refute, unre-
lated to better represent the relation between will
statements and laws.
The major contributions of this work are:

* We create an open-access annotated dataset
with 1,014 data points, generated from 23 pub-
licly available wills. In addition to the three-
tuple setting unique to the legal domain, this
dataset also contains texts considerably longer
than in other open-domain NLI datasets, such
as SNLI (Bowman et al., 2015). The average
length of our texts is 269 tokens, while the
average lengths of premises and hypotheses
in SNLI are 8 and 14 tokens, respectively.

* We demonstrate that validity assessment of
legal will statements can be handled reason-
ably well with state-of-the-art NLI models
when trained on our dataset. However, low
scores in group accuracy, which is a stricter
evaluation measure calculated with a group
of positive and negative examples generated
from the same statement as a unit, indicate
that work remains before NLI models fully
understand legal language.

* We explain how the trained models utilize our
dataset via ablation tests that remove various
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pieces of information at prediction time (laws,
conditions, or both), and through post-hoc
explainability analyses using LIME (Ribeiro
et al., 2016). Our analyses indicate that in
most cases the NLI classifiers use meaningful
phrases from all three pieces of text, indicat-
ing the models do capture useful information.
However, in some situations, the models use
features that are not intuitive for humans, in-
dicating that the task is incomplete.

2 Related Work

Natural language inference (NLI), also known as
Recognizing Textual Entailment (RTE), determines
entailment relations between a pair of sentences:
a premise and a hypothesis. Their relationship is
either: a) entailment, if a premise entails a hypoth-
esis; b) contradiction, if a premise contradicts a
hypothesis; or ¢) neutral, if a premise neither en-
tails nor contradicts a hypothesis. NLI has been
a key framework in natural language processing
since Dagan et al. (2006) proposed the RTE chal-
lenge.

Numerous datasets exist for general NLI tasks.
For example, the Stanford Natural Language In-
ference (SNLI) Corpus (Bowman et al., 2015)
dataset contains about 570,000 pairs of sentences
(premises and hypotheses) generated from Flickr
image captions. More recently, datasets for domain-
specific NLI tasks are being introduced. SciNLI
(Sadat and Caragea, 2022) is drawn from scientific
texts. It contains 107,412 sentence pairs extracted
from papers in natural language processing and
computational linguistics.

There have been a few NLI-related resources
for the legal domain, including IFlyLegal (Wang
et al., 2019), StAtutory Reasoning Assessment
(SARA) dataset (Holzenberger et al., 2020), Graph-
based Causal Inference (GCI) framework (Liu et al.,
2021), and ContractNLI (Koreeda and Manning,
2021). One IFlyLegal module was developed for
natural language article inference; it provides rel-
evant legal articles when asked legal questions.
SARA contains rules extracted from the US Inter-
nal Revenue Code and natural language questions.
GCI generates causal graphs based on fact descrip-
tions. Though the framework was not specifically
designed for law, Liu et al. (2021) demonstrated
that it can be utilized for legal text analysis. Con-
tractNLI is a dataset consisting of 607 legal con-
tracts designed to handle document-level natural

language inference.

Our work differs from these existing NLI works
in two ways: (a) it contains three types of input
information; and (b) it operates in a pragmatic mid-
dle space with respect to text length: larger than
datasets with sentence-level texts, which are in-
sufficient to capture legal details, but shorter than
document-level inference datasets.

3 Dataset

Our dataset includes three types of entries (will
statements, applicable law, and facts representing
external state) rather than the usual two types. Va-
lidity often depends upon such external circum-
stances. Thus, a will statement can be legally valid
under some facts, but not others. Hence, a will can
change from valid to invalid or vice versa; wills
must, at minimum, be evaluated when executed
(drafted and signed) and when probated (where a
court determines whether to implement its provi-
sions). For example, if a will contains a statement
appointing a specific person as executor, that per-
son’s eligibility must be verified. This requires
information about both the law and the person’s
circumstances at probate time. For example, ac-
cording to Tennessee Code section 40-20-115, any
person who has been imprisoned cannot be an ex-
ecutor. Thus, to assess eligibility of a Tennessee
executor in Tennessee, one must know whether
they have been in prison at probate time.

3.1 Data Collection

Our data was collected from the U.S. Wills and
Probates datasets in Ancestry, which contains doc-
uments in the public domain.! We chose 23 wills
based on three criteria: 1) whether the wills were
handwritten; 2) the wills’ execution and probation
dates; and 3) where the wills were executed and
probated. We excluded handwritten wills due to the
difficulty of OCR text recognition. Execution and
probation dates can affect interpretation of wills;
we excluded wills executed before 1970 and pro-
bated before 2000. Lastly, we only collected wills
from Tennessee, because including wills from mul-
tiple states would require analyzing each state’s
laws governing wills. Tennessee had the greatest
number of wills meeting our criteria.

All collected wills were anonymized. Personal
information was replaced with special tokens de-
noting the type of information (such as [Person-

!Court documents are in the public domain in the US.
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Law:

32-1-104. Will other than holographic or nuncupative — Signatures.
(a) The execution of a will, other than a holographic or nuncupative
will, must be by the signature of the testator and of at least two (2)
witnesses as follows: (1) The testator shall signify to the attesting
witnesses that the instrument is the testator's will and either: (A) The
testator sign; (B) Acknowledge the testator's signature already made;

Condition A:

The testator signed his/her will
while two or more witnesses were
present.

BN — support

Statement:

IN WITNESS WHEREOF, I have
hereunto signed, published and
declared this instrument as my —
Last Will and Testament, in
Lauderdale County, Tennessee, on

this 5th day of December, 2001.

Law:

or (C) At the testator's direction and in the testator's presence have
someone else sign the testator's name; and (D) In any of the above
cases the act must be done in the presence of two (2) or more
attesting witnesses; (2) The attesting witnesses must sign: (A) In the
presence of the testator; and (B) In the presence of each other.

Condition B:

The testator signed his/her will
while only one eligible witness
was present, and he/she didn't
acknowledge the signature made
to another witness.

— refute

27-9-104. Defendants named in petition. The petition shall be
addressed to the presiding chancellor and shall name as defendants
the particular board or commission and such other parties of record,

—> ConditionAorB ~F——» unrelated

if such, as were involved in the hearing before the board or

commission, and who do not join as petitioners.

Figure 1: A demonstration of the annotation procedure. Given a law and condition, each statement is evaluated
for validity. Support: it is supported by the law and condition provided; Refute: refuted by the law and condition.
Unrelated: not relevant to the law. When a statement and a law are unrelated to each other, a condition is not
required for classification. However, it is still assigned one of the conditions from either support or refute case.
The goal is to prevent NLI models from depending on contextual difference (i.e., “texts without conditions are all
unrelated cases”) rather than features when making predictions.

n], [Address-n], [Number-n], where n identi-
fied each person or object in the will. (Suntwal
et al. (2019) suggested this anonymization method).
Anonymization was performed manually to prevent
including personal information in the dataset.

3.2 Annotation

Each will statement was annotated as support, re-
fute, or unrelated based on a given condition and
law. (Our annotators set hypothetical conditions
when necessary to categorize statements.)

Importantly, each statement was annotated mul-
tiple times. A statement was annotated once
as support, once as refute, and thrice as unre-
lated.> This ensured that every statement was
labeled with all three classes in the same ratio
(support:refute:unrelated=1:1:3). Also, annotat-
ing statements three times more with “unrelated”
than support and refute enabled including a greater
range of laws in the dataset. Formally, our annota-
tion procedure included the following steps:

(1) preprocessing: extracting texts from collected
wills using OCR?, and copying statements into the
dataset;

(2) for each statement, identifying the Tennessee

2A few exceptions occurred when:
a) it was impossible to create a case where the statement
was refuted. In such cases, statements were not annotated as
"refute.”
b) a statement had more than one relevant legal rule. Such
statements were annotated twice as support, twice as refute,
and once as unrelated.

3The collected wills were scanned documents, so OCR
was necessary to extract machine-readable text.

legal provision that supported, refuted, or was un-
related to the statement’s validity;

(3) adding a condition specifying external circum-
stances relevant to validity;

(4) repeating these steps to generate five annota-
tions per statement;

(5) anonymizing all statements by replacing per-
sonal information with special tokens.

Figure 1 demonstrates the annotation procedure
with examples.

Two annotators participated in the task. One is a
law student, and annotation was supervised by au-
thor Bambauer, a law professor. The other annota-
tor does not have legal training, but ongoing discus-
sions and reviews ensured the uniform quality. The
annotators contributed equally. Annotators worked
individually but shared annotation guidelines. Af-
ter the annotation was complete, cross-annotation
was conducted on 200 randomly selected items
(100 items from each annotator’s set; each annota-
tor worked blinded on items drawn from the other
annotator’s set) to check inter-annotator agreement.
We calculated Kappa agreement score based on
the cross-annotation result, and the score is 0.91
(rounded to hundredth).

After the annotation was complete, the dataset
was split into training, development, and test sets.
There are 1014 data points in our dataset, split
50:25:25% (train: 504, development: 255, test:
255). When splitting, a group containing anno-
tations from a single statement (one support, one
refute, and three unrelated) was treated as a single
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Figure 2: Histograms demonstrating the length distribution of a) full texts (i.e., statement+condition+law), b)
statements, c¢) conditions, and d) laws in terms of token counts. Token counts are plotted on the X-axis; the Y-axis
indicates the number of texts/statements/conditions/laws for each bin.

Datasets Texts Tokens
Train 504 135218
Development 255 69643
Test 255 68042
Total 1014 272903

Table 1: The number of texts and tokens contained in
each dataset and in total

unit. Each annotator’s work was equally repre-
sented in all three datasets. All 23 wills appear in
more than one of the train, dev, and test partitions.
However, given the nature of the will statements
from the wills and how they were annotated, data
leakage is unlikely. Will statements are indepen-
dent and generally do not convey information about
other statements from the same wills. Summary
statistics are in Table 1 and Figure 2.

3.3 Characteristics of the Dataset

Our dataset has two characteristics distinguishing it
from other datasets: a) texts are composed of three
input types, and b) texts contain a large number of
tokens.

First, our task requires a third input type: a condi-
tion, since validity often depends upon conditions.

Second, our texts tend to contain a large number
of tokens. 44% of our texts contain 200 or more
tokens. The average token number was 269.14; 79
texts contain more than 512 tokens (the threshold
for most NLI models). Popular NLI datasets are
shorter.

3.4 Implementation

We trained multiple NLI models with our dataset to
assess their performance: four transformer models
and four sentence-transformer models. The trans-
former models include bert-base-uncased (Devlin
et al., 2018), distilbert-base-uncased (Sanh et al.,
2019a), roberta-large-mnli (Liu et al., 2019), and
longformer-base-4096 (Beltagy et al., 2020). Bert-
base-uncased and dilstilbert-base-uncased were
trained to set baselines on the task. In addition
to the baseline models, we used roberta-large-
mnli and longformer-base-4096. Among sentence-
transformer models (Reimers and Gurevych, 2019),
four pretrained models with top average perfor-
mances (based on the Model Overview page*) were
chosen: all-mpnet-base-v2>, multi-qa-mpnet-base-

4https://www.sbert.net
Shttps://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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dot-v1°, all-distilroberta-v1 (Sanh et al., 2019b)’,
and all-MiniLM-L12-v2 (Wang et al., 2020)8.

To distinguish between statements, laws, and
conditions in the concatenated texts, we prefixed
each with a special token: [STATE], [LAW], and
[COND].

Both transformer models and sentence-
transformer models were trained on PyTorch
1.11.0 with Cuda 11.3. All transformer models
were trained using the Trainer class provided
by HuggingFace. Learning rates and training
epochs were tuned on the development partition.
Sentence-transformer models were trained with
Sentence Transformer Fine-Tuning (SetFit)
proposed by Wasserblat (2021). It was slightly
adapted to fit the multi-class classification task,
but its fundamentals remain intact. SetFit utilizes
sentence pairs generated within the same class
as training data. It fits the model with the data
to minimize the Softmax Loss. Once the model
is fitted, it is used to encode the training and
development (or test, when it is a testing phase)
datasets. The encoded data is used to fit the
Logistic Regression classifier (with ‘liblinear’
solver) which, finally, makes predictions.

All models except for longformer-base-4096
were trained and evaluated on the truncated datasets
due to the models’ token number limitations. The
models can only process texts with 512 or fewer to-
kens without truncation (all-MiniLM-L12-v2: 256
tokens; all-mpnet-base-v2: 384 tokens; other mod-
els, except longformer-base-4096: 512 tokens).
When truncating datasets, the ratio of average to-
ken numbers among three input types (statements,
laws, and conditions) was considered to prevent
losing excessive information from a single type of
input.

4 Results and Analysis

4.1 Evaluation Measures

We report results using standard accuracy, preci-
sion, recall, and F1 scores. To ensure all labels are
well represented, precision, recall, and F1 scores
were computed with Macro average. Additionally,
as suggested by Elazar et al. (2021), we introduce
a new measure called group accuracy (GA). GA

®https://huggingface.co/sentence-transformers/
multi-ga-mpnet-base-dot-v1

"https://huggingface.co/sentence-transformers/
all-distilroberta-vi

8https://huggingface.co/sentence-transformers/
all-MinilM-L12-v2

is calculated with a group of positive and nega-
tive examples from the same statement (rather than
each text) as a unit. If a group has one or more
incorrect predictions, the group is incorrect. If a
model correctly understands a will statement, it
should perform equally well on all examples from
the same statement.

4.2 Results from Trained Models

Table 2 shows the models’ performances on our
test partition. Overall, the models demonstrated
good performances. Each achieved more than 80%
in all metrics but group accuracy. Roberta-large-
mnli showed the best performance. It achieved over
96% in all metrics but group accuracy (84.31%),
suggesting it can handle the task reasonably well.
However, the large difference between accuracy
and group accuracy suggests that the models’ un-
derstanding of the task is superficial.

Accuracy for the unrelated label was higher
than for support and refute in all models except
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-
v1. This higher accuracy for unrelated label may
be partially attributable to the gap between accu-
racy and group accuracy, as it would inflate overall
accuracy. However, since the gap between accuracy
and group accuracy is not significantly smaller for
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-v1
(i.e., the models where accuracy for unrelated was
not higher than the other labels), it is more likely
that the gap originated from the strictness of group
accuracy and the models’ superficial understanding
of will statements.

Further, roberta-large-mnli (trained with trun-
cated inputs) showed better performance than
longformer-base-4096 (trained with full length in-
puts). This suggests that models with token number
limitations can still perform well with long inputs
when truncated properly.

4.3 Experiment with Different Input Lengths

To investigate whether the models’ performance
was affected by input length and/or input trunca-
tion, we varied input lengths. Inputs were classified
into three categories by length: a) short (equal or
less than 192 or 256 tokens); b) regular (larger than
192 or 256 tokens and equal or less than 384 or
512); and c) long (larger than 384 or 512)°. The

For all-mpnet-base-v2 model, 192 and 384 were used as
dividing points instead of 256 and 512, as its maximum token
length is 384.
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Model Precision Recall F1 Accuracy GA
Transformers models

bert-base-uncased 81.47 82.20 81.81 87.06 49.02
distilbert-base-uncased 82.37 82.59 8248 87.06 50.98
longformer-base-4096 94.09 93.69 93.85 94.90 74.51
roberta-large-mnli 96.67 96.25 96.42 96.86 84.31
Sentence-Transformers models

all-MiniLM-L12-v2 81.50 84.54 82.64 85.49 50.98
all-disilroberta-v1 83.43 8599 84.22 87.06 49.02
multi-qa-mpnet-base-dot-v1 91.48 94.13  92.65 93.73 74.51
all-mpnet-base-v2 92.93 95.05 93.82 94.90 76.47

Table 2: Results of all classifiers trained on our dataset using five measures: precision, recall, F1, accuracy, and
group accuracy (GA in table, see Section 4.1). Precision, recall, and F1 scores were computed with Macro average.
Group accuracy is calculated with positive and negative examples generated from the same statement as a unit. If
a group contains one or more incorrect predictions, the group is considered incorrect.

Model Precision Recall F1 Accuracy
all-mpnet-base-v2 (sample n = 52)

token <= 192 93.75 93.15 9291 94.23
192 < token <= 384 90.48 89.10 89.63 94.23
384 < token 86.35 89.49  87.08 88.46
longformer-base-4096 (sample n = 20)

token <= 256 95.24 88.89  90.77 95.00
256 < token <= 512 80.56 71.67 70.93 80.00
512 < token 73.81 66.67 6693 75.00
roberta-large-mnli (sample n = 20)

token <= 256 100 100 100 100
256 < token <= 512 94.87 85.00 88.76 90.00
512 < token 94.44 93.33 93.27 95.00

Table 3: Results with different input lengths. Models generally performed worse when token numbers in inputs
were larger. Roberta-large-mnli performed better than longformer-base-4096 in predicting long inputs (token >
512) despite truncation. Roberta-large-mnli also showed better performance on long inputs than regular inputs,
indicating input truncation did not worsen the model’s performance.

number of inputs in each category varied. To con-
trol the impact of varying sample size, categories
with larger sample sizes were reduced by random
sampling to match the smallest sample size. For
this experiment, we used the three models with best
performance on the full dataset.

Table 3 shows the results. Models generally
performed worse with larger input token numbers.
All three models performed best with inputs with
smaller token numbers. One interesting finding
is that roberta-large-mnli performed better than
longformer-base-4096 in predicting inputs with
large token numbers (n > 512) despite truncation.
Roberta-large-mnli showed better performance on
long inputs than regular inputs, indicating trunca-
tion did not negatively affect the model’s perfor-

mance. This finding aligns with the observation
from the overall results that models with token num-
ber limitation can still show good performances on
long inputs when properly truncated. However,
results differed with a smaller token number limita-
tion. All-mpnet-base-v2 performed worst on long
inputs (where truncation occurred), indicating trun-
cation negatively impacted performance.

4.4 Results from Ablation Experiment

To determine whether the models correctly rely on
all three types of texts (statements, conditions, and
laws), we conducted an ablation experiment, train-
ing the models with datasets lacking one (law or
condition) or two types (law+condition) of inputs.
Poliak et al. (2018) suggested a similar experiment
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Model Precision Recall F1 Accuracy GA
Statements and laws

all-mpnet-base-v2 75.64 76.47 7598 81.96 27.45
longformer-base-4096 75.72 7598 75779 82.75 37.25
roberta-large-mnli 77.93 7751 7755 84.31 39.22
Statements and conditions

all-mpnet-base-v2 46.67 5713 4480 44.31 0.00
longformer-base-4096 58.00 4944 5130 58.82 0.00
roberta-large-mnli 37.63 41.72  38.08 56.86 0.00
Statements only

all-mpnet-base-v2 36.76 3594  34.04 3647 0.00
longformer-base-4096 18.17 3333 2352 54.51 0.00
roberta-large-mnli 18.17 3333 2352 54.51 0.00

Table 4: Results from the ablation experiment where three models were trained with datasets lacking one (law or
condition) or two types (law+condition) of inputs. Results demonstrate that the models’ performances deteriorate
if one or more input type(s) is omitted. Thus, both types of inputs affect the models’ performances, though laws

have larger impact than conditions.

to this one to set hypothesis-only baselines. We
used the three models with the best performances
on the full dataset for this experiment.

Table 4 shows the results. Performance dete-
riorated if any input type was omitted. Among
the models trained on partial data, those trained
with statements and laws performed better, with
F1 scores over 75%. However, group accuracy
dropped to the 30s or even 20%s, indicating ac-
tual understanding decreased considerably. Models
trained with statements and conditions performed
significantly worse. Results ranged between 38%
and 52% for F1, and group accuracy dropped to
0. Models trained only with statements performed
worst, with F1 scores dropping to 35% or lower.

This degradation from partial data shows includ-
ing both conditions and laws positively affects the
models’ performance. Models use all three types
of inputs when making predictions!?. Laws have
more impact on performance than conditions, since
deterioration in results without laws was more sig-
nificant than from models trained without condi-

19A reviewer suggested an experiment where laws and con-
ditions are packed into premises and treat the task as nor-
mal NLI. A pilot experiment with the best performing model
(roberta-large-mnli) found a slight deterioration in perfor-
mance when laws and conditions were combined as premises
(precision: 93.09, recall: 93.89, F1: 93.41, accuracy: 94.12,
GA: 74.51; see Table 2 for comparison with main result). The
biggest difference came from GA score (74.51 vs. 84.31).
This lowered GA score implies that the model’s understand-
ing worsened when conditions and laws were combined into
premises. Given this preliminary result, it is likely that three-
way distinction in input types positively contributes to the

model’s performance. Nevertheless, as the performance differ-
ence is not significantly large, further investigation is needed.

tions. This is realistic, since laws set the parameters
within which conditions operate to make a given
provision valid or invalid.

4.5 Understanding Results with LIME

To clarify model behavior, we used Local Inter-
pretable Model-Agnostic Explanations (LIME) to
explain our classifiers’ predictions (Ribeiro et al.,
2016). We implemented LIME on predictions
made by the best performing model (roberta-large-
mnli, fine-tuned on our data). The LIME results
revealed that the model tends to correctly rely on
all three texts (statements, laws, conditions) for a
prediction, and uses meaningful features in many
cases. However, sometimes the model utilized fea-
tures that are not intuitive for humans.

4.5.1 A Correct Example

Figure 3 shows a case where the model made a
correct prediction based on features sensible to hu-
mans. Figure 3’s text is a statement saying two or
more witnesses witnessed the testator signing the
will and signed in each other’s presence. It includes
a condition stating that one of the two witnesses
was ineligible to serve under Tennessee law, and
the law specifying witness eligibility in Tennessee.
The given condition and the law invalidate the will
statement, rendering it as refute. The model cor-
rectly predicted the outcome based on tokens such
as ineligible, witnesses, One, testament, and 2. The
top two tokens with greatest impact on the model’s
prediction were ineligible and witnesses, with im-
portance score of 0.60 and 0.14, respectively. It is
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NOT refute refute

S

s Text with highlighted words

beneficial interest.

[STATE] We, the undersigned subscribing witnesses, do hereby certify that we witnessed the foregoing Last Will
and Testament of [Person-1] at his request, in his presence and in the presence of each other, and that he signed
the same in our presence, and in the presence of each of us, declaring the same to be his Last Will and Testament.
This 5th day of December, 2001. [COND] One out of the two witnesses was [HSIgIDIg to serve according to
Tennessee state law. [LAW] 32-1-103. Witnesses — Who may act. (a) Any person competent to be a witness
generally in this state may act as attesting witness to a will. (b) No will is invalidated because attested by an
interested witness, but any interested witness shall, unless the will is also attested by two (2) disinterested
witnesses, forfeit so much of the provisions therein made for the interested witness as in the aggregate exceeds in
value, as of the date of the testator's death, what the interested witness would have received had the testator died
intestate. (c) No attesting witness is interested unless the will gives to the attesting witness some personal and

Figure 3: Examples of LIME explanations showing a case where the model (roberta-large-mnli) makes correct

predictions based on features sensible to humans.

NOT unrelated unrelated

Text with highlighted words

deceased,

for making 8 filing an ifiventory of

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] The person named as an executor was eligible to serve 8ild agreed to serve as one. [LAW] 30-2-301. ViakKing
inventory — Return — NGEEE to beneficiaries. (a) The personal representative, within sixty (60) days after entering on
the administration of a testate or intestate estate, shall make a complete &fid accurate inven

return g fAventory to g clerk of
verify it by the personal representative's oath before
in such cases whether within or without

of the probate estate of
court exercising probate jurisdiction :i county of ffig estate,
clerk or before any person authorized by law to administer oaths
borders of tg §tate. When [l will of i€ deceased excuses fli§ requirement
estate, or when excused by all of i€ residuary distributees or legatees, no

inventory shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fig estate.

Figure 4: An example of a LIME explanation showing a case where the model (roberta-large-mnli) makes an
incorrect prediction based on the tokens such as Making, and, and the which bear little semantic relevancy to the

gist of the text.

understandable that these tokens have high scores,
as they are the keywords ("One out of two (2) wit-
nesses is ineligible") which provide grounds for
revoking a will statement.

4.5.2 An Incorrect Example

Figure 4 shows a case where the model made an in-
correct prediction based on irrelevant tokens. The
intent of the will statement is to excuse the Execu-
tor from filing inventory. This is not contradicted by
the condition and law, requiring the model to clas-
sify the text as support. Nevertheless, the model
incorrectly classified it as unrelated. The reason
for the incorrect prediction is that the model (prob-
ably) relied on irrelevant tokens such as Making,
and, and the, which bear little semantic relevancy
to the text, versus more relevant tokens such as
inventories and excuses when making the predic-
tion. This is likely due to overfitting induced by
longer texts. This LIME explanation shows that
even the best performing model still has room for
improvement.

5 Future Work

This work can be expanded in several directions.
First, it can be extended to cover multiple states by
adapting the models or adding more data. Future
work can investigate if models trained on a single
state’s data can be adapted to evaluate data from
other states. Also, wills from multiple states could
be added to the dataset. We expect the augmented
dataset would enhance the models’ performance on
evaluating wills from other states.

This work can be expanded to other legal do-
mains. Models trained on our data can be adapted
to similar tasks in other legal domains.

Lastly, this work can be extended by investigat-
ing novel transformer models. Given the unique-
ness of our dataset with regard to the number of
inputs and text length, it is likely that further exper-
iment and modification is needed to handle such
characteristics.
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6 Conclusion

This work presented an annotated dataset for natu-
ral language inference (NLI) in the legal domain,
consisting of 1,014 data points generated from
23 publicly available wills. The dataset is novel
for two reasons: it included texts with three in-
put types (statement, law, and condition) rather
than two (premise and hypothesis) in the tradi-
tional NLI, and included texts are longer than in
general NLI datasets. The NLI models trained on
our dataset showed reasonable performance in as-
sessing the validity of will statements. Ablative
experiments demonstrated that the models’ perfor-
mances worsen if any input type (condition, law,
or both) is omitted. This suggests that the models
utilize all three input types. The LIME implemen-
tation reveals that even the best performing model
makes errors in some cases by using semantically
irrelevant tokens. Our open-access dataset is pub-
licly available at: https://github.com/ml4ai/
nli4wills-corpus

Limitations

Our dataset consists of a relatively small number
of data points (1,014 texts). Annotating will state-
ments with relevant laws and conditions is a highly
demanding, time intensive task. A larger size of
dataset would likely further improve the models’
performances.

Our dataset only includes wills executed and
probated in Tennessee, with execution after 1970
and probate after 2000. Due to these restrictions,
our framework might produce incorrect results on
inputs from wills from different settings. Supple-
menting the dataset with wills from more diverse
settings would address this limitation. Even though
the scope is limited to a single state (Tennessee),
our study demonstrates that transformer models
trained on the dataset can evaluate the validity of
statements from wills with reasonable accuracy.
Future additions to our dataset will be available
at the same URL: https://github.com/ml4ai/
nli4wills-corpus

This work does not involve humans in the loop.
Considering how crucial accuracy is for the task
(i.e., legal validity evaluation), the work would
have benefited much from involving domain ex-
perts. Even though our study discovered that the
state-of-the-art transformer models can show good
performances (over 85% accuracy in all 8 models)
without human interaction, it was also found that

the models’ understanding on the task is rather su-
perficial (GAs ranging from 49-85% in Table 2).
Including humans-in-the-loop could be a solution
for enhancing the models’ understanding on the
task.

Ethics Statement

We collected legal wills from Ancestry as a part of
our dataset creation process. The wills probated in
court are in the public domain in the US, and we did
not violate Ancestry’s Terms and Conditions when
collecting wills. We also anonymized the wills
by replacing any personal identifiable information
contained in the documents with special tokens.

Our datasets and codes are released to public.
We believe our released datasets and codes would
contribute to society by promoting further NLI en-
deavors in the legal domain. The resources could
potentially assist with people reviewing wills, but
they should not be considered as legal advice. To
avoid any confusion, we placed a disclaimer that
the users must not rely on any information provided
from our resources when making legal decisions
and should instead consult with an attorney.
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