Modules and Data Flow _

age because English words often have many distinct origins. It is generally be-

etic langy ; -
! ne following three services are necessary to produce accurate pronunciations

jigved that t
o Homograph disambiguation—It is important to disambiguate words with dif-
ferent senses to determine proper phonetic pronunciations, such as object (/ah

bjh el k /) as a verb or as a noun (laa bjlveh k).

o Morphological analysis-—Analyzing the component morphemes provides
important cues to attain the pronunciations for inflectional and derivational

words.

o Letter-to-sound conversion—The last stage of the phonetic analysis generally
includes general letter-to-sound rules (or modules) and a dictionary lookup to
produce accurate pronunciations for any arbitrary word.

All the processes in text and phonetic analysis phases above need not to be determinis-
tic, although most TTS systems today have deterministic processes. What we mean by not
deterministic is that each of the above processes can generate multiple hypotheses with the
hiope that the later process can disambiguate those hypotheses by using more knowledge.
For example, often it might not be trivial to decide whether the punctuation “.” is a sentence
ending mark or abbreviation mark during document structure detection. The document struc-
tore detection process can pass both hypotheses to the later processes, and the decision can
then be delayed until there is enough information to make an informed decision in later
lpodules, such as the text normalization or linguistic analysis phases. When generating mul-
Uple hypotheses, the process can also assign probabilistic information if it compreher}ds the
underlying probabilistic structure. This flexible pipeline architecture avoids the mistakes
made by early processes based on insufficient knowledge. )

Much of the work done by the text/phonetic analysis phase of a TTS system mirrors tig
Pocessing atiempted by natural language process (NLP) systems for other purposes, such as
Auiomatic proofreading, machine translation, database document indexing, and so on. Increas-
"8ly ophisticated NL amalysis is needed to make certain TTS processing decisions in L. ex-
rples ilustrated in Table 14.1. Ultimately all decisions are context driven and pr obabilistic In

K, since, for example, dogs might be cooked and eaten in some cultures.

Table 14.1 Examples of several ambiguous text normalization cases.

Examples T = .

Alternatives Techniques e
2t S doctor or drive? abbreviation analysis, case analysis
%You g0? yes-no or wh-question? syntactic analysis ‘ __.'_]._};_(;r__—
%'\ accent on dog? semantic, Verb/wi[.l—“fi‘/
&ﬂhm&- accent on dog? wa_gm‘aﬂﬂls_‘s___._—--'
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Most TTS systems today employ specialized natural l‘angt‘xage processing modules for
front-end analysis. In the future, it is likely that less emphasis will be pla?ed On construction
of TTS-specific text/phonetic analysis components such as thosg described 1n'[27], while
more resources will likely go to general-purpose NLP system§ with cross-fqnctlonal poten-
tial [23]. In other words, all the modules above only perform simple processing and pass all
possible hypotheses to the later modules. At the end of the te_xt/phonetlc phase, a unified
NLP module then performs extensive syntactic/semantic analysis for the best decisions. The
necessity for such an architectural approach is already visible in markets where language
issues have forced early attention to common lexical and tokenization resources, such as
Japan. Japanese system services and applications can usually expect to rely on common
cross-functional linguistic resources, and many benefits are reaped, including elimination of
bulk, reduction of redundancy and development time, and enforcement of systemwide con-
sistent behavior. For example, under Japanese architectures, TTS, recognition, sorting, word
processing, database, and other systems are expected to share a common language and
dictionary service.

14.1.2. Data Flows

It is arguable that text input alone does not give the system enough information to express
and render the intention of the text producer. Thus, more and more TTS systems focus on
providing an infrastructure of standard set of markups (tags), so that the text producer can
better express their semantic intention with these markups in addition to plain text. These
kinds of markups have different levels of granularity, ranging from simple speed settings
specified in words per minute up to elaborate schemes for semantic representation of con-
cepts that may bypass the ordinary text analysis module altogether.” The markup can be
done by intemal proprietary conventions or by some standard markup, such as XML (Exten-
s_ible Markup Language [35]). Some of these markup capabilities will be discussed in Sec-
tions 14.3 and 14.4.

For example, an application may know a lot about the structure and content of the text
to be spoken, and it can apply this knowledge to the text, using common markup conver-
tions, to greatly improve spoken output quality. On the other hand, some applications may
pave certain broad requirements such as rate, pitch, callback types, etc. For engines provid-
ing such supports, the text and/or phonetic analysis phase can be skipped, in whole or in
part. Whether the application or the system has provided the text analysis markup, the s&uc”
't;l;al conventions should be identical and must be sufficient to guide the phonetic analy ol
tur: g??:::: analysis module should be presented only with markup tags indi.cating smtxjg‘;:.

ons of textual chunks, and words in standard orthography. The similar p hon®

marku
Skipp egs could also be presented to the phonetic analysis module, the module could be

ch is described in

H .
This latter type ; .
of system is sometimes called concept-to-speech or message-to-speech, Whi (o the

Chapter 17, It e . "
Ssion, generally generates better speech rendering when domain-specific knowledge is provided
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Internal architectures, data structures, and interfaces may vary widely f,
system. However, most modern TTS sysiems initially construct 3 simple (};esrc(;rinsyster? B
utterance or paragraph based on observable attributes, typically text words and f: 10:1 o_ an
perhaps augmented by control annotations. This minimal initial skeleton i therf azc:‘:z:md,
with many layers of structure hypothesizeq by the TTS system’s internal analysis xﬁodulees

Beginning with a surface stream of words, punctuation, and other g mbols, typical ]
detected structure that may be added include: Y typical layers of

o Phonemes

¢ Syllables

o Morphemes

o Words derived from nonwords (such as dates like “9/ 10/99”)
o Syntactic constituents

* Relative importance of words and phrases

® Prosodic phrasing

¢ Accentuation

* Duration controls

¢ Pitch controls

We can now consider how the information needed to support synthesis of a sentence is
developed in processing an example sentence such as: “A skilled electrician reported.”

In Figure 14.2, the information that must be inferred from text is diagrammed. The
flow proceeds as follows:

* W(ords) 9 %, C(ontrols): the syllabic structure (Z) and the basic Pho_nemlc
form of a word are derived from lexical lookup and/or the application of
rules. The X tier shows the syllable divisions (written in te?(t form for convenl;
ience). The C tier, at this stage, shows the basic phonemic symbols for eac
word’s syllables. . )

* Wlords) 9 S(yntax/semantics): The word stream from text is u:e:czo énf:_r
asyntactic and possibly semantic structure (S tier) for an input sente - czn_
tactic and semantic structure above the word would include syntacti o
Stituents such as Noun Phrase (NP), Verb Phrase (VP), etc. and any ss;nother
features that can be recovered from the current sentence or ::lnzlryzlzcumem).
contexts that may be available (such as an entire paragrap " 4 intp, Broader
The lower-level phrases such as NP and VP may be group

i i arsing architecture.
Constituents such as Sentence (S), depending on the p g —

ic) tier i lle
* Syntax/semantics) 9 P(rosody): The P (r.OS()ldl(:-,)ntlZirlanitlfﬁ :asenlence. that
Polic prosodic module. If a word is semantically imp notic prominence,

i i ho
'mportance can be reflected in speech with a litt Iz.extr: prosodic structure by
Called an accent. Some synthesizers begin building 2 p
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placing metrical foot boundaries to the left of every acce.nted‘ syllable. The re-
sulting metrical foot structure is shown as Fl1, F2, etc. in Flglfre 14.2 (some
feet lack an accented head and are ‘degenerate’). Over the metr:cgl f'oot struc-
ture, higher-order prosodic constituents, with their own characteristic relative
pitch ranges, boundary pitch movements, etc. can be constructed, shown in
the figure as intonational phrases 1P1, IP2. The details of prosodic analysis,
including the meaning of those symbols, are described in Chapter 15.

The final phonetic form of the words to be spoken will reflect not only the original
phonetics, but decisions made in the S and P tiers as well. For example, the P(rosody) tier
adds detailed pitch and duration controls to the C(ontrol) specification that is passed to the
voice synthesis component. Obviously, there can be a huge variety of particular architec-
tures and components involved in the conversion process. Most systems, however, have
some analog to each of the components presented above.

S | sii,f2...M]

[ NPIf1,R2,...,Mn] VPf1.12,....In]
W | Wi w2 w3 W4
b A skilled e lec tri cian re por ted
c | s h i t sh r P t
k ¢h r ax iy ao ax
ih k ih n r d
|
d
P Fl F2 F3 F4 FS
N IP1[§4,2, ..., fn] P2[f1,12, ... . fn]

UM, R, ... fn]

Figure 14.2 Annotation tiers indicating incremental analysis based on an input (text) sentence

I‘A; sl.ctiilled electrician reported.” Flow of incremental annotation is indicated by arrows on the
eft side.

14.1.3.  Localization Issues

A.ma:]or issue in the text and phonetic analysis components of a TTS system is internation-
alization and localization. While most of the language processing technologies in this book
are exemplified l?y Engl.ish case studies, an internationalized TTS architecture enabling
?;;‘:lcm;lviﬁf::e 1n(}ocal'1.zat.ion is highly desirable. From a technological point of view, tf_le
fox ¢ s an x.vnt_mg systems of lar_lguage communities may differ substantiall'y n

ary Ways, necessitating serious effort in both specifying an internationalized architec-
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wre for text and phonetic analysis, and localizing that architecture for any particular lan
uage- .
¢ For example, in Japanese and Chinese, the unit of word is not clearly identified
spaces in text. In Frf:r.wh, interword dependencies in pronunciation reulizalion)exi:ln ll"“'3 ‘i
Conventions for writing numerical forms of dates, times, money, etc, may differ ac(r::lssfn).
guages. In French, number groups separated by spaces may need 1o be integrafed as bsinml]-
amounts, which rarely occurs in English. Some of these issues may be more szrious for c%::
tain types of TTS architectures than others. In general, it is best to specify a rure architecture
for text processing and phonetic analysis based on some fundamental formalism that allows
for language-particular data tables, und which is powerful enough to handle a wide range of
relations and alternatives.

14.2. LEXICON

The most important resource for text and phonetic analysis is the TTS system lexicon (also
referred to as a dictionary). As illustrated in Figure 14.1, the TTS system lexicon is shared
with almost all components. The lexical service should provide the following kinds of con-
tent in order to support a TTS system:

¢ Inflected forms of lexicon entries

e Phonetic pronunciations (support multiple pronunciations), stress and syllabic
structure features for each lexicon entry

¢ Morphological analysis capability

* Abbreviation and acronym expansion and pronunciation

* Attributes indicating word status, including proper-name tagging, and other
special properties

o List of speakable names of all common single character
erating systems, the characters should include all Unicode characters.

* Word part-of-speech (POS) and other syntactic/semantic attributes
* Other special features, e.g., how likely word is to be accented, etc.

; i ea
1t should be clear that the requirements for a TTS system lexical service overlap

with those for more NLP
general-purpose . . . - heme-to-
Traditionally, TTS systems have been rule oriented, in particular for graphe

i - rules (described in detail
?honeme conversion. Often, tens of so called letter-fo sound (LT:,L, o Eh i

L‘;Siction 4.8)are used fisst for grapheme-to-phoneme C?Ji‘cl:ti:iions cannot be predicted on
n o e z . n
as been minimized as an exception list, whose pro le has increasingly been

the bag; . & f the lexicon’s ro
adju - o auoh LTS rales. Hgwever, G e - analysis for high-quality TTS systems

Sted as the requirement of a sophisticated NLP . . o dictionary system. For
% become apparent, There are a number of ways (© opuimize
800d overview of lexical organization issues, please S€€ (4]

s. Under modern op-

vily
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To expose different contents about a lexicon entry ]'is[ed above for different TTS mod-
ule, it calls for a consistent mechanism. It can be done either through .a database query or a
function call in which the caller sends a key (usually the orthographic represe_ntati on ok §
word) and the desired attribute. For example, a ’I'_l'S module. can use the following function
call to look up a particular attribute (like phonetlc. pronunciations or POS) by passing the
attribute a¢f and the result will be stored in the pointer val upon successful lookup. More-
over. when the lookup is successful (the word is found in the dictionary) the function returng

true, otherwise it will return false instead.

BOOLEAN DictLookup (string word, ATTTYPE att, (VOID *) val)

We should also point out that this functional view of dictionary could further expand
the physical dictionary as a service. The morphological analysis and letter-to-sound modules
(described in Sections 14.7 and 14.8) can all be incorporated into the same lexical service.
That is, underneath dictionary lookup, operation and analysis is encapsulated from users to

form a uniform service.
Another consideration in the system’s runtime dictionary is compression. While many

standard compression algorithms exist, and should be judiciously applied, the organization
and extent of the vocabulary itself can also be optimized for small space and quick search.
The kinds of American English vocabulary relevant to a TTS system include:

e Grammatical function words (closed class)—about several hundred

e Very common vocabulary—about 5,000 or more

e College-level core vocabulary base forms—about 60,000 or more

e College-level core vocabulary inflected form—about 120,000 or more

° §cientiﬁc and technical vocabulary, by field—e.g., legal, medical, engineer-
ing, etc.

e Personal names—e.g., family, given, male, female, national origin, etc.

® Place names—e.g., countries, cities, rivers, mountains, planets, stars, etc.

e Slang

® Archaisms

fegsiri :‘ ffl;ltyﬁ lczl sizes °f_ reasonably complete lists of the above types of vocabulary run
- un red function or closed-class words (such as prepositions and pro_n(_)unS) to
;oo or so inflected forms of college-level vocabulary items, up to several million sur-

2::1(&50 tan(:. plllace names, Car_eful analysis of the likely needs of typical target applications
mainI:ai ;,1; 1: { redu.ce. the size of the runtime dictionary. In general, most TTS system;
[eChnologiesyisn e(;‘n dtl)CUOﬂary w1th' a size between 5000 and 200,000 entries. With adva.nc;n
addition. sinoe n2ta fase and hashing, search is typically a nonissue for dictionary Jookup- X
acronyms, b ¥ forms are constantly produced by various creative processes, Such &
» DOrowing, slang acceptance, compounding, and morphological manipulation

some means of analyzj . ma i
of Sections 14.7 andyi?.g,words that have not been stored must be provided. This is the P
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143, DOCUMENT STRUCTURE DETECTION

of the purpose of discussion, we assume that al] input to the TAM i

;ough perhaps largely unmarked, and the output is also a (more exte:lssi?/réli'(l:dnlz;r::;;;ﬂlﬁ
document. That is to say, all_the knowledge recovered during the TAM phase is to be ex
pressed as XML m_arkup. Th1§ conﬁm.ls the independence of the TAM from phonetic and
prosodic considerations, allowing a variety of resources, some perhaps not crafted with TTS
in mind, to be brought to bear by the TAM on the text. It also implies that that output of the
TAM is potentially usable by other, non-TTS processes, such as normalization of language-
model training data for building statistical language models (see Chapter 11). This fully
modular and transparent view of TTS allows the greatest flexibility in document analysis,
provides for direct authoring of structure and other customization, while allowing a split
between expensive, multipurpose natural language analysis and the core TTS functionality.
Although other text format or markup language, such as Adobe Acrobat or Microsoft Word,
can be used for the same purpose, the choice of XML is obvious because it is the widely
open standard, particularly for the Internet.

XML is a set of conventions for indicating the semantics and scope of various entities
that combine to constitute a document. It is conceptually somewhat similar to Hypertext
Markup Language (HTML), which is the exchange code for the World Wide Web. In these
markup systems, properties are identified by tags with explicit scope, such as "<b>make
this phrase bold</b>" to indicate a heavy, dark print display. XML in particular
atempts to enforce a principled separation between document structure and content, on one
hand, and the detailed formatting or presentation requirements of various uses of documents,
on the other. Since we cannot provide a tutorial on XML here, we freely introduce example
tags that indicate document and linguistic structure. The imerpretatiorys of the.scla ark thmVe
10 most readers, though, of course, the analytic knowledge underlylpg decnsmn§ to insert
Eg: may be very sophisticated. It will be some time befor'e commercial Eieerrlngal:::dczr:g

common understanding on the wide variety of text attributes that shou '

. i t

“TC;;[[JI & common set of conventions. Nevertheless, it is feaso“a;le v ad[;)p (tw?;ﬁd:; t::_
should be j allowing XML documen -

Pected neepiendent and, seusabié; Uis + ther modalities, as indicated

e Proliferate) to function for speech just as for ©
Ematically in Figure 14.3.

S is regarded in Fi d process

; gure 14.3 as a factored p i of the TTS

::m ®d out by human editors or by natural language analysis Y stems. 'I;h; r: fnd provision

g';e PEr se may eventually be reduced to the interpretation of structgrﬂ ari not structured

ip O"elic information. While commercial engines of the presen_; ]ayto become increas-

ing] u.]ese assumptions in mind, modularity and transparency are llj elying an XML docu-

men)t'clmp-onam' The increasing acceptance of the basic tdess u:n etriey seen in the recent

“lric approach to text and phonetic analysis for TTS © ing any of

Prolifery; : 3]. While not present
tse in o ML-like speech markup proposals [f:.,al?’ cinvenlions that reflect and ex-

detail, ; : : t info f the
g g, s I the discussion below we adopt 1n . e TTS systems O
€I basic assumptions. The structural markup exploited by

with the text analysis perhaps
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future may be imposed by XML authoring systems at document creation time, or may be
inserted by independent analytical procedures. In any case the distinction between purely
automatic structure creation/detection and human annotation and authoring will increasingly
blur—just as in natural language translation and information retrievai domains, the distinc-
tion between machine-produced results and human-produced resuits has begun to blur.

Automatic Language Automatic Structure Automatic
Generation Detection/creation Parsing
— P ontent
- < Document "F
: —|  Structure
Authoring \ Natural
Ve Language
\ / —» Structure
XML r
ther
Document Stylesheets...
Aural Stylesheet |
v N
Print Doc,
DB stylesheet Screen Doc,
TTS engine LM stylesheet Groupware
t Doc, etc.
N\, ’

ment (TTS)

Sound Docu- ]
Doc (ASR) (IR)

LM Training [' Database Doc ]

Figure 14.3 A documentcentric view of TTS.

14.3.1.  Chapter and Section Headers

Section headers are a standard convention in XML document markup, and TTS systems can
use _me structural indications to contro] prosody and to regulate prosodic style, just as a pro-
fessional reader might treat chapter headings differently. Increasingly, a document created
gariﬁ?p:;?ir ﬂc:‘: 'lIx'llt‘gn:i(cii fox('i any kind of electronic circulation incorporates structural
exploit ,this (in longer docuau o human-computer-interface systems of the future leam 10
tom, speedinp, st i ;nf;lts, the document structure markup assists in audio naviga-
might follow 'conventigg - example, the XML annotation of a book at a high l(::vel
lead a TTS syst ons as shown in Figure 14.4, Viewing a document in this way might

ystem to insert pauses and emphasis correctly, in accordance with the structure
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marked. Furthermor.e, an audiq interface system would work jointly with a TTS system to
allow €asy navigatlon.and orientation within such a structure. If future docum)::ms are
marked up in this fashion, the concept of audio books, for example, would change to rel
Jess on unstructured prerecorded speech and more on smart, XML-aw,are high-quaglity audiz’)
pavigation and TTS systems, with the output customization flexibility the’y provide

For documents without explicit markup information for section and chapter t;eaders it
isin general a nontrivial task to detect them automatically. Therefore, most TTS syste;115
1oday do not make such an attempt.

<Book>
<Title>The Pity of War</Title>
<Subtitle>Explaining World War I</Subtitle>
<Author>Niall Ferguson</Author>
<TableOfContents>...</T ableOfContents>
<Introduction>
<Para>...</Para>

</Introduction>
<Chapter>
<ChapterTitle>The Myths of Militarism</ChapterTitle>

<Section>
<SectionTitle>Prophets</SectionTitle>
<Para> ... </Para>

</Section>
</Chapter>

</Book>

Figure 14.4 An example of the XML annotation of a book.

432, Lists

al contours to indicate aqrally
n XML as shown in Figure
£ accepting such markup for

;‘S_‘S or bulleted items may be rendered with distinct intonation !
G Special status. This kind of structure might be indicated i

145, Apai : . idea O
145. Again, TTS engine designers need to get used to the 1dea ¢ poe
"Nerpretation, or incorporating technologies that can detect and insert such markup

- ction headers,
¥ the downstream phonetic processing modules. S:mnlaf to chapter an; ::; oty
MOSLTTS systems today do not make an attempt to detect [ist structures au
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<UL>

<LI>compression</LI>

<LI>flexibility</LI>

<LI>text-waveform correspondence</LI>
</UL>

<Caption>The advantages of TTS</Caption>

Figure 14.5 An example of a list marked by XML.

14.3.3.  Paragraphs

The paragraph has been shown to have direct and distinctive implications for pitch assign-
ment in TTS [26). The pitch range of good readers or speakers in the first few clauses at the
start of a new paragraph is typically substantially higher than that for mid-paragraph sen-
tences, and it narrows further in the final few clauses, before resetting for the next para-
graph. Thus, to mimic a high-quality reading style in future TTS systems, the paragraph
structure has to be detected from XML tagging or inferred from inspection of raw format-
ting. Obviously, relying on independently motivated XML tagging is, as always, the supe-
rior option, especially since this is a very common structural annotation in XML documents.

In contrast to other document structure information, paragraphs are probably among
the easiest to detect automatically. The character <CR> (carriage return) or <NL> (new line)
is usually a reliable clue for paragraphs.

14.3.4. Sentences

While sentence breaks are not normally indicated in XML markup today, there is no reason
to exclude them, and knowledge of the sentence unit can be crucial for high-quality TTS. In
fact, some XML-like conventions for text markup of documents to be rendered by synthe-
sizers (e.g., SABLE) provide for a DIV (division) tag that could take paragraph, sentence,
clause, etc. as attribute [24]. If we define sentence broadly as a primal linguistic unit .[h.at
makes up paragraphs, attributes could be added to a Sent tag to express whatever linguistic
Xnowieage exists about the type of the sentence as a whole:

<Sent type="yes-no question"> 9
Is life so dear, or peace so sweet, as to be purchased at the price of chains and slavery:
</Sent>

~ Again, as emphasized throughout this section, such annotation could be.either applied
during creation of the XML documents (of the future) or inserted by independent processf_:S;
Such structure-detection processes may be motivated by a variety of needs and may ens
outside the TTS system per se.
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If no independent markup of sentence structure s available from an external. j
pendenlly motiva.ted documen.t a'nalysis or natural language system, a TTS systemm;"ig?r_
relies on simple internal heuristics to guess at sentence divisions. In email and othel:' ly
tively informal written communications, sentence boundaries may be very hard to detecrte ?n
conlrast to English, sentence breaking could be trivial for some other written langua es. In
Chinese, there is & designated symbol (a small circle ~) for marking the end of a sentefce' S0
ihe sentence breaking could be done in a totally straightforward way. However, for m'os[
Asian languages, such as Chinese, Japanese, and Thai, there is in general no spuc;a within a
sentence. Thus, tokenization is an important issue for Asian languages.

In more formal English writing, sentence boundaries are often signaled by terminal
punctuation from the set: {. ! ?} followed by whitespaces and an upper-case initial word.
Sometimes additional punctuation may trail the ‘?” and ‘!’ characters, such as close
quotation marks and/or close parenthesis. The character “.” is particularly troubling, because
it is, in programming terms, heavily overloaded. Apart from its uses in numerical
expressions and Internet addresses, its other main use is as a marker of abbreviation, itseif a
difficult problem for text normalization (see Section 14.4). Consider this pathological
jumble of potentially ambiguous cases:

Mr. Smith came by. He knows that it costs $1.99, but I don’t know when he’ll be

back (he didn't ask, “when should I rewm?”)... His Web site is

www.mrsmithhhhbh.com. The car is 72.5 in. long (we don’t know which park-

ing space he’ll put his car in.) but he said “...and the truth shall set you free,” an

interesting quote.

Some of these can be resolved in the linguistic analysis module. However t”or some
cases, only probabilistic guesses can be made, and even a human reader_may have q:fﬁculty.
The ambiguous sentence breaking can also be resolved in an abbreviation-processing mod-
ule (described in Section 14.4.1). Any period punctuation that is not taken to signal an ab-
breviation and is not part of a number can be taken as end-of-sentence. Of course, as we
have seen above, abbreviations are also confusable with words that can naturally end SCE'
lences, .6, “in.” For the measure abbreviations, an examination of the left COnlCX:J(C:;:_Cn'
ing for numeric) may be sufficient. In any case, the complexity of sentence lezrieealbli
ilustrates the value of passing multiple hypotheses and letting later, mor.e'knowAl (g;rit_hm
Modules (such as an abbreviation or linguistic analysis module) make deClSIIOHS- o cgases
14.1 shows a simple sentence-breaking algorithm that should l?e able to hamlil e nll: kinds'of

For advanced sentence breakers, a weighted combination (')f' the fo : ::Ze lg)oundaries
Osiderations may be used in constructing algorithms for determining sen
(ordered from easiest/most common to most sophisticated):
rocessing is one of the

described in detail in S
ment structure,

most impor-

* Abbreviation processing—Abbreviation p ection 14.4.

tant tasks in text normalization and will be e
* Rules or CART built (Chapter 4) upon features based on:
Wwhitespace, case conventions, etc.

i o ikelinood
* Statistica frequencies on sentence-initial word likelih
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e Statistical frequencies of typical lengths of sentences for various genres

e Streaming syntactic/semantic (linguistic) analysis—Syntactic/semantic anal
sis is also essential for providing critical information for phonetic and prf,_
sodic analysis. Linguistic analysis will be described in Section 14.5

As you can see, a deliberate sentence breaking requires a fair amount of linguistic pr

ing, like abbreviation processing and syntactic/semantic analysis. Since this type of gn(zes?.
is typically included in the later modules (text normalization or linguistic analysis), it m_ys;]s
be a sensible decision to delay the decision for sentence breaking until later modul,es eilt}gx ,
text normalization or linguistic analysis. In effect, this arrangement can be treated‘as t}:
document structure module passing along multiple hypotheses of sentence boundaries, and jt
allows later modules with deeper linguistic knowledge (text normalization or lin’guis[ic
analysis) to make more intelligent decisions.

Finally, if a long buffer of unpunctuated words is presented, TTS systems may impose
arbitrary limits on the length of a sentence for later processing. For example, the writings of
the French author Marcel Proust contain some sentences that are several hundred words long
(average sentence length for ordinary prose is about 15 to 25 words).

ALGORITHM 14.1: A SIMPLE SENTENCE-BREAKING ALGORITHM

1. If found punctuation ./!/? advance one character and goto 2.
else advance one character and goto 1.
2. If not found whitespace advance one character and goto 1.
3. If the character is period (.) goto 4.
else goto 5.
4. Perform abbreviation analysis.
If not an abbreviation goto 5.
else advance one character and goto 1.
5. Declare a sentence boundary and sentence type M
Advance one character and goto 1.

14.3.5. Email

TTS could be ideal for reading email over the phone or in an eyes-busy gtuahonaj?uSc;u f
when driving a motor vehicle. Here again we can speculate .that XML-t?aglg;d ﬁ;nh-qualiry
ture, minimally something like the example in Figure 11'1.6, Wl.ll be essenti . or ofgareas e
and for controiling the audio interface, allowing skips and speedups © o
al, and allowing the system 10 announce the funcnon it
e) portion of email certainly has a different ¢ i
d should be clearly identified as such, O Sk]'pgf:a;e
stems are providing increasingly sophis

prosody,
user has defined as less critic
block. For example, the sig (signatur
function than the main message text an
the listener’s discretion. Modern email sy
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tre annotation such as that exem lified in Fj
support for struc piiied in Figure 14.6, Opy;
enail document structure can be dgtected only with appropriate tags (Jike XML‘;lo;:S.ly » the
gfficult for a TTS system to detect it automatically, P8 very

pocument Structure Detection

<message>
<header>
<date>11 June 1998</date>

<from>Leslie</from>
<to>Jo</to>
<subject>Surf’s Up!</subject>
<header>
<body> ... </body>
<sig>Freedom’s just another word for nothing left to lose</sig>
<Imessage>

Figure 14.6 An example of email marked by XML.

1436, Web Pages

l‘znlh";ec;‘?rmmms about TTS reliance on XML markup of document structure can be applied
liss mse of HTM -marked Web page content as well. In addition to sections, headers,
ash‘h;fs (El‘ap s, etc., the TTS systems should be aware of XML/HTML conventions such
Moals <§ href=*, *>link name</a>) and perhaps apply some distinctive voice quality or
Vides usegxl;Ch' contour to highlight these. The size and color of the section of text also pro-
ing of aug; hints for emphasis. Moreover, the TTS system should also infegrafe the repder—
for the 10.and video contents on the Web page to create a genuine multimedia experience
ing XMIfm. More could be said about the rendition of Web content, whether from underly-
tion, [ df)gumems or HTML-marked documents prepared specifically for Web presenta-
ey 4ddition, the World Wide Web Consortium has begun work on standards for aural

1L that can work in conjunction with standard HTML to provide special direction in

aury tenditiop [33].

143, :
37, Dlalog Turns and Speech Acts

. ,
Oéa“ Xt 1o be rendered by a TTS system is standard written prose. Thc ey “ﬁ:ﬁ:
oug ssysmms could be tasked with rendering nawral conversation and dlajo)%::Lanizrkup of
its inl:{;!le.\/As.""ith written documents, the TTS system has tbec g:::;’ a:}:i speech acts (the
" Vaous systems for marking dialog turns (changhei:psgfose, and these annotations

ﬂmgd a
A and ; : 2
Will g, "ctional intent of an utterance)’ are used for t The speech act coding

8T particylar phonetic and prosodic rules in TTS systems.
l\\—.
Diilo . s il in Chapter 17.
&modeling and the concepts of dialog nerns and speech acts are described in detail in Chap!
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schemes can help, for example, in identifying the speaker’s intent with respect to an uter.
ance, as opposed to the utterance’s structural attributes. The prosodic contour and vojce
quality selected by the TTS system might be highly dependent on this functional knowledge,
For example, a syntactically well-formed question might be used as information
solicitation, with the typical utterance-final pitch upturn as shown in the following:

<REQUEST_INFO>Can you hand me the wrench?</REQUEST_INFO>
But if the same utterance is used as a command, the prosody may change drastically.
<DIRECTIVE>Can you hand me the wrench.</DIRECTIVE>

Research on speech act markup-tag inventories (see Chapter 17) and automatic meth-
ods for speech act annotation of dialog is ongoing, and this research has the property consid-
ered desirable here, in that it is independently motivated (useful for enhancing speech
recognition and language understanding systems). Thus, an advanced TTS system should be
expected to exploit dialog and speech act markups extensively.

14.4. TEXT NORMALIZATION

Text often include abbreviations (e.g., FDA for Food and Drug Administration) and acro-
nyms (SWAT for Special Weapons And Tactics). Novels and short stories may include spo-
ken dialog interspersed with exposition; technical manuals may include mathematical
formulae, graphs, figures, charts and tables, with associated captions and numbers; email
may require interpretation of special conventional symbols such as emoticons [e.g., :-)
means smileys], as well as Web and Internet address formats, and special abbreviations
(e.g., IMHO means in my humble opinion). Again, any text source may include part num-
bers, stock quotes, dates, times, money and currency, and mathematical expressions, as well
as standard ordinal and cardinal formats. Without context analysis or prior knowledge, even
a human reader would sometimes be hard pressed to give a perfect rendition of every se-
quence of nonalphabetic characters or of every abbreviation. Text normalization (TN) is the
process of generating normalized orthography (or, for some systems, direct generation of
phones) from text containing words, numbers, punctuation, and other symbols. For example,
a simple example is given as follows:

The 7% Solution < THE SEVEN PER CENT SOLUTION

Text normalization is an essential requirement not only for TTS, but also for e
preparation of training text corpora for acoustic-model and language-model construction- fn
addition, speech dictation systems face an analogous problem of inverse text normalization
for docurpent creation from recognized words, and such systems may depend on knoW]e-d i
sources similar to those described in this section. The example of an inverse text normalizé:
tion for the example above is given as follows:

For details of acoustic and language modeling, please refer to Chapters 9 and 11.
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THE SEVEN PER CENT SOLUTION 9 The 7% Solution

Modular text normalization components, which may produce output for multiple down
siream consumers, mark up the exemplary text along the following lines: -

The <tn snor="SEVEN PER CENT">7%</tn> Solution

The snor tag .s[ands for S:Iandard Normalized Orthographic Representation.® For
TS, iﬂPUt_ text may include mu.ltlsenten.ce paragraphs, numbers, dates, times, punctuation,
symbols of all kinds, as well as interpretive annotations in a TTS markup language, such as
fags for word emphasis or pi.tch range. Text analysis for TTS is the work of converting such
text into a stream of normalized orthography, with all relevant input tagging preserved and
new markup added to guide the subsequent modules. Such interpretive annotations added by
text analysis are critical for phonetic and prosodic generation phases to produce desired out-
put. The output of the text normalizer may be deterministic, or may preserve a full set of
interpretations and processing history with or without probabilistic information to be passed
along to later stages. We once again assume that XML markup is an appropriate format for
expressing knowledge that can be created by a variety of external processes and exploited by
anumber of technologies in addition to TTS.

Since today’s TTS systems typically cannot expect that their input be independently
marked up for text normalization, they incorporate internal technology to perform this func-
tion. Future systems may piggyback on full natural language processing solutions devek?ped
for independent purposes. Presently, many incorporate minimal, TTS-specific hand-written
niles {1], while others are loose agglomerations of modular, task-specific statistical evalua-
tors [3]. ;

For some purposes, an architecture that allows for a set or lattice of possible alterna-
tive expansions may be preferable to deterministic text normalization, like the n-Pest Lllslts or
word graph offered by the speech recognizers described in Chapter 13. Altemamfres ;:tl:
fo the system can be listed and ranked by probabilities that x-nay be {eamablg kror; b é
Later stages of processing (linguistic analysis or speech synthesis) can exth;r afd n::nt o 138
1o the lattice structure or recover the best alternative, if needed. Co‘ns.xfier tfe rz:lgn ol
am1...” in some informal writing such as email. Given the ﬂelelllt}’.g c\:;extgseems o
tions for pronunciation, am could be realized as either A M. (the nu:n;r;n 2 descriptive lat-
CUe at times) or the auxiliary verb am. Both alternatives could be noTZb]e g
lice of covering interpretations, with confidence measures if known ( -

i ent“Ar8aml...".
Table 14.2 Two alternative interpretations for s¢ ntence fragm

At8amT... At <time> eight am </time> [
i I...
At8amlI ... At <number> eight </number> am oo
? ion. is a uniform way of writing words a.nd sentences
o b b= gy quired as reference material for many

tence texts are re

| Institutes of Standards and Technology-sponsored stan-

Cfeoesponds to spoken rendition. SNOR-format sen
<15 Advanced Research Project Agency and Nationd
Speech technology evaluation procedures.
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If the potential ambiguity in the interpretation of a/m in the above pair of examples is
rnatives retained rather than suppressed, the choice can be made

simply noted, and the altel . . : i
by : later stage of syntactic/ssmantic processing. Note another feature of this example—the
rough irregular abbreviation form for antemeridian, which by prescriptive convention hopes

that high-quality TTS processing can rely enti_rely on standan{ stylistic conventions, That
observation also applies to the obligatory use of ‘r?” for all questions.

Specific architectures for the text normalization componen‘t of TTS may be highly
variable, depending on the system architect’s answers to the following questions:

e Are cross-functional language processing resources mandated, or available?

o If so, are phonetic forms, with stress or accent, and normalized orthography,

available?
o Is a full syntactic and semantic analysis of input text mandated, or available?

e Can the presenting application add interpretive knowledge to structure the in-
put (text)?

o' Are there interface or pipelining requirements that preclude lattice alterna-
tives at every stage?

Because of this variability in requirements and resources, we do not attempt to for-
mally specify a single, all-purpose architectural solution here. Rather, we concentrate on
describing the text normalization challenges any system has to face. We note where solu-
t?ons to these challenges are more readily realized under particular architectural assump-
tions.

All text normalization consists of two phases: identification of type, and expansion to
SNOR or other unambiguous representation. Much of the identification phase, dealing with
phenomena of sentence boundary determination, abbreviation expansion, number spell-out,
etc., can be modeled as regular expression (see Chapter 11). This raises an interesting archi-
tectural issue. Imagine a system based entirely on regular finite stare transducers (FST, see
Chagter 11), as in [27], which enforces an appealing uniformity of processing mechanism
and internal structure description. The FST permits a lattice-style representation that does
not require premature resolution of any structural choice. An entire text analysis system catl
!)e based on such a representation. However, as long as a system confines its attention to
1ssues that commonly come under the heading of text normalization, such as number for-
mats, apbreviations, and sentence breaking, a simpler regular-expression-based uniform
mechanism fo.r rule specification and structure representation may be adequate.

- k)‘:‘gﬁ;";;‘::]ty(;oﬁsl 7SYSterr}s could.make use of advanced tools such as, for e:xamplc_,
S context-fr:e 1, which provide frameworks for writing customized lexical aI(‘;_
malization r€t<]uirementsgr l:;? il resp_ecuvely_ In. the discussion of typical [exft Ill’er]
pattern-matching code wi) b oo eanples awill e prosiclcs’ 2 e | m.igmen[ o ota-
tion [36] is used e Show'n that allows matching of the examples given. Perl 2 Jar
exPR’»SSI'OHParsinAg S s?:eS @ convenient short-hand representing any equivalent -regdub)’
Ay TERlar CXPressi):) ) r;s?l?d can be regarded as a subset of the functionality prowd;itecl
may choose to employi Onl; Zr ::]ntext-free gramma‘r fgal set. that a TTS software 3% tions
all subset of the simple, fairly standard Perl conven
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(0 employ. Only 2 small subset of the simple, fairly standfxrd Pf:rl conventions for regular
expression matching are used, and comments are provided in our discussion of text
normalization. _

A text normalization system typically adds identification information to assist subse-
quent stages in their task's. Fgr ex.ample, if the TN subsystem has determined with some con-
fidence that a given digit string is a phone number, it can associate XML-like tags with its
output, identifying the corresponding normalized orthographic chunk as a candidate for spe-
cial phone-number intonation. In addition, the identification tags can guide the lexical dis-
ambiguation of terms for other processes, like phonetic analysis in TTS systems and training
data preparation for speech recognition.

Table 14.3 shows some examples of input fragments with a relaxed form of output
normalized orthography. It illustrates a possible ambiguity in TN output. In the (contrived)
example, the ambiguity is between a place name and a hypothetical individual named per-
haps Steve or Samuel Asia. Two questions arise in such cases. The first is format of specifi-
cation. The data between submodules in a TTS system can be passed (or be placed in a
centrally viewable blackboard location) as tagged text or in a binary format. This is an im-
plementation detail. Most important is that all possibilities known to the TN system be
specified in the output, and that confidence measures from the TN, if any, be represented.
For example, in many contexts, South Asia is the more likely spell-out of S. Asia, and this
should be indicated implicitly by ordering output strings, or explicitly with probability num-
bers. The decision could then be delayed until one has enough information in the later mod-
ule (like linguistic analysis) to make the decision in an informed manner.

Table 14.3 Examples of the normalized output using XML-like tags for text normalization.

 Dr. King <title> DOCTOR <ttitle> KING

| 1% <number>SEVEN<ratio>PERCENT</ratio> </number>
S. Asia <toponym> SOUTH ASIA </toponym>

OR <psn_name><initial>S</initial> ASIA</psn_name>

—

1441, Abbreviations and Acronyms

A5 toted above, a period is an important but not completely reliable clue to the presence of
& abbreviation, Periods may be omitted or misplaced in text for a variety of reasons. 'For
:;'::Lf reasons of stylistic variability and a writer’s (lack of) care and skill, capxtal:z::;c::—,
tiong 0; Potentially important clue, can be variable as well. For example, ?ll the rle;:rrl; ot
emai the abbreviation for post script listed below have been opserved in actua o

4l A system must therefore combine knowledge from a variety of contextual SOUTCes,

Suc . variety
has document structure and origin, when resolving abbreviations:

SR
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PS. Don't forget your hat.
Ps. Don''t forget your hat.

P.S. Don'’t forget your hat.

P.s. Don't forget your hat.

And 2.S., when examined out of context, could be personal name initials as well. Of
course, a given TTS system’s user may be satisfied with the simple spoken output /p iy ge s/
in cases such as the above, obviating the need for full interpretation. But at a minimum,
when fallback to letter pronunciation is chosen, the TTS system must attempt to ensure that
some obvious spell-out is not being overlooked. For example, a system should not render the
title in Dr. Jones as letter names /d iy aa r/.

Actually, any abbreviation is potentially ambiguous, and there are several distinct
types of ambiguity. For example, there are abbreviations, typically quantity and measure
terms, which can be realized in English as either plural or singular depending on their nu-
meric coefficient, such as mm for millimeter(s). This type of ambiguity can get especially
tricky in the context of conventionally frozen items. For example, 9mm ammunition is typi-
cally spoken as nine millimeter ammunition rather than nine millimeters ammunition.

Next, there are forms that can, with appropriate syntactic context, be interpreted either
as abbreviations or as simple English words, such as in (inches), particularly at the end of
sentences.

Finally, many, perhaps most, abbreviations have entirely different abbreviation spell-
outs depending on semantic context, such as DC for direct current or District of Columbia.
This variability makes it unlikely that any system ever performs perfectly. However, with
sufficient training data, some statistical guidelines for interpretation of common abbrevia-
tions in context can be derived. Table 14.4 shows a few more examples of this most difficult
type of ambiguity.

An advanced TTS system should attempt to convert reliably at least the following ab-
breviations:

e Title—Dr., MD, Mr., Mrs., Ms., St. (Saint), ... etc.

e Measure—ft., in., mm, cm (centimeter), kg (kilogram), ... etc.

e Place names—CO, LA, CA, DC, USA, St. (street), Dr. (drive), ... etC.

Table 14.4 Some ambiguous abbreviations.

Cco Colorado commanding officer
conscientious objector carbon monoxide
IRA Individual Retirement Account Irish Republican Army
MD Maryland doctor of medicine
muscular dystrophy
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Abbreviation dismubiguat}on usually can be resolved by POS (part-of-speech) analy-
g, For example, whether Dr. is Poclor or Drive can be. resolved by examining the POS
featares of the previous and following words. If the abbrfavration is followed by a capitalized

ronal name, it can be expanded as Doctor. whereas if Fhe abbreviation is preceded by a
capitalized place name, a number, or an ulphunun.';enc (like 120"). it will be expanded as
Drive. Although the example above is resolved via a series of heuristic rules, the disam-
biguation (POS analysis) can also be done by a statistical approach. In [6], the POS tags are
deiermined bascd on the most likely POS sequence using POS trigram and lexical-POS uni-
gram. Since an abbreviation can often be distinguished by its POS feature, the most likely
PoS sequence of the sentence discovered by the trigram search then provides the best guess
of the POS (thus the usage) for abbreviations. We describe POS tagging in more detail in
Section 14.5.

Other than POS information, the lexical entries for abbreviations should include all
features and alternatives necessary to generate a lattice of possible analyses. For example, a
typical abbreviation’s entry might include information as to whether it could be a word (like
in), whether period(s) are optional or required, whether plural variants must be generated
and if s0 under what circumstances, whether numerical specification is expected or required,
.

Acronyms are words created from the first letters or parts of other words. For example,
SCUBA is an acronym for self-contained underwater breathing apparatus. Generally, to
Qualify as a true acronym, a letter sequence should reflect normal language phonotactics,
such as a reasonable alternation of consonants and vowels. From a TTS system’s point of
view, the distinctions between acronyms, abbreviations, and plain new or unknown words
¢@n be unclear. Many acronyms can be entered into the TTS system lexicon just as ordinary
Words would be. However, unknown acronyms (not listed in the lexicon) may occasionally
lffH‘:ncounterc:d. Although an acronym’s case property can be a significant clue to identifica-
Uon, it is often unclear how to speak a given sequence of upper-case letters. Most TTS sys-
tems, failing to locate the sequence in the acronym dictionary, spell it out letter-by-letter.
Other Systems attempt to determine whether the sequence is inherently speakable. For ex-
ample, DEC might be inherently speakable, while FCC is not formed according to normal
::Srg Phonotactics. When something speakable is found, it is processed via the normal ]ettl::r-

und rules, whije something unspeakable would be spelled out letter-by-letter. Yet other
Jstems mighy simply feed the sequence directly to the letter-to-sound rules (see Section
c::).jus: as they would any other unknown word. As with all such problems. a larger lexi-

usually provides superior results. o lization

i sumy e .Sene.ral algorithm for abbreviatioqs and acronyms Cxpinz’i‘:;(;‘;r:e:;d"gg;at;gging

have bI:a.nzed in Algorithm 14.2. The algonthm.as'sumes that.‘to e o eamincd by the POS

en done for the whole sentence. Abbreviation expansion 15 ¢ “one exclusively by

zaﬁfeolf the potential abbreviation candidates. Acronym CXPa"S“’Z ;;nn(:;:ebe found in the
rop ookup, and letter-by-letter spell-out is used when acronym

Ym table,
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ALGORITHM 14.2: ABBREVIATIONS AND ACRONYMS EXPANSION
1. If word token wis not in abbreviation table and w contains only capital letters goto 3.

2. Abbreviation Expansion o
If the POS tag of wand the correspondent abbreviation match

Abbreviation expansion by inserting SNOR and interpretive annotation tags
Advance one word and goto 1.

3. Acronym Expansion
If wis in the predefined acronym table
Acronym expansion by inserting SNOR and interpretive annotation tags
according to acronym expansion table
else spell out w letter-by-letter

4. Advance one word and goto 1.

14.4.2. Number Formats

Numbers occur in a wide variety of formats and have a wide variety of contextually depend-
ent reading styles. For example, the digits 370 in the context of the product name /BM 370
mainframe computer typically are read as three seventy, while in other contexts 370 would
be read as three hundred seventy or three hundred and seventy. In a phone number, such as
370-1111, the string would normally be read as three seven oh, while in still other contexts it
might be rendered as three seven zero. A text analysis system can incorporate rules, perhaps
augmented by probabilities, for these situations, but might never achieve perfection in all
cases. Phone numbers are a practical place to start, and their treatment illustrates some of the
general issues relevant to the other number formats which are covered below.

14.4.2.1. Phone Numbers

Phone numbers may include prefixes and area codes and may have dashes and parentheses
as separators. Examples are shown in Table 14.5.

Tl?e flrst. two examples have prefix codes, while the next four have area codes With
minor formatting differences. The final two examples are possible international-format
phone numbers. A basic Perl regular expression pattern to subsume the commonality in all
the local domestic numbers can be defined as follows:

Sus_basic = "{[0-91{3}\-[0-9]({4}) ek

lowed'[t‘)his defines a pattern subpart to match 3 digits, followed by a separator dash, fol-
y another 4 digits. Then the pattern to match the prefix type would be:

/(10-91(1}) [\/ - ($us_basic)/
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Table 14.5 Some different written representations of phone numbers.

9-999-4118
9 345-5555

(617) 932-9209
(617) 932-9209
716-123-4568
409/845-2274

+49 (228) 550-381
+49-228-550-381

In the first example above, this Jeaves the system pattern variable $1 (corresponding to
the first set of capture parentheses in the pattern) set to 9, and $2 (the second set of capture
parentheses) set to 999-4118. Then a separate set of tables, indexed by the rule name and the
pattemn variable contents, could provide orthographic spell-outs for the digits. Clearly a bal-
ance has to be struck between the number of pattern variables provided in the expression and
the overall complexity of the expression, vis-a-vis the complexity and sophistication of the
indexing scheme of the spell-out tables. For example, the $us_basic could be defined to in-
coporate parentheses capture on the first three digits and the remaining four separately,
which might lead to a simpler spell-out table in some cases.

The pattern to match the area code types could be:

/IN(10-91{3)\)) [\/ -] ($us_basic)/

o o e endlessly refined, expanded, and layered to match strings of almost
arbitrary complexity. A balance has to be struck between number and complexnty.of distinct
Patems. In any case, no matter how sophisticated the matching mechanism, arbit ar g

best probabilisti - . tructing a TTS system. For example, in
Probabilistic decisions have to be made in cons g em.For cxanple

Matching an area code type, the rule architect must decide how muc o
whitespace separation the matching system tolerates between the area code and the res o
the number before a phone-number match is considered unlikely. Or, as another exarzp[hé
does the rule architect allow new lines or other formatting characters to appeat t?fltwceznsid_
area code and the basic phone number? These kinds of decisions must bc? explxc(li ZUmema_
e.red, or made by default, and should be specified to a reasonable ‘degrce in use; b: umenta-
tion. There are a great many other phone number formats and issues that ar y
S€ope of thig treatment. | ' -
Once a certain type of pattern requires a conversion to normalized c;r:hangbepal)i,gned

| i i ter:
qlfeshon of how to perform the conversion arises. Tl?e co.n.versmn f:ha:;:; e wiliped
With the identification, so that conversion Occurs implicitly during

 jentification phase. This may
Process. Another way is to separate the conversion frpm the xdent:jf“:r:‘a::uondgpending s may
Or may pot lead to gains in efficiency and elimination of redun Y,
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overall architecture of the system and whether and how components are expected to be re.
used. A version of this second approach is sketched here. |

Suppose that the pattern match variable $1 has be.en set to 617 by one of the identifica-
tion-phase pattern matches described above. Another lxst. can provide pointers to conversion
tables, indexed by the rule name or number and the variable name. So for the rule that can

match area codes, the relevant entry would be:

variable Spellout table

Identification rule
LITERAL_DIGIT

Area-Phone 51

The LITERAL_DIGIT spell-out rule set, when presented with the 617 character se-
quence {the value of $1), simply generates the normalized orthography six one seven, by
table lookup. In this simple and straightforward approach, spell-out tables such as LIT-
ERAL_DIGIT can be reused for portions of a wide variety of identification rules. Other
simple numeric spell-out tables would cover different styles of numeric reading, such as
pairwise style (e.g., six seventeen), full decimal with tens, hundreds, thousands units (six
hundred seventeen), and so on. Some spellout tables may require processing code to sup-
plement the basic table lookup. Additional examples of spell-out tables are not provided for
the various other types of text normalization entities exemplified below, but would function
similarly.

14.4.2.2. Dates

Dates may be specified in a wide variety of formats, sometimes with a mixture of ortho-
graphic and numeric forms. Note that dates in TTS suffer from a mild form of the century-
date-change uncertainty (the infamous Y2K bug), so a form such as 5/7/37 may in the future
be ambiguous, in its full form, between 1937 and 2037. The safest course is to say as little as
possible, i.e., “five seven thirty seven”, or even “May seventh, thirty seven”, rather than at-
tempt “May seventh, nineteen thirty seven”. Table 14.6 shows a variety of date formats and
associated normalized orthography.

Table 14.6 Various date formats.

12/19/94 (US) December nineteenth ninety four

19/12/94 (European) December nineteenth ninety four

04/27/1992 April twenty seventh nineteen ninety two

May 27, 1995 May twenty seventh nineteen ninety five

July 4, 94 July fourth ninety four

1,994 one thousand nine hundred and ninety four

1994 nineteen ninety four |
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One issue that comes up with certain number formats, including dates, is range check-
ing, A form like 13/19/94 is basica.lly uninterpretable as a date. This kind of checking, if
included in the initial pattern mlatchmg, may be slow and may increase formal requireme'nts
for power of the pattern matching system. Therefore, range checking can be done at spell-
out lime (see below) during normalized orthography generation, as long as a backtracking or
redo option is present. If range checking is desired as part of the basic identification phase of
text normalization, some regular expression matching systems allow for extensions. For
example, the following pattern variable matches only numbers less than or equal to 12, the
valid month specifications. It can be included as part of a larger, more complex date match-

ing pattern:

$month = ‘'/(0(123456789]/1[012])/"

14423. Times

Times may include hours, minute, seconds, and duration specifications as shown in Table
147. Time formats exemplify yet another area where linguistic concerns have to intersect
with architecture. If simple, flat normalized orthography is generated during a text normali-
ztion phase, a later stage may still find a form like am ambiguous in pronunciation. If a
lattice of alternative interpretations is provided, it should be supplemented with interpretive
information on the linguistic status of the alternative text analyses. Alternatively, single
best guess can be made, but even in this case, some kind of interpretive information indicat-
ing the status of the choice as, e.g., a time expression, should be provided for later stages of
$yntactic, semantic, and prosodic interpretation. This reiterates the importance of ’IT§ text
analysis systems to generate interpretive annotations tags for subsequent modr.lles use
Whenever possible, as discussed in Section 14.4. In some cases, unique text forma.mn.g of the
choice, corresponding to the system’s lexical contents, may be sufficient. That. is, 1’n so$e
$¥stems, generation of A.M., for example, may uniquely correspond to the lexicon ds er:m)-,
for thay Portion of a time expression, which specifies the desired pronunciation and g

Matica] treatment,

Table 14.7 Several examples for time expressions-

—
L”.L eleven fifteen —

8:30 pm eight thirty pm e
| 5:20 am five twenty am ]
| 12:15:20 twelve hours fifteen minutes and twenty seconds

inutes and forty-six seconds

07:55:46 seven hours fifty-five m
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144.24. Money and Currency

As illustrated in Table 14.8, money and currency processing should correctly handle at least
the currency indications §, £, DM, ¥, and €, standing for dollars, British pounds, deutsche
marks, Japanese yen, and euros, respectively. In general, $ and £ have to precede the ny-
meral, DM, ¥, and € have to follow the numeral. Other currencies are often written in full
words and have to follow the numeral, though abbreviations for these are sometimes found,
such as 100 francs and 20 lira.

Table 14.8 Several money and currency expressions.

$40 forty dollars

£200 two hundred pounds

5¥ five yen

25 DM twenty five deutsche marks
300 € three hundred euros

14.4.2.5. Account Numbers

Account numbers may refer to bank accounts or social security numbers. Commercial prod-
uct part numbers often have these kinds of formats as well. In some cases these cannot be
readily distinguished from mathematical expressions or even phone numbers. Some exam-
ples are shown below:

123456-987-125456
000-1254887-87
049-85-5489

The other popular number format is that of credit card number, such as

4446-2289-2465-7065
3745-122267-22465

To process formats like these, it may eventually be desirable for TTS systems 0 pre-
vide customization capabilities analogous to the pronunciation customization features f°dr
words found in current TTS systems. Regular expression formalisms of the type exemp_l 1ﬁele
above for phone number, would, if exposed to applications and developers through suitab
editors, be adequate for most such needs,
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14426, Ordinal Numbers

Ordinal numbers are those referring to rank or placement in a series. Examples include:

1* 2% 37, 4% 10" 11", 12, 20", 100", 1000", etc.
Ist, 2nd, 3rd, 4th, 10th, 11th, 12th, 20th, 21st, 32nd, 100th, 1000th, etc.

The system’s ordinal processing may also be used to generate the denominators of
fractions, except for halves, as shown in Table 14.9. Notice that the ordinal must be plural

for numerators other than 1.

Table 14.9 Some examples of fractions.

12 one half

173 one third

1/4 one quarter or one fourth
1710 one tenth

3/10 three tenths

14427, Cardinal Numbers

Cardinal numbers are, loosely speaking, those forms used in simple counting or the state-
ment of amounts. If a given sequence of digits fails to it any of the more complex formats
ove, it may be simple cardinal number. These may be explicitly negative or positive 0(;‘
assumed positive. They may include decimal or fractional specifications. They maylbi‘r;e;io
 several different styles, depending on context and/or aesthetic preferences. Table 14.
§ives some examples of cardinal numbers and alternatives for no_rmahzed onhogfapllly. -
The number-expansion algorithm is summarized in Algorithm 14.3. In this a‘ﬁo table
e text normalization module maintains an extensive pattern table. Each pattern m_n;r o
contains its associated pattern in regular expression or Per] format along with a po1
ule in the conversion table, which guides the expansion process.

Table 14.10 Some cardinal numberixypes.

e ——

|_One two three

one thousand two hundred (M L

twenty four twenty six
4

wo four two six —
two thousand four hundred (and) twenty S1X
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A regular expression to match well-formed cardina}s with commas grouping chuns of
three digits of the lype from 1,000,000 to 999,999,999 might appear as:
if ($item =~ /"~ ([0-9] {1,3}),([0-91{3}),([0~-9](3})/
{ $NewFrame->{ "millions"} = $1;
$NewFrame->{" thousands"} = $2;
$NewFrame->{" hundreds"} = $3;
print "Grouped cardinal found: S$item\n";
return $NewFrame; }

ALGORITHM 14.3: NUMBER EXPANSION

1. Pattern Matching
If a match is found goto 2.
else goto 3.
2. Number Expansion
Insert SNOR and interpretive annotation tags according to the associated rule
Advance the pointer to the right of the match pattem and goto 1.
3. Finish

14.43. Domain-Specific Tags

In keeping with the theme of this section—that is, the increasing importance of independ-

ently generated precise markup of text entities—we present a little-used but interesting ex-
ample.

1443.1. Mathematical Expressions

Mathematical expressions are regarded by some systems as the domain of special-purpose
processors. It is a serious question how far to go in mathematical expression parsing, SIN®
providing some capability in this area may raise users’ expectations to an unrealistic level-
T3}lle Worid Wide Web Consortium has developed MathML (mathematical markup Janguag?)
Em]' ey provides a standard way of describing math expressions. MathML is a0 )
ension for describing mathematical expression structure and content to enable mathem

'ff;::egefserved, received, and processed on the Web, similar to the function HTML i3S p: el;

to uideo_r text. As XML becomes increasingly pervasive, MathML could possibly - ul e

E guice mterpretation of mathematical expressions. For the notation (x + 2)° 8 PO
athML representation su

) e . spokeft
iidition, ch as that below might serve as an initial guide for 2 P
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<EXPR>
<EXPR>

X
<PLUS/>
2
</EXPR>
<POWER/ >
2
</EXPR>

This might be generated by an application or by a specialized preprocessor within the TTS
system itself. Prosodic rules or data tables appropriate for math expressions could then be
iriggered.

1443.2. Chemical Formulae

As XML becomes increasingly common and exploitable by TTS text normalization, other
areas follow. For example, Chemical Markup Language (CML [22]) now provides a stan-
dard way to describe molecular structure or chemical formulae. CML is an example of how
sandard conventions for text markup are expected increasingly to replace ad hoc, TTS-
internal heuristics.

In CML, the chemical formula C,0COH, would appear as:

<FORMULA>
<XVAR BUILTIN="STOICH">
CCOCOHHHH
</XVAR>

</FORMULA>

the future will be increasingly de-
lity speech renditions rather th.an
n guessing the identity

It seems reasonable to expect that TTS engines of
voted to interpreting such precise conventions in high-qua N
lessly replicating NL heuristics that fail as often as they succeed i
Of raw texy strings.

444, Miscellaneous Formats

for which an English-

enomena
i hy might include:

lized orthograp

] Ara-
s approximately befor'c (
mplicgd ter named rilde.

A -
oﬁ;andom list illustrating the range of other types ©
Med TTS text analysis module must generate norma

* Approximately/tilde: The symbol ~ is spoken it
bic) numeral or currency amount, otherwise it 1S the
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e Folding of accented Roman characters to nearest plain version: If the TTS

system has no knowledge of dealing with foreign languages, like French or
German, a table of folding characters can be provided so that for a term such
as Uber-mensch, rather than spell out the word Uber, or ignore it, the system
can convert it to its nearest English-orthography equivalent: Uber. The ulti-
mate way to process such foreign words should integrate a language identifi-
cation module with a multi-lingual TTS system, so that language-specific
knowledge can be utilized to produce appropriate text normalization of all
text.

Rather than simply ignore high ASCII characters in English (characters from
128 to 255), the text analysis lexicon can incorporate a table that gives char-
acter names to all the printable high ASCII characters. These names are ei-
ther the full Unicode character names, or an abbreviated form of the Unicode
names. This would allow speaking the names of characters like © (copyright
sign), ™ (trademark), @ (at), ® (registered mark), and so on.

Asterisk: in email, the symbol ‘*’ may be used for emphasis and for setting
off an item for special attention. The text analysis module can introduce a lit-
tle pause to indicate possible emphasis when this situation is detected. For the
example of “Larry has *never* been here,” this may be suppressed for aster-
isks spanning two or more words. In some texts, a word or phrase appearing
completely in UPPER CASE may also be a signal for special emphasis.

Emoticons: There are several possible emoticons (emotion icons).

1. ==)or:) SMILEY FACE (humor, laughter, friendliness, sarcasm)
2. =(or( FROWNING FACE (sadness, anger, or disapproval)
3.;-)or;) WINKING SMILEY FACE (naughty)

4. ::-D OPEN-MOUTHED SMILEY FACE (laughing out loud)

Smileys, of which there are dozens of types, may be tacked onto word start or word
end or even occur interword without spaces, as in the following examples.

hi!
Hi:)
Hi:)Hi!

14.5. LINGUISTIC ANALYSIS

Linguistic analysis (sometimes also referred to as syntactic and semantic parsing) of natural
language (NL) constitutes a major independent research field. Often commercial TTS sYs-
tems incorporate some minimal parsing heuristics developed strictly for TTS. Alternatively:
the TTS systems can also take advantage of independently motivated natural language proc:
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essing (NLP) systems, which can produce structural and semantic informati
ences. Such linguistically analyzed documents can be used for et ton about sen-
ﬂS—-infonnation retrieval, machine translation system training, etc purposes other than
provision of some parsing capability is useful to TTS systems in several areas, P
may be used in disambiguating the text normalization alternatives described abo‘s,' Zrzzrs
tionally, synlactic/serpanlic analysis can help to resolve grammatical features of in(;ivid I-I
words that may vary in pronunciation according to sense or abstract inflection, such as re::;
Finally, parsing can lay a foundation for derivation of a prosodic structure u'seful in d ;
mining segmental duration and pitch contour. f Geler-
The fundamental types of information desired for TTS from a parsing analysis are

summarized below:
¢ Word part of speech (POS) or word type, €.g., proper name or verb.
¢ Word sense, e.g., river dank vs. money bank.

e Phrasal cohesion of words, such as idioms, syntactic phrases, clauses, sen-
tences.

¢ Modification relations among words.

e Anaphora (co-reference) and synonymy among words and phrases.

¢ Syntactic type identification, such as questions, quotes, commands, etc.
¢ Semantic focus identification (emphasis).

¢ Semantic type and speech act identification,
narrating, etc.

such as requesting, informing,

* Genre and style analysis.
Here we confine ourselves to discussion of the kind of information that a good parser could,

i principle, provide to enable the TTS-specific functionality. _

Linguistic analysis supports the phonetic analysis and prosodic generation phases. The
modules of phonetic analysis are covered in Sections 14.6, 14.7, and 14.8. A linguistic
Parser can contribute in several ways to the process of generating (symbolic) phonetic forms

ffom orthographic words found in text. One function of a parser is to provide accurate part-
nunciation of several hundred

Of‘speje‘:h (POS) labels. This can aid in resolving the pro ¢ _
Merican English homographs, such as object and absent. Homographs are discussed _xr;
8reater detail in Section 14.6. Parsers can also aid in identifying names'and other specia
“lasses of vocabulary for which specialized pronunciation rule sets may exist 321 '
Prosody generation deals mainly with assignment of segmental duration and pitch con-

2 ntuation.
l‘;‘lr.tha\t have close relationship with prosodic phrasing (pause Placeme’?l:“li;i::ce P
TSIng can contribute useful information, suc a

h as the syntactic type
h both are
Y50 question contours typically differ from wh-au rs, thoug

estion contou .
Tzzrked simply by ‘7" in text), as well as semantic relations of synonymy, anaphora, an
>Us that may affect accentuation and prosodic phrasing.

Information from discourse analy-
i i ttings. Further
M and text genre characterization may affect pitch range and voice quality setting
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examination of the contribution of parsing s:peciﬁcally to prosodic phrasing, accentuation,
and other prosodic interpretation is provided m'Chaptcr 15.

As mentioned earlier, TTS can employ either a gc?neral-purpose NL analysis engine or
a pipeline of a number of very narrowly_targeted, special-purpose NL r{m.du!es together for
the requirement of TTS linguistic analysis. A]thoggh we focus on llngt{lstxc 1nfc?rmation for
supporting phonetic analysis and prosody genera_xtlon here, a lot of Ehe .mformatmn and ser-
vices are beneficial to document structure detection and text normalization described in pre-
vious sections.

The minimum requirement for such a linguistic analysis module is to include a lexicon
of the closed-class function words, of which only several hundred exist in English (at most),
and perhaps homographs. In addition, a minimal set of modular functions or services would
include:

o Sentence breaking—Sentence breaking has been discussed in Section 14.3.4

above.

o POS tagging—POS tagging can be regarded as a two-stage process. The first

is POS guessing, which is the process of determining, through a combination
of a (possibly small) dictionary and some morphological heuristics or a spe-
cialized morphological parser, the POS categories that might be appropriate
for a given input term in isolation. The second is POS choosing—that is, the
resolution of the POS in context, via local short-window syntactic rules, per-
haps combined with probabilistic distribution for the POS guesses of a given
word. Sometimes the guessing and choosing functions are combined in a sin-
gle statistical framework. In [6), lexical probabilities are unigram frequencies
of assignments of categories to words estimated from corpora. In the original
formulation of the model, the lexical probabilities [ P(c, | w;) , where ¢; is the
hypothesized POS for word w, ], were estimated from the hand-tagged Brown
corpus [8]. For Example, the word see appeared 771 times as a verb and
once as an interjection. Thus the probability that see is a verb is estimated t0
be 7717772 or 0.99. Trigrams are used for contextual probability
[P, 1¢.¢07+¢/) = P(c, | ¢,,¢,.,) ). Lexical probabilities and trigrams over
category sequences are used to score all possible assignments of categories t0
words for a given input word sequence. The entire set of possible assign-
ments of gategodes to words in sequence is calculated, and the best-scoring
Sequence Is used. Likewise, simple methods have been used to detect noun
g ::2;; (ﬁ:)x;:::lfjhdcan be useful in assigning pronunciation, Stress, a'nd
serting an NP be iO b esc“b‘:'d, in [6] relies on a table of probabilities for in-
Tarly for an NP egnrc,l bfaciet ‘[’betvu"een any two POS categories, and snlﬂl(;
Brtoem oty witl fu:;f et ‘. This was also trained on the POS-labe ;e
probability o f’_ Jurtaer augmer.ltatlon for the NP labels. For example,
inserting an NP begin bracket after an article was found to be
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much lower than that of begin-bracket insertion between a verh —
thus automatically replicating human intuition. ,

Homograph disambiguation—Homograph disambiguation in general refers
o the case of words with the same orthographic representation (written form)
but having different semantic meanings and sometimes even different pro-
nunciations. Sometimes it is also referred as sense disambiguation. Examples
include “The boy used the bar to hit a home run” vs. “We saw a large bat in
the zoo” (the pronunciation is the same for two bar) and “You record your
voice” vs. “I'd like to buy that record” (the pronunciations are different for
the two record). The linguistic analysis module should at least try to resolve
the ambiguity for the case of different pronunciations because it is absolutely
required for correct phonetic rendering. Typically, the ambiguity can be re-
solved based on POS and lexical features. Homograph disambiguation is de-
scribed in detail in Section 14.6.

Noun phrase (NP) and clause detection—Basic NP and clause information
could be critical for a prosodic generation module to generate segmental du-
rations. It also provides useful cues to introduce necessary pauses for intelli-
gibility and naturalness. Phrase and clause structure are well covered in any
parsing techniques.

Sentence type identification—Sentence types (declarative, yes-no question,
etc.) are critical for macro-level prosody for the sentence. Typical techniques
for identifying sentence types have been covered in Section 14.3.4.

If 2 more sophisticated parser is available, a richer analysis can be derived. A so-called
Shallow parse is one that shows syntactic bracketing and phrase type, based on the i
Words contained in the phrases. A training corpus of shallow-parsed sentences has been cre-
ed for the Linguistic Data Consortium [16]. The following example illustrates a sh:
Parse for sentence : “For six years, Marshall Hahn Jr. has made corporate acquisitions !
George Bush mode: kind and gentle.”

allow
n the

For/IN[six/cp years/nws],/, [T./NNP Marshall/NNP .
H?hn/NNP Jr./NNP]has/VBZ made/VBN[corporate/JJ acquisi~
tions/NNS]in/IN{the/DT George/NNP Bush/NNP mode/NN]

/+[kind/33)ana/cC [gent1le/IT] . / -

The POS a1, o ibed in Chapter
$ els used in this example are described in Chap b sien
d):rsft::,n uSes the POS labels in the parse to decide alternative pronunciations asr;;it :?1 chi%l—
ing W;g degrees of prosdic prominence. Additionally, the bracketing m(ljg!“:;rporate more

" 10 place pauses for great intelligibility. A fuller parse would 2

high ic analysis
Er- . ntic analysis,
includ'order Sttucture, including sentence type identification, and more sema

g co-reference,

2 (Table 2.14). ATIS
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14.6. HOMOGRAPH DISAMBIGUATION

For written languages, sense ambiguities occur when words have different syntac-
tic/semantic meanings. Those words with different senses are called pplysemous words. For
example, bat could mean either a kind of animal or the.equxpment to hit fi baseball. Since the
pronunciations for the two different senses of bat are identical, we are in general only con-
cerned® about the other type of polysemous words that are homogr.aphs (spelled alike but
vary in pronunciation), such as bass for a kind of fish (/b ae s/) or an instrument (/b ey s/).

Homograph variation can often be resolved on POS (grammatical) category. Examples
include object, minute, bow, bass, absent, etc. Unfortunately, correct determination of POS
(whether by a parsing system or statistical methods) is not always sufficient to resolve pro-
nunciation alternatives. For example, simply knowing that the form bow is a noun does not
allow us to distinguish the pronunciation appropriate for the instrument of archery from that
for the front part of a boat. Even more subtle is the pronunciation of read in “If you read the
book, he’ll be angry.” Without contextual clues, even human readers cannot resolve the pro-
nunciation of read from the given sentence alone. Even though the past tense is more likely
in some sense, deep semantic and/or discourse analysis would be required to resolve the
tense ambiguity.

Several hundred English homographs extracted from the 1974 Oxford Advanced
Learners Dictionary are listed in [10]. Here are some examples:

o Stress homographs: noun with front-stress vowel, verb with end-stress vowel
“an absent boy” vs. “Do you choose to absent yourself?”

* Voicing: noun/verb or adjective/verb distinction made by voice final conso-
nant

“They will abuse him.” vs, “They won’t take abuse.”
—ate words: noun/adjective sense uses schwa, verb sense uses a full vowel
“He will graduate.” vs, “He is a graduate.”
Double stress: front-stressed before noun, end-stressed when final in phrase
an overnight bag” vs. “Are you staying overnight?”
-ed a_djecu'ves with matching verb past tenses
He is a learned man.” vs. “He learned to play piano.”
{\mbiguous abbreviations: already described in Section 14.4.1
in, am, SAT (Saturday vs. Standard Aptitude Test)
. qurowcd words from other languages—They could sometimes be distin-
guishable based on capitalization.
El Camino Real road in California”

“BIC e vs. “real world”
polish shoes” vs. “Polish accent”

: .
.s omeumes, a polysemous word with the same g e
different semantic properties could have dj

definitely be benefited fro,

pronunciation could have impact for Pfosodic, ge stem €l
ferent accentuation effects. Therefore, a high-quality TTS ¥

m word-sense disambiguation beyond homograph disambiguation.
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» Miscellaneous
wThe sewer overflowed.” vs. “a sewer is not a tailor.”

“He moped since his parents refused to buy a moped.”
~Agape is 2 Greek word.” vs. “His mouth was agape.”

As discussed earlier, abbreviation/acronym expansion and linguistic anal ysis described
in Sections 14.4.1 and 14.5 are two main sources of information for TTS systems to res;lf'e
homograph ambiguities.

We close this section by introducing two special sources of pronunciation ambiguity
that are not fully addressed by current TTS systems. The first one is a variation of dialects
{or even personal dialect—idiolect). For example, some might say tom]eylto, while some
athers might say fom{aa]to. Another example is that Boston natives tend to reduce the /#/
sound in sentences like “Park your car in Harvard yard.” Similarly, some people use the
spelling pronunciation in-rer-es-ting as opposed to intristing. Finally, speech rate and for-
ma!ily level can influence pronunciation. For example, the /g/ sound in recognize may be
omitted in faster speech. It might be a sensible decision to output all possible pronunciations
& a multiple pronunciation list and hope the synthesis back end picks the one with better
xousiic/prosodic voice rendition. While true homographs may be resolved by linguistic and
discourse analysis, achieving a consistent presentation of dialectal and stylistic variation is

aneven more difficult research challenge.

The other special source of ambiguity in TTS is somewhat different from what we
h.ave considered so far, but may be a concern in some markets. Most borrowed or foreign
Slngle words and place names are realized naturally with pronunciation normalize:d_ to the
méin presentation language. Going beyond that, language detection refers to the ability of 2
Trsisystem to recognize the intended language of a multiword stretch (_)f text. For example,
Consider the fragment “Well, as for the next department head, that is simply une chose en-

tendue.” The Fre = = (something clearly understood) might be
nch phrase “une chose entendue’ ( o by 2 bilingual English/French

tealized i i
re::j'zed in a proper French accent and phone pronuncia T have:
er. For a TTS system to mimic the best performance, the systert IUSLAREE:

* language identification capability
* dictionaries and rules for both languages
* Voice rendition capability for both languages

47, MorpHOLOGICAL ANALYSIS
we consider issues of relating

G ; ; e,

2 L 55ues in morphology are covered i ChAPE ralyaing ts component morBhernes

“Tace orthg i : ronunciation Yy ffixes, and stem

Which g, minignr;[;hlc forfn g;% 1u:1 :ments of words, such 25 preﬁzzzgs;al analysis [28].

Yords themse]ves T::: a;l;lr:al:omposition process 1S ref;md a,fprll;gi:,:y it is sometimes possi-
G N ic form € ’

™14 dictionary does not list a given orthographic ready present. These shortet forms

e s a
0 analyze the new word in terms of shorter ot
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may combine as prefixes, one or more stems or roots, and suffixes to generate new forms, jf
a word can be so analyzed, the listed pronunciations of the pieces can be combined, perhaps
with some adjustment (phonological rules), to yield a phonetic form for the word as a whole,

The prefixes and suffixes are generally considered bound, in the sense that they cannot
stand alone but must combine with a stem. A stem, however, can stand alone. A word such
as establishment may be decomposed into a “stem” establish and a suffix -ment. In practice,
it is not always clear where this kind of analysis should stop. That is, should a system at-
tempt to further decompose the stem establish into establ and -ish? These kinds of questions
ultimately belong to etymology, the study of word origins, and there is no final answer,
However, for practical purposes, having three classes of entries corresponding to prefixes,
stems, and suffixes, where the uses of the affixes are intuitively obvious to educated native
speakers, is usually sufficient. In practical language engineering, a difference that makes no
difference is no difference, and unless there is a substantial gain in compression or analytical
power, it is best to be conservative and list only obvious and highly productive affixes.

The English language presents numerous genuine puzzles in morphological analysis.
For example, there is the issue of abstraction: is the word geese one morpheme, or two (base
goose + abstract pluralizing morpheme)? For practical TTS systems, relying on large dic-
tionaries, it is generally best to deal with concrete, observable forms where possible. In such
a lexically oriented system, the word geese probably should appear in the lexicon as such,
with attached grammatical features including plurality. Likewise, it is simpler to include
children in the lexical listing rather than create a special pluralizing suffix -ren whose use is
restricted to the single base child.

The morphological analyzer must attempt to cover an input word in terms of the af-
fixes and stems listed in the morphological lexicon. The covering(s) proposed must be legal
sequences of forms, so that often a word grammar is supplied to express the allowable pat-
terns of combinations. A word grammar might, for example, restrict suffixation to the final
or rightmost stem of a compound, thus allowing plurality on the final element of business-
men but not in the initial stem (businessesman). In support of the word grammar, all stems
and affixes in the lexicon would be listed with morphological combinatory class specifica-
tions, usually subtyped in accordance with the base POS categories of the lexicon entries.
That is, verbs would typically accept a different set of affixes than nouns or adjectives. In
addition, spelling changes that sometimes accompany affixation must be recognized and
undone during analysis. For example, the word stoprizzg has undergone final consonant
doubling as part of accommodating the suffix ing.

A morphological analysis system might be as simple as a set of suffix-stripping ru.]es
for English. If a word cannot be found in the lexicon, a suffix-stripping rule can be applicd
to first strip out the possible suffix, including —s, -’s, -ing, -ed, -est, -ment, etc. If the stripped
form can be found in the lexicon, a morphological decomposition is attained. Similarly, P
Jix-stripping rules can be applied to find prefix-stem decomposition for prefixes like 'in-, -
non-, pre-, sub-, etc., although in general prefix stripping is less reliable.

~ Suffix and prefix stripping gives an analysis for many common inflected an
rived words such as helped, cats, establishment, unsafe, predetermine, subword, etc- It helps
in saving system storage. However, it does not account for compounding, issues of legality

d some de-
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of sequence (worfi gramifidr), or spelling changes. It can also make mistake
chronic point of view: basement 1s not base + -ment), some of which will havesc(

in TTS rendition. A more sophisticated version could be constructed b addionse?uences
quch as POS type on each suffix/prefix for a rudimentary legality checky on conrﬁbé ements
However, a truly robust morphological capability would require more powerful for::lz;lons.
chinery and a more thorough analysis. Therefore, adding irregular morphological fonnag:;:
into a system dictionary is always a desirable solution.

Finally, sometimes in commercial product names the compounding structure is sig-
naled by word-medial case differences, e.g., AltaVista™, which can aid phonetic conversion
algorithms. These can be treated as two separate words and will often sound more natural if
rendered with two separate main stresses. This type of decomposition can be expanded to
find compound words that are formed by two separate nouns. Standard morphological
analysis algorithms employing suffix/prefix stripping and compound word decomposition
are summarized in Algorithm 14.4. Note that the algorithm can be easily modified to handle
words constructed by a combination of prefix, suffix, and compound.

from a syn-

ALGORITHM 14.4: MORPHOLOGICAL ANALYSIS

1. Dictionary Lookup
Look up word w in lexicon
If found
QOutput attributes of the found lexical entry and exit
2. Suffix Stripping
If word ends in -s, -'s, -ing, -ed, -est, -ment, etc.
Strip the suffix from word w to form u
If stripped form u found in iexicon
Output attributes of the stem and suffix and exit
3. Prefix Stripping
If word begins with in-, un-, non-, pre-, sub-, etc.
Strip the prefix from word w to form u
If stripped form u found in lexicon )
Output attributes of the prefix and stem and exit
4, Ccl’fmpound word decomposition ——
detect word-medial case differences within wo i
Break word w into a multiple words u,, Uz, Us, .acoording to case changes
For words u,, u,, u,, goto 1. f s
Else if word w'c::\ b:e 3ecomposed into two nouns Uy, U, I fexicon
Output attributes of the u,, u,and exit

§5- Pass word w to letter-to-sound module ———

Amazon/VB Assets
Exhibit 1012
Page 753

¥



728 Text and Phonetic Analysis

14.8. LETTER-TO-SOUND CONVERSION

The best resource for generating (symbolic) phonetic .forfns. from words is an extensive word
Jist. The accuracy and efficiency of such a solution is .lumted only by the n’me, effort, and
knowledge brought to bear on the dictionary construction process. As described in Section
14.2, a general lexicon service is a critical resource for Fhe 'ITS sy.ste?m. Thus, the first and
the most reliable way for grapheme-to-phoneme conversion is via dictionary lookup.

Where direct dictionary lookup fails, rules may be used to generate phonetic forms.
Under earlier naive assumptions about the regularity and coverage of simple descriptions of
English orthography, rules have traditionally been viewed as the primary source of phonetic
conversion knowledge, since no dictionary covers every input form and the TTS system
must always be able to speak any word. A general lerter-to-sound (LTS) conversion is thus
required to provide phonetic pronunciation for any sequence of letters.

Inspired by the phonetic languages, letter-to-sound conversion is usually carried out
by a set of rules. These rules can be thought of as dictionaries of fragments with some spe-
cial conventions about lookup and context. Typically, rules for phonetic conversion have
mimicked phonological rewriting in phonological theory [5], including conventions of
ordering, such as most specific first. In phonological rules, a target is given and the rewrite is
indicated, with context following. For example, a set of rules that changes orthographic k to
a velar plosive /k/ except when the k is word-initial (‘{*) followed by n might appear as:

k -> /sil/ % [ _n
k -> /k/

The rule above reads that & is rewritten as (phonetic) silence when in word initial position
and followed by n, otherwise k is rewritten as (phonetic) /k/. The underscore in the first line
is a placeholder for the & itself in specifying the context. This little set properly treats k in
knight, darkness, and kitten. These are formally powerful, context-sensitive rules. Generally
fl 'ITS system require hundreds or even thousands of such rules to cover words not appear-
ing in the system dictionary or exception list. Typically rules are specified in terms of single-
letter targets, such as the example for k above. However, some systems may have rules for
loqger fragments, such as the special vowel and consonant combinations in words like
neighbor and weigh. In practice, a binary format for compression, a corresponding fragment
matching capability, and a rule index must be defined for efficient system deployment.
e :{ules_of this type are tedious to develop manually. As with any expert systent, .it is dif-
cult fo anticipate all possible relevant cases and sometimes hard to check for rule interfer-
;"C“' and redupdz_ancy. In any case, the rules must be verified over a test list of words With
n:'](;‘s”:‘ni“zfzs:nptlon;. Generally, if prediction of main stress location is not attempted, such
o s s o 5 s of g Bl (7
lower, perhaps below 50% eI'hc,c © percentz}ge? of correct phonetic Pronuncnauons 1S 1'1‘2) g
which s not typically explicitly atns s L ion Of stress depends in part on morpl;lofxfg:
ments corresponding to affi y attempled in this type of simple rule system (though *

8 1o atfixes are frequently used, such as tion -> /ah ax n/). Certainly:
such rules can be made to approach dictionary acc1;ra licit mor-

cy, as longer and more expll
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hological fragments are included. One extreme case is to create one specific rule (contain-

ing exact Contexts for tht? whole word). for each word in the dictionary, Obviously this is not
desirable, since it is equivalent to putting the word along with its phonetic pronunciation in
the dictionary.

In view of how costly it is to develop LTS rules, particularly for a new language, at-
jempts have been made recently to automate the acquisition of LTS conversion rules. These
self-organizing methods believe that, given a set of words with correct phonetic transcrip-
tions (the offline dictionary), an automated leaming system could capture significant gener-
alizations. Among them, classification and regression trees (CART) have been demonstrated
to give satisfactory performances for letter-to-sound conversion. For basic and theoretic de-
scription of CART, please refer to Chapter 4.

In the system described in [14], CART methods and phoneme trigrams were used to
construct an accurate conversion procedure. All of the experiments were carried on two da-
tabases. The first is the NETALK [25], which has hand-labeled alignment between letter and
phoneme transcriptions. The second is the CMU dictionary, which does not have any align-
ment information. The NETALK database consists of 19,940 entries, of which 14,955 were
randomly selected as a training set and the remaining 4951 were reserved for testing. Those
4951 words correspond to 4985 entries in the database because of multiple pronunciations.
The hand-labeled alignments were used directly to train the CART for LTS conversion. The
CMU dictionary has more than 100,000 words, of which the top 60,000 words were selected
based on unigram frequencies trained from North American Business I\{ews. Among tpem,
52415 were used for training and 9719 reserved for testing. Due to multiple pronunciations,
those 9719 words have 10,520 entries in the dictionary. Due to lack of alxgnment informa-
tion, dynamic programming was used to align each letter to the corresponding phoneme be-

fore training the LTS CART.

The basic CART component includes a set
lect the best question at each node to grow the tree
for LTS conversion looks like “Is the second right letter 'p
Phoneme /ay/?” The questions for letters could be on either

. i i simplicity. The range of question posi-
ot e e e g . hgnological variations. It was found

lons must be long enough to cover the long-distance p _ 1 I oxt) and -
that the 11-legger window (5 for left letter context and 5 for. right ett'er.t.ve e
p_honeme window for left phoneme context are generally sufficient. A pnmll1 ;neme oL e
2005 would be the set of all the singleton questions about each letter or jas e

L2 growing the tree, the question that had the best entropy reducntc;nrl i,
10de. We observed tha; if we allow the node to have a complex quesd‘; ® il e
tion of Primitive questions, the depth of the tree will be greatly redt;cteter e vt 1
Impoved, For example tf;e complex question “Is the fecond left le T e o comvert
{e"er e ri;ht letter 'n'?" can &P 'IC e 002::03: udata fragment problem
Lto the right phoneme. Complex questions can also allevi o o somplex ques-

: i f find

fi:)l:‘seq E et S a]gomhnkl; ’::;;flewsi'ystzm built using the above tech-
$ 1S simi i 4, The ba

Nigy imilar to those used in Chapter 4. Th

® has error rates as listed in Table 14.11.

of yes-no questions and a procedure to .se-
from the root. The basic yes-no question
19" or “Is the first left output
the left or the right side. For
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Table 14.11 LTS baseline results using CART [13].

Database Phoneme Word
CMU Lexicon 9.7% 35.0%
NETTALK 9.5% 42.3%

The CART LTS system [14] further improved the accuracy of the system via the fol-
lowing extensions and refinements:

e Phoneme trigram rescoring: A statistical model of phoneme co-occurrence,
or phonotactics, was constructed over the training set. A phonemic trigram
was generated from the training samples with back-off smoothing, and this
was used to rescore the n-best list generated by LTS.

e Multiple tree combination: The training data was partitioned into two parts
and two trees were trained. When the performance of these two trees was
tested, it was found that they had a great overlap but also behaved differently,
as each had a different focus region. Combining them together greatly im-
proved the coverage. To get a better overall accuracy, the tree trained by all
the samples was used together with two other trees, each trained by half of
the samples. The leaf distributions of three trees were interpolated together
with equal weights and then phonemic trigram was used to rescore the n-best
output lists.

By incrementally experimenting with addition of these extensions and refinements, the re-
sults improved, as shown in Table 14.12.

These experiments did not include prediction of stress location. Stress prediction is
difficult problem, as we pointed out earlier. It requires information beyond the letter string.
In principle, one can incorporate more lexical information, including POS and morphologic
information, into the CART LTS framework, so it can be more powerful to leam the pho-
netic correspondence between the letter string and lexical properties.

Table 14.12 LTS using multiple trees and phonemic trigram rescoring [13]-

Database Phoneme Word
CMU Lexicon 8.2% 26.9%
NETTALK 8.1% 34.2%

14.9. EVALUATION

Ever since the early days of TTS research [21, 31], evaluation has been considered an inte-
gral part of the development of TTS systems. End users and application developers are
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ol interested in the end-to-end evaluation of TTS systems. This monolithic type of
Jhole-system evaluation is often referred to as black-box evaluation. On the other hand,
modular (component) testing 1s more appropriate for TTS researchers when working with
isolated components of the TTS system, for diagnosis or regression testing. We often refer
(0 this type of evaluation as glass-box evaluation. We discuss the modular evaluations in
each modutar TTS chapter, while leaving the evaluation of the whole system to Chapter 16.

For text and phonetic analysis, automated, analytic, and objective evaluation is usually
feasible, because the input and output of such module is relatively well defined. The evalua-
tion focuses mainly on symbolic and linguistic level in contrast to the acoustic level, with
which prosodic generation and speech synthesis modules need to deal. Such tests usually
involve establishing a test corpus of correctly tagged examples of the tested materials, which
cn be automatically checked against the output of a text analysis module. It is not particu-
larly productive to discuss such testing in the abstract, since the test features must closely
track each system’s design and implementation. Nevertheless, a few typical areas for testing
o be noted. In general, tests are simultaneously testing the linguistic model and content as
well as the software implementation of a system, so whenever a discrepancy arises, both
possible sources of error must be considered.

For automatic detection of document structures, the evaluation typically focuses on
sentence breaking and sentence type detection. Since the definitions of these two types of
ﬁo;ument structures are straightforward, a standard evaluation database can be easily estab-
ished. .

In the basic level, the evaluation for the text normalization component should include

lage regression test databases of text micro-entities: addresses, Internet and emajl. entities,
ne, currency, etc.), titles, and

wumbers in many formats (ordinal, cardinal, mathematical, phone, C e
abbreviations in a variety of contexts. These would be paired with .Lhe .correct re ere:)h .
foms in something like the SNOR used in ASR output evaluation. In its simplest f0ﬂ:, e;S
Would consist of a database of automatically checkable paired enmels lltkeﬂ’]/j;:; ::t‘ifz cha-
cent, to evaluate g
“nh, and $1.20 vs. one dollar and twenty cents. If you want to oo for semanti

bilty of text izati i ight include m
normalization, the regression database mig : » and
485, 50 that we have 1% vs. “<numbepsEVEN<ratio>PERCENT<Irauo></number> :

1.20 vs, “<money>ONE DOLLAR AND TWENTY CENTS</money>". Theo:le%;:sz;zr-l
database coylq include domain-specific entries. This implies some (_iepcn:leni:z O ekt
tem’s APL—jts markup capabilities or tag set. In the exampl.es given in ’l;]a :e is‘sui,table e
¢ iS 3 desirable output for domain-independent input, while the se.con 0
""Malization of the same expression in mathematical formula domain.

n independenr/dependent (ext normalization.

Table 14.13 Two examples to test domat

three to four o ¥
| three foJoul

three minus four
i

<math_exp> 3-4 </math_exp>
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Some systems may not have a discrete level of orthographic or SNOR Tepresentati,
that easily lends itself to the type of evaluation described in this section. Such Systems man
have to evaluate their text normalization component in terms of LTS conversjon. J

An automated test framework for the LTS conversion analysis minimally inclydes 3
set of test words and their phonetic transcriptions for automated lookup and comparison
tests. The problem is the infinite nature of language: there are always new words that the
system does not convert correctly, and many of these will initially lack a transcription of
record even to allow systematic checking. Therefore, a comprehensive test program for test
of phonetic conversion accuracy needs to be paired with a data development effort. The data
effort has two goals: to secure a continuous source of potential new words, such as a 24-hoyr
newswire feed, and to maintain and construct an offline test dictionary, where reference
transcriptions for new words are constantly created and maintained by human experts. This
requirement illustrates the codependence of automated and manual aspects of evaluation.
Different types and sources of vocabulary need to be considered separately, and they may
have differing testing requirements, depending, again, on the nature of the particular sysiem
to be evaluated. For example, some systems have elaborate subsystems targeted specifically
for name conversion. Such systems may depend on other kinds of preprocessing technolo-
gies, such as name identification modules, that might be tested independently.

The correct phonetic representation of a word usually depends on its sentence and
even discourse contexts, as described in Section 14.6. Therefore, the adequacy of LTS con-
version should not, in principle, be evaluated on the basis of isolated word pronunciations.
However, a list of isolated word pronunciations is often used in LTS conversion because of
its simplicity. Discourse contexts are, in general, difficult to represent unless specific aPRli'
cations and markup tags are available to the evaluation database. A reasonable compromisé
is to use a list of independent sentences with their corresponding phonetic representation for
the evaluation of grapheme-to-phoneme conversion.

Error analysis should be treated as equally important as the evaluation jtself. For ex-
ample, if a confusability matrix shows that a given system frequently confuses central and
schwa-like unstressed vowels, this may be viewed as less serious than other kinds of €O
Other subareas of LTS conversion that could be singled out for special diagnosis and testi"8
include morphological analysis and stress placement. Of course, testing with phonem il
scriptions is the ultimate unit fest in the sense that it contains nothing to insure that the c:;
rectly franscribed words, when spoken by the system’s artificial voice and prosod)’,ota
intelligible or pleasant to hear. Phone transcription accuracy is, thus, a necessary but B
sufficient condition of quality.

14.10. CASE STUDY: FESTIVAL
: . dular
Tht? University of Edinburgh’s Festival [3] has been designed to take advantage Ofalnn: pho-
:u[.compone:nts for various standard functions. Festival provides a complete . _ Festi-
V:J 1¢ analysis with modules organized in sequence roughly equivalent to Figure 'lé defaull
outputs speech of quality comparable to many commercial synLhesizers. i
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are provided for each stage of processing, the system is architecturally designed to
emative routines in modular fashion, as long as the data transfer protocols are fol-
ariant of the tradilipnal TTS arch.itecture is particularly attractive for commer-
il purposes (deveImeem, malrlltenance,_ testing, s_calablllty) as well as research. Festival
an be called in varlo_us ways w1?h _a variety of switches and filters, set from a variety of
anctioned prograqlmmg and scripting languages. These control options are beyond the
scope of this overview.

mu[jnes
aceept Al
jowed. This ¥

1410.1. Lexicon

Festival employs phonemes as the basic sounding units, which are used not only as the at-
oms of word transcriptions in the lexicons, but also as the organizing principle for unit selec-
tion (se¢ Chapter 16) in the synthesizer itself. Festival can support a number of distinct
phone sets and it supports mapping from one to another. A phone defined in a set can have
various associated phonological features, such as vowel, high, low, etc.

The Festival lexicon, which may contain several components, provides pronunciations
for words. The addenda is an optional list of words that are unique to a particular user,
document, or application. The addenda is searched linearly. The main system lexicon is ex-
pected to be large enough to require compression and is assumed to reside on a disk or other
exte‘mal storage. It is accessed via binary search. The lexical entry also contains POS infor-
mation, which can be modified according to the preference of the system configurer. A typl-
twlexical entry consists of the word key, a POS tag, and phonetic pronunciation (with stress
ad possible syllabification indicated in parentheses):

Cwalkers" N (((w a0 ) 1) ((kerz)0)))

e syllables structure i not shown with parentheses, a syllabification rule cmeO“e“t;/a"
voked. Separate entry lines are used for words with multiple pronunciations a1 =

»Which can be regolved by later processing.

14,

02 Text Analysis
e of automatic identification of
done by a separate component,
that may have relevance for

Festiva has beep

Ument ang
talleq SOLE d

N partially integrated with research on the us
[lll]sc'(l)‘l;:se structures. The discourse tagging is
Bitch - The tags produced by SOLE indicate features ¢ be rec-
°8niz:§nat§;r and_ Phrasing in later stag}:as of synthesis (se€ Chapter 15). E‘h ;Sz r:lellllS Festival
Hhen the 1 Partially interpreted at the text analysis phrase. The SOF togold or new in-

liop REls Comparing or contrasting two objects, when it's referming 4 Festival will
gy e it's using a parenthetical or starting a new parag C

+ Dage : phasize, ©
Mogify e - O IS information, that it needs to pause, to emP
Plich range, eqc

raph, €t
hasize or deem
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in Section 14.3, when document creators have knowledge
about the structure Of content of documents, they can express the knowledge through an
XML-based synthesis markup Janguage. A document to be spolfen is first analyzed for all
such tags, which can indicate alternative pronunciations, semantic or quasi-semantic attrib-
utes (different uses of numbers by context for example), as well as document structures,
such as explicit sentence or paragraph divisions. The kinds of information potentially sup-
plied by the SABLE tags’ are exemplified in Figure 14.7.

<SABLE>
<SPEAKER NAME="male1">
The boy saw the girl in the park <BREAK/> with the telescope.

The boy saw the girl <BREAK/> in the park with the telescope.

Additionally, as discussed

Good morning <BREAK /> My name is Stuart, which is spelled
<RATE SPEED="-40%">

<SAYAS MODE="literal">stuart</SAYAS> </RATE>

though some peopie pronounce it

<PRON SUB="stoo art">stuart</PRON>. My telephone number
is <SAYAS MODE="literal">2787</SAYAS>.

I used to work in <PRON SUB="Buckloo">Buccleuch</PRON> Place,
but no one can pronounce that.
</SPEAKER>

</SABLE>

Figure 14.7 A document fragment augmented with SABLE tags can be processed by the Fes-
tival system [3].

For untagged input, or for input inadequately tagged for text division (<BREAK/>),
sentence breaking is performed by heuristics, similar to Algorithm 14.1, which observe
whltes'pace, punctuation, and capitalization. A linguistic unit roughly equivalent to a sen-
tence is creaFed by the system for the subsequent stages of processing.

Tokgmzation is performed by system or user-supplied routines. The basic function is
to recognize potentially speakable items and to strip irrelevant whitespace or other non-
zfgra:able text features. Note that some punctuation is retained as a feature on its nearest
thogrz;{)i)i((t: l}gﬁatl;lza:iuon is implement_ed by token-to-word rules, which return a standard or-
B Sy Z‘;ln, '"111 turn, be input to th.e phonetic analysis module. The token-to-
i gt thise with text normahzatnqn issues similar to those presentec_l in St:ctl.on
tokens whose pronungg‘-:ess’ token-type-specific rule sets may be applied to disambiguit®
routine may be required l{Ons are highly context dependent. For example, 2 disambiguatio”
S A 0 examine context for deciding whether St. should be realized 3

- For general English-language phenomena, such as numbers and various

7
SABLE
and other TTS markup Systems are discussed further in Chapter 15.
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symbols. a ‘stzfndqrfi token-to-\‘»vord routine is provided. One j .

val system is a utility for helplpg to automatically C0n;tru Interesting feature of the Festi-

m'ﬂlll‘flf;:’nl.r: lzs" lV.Vhen SlySt-em Integrators can gather somec;zlls:fljlon lrees o serve text nor-

inguistic ant 5 €d traini

- ba:ed lfainatbl :l;;lo):l:alllodl{lf: for the Feslival system is mai[l]fli;lr:l;)gogam.

iﬁed "t given an inpuit Semengcg:r ’Il‘]: used to predict the likelihoods of POS [analyzer_ "l

word and n-grams for Sequence‘s ofe system uses both a priori probabilitiesaogfs w y ol

work in [6] and is described in Secti ags. The basic underlying technology is similar o th

Bty B3S tag for 6 ghven o ction 14.5.. When lexical lookup occurs, the r;[:" ar to the

key. Thus, the POS tag acts as is input with the word orthography, as z;conf oulcc;ed v

words whose pronunciation m a‘ Sesondary selection meehanism for e vera tumdien
ay differ by POS categories. several hundred

14.10.3. Phonetic Analysis

The homo, i i ion i i
B pi:;?clzeglsrﬁr:slzx{aiatlon is mainly res?lved by POS tags. When lexical lookup oc-
8 it lockin el e %h POS tag for a given word is input with the word orthography
s y. i us, the PQS t:ag acts as a secondary selection mechanism for
e ds whose pronunciation may differ by POS categories.
ails lexical lookup, LTS rules may be invoked. These rules may be created

by hand, formatted as shown below:

(# =
Chr[i Sc h]C=/k/) // ch at word start, followed by a consonant, is /K, €.g.

Altlemnativ

Sertbed ineslz’ I‘JTS rules may be constructed by automatic statistical methods, much as de-
are provided ction 14.8 above, where CART LTS systems were introduced. Utility routines
Sruction to assist in using a system lexicon as a training database for CART rule con-

In addit; ,
- Comgdltlon, I?esuval system employs post-lexica
xt coarticulation occurs when surrounding words and so

Style, aff
fect the final form of pronunciation of a particular phoneme. Examples include re-
and r-insertion. Some coarticula-

ductio
n o :
i mlesf consonants and vowels, phrase final devoicing,

are provided for these processes, and users may also write additional rules.

! rules to handle context coarticula-
unds, as well as speech

u,
1. HiSTORICAL PERSPECTIVE AND FURTHER READING

to-
0-speech has a long and rich history. You can hear samples and re
ch Synthesis History Pr

tury'y
SOKCZ;:;)rnh Ot: work at the Smithsonian’s Spee !
Th multilingual samples of various TTS engines is [20]-
The MITe most influential singie published work on TTS has
alk System [1]. This book describes the MITalk system,

view almost a cen-

Text-
oject [19). A good

been From Text 10 Speech:
from which a large number
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of research and commercial systems were derived during the 1980s, iT'lCluding the widely
used DECTalk system [9]. The best compact overall historical survey is Klatt’s Review of
Text-to-Speech Conversion for English {15]. For deeper coverage of more recent architec-
tures, refer to [7]. For an overview of some of the most promising current approaches and
pressing issues in all areas of TTS and synthesis, see [30]. One of the biggest upcoming is-
sues in TTS text processing is the architectural relation of specialized TTS text processing as
opposed to general-purpose natural language or document structure analysis. One of the
most elaborate and interesting TTS-specific architectures is the multilingual text processing
engine described in [27]. This represents a commitment to providing exactly the necessary
and sufficient processing that speech synthesis requires, when a general-purpose language
processor is unavailable.

However, it is expected that natural language and document analysis technology will
become more widespread and important for a variety of other applications. To get an idea of
what capabilities the natural Janguage analysis engines of the future may incorporate, refer
to [12] or [2]. Such generalized engines would serve a variety of clients, including TTS,
speech recognition, information retrieval, machine translation, and other services which may
seem exotic and isolated now but will increasingly share core functionality. This conver-
gence of NL services can be seen in a primitive form today in Japanese input method editors
(IME), which offload many NL analysis tasks from individual applications, such as word
processors and spreadsheets, and unify these functions in a single common processor [18].

For letter-to-sound rules, NETalk [25], which describes automatic learning of LTS
processes via neural network, was highly influential. Now, however, most systems have
converged on decision-tree systems similar to those described in [14].
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Prosody

Sheridan po; . ]; isn't what you said; it’s how you said it!
Pointed out the !mportance of prosody more than 200 years ago [53):

gh'f'f;:z:s;,rl € laught 10 read sentences. which they do not understand; a;fd as it
Meanyy, € 10 lay the emphasis right, without perfectly cqmprehendmg the
if th ey 2’”0f what O"f-’ r.c’ad.r, they get a habit either of reading in a mor{omne, or
Tandop, ;}f ik fj'St’”g“fSh one word from the rest, as the emphasis falls ar
P » 1€ Sense is usually perverted, or changed into nonsense.
“Dressr:xsr(i)g}; =4 complex weave of physical, phonetic effects that is being employed to
Unicate, T.':' assumptions, and attention as a parallel channel in ou.r daily s;:jeech cor.n-
“Molation .wh'e Semantic content of a spoken or written message is referre to :s uj
.Yalistene’r ile the emotiona] and attentional effects intended b.y the speaker o;t in ez::e
'f‘ idin g aa]r'e part of the message’s connotation. Prosody has an important suppo 1:gl ; .
s'gﬂah‘ng % 'Sler!er’s recovery of the basic messages (denotation) and a starring ro )
N0tation, or the speaker’s attitude toward the message, toward the listener(s),
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ing connotation, or the speaker’s attitude toward the message, toward the listener(s), and

toward the whole communication event. _ . |
From the listener’s point of view, prosody consists of systematic perception and re-

covery of a speaker’s intentions based on:

e Pauses: to indicate phrases and to avoid running out of air.
e Pitch: rate of vocal-fold cycling (fundamental frequency or FO) as a function

of time.
o Rate/relative duration: phoneme durations, timing, and rhythm.

e Loudness: relative amplitude/volume.

Pitch is the most expressive of the prosodic phenomena. As we speak, we systemati-
cally vary our fundamental frequency to express our feelings about what we are saying, or to
direct the listener’s attention to especially important aspects of our spoken message. If a
paragraph is spoken on a constant, uniform pitch with no pauses, or with uniform pauses
between words, it sounds highly unnatural.

In some languages, the pitch variation is partly constrained by lexical and syntactic
conventions. For example, Japanese words usually exhibit a sharp pitch fall at a certain
vowel on a consistent, word-specific basis. In Mandarin Chinese [52], word meaning de-
pends crucially on shape and register distinctions among four highly stylized syllable pitch
contour types. This is a grammatical and lexical use of pitch. However, every language, and
especially English, allows some range of pitch variation that can be exploited for emotive
and attentional purposes. While this chapter concentrates primarily on American English,
the use of some prosodic effects to indicate emotion, mood, and attention is probably uni-
versal, even in languages that also make use of pitch for signaling word identity, such as
Chinese. It is tempting to speculate that speakers of some languages use expressive and af-
fective lexical particles and interjections to express some of the same emotive effects for
which American English speakers typically rely on prosody.

We discuss pausing, pitch generation, and duration separately, because it is convenient
tp separate them when building systems. Bear in mind, however, that all the prosodic quali-
ne§ are highly correlated in human speech production. The effect of loudness is not nearly
as Important 1n synthesizing speech as the effect of the other two factors and thus is not dis-

cussed here. In addition, for many concatenative systems this is generally embedded in the
speech segment.

15.1. THEROLE oF UNDERSTANDING

To date, most work on
the literal content of th
isolated, textual represe
Typically a TTS system
of a sentence or phrase

prosody for TTS has focused exclusively on the utterance, which 18
¢ message. That is, a TTS system learns whatever it can from the
ntation of a single sentence or phrase to aid in prosodic generatio™
may rely on word identity, word part-of-speech, punctuation, length
» and other superficia] characteristics. As more sophisticated N
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of Understanding
The Role -

capuliies r€ deplo.y ed for use by TTS systems, deeper properties of an utterance, includ
ing its document oF discourse context. can be taken into account, ; GG
" Good prosody depends on a speaker or reader’s understanding of the text’s o

gge’s MeAning. As noted in [64], the golden rule of the Roman orator Quintilian (cr Zu:g
) sates {321 “That 10 make a man speak well, and pronounce with a righ z'nlplm;'is .Iu;
ought thoroughty to understand all that he says, be fully persuaded o f it, and bring /Iiln'self
1o have, those affections which he desires 1o infuse in others.” This is clearly a tall order fo
loday’s computers! How important is understanding of the text’s meaning, in generation of
yppropriately engaging prosody? Consider a stanza from Lewis Carroll’s nonsense poem

~Jabberwocky” [10]:

Twas brillig, and the slithy toves
Did gyre and gimble in the wabe;
All mimsy were the borogoves,
And the mome raths outgrabe.

Here, a full interpretation is not possible, owing primarily to lexical uncertainty (our
ignorance of the meaning of words like brillig). However, you can recover a great deal of
information from this passage that aids prosodic rendition. Foremost is probably the metrical
stuctore of the poetic meter. This imposes a rhythmic constraint on prosodic phrasing (ca-
dence, timing, and pause placement). Second, the function words such as and, the, in, etc.
e interpretable and give rich clues about the general type and direction of act?on bcfng
ecified. They also give vs contextual hints about the part-of-speech of the neighboring
ronsense words, which is a first crude step in interpreting those words' meaning. Third,
Pctuation s also important in this case. Using these three properties, with some analcﬁlxcal
Buesses about LTS conversions and stress locations in the nonsense words, Would ow
ost speakers of English to render fairly pleasant and appropriate prosody for thls' poernflc.)m_

Can a computer do the same? Where will a computer fall short of 2 humaq ] fenerally
ance on thig task, and why? First, the carrier voice quality of a human reader xls. :,:ner v
Superio'r 0 synthesized voices. The natural human voice is more pleaszmstetc:i z;ailrsly sin;ple

°ing equal. As for the prosody per se, most TTS systems toda); [1]1 e s, S5
%10 derive prosody, based on a distinction between closed-class U e 2o opei
asdetemliners and prepo’sitions which are thought to receive lesser t?mp a t;c  cented.
Ehded seis of content words suc[; as nouns like wabe, which are more I(likd‘}[,'}:zs i

I thig nonsense poem, that is essentially what most human read;;fs ;;stem ;vith e
symhco."ver?i"“s are supplied, including main Stress locations, f TS o probably render
is e voice and a reasonable default pitch algorithm of this y:ize it explicitly, the con-
straisumza fa.irly well. Again, though the computer does not recOg!
s "hythmic structure of the poem may be assisting: fully participating in the uncon-
10ug ilrlltehswners 0 NOnEEIRe poerns o general;ymzoltistgner to actively Con:h[ma u:if;l
Megyi o Pretive dialog, the attempt on the part © . oood faith by the speaker-
g:‘»flrnemg from pr°5°di°ga“d messagpe-contem cues S pphe:::;glfononsense materials must
alway;’l;:,sjut;dgments of Athe prosodic quality‘ 9f u:;gt:zovery f meaning TEMains a slip-
pect. In ordinary prose, the definition
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n. Consider the passage below [56], which is not metrically structured, fag few

tio
s s, and, yet, was deliberately constructed to be essentially meaning.

or no true nonsense word

less.
In mathematical terms, Derrida’s observation relates to the invariance of the
Einstein fleld equation under nonlinear spaccf-tim.e diffeomorphisms (self-
mappings of the space-time manifold which are infinitely differentiable but not
necessarily analytic). The key point is that this invariance group ‘acts transi-
tively’: this means that any space-time point, if it exists at all, can be trans-
formed into any other. In this way the infinite-dimensional invariance group
erodes the distinction berween observer and observed; the pi of Euclid and the
G of Newton, formerly thought to be constant and universal, are now perceived
in their ineluctable historicity; and the putative observer becomes fatally de-
centered, disconnected from any epistemic link to a space-time point that can no
longer be defined by geometry alone.

Should the fact that, say, a professional news broadcaster with no prior knowledge of
the author’s intent could render this supposedly meaningless passage rather well, make us
suspicious of any claims regarding the necessity of deep semantic analysis for high-quality
prosody? Though perhaps meaningless when taken as a whole, once again, the educated
human reader can certainly recover fragments of meaning from this text sufficient to support
reasonable prosody. The morphology and syntax is all standard English, which takes us a
long way. The quality of the announcer’s rendition degrades somewhat under the condition
the computer truly faces, which can be simulated by replacing the content words of a sen-
tence above with content words randomly chosen from “Jabberwocky”:

In brillig toves, Derrida’s wabe gimbles to the bandersnatch of the Tumtum
whiffling .raths under frumious slithy diffeomorphisms (borogoves of the mimsy
mome which are beamishly vorpal but not frabjously uffish).

] It is likely the human reader can stil outperform the computer by reliance on morpho-
logical zf.nd syntactic cues, such as the parallelism determining the accent placements in the
contrastive structure “...which ARE...but NOT ...” Nevertheless, the degree of understand-
el Message’s content that is required for convincing prosodic rendition remains a sub-
tle q_u?snon. Clearly, the more the machine or human reader knows, the better the prosodic
rendition, bu.t some of the most important knowledge is surprisingly shallow and accessible:
o e\gir; S]:]?(i)sngorou§ sgeciﬁcation or definition of meaning. The meaning of the rendi::
ing of the renditio more SIIgmﬁcant_than the inherent meaning of the text, if any. The mea)
While textual 5 m.;lbevent is determme.d primarily by the goals of the speaker and' Jistener(s
tics, topic, etc contl:-:f)s such as metrical conventions, syntax, morphology, lexxc?l ser;litlne
rendition ’ever;t inco . COr.lstruction of both kinds of meaning, the meaninié Oh as
goals of the commu?ora'tes more important pragmatic and contextual elements, SU¢ the
concept-to-speech dis::‘ixasnocril e nd speaker identity and attitude projection .Thusoo
prosody, since th Sec in Chapter 17 has a much better chance of generating &

€ content of the sentence is known by the SLU system.
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152. PROSODY GENERATION SCHEMATIC

Fioure 15.1 shows schema_Lically the elemenis of prosodic generation in TTS fi

matic abstraction to phonetic realization. The input of the prosody module in F; l:?;n[ 5 rlﬂg
parsed text with a phoneme stn"ng. and the output specifies the duration of c;\cgh pho;{emI:
and the pitch contour. One possible output representation of that output prosody is showﬁ i
Figure 15.2 for the sentence The car sar. Up 1o four poinis per phoneme were included i:
this example. Often one point per phoneme is more than sufficient, except for words like
john, where two points are nezded for the phoneme /aof 1o achieve a natural prosody.

Parsed text and Phone string

—

[ Pause insertion and Prosodic phrasing ]

/ ' \ Speaking Style

[ Duration J LFO Contour J l Volume I —_—
\ 4 v v

Enniched Prosodic Rzpresentation

Figure 13.1 Biock diaerum of 2 prosody gensmation sysiem; different prosodic represent ations
&= o3mines depending on the speaking svle we nse.

= 4 - Wi F
=a0, 1Lg -
£:
\ 175 25213

L ) 52.2%4) 75,2521 —
iz g s, t£%5,274) 2,22
Iz eZ.22%! e 55 272
T zz 27g '£2,204) viRIEle
<. po LA
¥ - P
N = (g0 559 175,123, ;
8. 2= e ] AP g

=24 X a % e ige 5% 75,5573
ish ey r egf i8g,34%;
e, _LE T, I%E CoomZ%

—— W 2UR, %505
L

TR i (IABZID
Figes 321 TIricter prieuty mepressnalivn. winte et litey ampiactss (25 w::l A ppirs Aty
= —— SIS WUON TEPISYCL i - cplis | wWAE G AL
81 DU eniny . fue puttE GO B LD - ffx;fzw.'m by w i
Tomns SpEfrme piier ;ﬂ[ Tt YOI, asr gy t/fg\(ﬁ[ﬂ Gy ?_:_,_1'; PP 2
PUL ot 5 o comisge o fr DUeste? L DudSen W B /:L A{m Vit 304 R
T2 Tl Smun £ 1 g ey printe S V‘):ﬂ-::::/fr;n LA T A
Tene Lw-;‘ cpyin At e T e S .' RN
1T g5y L Ta St P o al PTH S VE TR
e sy ',élﬂ NG et fa ’H; it v 4 s o o4 114 s .4:.:} i i
A 2 T e s e puptists @it et 4 Ll A W T
e Ay L‘n’ ' "%”vu' g oLty s b E R i
s - i et 8 7 =
i WaEE g e gt

Amazon/VB Assets
Exhibit 1012
Page 769



—

744 "

describe the modules of Figure 15.1: the speaking style, Sym-

In the next sections we ' ’ .
ion), duration assignment, and pitch generation ip that

bolic prosody (including pause insert
order, as usually followed by most TTS systems.

15.3. SPEAKING STYLE

Prosody depends not only on the linguistic content of a sentence. Different people generate
different prosody for the same sentence. Even the same person generates a different prosody
depending on his or her mood. The speaking style of the voice in Figure 15.1 can impart an
overall tone to a communication. Examples of such global settings include a low register,
voice quality (falsetto, creaky, breathy, etc.), narrowed pitch range indicating boredom, de-
pression, or controlled anger, as well as more local effects, such as notable excursion of
pitch, higher or lower than surrounding syllables, for a syllable in a word chosen for special
emphasis. Another example of a global effect is a very fast speaking rate that might signal
excitement, while an example of a local effect would be the typical short, extreme rise in
pitch on the last syllable of a yes-no question in American English.

15.3.1. Character

Character, as a determining element in prosody, refers primarily to long-term, stable, extra-
linguistic properties of a speaker, such as membership in a group and individual personality.
It also includes sociosyncratic features such as a speaker’s region and economic status, to
the degree that these influence characteristic speech patterns. In addition, idiosyncratic fea-
tures such as gender, age, speech defects, etc., affect speech, and physical status may also be
a background determiner of prosodic character. Finally, character may sometimes include
temporary conditions such as fatigue, inebriation, talking with mouth full, etc. Since many
of these elements have implications for both the prosodic and voice quality of speech output,
they can be very challenging to model jointly in a TTS system. The current state of the art is
insufficient to convincingly render most combinations of the character features listed above-

15.3.2. Emotion

Temporary emotional conditions such as amusement, anger, contempt, grief, sympathy, sus-

g;c;ozé::; ::Da‘l,:a:l; etff ect on pr(?sody. Ju_st as a film director explains the emotional contexsl
el ity infc ors to mouvate'thelr most convincing performance, SO TTS sys'terrll
unstable properties ormation on the simulated speaker’s state of mind. These ar¢ relanvelg
imagine a speaker ;ﬁ;}meWha‘ independent of character as defined above. That is, one 'couin
any of a number of ;m any combination of social/dialect/gender/age characteristics bemich
as anger, grief, happi otigndl statss t.hat have been found to have prosodic correlates,fsrure
research. A la;ge L:]I:lrl:]is:r’ ztfc'hg':o“o“ in speech is actually an important area f(t)';ecl:s 5
speech. Among these are point (15 -}evel factors go into determining emononaali :is .
feeling or expressing?); s view (can the listener interpret what the speatet o
?); spontaneous vs. symbolic (e.g., acted emotion vs. real feeliné”
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wre-specific vs. universal; basic emotions and ¢
feelings and effects; and strength or intensity of i
conclusions from existing research on emotion in Speech [34]:

o Speakers vary in their ability to express emoti

trolled situations. Ve meaning vocally in con-

o Listeners vary in their ability to recognize and in

terpret emoti "
corded speech. P tions from re

¢ Some emotions are more readily expressed and identified than others
o Similar intensity of two emotions can lead to confusing one with the other.

An addmf)nz.il comphcatlo‘n in expressing 'emolion is that .the phonetic correlates ap-
pear not to be limited to the major prosodic variables (F0, duration, energy) alone. Besides
these, phonetic effects in the voice such as jitter (inter-pitch-period microvariation), or the
mode of excitation may be important [24]. In a formant synthesizer supported by extremely
sophisticated controls [59], and with sufficient data for automatic learning, such voice ef-
fects might be simulated. In a typical time-domain synthesizer (see Chapter 16), the lower-
level phonetic details are not directly accessible, and only FO, duration, and energy are
available.

Some basic emotions that have been studied in speech include:

* Anger, though well studied in the literature, may be too broad a category for
coherent analysis. One could imagine a threatening kind of anger with a
tightly controlled FO, low in the range and near monotone; while a more
overtly expressive type of tantrum could be correlated with a wide, raised
pitch range.

* Joy is generally correlated with increase in pitch and pitch range, with in-
crease in speech rate. Smiling generally raises FO and formant frequencies
and can be well identified by untrained listeners.

* Sadness generally has normal or lower than normal
range, with a slow rate and tempo. It may also be
pronunciation and irregular rhythm.

* Fear is characterized by high pitch in
pronunciation, and irregular voicing (pe
pattern).

pitch realized in a narrow
characterized by slurred

a wide range, variable rate, Precise
rhaps due to disturbed respiratory

154, SYMBOLIC PROSODY

e i of prag-
stact o symbolic prosodic structure s the link between the infinite lm‘;il::s:ﬁt})go, pl;one
u “ Semantic, and syntactic features of an utterance and the relat(lj\ll:lte)’of Figure 15.2 s 8
Taliong, energy, and voice quality. The output of the prosody mO
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Prosody

set of real values of FO over time and real values for phoneme durations, S

ymbOliC 0!
deals with: Prosody

e Breaking the sentence into prosodic phrases, possibly separated by pauses
and

e Assigning labels, such as emphasis, to different syllables or words within
each prosodic phrase.

Words are normally spoken continuously, unless there are specific linguistic reasons
to signal a discontinuity. The term juncture refers to prosodic phrasing—that is, where do
words cohere, and where do prosodic breaks (pauses and/or special pitch movements) occur.
Juncture effects, expressing the degree of cohesion or discontinuity between adjacent words,
are determined by physiology (running out of breath), phonetics, syntax, semantics, and
pragmatics. The primary phonetic means of signaling juncture are:

Parsed text ar}d phone string

Symbolic Prosody

Pauses
Prosodic Phrases

Accent l\

Tone
Tune

J Speaking Style
r

Prosody Attributes

Pitch Range M
Prominence

Declination

v #/

FO Contour Generation
]

v

FO Contour

Figure 15.3 Pitch generation decomposed in symbolic and phonetic proso:
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o Silence insertion. This is discussed in Section 15.4.

e Characteristic pitch movements in the phr
ase-
in Section 15.4.4. phrase-final s

o Lengthening of a few phones in the phrase- ‘o
Section 15.5. 4 final syllable. This is discussed in

o Imegular voice quality such as vocal fry. This is discussed in Chapter 16

yllable. This is discussed

Abstract Prosodic structure or annotation typically specifies all the el i

block of the pitch-generation schematic in Figure 15.3, including acce tements e .
conceptually to heads in standard syntactic structure). The accent types :r: (ClorreSpondmg
smail inventory of tones for American English (e.g., high, low, rising Iate-ﬁssi: ey
The sequence of accent and juncture tones in a given prosodic structu;e may coliric:) oP Edlzi
une-like effects that have some holistic semantic interpretation. While we center :uzlge-
scr.iptio.n in an abstract representation called ToBI, we also describe other alternate represen-
tations in Section 15.4.6. Finally, though in principle the prosody attributes module applies
to all prosody variables, it is mostly used for FO generation in practice, and as such is dis-
cussed in Section 15.6.1.

1541. Pauses

Ina long sentence, speakers normally and naturally pause a number of times. These pauses
have traditionally been thought to correlate with syntactic structure but might more properly
be thought of as markers of information structure [58]. They may also be motivated by
poorty understood stylistic idiosyncrasies of the speaker, or physical constraints. In sponta-
feous speech, there is also the possibility that some pauses serve no linguistic function but
are merely artifacts of hesitation.

ro5g] Ina typical system, the most reliable indicator of pau

th ° unop of abbreviations and special symbols relevant to
¢ remaining punctuation can be reclassified as essentially pros

z:[;?::' commas, exclamation points, parentheses, ellipsis poin 0

pitch ¢ can be taken to correspond to a prosodic phrase boundary an

Movement at its end-point.

ralionlr:hpre(.jicli“g pauses, although you have' to consi

niﬁCa;,[ ; Sf"‘.‘lDle presence or absence of a silence (of

Settin ecision, and its exact duration 18 secondary,

%(_:nd other extraneous factors.

Criticg] nf)l;etgr € many reasonable places to paus
ieh e Th'e g'oal Of‘a‘TTS systgm > lete breakdown of understanding.
o o Jead to ambiguity, misinterpretation. o7 complet | 2o
Ly, most d it mail) incorporates punctuation according

eXactly (1 t decent writing (apart from ¢ ; here it aids interpretation.

¥ this metric: no need to punctuate after every word, just whe

se location is punctuation. After
text normalization (Chapter 14),
odic in nature. This includes
ts, colons, dashes, €tc. Each
can be given a special

der both their occurrence and their du-

ater than 30 ms) is the most sig-

gre
n the current rate

based partially o

e in a long sentence, but a few where it is
hould be to avoid placing pauses anywhere
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Therefore, by simply following punctuation in many writing styles, the TTS System will poy
go far wrong.
. Consider the opening passage from Edgar Allan Poe’s classic story The Cg

sk
Amontillado (1846) arranged sentence-by-sentence: o

1. The thousand injuries of Fortunato I had borne as I best could, but when he
ventured upon insult, I vowed revenge.

2. You, who so well know the nature of my soul, will not suppose, however,
that I gave utterance to a threat.

3. At length I would be avenged; this was a point definitively settled—but the
very definitiveness with which it was resolved precluded the idea of risk.

If we place prosodic pauses at all and only the punctuation sites, the result is accept-
able to most listeners, and no definite mistakes occur. Some stretches seem a bit too long,
however. Perhaps the second part of sentence 3 could be broken up as follows:

but the very definitiveness with which it was resolved PAUSE precluded the idea
of risk.

While commas are particularly useful in signaling pause breaks, as seen above, pauses
may be optional following comma-delimited listed words (berries, melons, and cheese),
though the special small pitch rise typical of a minor (nonpause) break is often present.

Cases where placing a boundary in certain locations critically affects interpretation in-
clude tag questions and verb particle constructions (where the verb must not be separated
from its particle), such as:

Why did you hit Joe?
Why did you hit PAUSE Joe?

He distractedly threw out the trash.
(NOT ... threw PAUSE out ...)

He distractedly gazed PAUSE out the window.

(NOT ... out PAUSE the ...)

Supplying junctures at the optimal points sometimes requires deep semantic an:lsy:cl;
provided by the module described in Chapter 14. The need for independent metho v
pause insertion has motivated some researchers to assume that no independent e
natural language analysis is available. The CART discussed in Chapter 4 can b usesnuc_
pause assignment [36]. You can use POS categories of words, punctuation, and a.few

tural measures, such as overall length of a phrase, and length relative to neighbonné predi"'
to construct the classification tree. The decision-tree-based system can have °°“ECS,£ algo
tion of 81% for pauses over test sentences with only 4% false prediction rates- B
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fithm proceeds successively left to right throy
can be used:
s Isthis a sentence bomzda;j\- (marked by Pinctuation) s

o Isthe left word a content word and the right word 4 Junction o rdl?

* What is the function word Lpe of word to the right? ( Certain funciion words
are more likely to signal q break)

gh each pair of Wwords, the foHowing questions

Is either adjacent word aproper name ( capitalized)?

* How many content \wordy have occurreq since the previoys Junction worg
(if> 4 or5 words, q break is more likely)

* Isthere a comma at this location?
o What is the current location in the sentence?
o What is the length of curreny Pproposed major phrase?

These questions summarize the relevant knowledge, which could be formulated in expert-
System rules, and augmented by high-quality syntactic knowledge if available, or trained
statistically from tagged corpora.

154.2, Prosodic Phrases

An end-of-sentence period may trigger an extreme lowering of pitc.h, a comma-terminated
Prosodic phrage may exhibit a small continuation rise at its en-d, signaling more to con?el,
éic. Rules based on these kinds of simple observations are typically found in commercLa
S systems. Certain pitch-range effects over the entire cla.use or u_tte.rancel can fxsls[o :
ssed on Punctuation—for example, the range in a paremhetnc?l restrictive ¢ al;]se' lh[e)x,]id
cally narrower than that of surrounding material, while exclamations may have a heig
fange, or at least higher accent targets throughout. . iy by charactecisiic
. Prosodic Junctures that are clearly signaled by silence (and u.suz g’ [ \z,een oy
Pitch Movement ag well), also called intonational phrases, are require 'enaled byifence
i Usually a¢ bunctuation boundaries. Prosodic junctures that arelnof_;l[gphmses' e
! tather by characteristic pitch movement only, also called plzon?! ogce domarcating faits
2HGer 1o place With certainty and to evaluate. In fast sp eeCh-' b i:[l ckberries.” may dis-
" the Sentence ‘We have blueberries, raspberries, goosel?erl"les‘ amf} :rlemains‘ These loca-
pear, yer d trace of the continuation rise on each ‘berries’ typ lcjao );cal phrases.
1005 woulg then still qualify as minor intonation phrases, or P:";‘;‘Zheg signaling pitch move-
- 1 analyzing Spontaneous speech, Lh: nz;lturz ::scild:;;f;:’" for practical TTS systems is
“ eaker. A further information in a
- user P’eferredogtsep::::icnr gto bSlFi)nd people who depend on gnsafc;fﬁﬁf:sshoum disappear.
“Mputer uSually prefer g fast rate, at which most sentencc-;:d pitch movement, it helps to
0 discuss linguistically significant juncture typ e;reak Indices) [4, 55] is a proposed
®asimppe Standard vocaby lary. ToBI (for Tones and

| ——
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standard for transcribing symbolic intonation of American English utterances, though it can
be adapted to other languages as well. The Tones part of ToBl is considered in greater detaj]
in Section 15.4.4.

The Break Indices part of ToBI specifies an inventory of numbers expressing the
strength of a prosodic juncture, The Break Indices are marked for any utterance on their own
discrete break index tier (or layer of information}, with the B] notations aligned in time with
a representation of the speech phonetics and pitch track. On the break index tier, the pro-
sodic association of words in an utterance is shown by labeling the end of each word for the
subjective strength of its association with the next word, on a scale from 0 (sirongest per-
ceived conjoining) to 4 (most disjoint), defined as follows:

e 0 for cases of clear phonetic marks of clitic' groups (phrases with appended
reduced function words), e.g., the medial affricate in contractions of did you

ora flap as in got it.
¢ 1 most phrase-medial word boundaries.

e 2 a strong disjuncture marked by a pause or virtual pause, but with no tonal
marks, i.e., a well-formed tune continues across the juncture. OR, a disjunc-
ture that is weaker than expected at what is tonally a clear intermediate or full
intonation phrase boundary.

¢ 3 intermediate intonation phrase boundary, i.e., marked by a single phrase
tone affecting the region from the last pitch accent to the boundary.

¢ 4 full intonation phrase boundary, i.e., marked by a final boundary tone after
the last phrase tone.

For example, a typical fluent utterance of the following sentence: Did you want an ex-
ample? might have a 0 between Did and you, indicating palatalization of the /d j/ sequence
across the boundary between these words. Similarly, the break index value between wan!
and an might again be 0, indicating deletion of /¢/ and subsequent flapping of /n/. The re-
maining break index values would probably be ] between you and want and between an and
example, indicating the presence of a mere word boundary, and 4 at the end of the utterance,
indicating the end of a well-formed intonation phrase. The annotation is thus:

Did-0 you-1 want-0 an-1 example-4?

Without reference to any other knowledge, therefore, a system would place a | after
every word, except where utterance-final punctuation motivates placement of 4. Perhaps
comma boundaries would be marked by 4. Need any more be done? A BI of 0 correlates
with any special phone substitution or modification rules for reduction in clitic groups that 2
'ITS.system may attempt. By marking the location of clitic (close association) phonetic 1&-
duction, such a BI can serve as a trigger for special duration rules that shorten the segments
O'f _the _cliticized word. Whatever syntactic/semantic processing was done to propose the cli-
ticization can serve to trigger assignment of 1. The 2 mark is generally more useful for

'
Pronounced as part of another word, as in ve in ['ve.
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analysis than for speech generation. You may observe tha in the literature on inton ti 3
ation. a

preak is sometimes referred to as an intermediare phrase break. or a minor h break
. o ak H 1 EY . " . - / ras(, r
while a 4 break is sometimes called an intonational phrase break or 3 major /rhlr 25 brem:EI '
* ase ak.

15.4.3. Accent

We should briefly clarify use of terms such as stress and accent. Stress generally refers to an
idealized location in an English word that is a potential site for phonetic prominence effects
such as extruded pitch and/or lengthened duration. This information comes from our stan:
dard lexicon. Thus, the second syllable of the word ¢im-ploy-er is said 10 have the abstract
property of lexical stress. In an actual utterance, if the word as a whole is sufficiently impor-
tant, phonetic highlighting effects are likely to fall on the lexically stressed syllable:

Acme Industries is the biggest employer in the area.

Accent is the signaling of semantic salience by phonetic means. In American English,
accent is typically realized via extruded pitch (higher or lower than the general trend) and
possibly extended phone duration. Although lexical stress as noted in dictionaries is strictly
an abstract property, these accent-signaling phonetic effects are usually strongest on the
lexically stressed syllable of the word that is singled out for accentuation (e.g., employer).

In the sentence above, the word employer is not specially focused or contrasted. but it
is an important word in the utterance, so its lexically stressed syllable typically receives a
prosodic accent (via pitch/duration phonetic mechanisms), along with the other syllablesl in
boldface. In cases of special emphasis or contrast, the lexically specified preferred location
of stress in a word may be overridden in utterance accent placement:

1didn’t say employer, I said employee.
with the secondary stress

It is also possible to override the primary stress of a word
d ; Id say Massachuselts, we

where a neighboring word is accented. While normally we wou
might say Massachusetts legislature [S1]. .

Let’s consider what n&;ighl make a word accentable in co'mext. A basnclrj.nlj l')ase;:l[ ::;
the use of POS category is to decide accentuation by accenting al_l and only ‘;11:. szcm
words. Such rule is used in the baseline FO generation system of .Sec.non ld5.6.i. unz cC e
Wwords are major open-class categories such as noun. verb: adjective. ahzef:“;dio” e
strong closed-class words such as negatives and some quant!ﬁers: Thus,t t e u.p e kind'
Made up of closed-class categories such as prepositions, CO“JU“?'_‘onsile Cuy el dgnment
?f Stop list for accentuation, analogous to the stop lists used tradluon;l y r;r;n s[;‘on o
Indexing schemes for information retrieval. This works adequately for many SHotS,

accentuation ap-
Sentences, such as “The cat sat on the mat”, where the ¥ ords Zele;:;::niogr dialog context,
Pear in boldface. For more complex sentences, appearing in €o¢

Such an algorithm will imes fail ] .

sometimes fail. . iy v« consider a stightly

How often does the POS class-based stop-list approach fal:zeLE;;cz‘;?erllBM Spoken
More elaborate variant on the theme. A model was created using
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English Corpus (SEC) [3). This includes a variety of text types, including news, academic
lectures, commentary, and magazine articles. Each word in the corpus has a POS tag auto-
matically assigned by an independent process. The model predicts the probability of » word
of POS having accent status. The probability is computed based on POS class of a sequence
of words in the history in the similar way as n-gram models discussed in Chapter 11. This
simple model performed at or above 90% correct predictions for all text types. As for stress
predictions that were incorrect, we should note that in many cases accents are optional—it is
more a game of avoiding plain wrong predictions than it is of finding optimal ones. Clearly,
however, there are situations that call for greater power than a simple POS-based model can
provide. Even different readings of the exact same text can result in different accents [46].

Consider a simple case where a word or its base form is repeated within a short para-
graph. Such words may have the necessary POS to trigger accentuation, but, since they have
already been mentioned (perhaps with varying morphological inflection), it can sound
strange to highlight them again with accentuation. They are given or ol/d information the
second time around and may be deaccented. For example, the second occurrence of the noun
‘switch’ below is best not accented:

At the corner of the keyboard are two switches.
The top switch is user-defined.

To achieve this, the TTS system can keep a queue of most recently used words or
normalized base forms (if morphological capability is present), and block accentuation when
the next word has been used recently. The queue should be reset periodically, perhaps at
paragraph boundaries [54].

Of course, the surface form of words, even if reduced to a base form or lemma by
morphology, won’t always capture the deeper semantic relations that govern accentuation.
Consider the following fragment extracted from Roger Rosenblatt’s essay:

Kids today are being neglected by the older generation. Adults spend hours
every day on the StairMaster, trying to become the youth they should be attend-
ing to.

A simple content-word-based accentuation algorithm accents the word youth, because

it is a noun. In context, however, it is not optimal to accent youth, because it is co-referent
with the subject of the fragment, which is kids today. Thus it is, by some metrics, old of
given information, and it had better remain unaccented. The surrounding verbs b“_ome’
should, and attending may get extra prominence. The degree to which coreference relano:liv
from surface identity to deep anaphora, can be exploited depends on the power of the
analysis supporting the TTS function.

Other confusions can arise in word accentuation due to English complex 1
where lack of, or location of, an accent may be a lexical (static) rather than 2 syn
dynamic property. Consider:

ominals,
tactic of

Linvited her to my birthday party, but she said she can’t attend any parties until
her grades improve.
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