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Table 3.5 Configuration of the _ﬁrst seven levels of the 20,000-word WS (Wall Street Jour
ral) tree; the large initial fan-out is due to the use of context-dependent acoustic models 4], =
Tree Level | Number of Nodes Fan-Out

1 655 655.0

2 3174 4.85

3 9388 2.96

4 13,703 1.46

5 14,918 1.09

6 13,907 0.93

7 11,389 0.82

To improve efficiency in dealing with tree copies due to the use of higher-order n-
gram, one needs to reduce redundant computations in subtrees that are not explicitly part of
the given linguistic context. One solution is to use successor trees to include only nonzero
successors, as described in Section 13.1.2. Since Whisper builds the search space dynami-
cally, it is not effective for Whisper to use the optimization techniques of the successor-tree
network, such as FSN optimization, subtree isomorphism, and sharing tail optimization.
Instead, Whisper uses polymorphic linguistic context assignment to reduce redundancy, as
described in Section 13.1.5. This involves keeping a single copy of the lexical tree, so that
each node in the tree is evaluated at most once. To avoid early inadmissible pruning of dif-
ferent linguistic contexts, an & -heap of storing paths of different linguistic contexts is cre-
aed for each node in the tree. The operation of such &-heaps is in accordance with
Algorithm 13.2. The depth of each heap varies dynamically according to a changing thresh-
old that allows more contexts to be retained for promising nodes.
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o Large-Vocabulary Search Algorithmg

Table 13.6 illustrates how the depth of the € -heap, the active states per frame of
speech, word error rate, and search time change when the value of threshold & increases for
the 20,000-word WSJ dictation task. As we can see from the table, the average heap size for
active nodes is only about 1.6 for the most accurate configuration. Figure 13.14(a) illustrateg
the distribution of stack depths for a large data set, showing that the stack depth is smaj|
even for tree initial nodes. Figure 13.14(b) illustrates the profile of the average stack depth
for a sample utterance, showing that the average stack depth remains small across an utter-

nce.

: Whisper also employs look-ahead techniques to further reduce the search effort. The
acoustic look-ahead technique described in Section 13.2.3.1 attempts to estimate the prob-
ability that a phonetic HMM will participate in the final result [3]. Whisper implements
acoustic look-ahead by running a CI phone-net synchronously with the search process but
offset N frames in the future. One side effect of the acoustic look-ahead is to provide infor-
mation for the RGR strategy, as described in Section 13.2.3.2, so the search can avoid un-
necessary Gaussian computation. Figure 13.15 demonstrates the effectiveness of varying the
frame look-ahead from 0 to N frames in terms of states evaluated.

When the look-ahead is increased from O to 3 frames, the search effort, in terms of real
time, is reduced by ~40% with no loss in accuracy; however, most of that is due to reducing
the number of states evaluated per frame. There is no effect on the number of Gaussians
evaluated per frame (the system using continuous density) until we begin to negatively im-
pact error rate, indicating that the acoustic space represented by the pruned states is redun-
dant and adequately covered by the retained states prior to the introduction of search errors.

With the techniques discussed here, Whisper is able to achieved real-time performance
for the continuous WSJ dictation task (60,000-word) on Pentium-class PCs. The recognition
accuracy is identical to that of a standard Viterbi beam decoder with a linear lexicon.

Table 13.6 Effect of heap threshold on contexts/node, states/frame-of-speech (fos). word error
rate, and search time [4].

[ Context / node | states/fos | %error| search time
0 1.000 8805 164 1.0x
| 1.0 1.001 8808 15.5 1.0x
2.0 1.008 8898 14.4 1.0x
3.0 1.018 9252 12.4 1.07x
4.0 1.056 10224 10.5 1.16x
5.0 1.147 11832 10.3 1.36x
6.0 1.315 13749 10.0 1.60x
7.0 1.528 15342 9.9 1.81x
8.0 1.647 15984 9.9 1.86x
Amazon/VB Assets

Exhibit 1011
Page 706



storical Perspective and Further Reading

Hi
681
2000
L8 i
, 3 l £ 800 — :'5§
| : ] - 0.5 %
| l 0 . h o
1 1 2 3.4 5 6 7. 0
a prefix length 100 200 300
B, | \® ' w

Figure 13.14 (a) A cumulative graph of the
' mulatis prefix count for each st i i
depth 1, showing Fhe distribution according to prefix length. (b) The ;rg}\(x(ij)zmt' vt o
age stack depth with respect to one utterance. The vertical bars show the word g\oua::n;he ;E;;r_
es [3].

2500

g 6.0
s 2000 —&— " 150
< —&—gaussians || g
8 —— states 4402
o \ 1
g 500 —&—error rate | 8
i —H— i + 3.0 %
& 1000 - x real time :
5 g 1q08
3 0 g
2 5003 §
8 W’(-—X——X——*—'X 1 1.0

0 ' ' : 0.0

0 2 4 6 8 10

look-ahead frame count

al-time factor as a function of the acoustic

Figure 13.15 Search effort, percent error rate, and re
uated per frame and the

look-:
: Okbahead' Note that search effort is the number of Gaussians eval
umber of states evaluated per frame [3).

136. HISTORICAL PERSPECTIVE AND FURTHER READING

:;:E‘Z‘V;Cabulary continuous speech recognition is 2 computationally intensive t‘ask.d Re:ll-
lime pzrfems Started to emerge in the late 1980s. Before that, most systems achieve , r<la v;
vy et With the help of special hardware [11, 16, 25, 28]. Thanks 0 M(?orel, Scsi
Eenemous efficient search techniques, real-time systems becamé a reality on a single- P
Cf;WOSe personal computer in the 1990s [4, 34, 43). .

Continyy mon wisdom in 1980s saw stack decoding as more efficient 1or

US speech recognition with higher-order n-grams. Tlme—synchrorfous
+2 described in Sections 13.1 and 13.2, emerged a3 the most efficient

ge-vocabulary
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search frame-
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682 Large-Vocabulary Search Algorithms

work. It has become the most widely used search technique today. The lexical tree represen-
tation was first used by IBM as part of its allophonic fast match system [10]. Ney proposed
the use of the lexical tree as the primary representation for the search space [32]. The ideas
of language model factoring [4, 19] [5] and subtree polymorphism [4] enabled real-time
single-pass search with higher-order language models (bigrams and trigrams). Alleya [3]
and Ney [33] are two excellent articles regarding the detailed Viterbi beam search algorithm
with lexical tree representation.

As mentioned in Chapter 12, fast match was first invented to speed up stack decoding
[8, 9]. Ney and Ortmanns [33] and Alleva [3] extended the fast match idea to phone look-
ahead in time-synchronous search by using context-independent model evaluation. In Haeb-
Umbach et al. [22], a word look-ahead is implemented for a 12.3k-word speaker-dependent
continuous speech recognition task. The look-ahead is performed on a lexical tree, with
beam search executed every other frame. The results show a factor of 3-5 times of reduction
for search space compared to the standard Viterbi beam search, while only 1-2% extra er-
rors are introduced by word look-ahead.

The idea of multipass search strategy has long existed for knowledge-based speech
recognition systems [17], where first a phone recognizer is performed, then a lexicon hy-
pothesizer is used to locate all the possible words to form a word lattice, and finally a lan-
guage model is used to search for the most possible word sequence. However, HMM’s
popularity predominantly shifted the focus to the unified search approach to achieve global
optimization. Computation concerns led many researchers to revisit the multipass search
strategy. The first n-best algorithm, described in Section 13.3.2, was published by research-
ers at BBN [39]. Since then, n-best and word-lattice based multipass search strategies have
become important search frameworks for rapid system deployment, research tools, and spo-
ken language understanding systems. Schwartz et al.’s paper [40] is a good tutorial on the n-
best or word-lattice generation algorithms. Most of the n-best search algorithms can be made
to generate word lattices/graphs with minor modifications. Other excellent discussions of
multipass search can be found in [14, 24, 30].
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TEXT-TO-SPEECH SYSTEMS
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codi : ]-:’uxt-to-speech can be viewed as a speech
ﬂzgligiglistzsift]hi]at.ylelds an CXFremely high compression ratio coupled with a high de'gret.: of
of TTS, the text ?_Sll ng styl.e, .V01ce, rate, pitch range, and other playback effects. In this view
Subsum i that is input to a speech synthesizer is a form of coded speech. Thus,

€8 coding technologies discussed in Chapter 7 with the following goals:

) C ! ] . .
b;’"?rea:swn ratios superior to digitized wave files—Compression yields
sag:slts 1N many areas, including fast Internet transmission of spoken mes-
ge;«gblll’}’ in output characteristics—Flexibility includes easy change of
ot €L, average pitch, pitch range, etc., enabling application developers to

s: m €lr systems’ spoken output a unique individual personality. Flexibility
text t},mp]-les casy change of message content; it is generally easier to retype

o ap 118 to record and deploy a digitized speech file.

e’hty Jor perfect indexing between text and speech forms—Preservation of
a oconesP""dence between textual representation and the speech wave form
wor:’  Synchronization with other media and output modes, such as word-by-
Teverse video highlighting in a literacy tutor reading aloud.
689
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o Alternative access of text content—TTS is the most effective alternative ac-
cess of text for the blind, hands-free/eyes-free and displayless scenarios.

At first sight, the process of converting text into speech looks strai.ghtf.orw?rd., H9w-
ever, when we analyze how complicated speakers r‘ead z? text aloud: this simplistic view
quickly falls apart. First, we need to convert words in written forms into speakable forms,
This process is clearly nontrivial. Second, to sound natur.al, the system needs to convey 'Lhe
intonation of the sentences properly. This second process is clearly'an extremely chal[cngng
one. One good analogy is to think how difficult it is to drop a forexgr} accent when speaking
a second language—a process still not quite understood by human bemgs. .

The ultimate goal of simulating the speech of an ‘understandln‘g, effective human
speaker from plain text is as distant today as the corresponding Holy Grail goals. of the ﬁg}ds
of speech recognition and machine translation. This is because such huma'nhke rgndmon
depends on common-sense reasoning about the world and the text’s relation to it, deep
knowledge of the language itself in all its richness and variability, and even knowledge of
the actual or expected audience—its goals, assumptions, presuppositions, and so on. In typi-
cal audio books or recordings for the visually challenged today, the human reader has
enough familiarity with and understanding of the text to make appropriate choices for rendi-
tion of emotion, emphasis, and pacing, as well as handling both dialog and exposition.
While computational power is steadily increasing, there remains a substantial knowledge
gap that must be closed before fully human-sounding simulated voices and renditions can be
created.

While no TTS system to date has approached optimal quality in the Turing test,' a
large number of experimental and commercial systems have yielded fascinating insights.
Even the relatively limited-quality TTS systems of today have found practical applications.

The basic TTS system architecture is illustrated in Chapter 1. In the present chapter we
discuss text analysis and phonetic analysis whose objective is to convert words into speak-
able phonetic representation. The techniques discussed here are relevant to what we dis-
cussed for language modeling in Chapter 11 (like text normalization before computing n-
gram) and for pronunciation modeling in Chapter 9. The next two modules—oprosodic analy-
sis and speech synthesis—are treated in the next two chapters.

14.1. MODULES AND DATA FLOW

The .te?ct analysis component, guided by presenter controls, is typically responsible for de-
termining document structure, conversion of nonorthographic symbols, and parsing of lan-
guage structure and meaning. The phonetic analysis component converts orthographic words
to phones (unambiguous speech sound symbols). Some TTS systems assume dependency
between text analysis, phonetic analysis, prosodic analysis, and speech synthesis, particu-
larly systems based on very large databases containing long stretches of original, unmodified

' A test proposed by British mathematici
atician Allan Turing of the abili imitate huma
performance on a given speech or language task [29). ’ LS
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digitized speech with their original pitch contours. We discuss our hi
scription of those modules, based on modularity, transparency,
sents, although some aspects of text and phonetic analysis may
particular systems. .

We assume that the entire text (word, sentence, paragraph, document) to be spoken i
contained in a single, wholly visible buffer. Some systems may be faced with spscial ref
quirements for continuous flow-through or visibility of only small (word, phrase, sentence)
chunks at a time, or extremely complex timing and synchronization requirements. The basic
functional processes within the text and phonetic analysis are shown schematically in Figure
14.1.

gh-level linguistic de-
and reusability of compo-
be unnecessary for some

raw text
or tagged text

Documeat Structure Detection
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Text Normalization Text Analysis
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Linguistic Analysis
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Figure 14,1 Modularized functional blocks for text a
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ecture in Figure 14.1 brings the stand‘ard benefits of modularity ang trans-
parency. Modularity in this case means 'that the :fmalysrs at each level can be supplied by the
most expert knowledge source, or a variety qf different sources, as long as the markup cop.
ventions for expressing the analysis are uniform. Transparency means that the resu]ts of
each stage could be reused by other processes for other purposes.

The archit

14.1.1. Modules

The text analysis module (TAM) is responsible for indicating all knowledge about the text or
message that is not specifically phonetic or prosodic in nature. Very simple systems do little
more than convert nonorthographic items, such as numbers, into words. More ambitious
systems attempt to analyze whitespaces and punctuations to determine document structure,
and perform sophisticated syntax and semantic analysis on sentences to determine attributes
that help the phonetic analysis to generate correct phonetic representation and prosodic gen-
eration to construct superior pitch contours. As shown in Figure 14.1, text analysis for TTS
involves three related processes:

o Document structure detection—Document structure is important to provide a
context for all later processes. In addition, some elements of document struc-
ture, such as sentence breaking and paragraph segmentation, may have direct
implications for prosody.

¢ Text normalization—Text normalization is the conversion from the variety of
symbols, numbers, and other nonorthographic entities of text into a common
orthographic transcription suitable for subsequent phonetic conversion.

e Linguistic analysis—Linguistic analysis recovers the syntactic constituency
and semantic features of words, phrases, clauses, and sentences, which is im-
portant for both pronunciation and prosodic choices in the successive proc-
esses.

_ The task of the phonetic analysis is to convert lexical orthographic symbols to phone-
mic represer}tation along with possible diacritic information, such as stress placement. Ph(."
n‘et@ analy_sns is thus often referred to as grapheme-to-phoneme conversion. The purpos® B
?howous' since phonemes are the basic units of sound, as described in Chapter 2. EVel
te:;f:lé’u;::e r'lI‘TS systems_mighF be based on word sounding units with increasing 5‘°’ag:
N 5 b, ! 0mf>graph disambiguation and phonetic analysis for new words (e,'t_her ml.

Ords being invented over time or morphologically transformed words) are still neces
sary for systems to correctly utter every word.
ﬁonShgr%L;}:;I:::g;%:mneme conversion is trivial for languages where there is 2 simPllel r:;;
tured iy ot s ography and phonology. Such a simple relationship can b We 7y
ul of rules. Languages such as Spanish and Finnish belong to this cat*&>

and , g
are referred to ag Dhonetic languages, English, on the other hand, is remote from pho
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