






678 Large-Vocabulary Search Algorithms 

Whisper's n-gram search architecture is based on lexical tree search as described in 
Section 13. 1. To keep the runtime memory10 as small as possible, Whisper does not need to 
allocate the entire lexical tree network statically. Instead, it dynamically builds only the por­
tion that needs to be active. To cope with the problem of delayed application of language 
model scores, Whisper uses the factorization algorithm described in Section 13.1.3 to dis­
tribute the language model probabilities through the tree branches. To reduce the memory 
overhead of the factored language model probabilities, an efficient data structure is used for 
representing the lexical tree as described in Section I 3.1.3.1. This data structure allows 
Whisper to encode factored language model probabilities in no more than the space required 
for the original 11-gram probabilities. Thus, there is absolutely no storage overhead for using 
factored lexical trees. 

The basic acoustic subword model in Whisper is a context-dependent senone. It also 
incorporates inter-word triphone models in the lexical tree search as described in Section 
13.1.6. Table 13.5 shows the distribution of phoneme arcs for 20,000-word WSJ lexical tree 
using senones as acoustic models. Context-dependent units certainly prohibit more prefix 
sharing when compared with Table 13.1. However, the overall arcs in the lexical tree still 
represent quite a saving when compared with a linear lexicon with about 140,000 phoneme 
arcs. Most importantly, similar to the case in Table 13. I, most sharing is realized in the be­
ginning prefixes where most computation resides. Moreover, with the help of context­
dependent and interword senone models, the search is able to use more reliable knowledge 
to perform efficient pruning. Therefore, lexical tree with context-dependent models can still 
enjoy all the benefits associated with lexical tree search. 

The search organization is evaluated on the J 992 development test set for the Wall 
Street Joumal corpus with a back-off trigram language model. The trigram language model 
has on the order of 107 linguistic equivalent classes, but the number of classes generated is 
far fewer due to the constraints provided by the acoustic model. Figure l 3. l 3(a) illustrates 
that the relative effort devoted to the trigram, bigram, and unigram is constant regardless of 
total search effort, across a set of test utterances. This is because the ratio of states in the 
language model is constant. The language model is using -2 x10b trigrams, -2 x 10° bi­
grams, and 6 x 10~ unigrams. Figure I 3. l 3(b) illustrates different relative order when word 
hypotheses are considered. The most common context for word hypotheses is the unigram 
context, followed by the bigram and trigram contexts. The reason for the reversal from the 
state-level transitions is the partially overlapping evaluations required by each bigram con­
text. The trigram context is more common than the bigram context for utterances that gener­
ate few hypotheses overall. This is likely because the language model models those 
utterances well. 

"H h ' ere t e runtime memory means the virtual memory for the decoder thnt is the entire imnge of the decoder. 
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bl JJ.5 Configuration of the first seven levels of the 20,000-word WSJ (W. II S 
Ta e . . . f . d h a treet Jour-
ira/J ,ree; the large initial an-out ,s ue to t e use of context-dependent acoustic models 14 ). 

Tree Level Number or Nodes Fan-Out 
I 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 
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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. l .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. 
fnstead, 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 e -heap of storing paths of different linguistic contexts is cre­
ated for each node in the tree. The operation of such e -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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Table 13.6 illustrates how the depth of the e -heap, the active states per frame of 
speech, word error rate, and search time change when the value of threshold e incr_eases 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 l 3.14(a) illustrates 
the distribution of stack depths for a 1arge data set, showing that the stack depth is small 
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-

ance. 
Whisper a1so 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 O to N frames in terms of states evaluated. 

When the look-ahead is increased from O to 3 frames, the search effort, in tenns 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 I node states/ fos %error search time 
0 1.000 8805 16.4 I.Ox 

1.0 l.001 8808 15.5 l.Ox 
2.0 1.008 8898 14.4 I.Ox 
3.0 1.018 9252 12.4 I.07x 
4.0 1.056 10224 10.5 1.16x 
5.0 1.147 11832 10.3 l.36x 
6.0 1.315 13749 10.0 I.60x 
7.0 1.528 15342 9.9 l.8lx 
8.0 1.647 15984 9.9 l.86x 
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13.6. HISTORICAL PERSPECTIVE AND FURTHER READING 

':arge-vocabula . . . . lime syst ry contmuous speech recognition is a computat,Onally intensive task. Real-
time perf:: Slatted to emerge in the late 1980s. Before that, most systems achieved real­
"'1 Vario ance with the help of special hardware [ 11, 16, 25, 28]. Thanks to Moore's law 
!Oler,J.~s efficient search techniques, real-time systems became a reality on a single-chip 

Com rpose p~rsonal computer in the 1990s (4, 34, 43]. 
<ontinuo moo w

15
dom in 1980s saw stack decoding as more efficient for large-vocabulary 

search us speech recognition with higher-order n-grams. Time-synchronous Viterbi beam 
' as desc 'bed · · h ti n m Sections 13.1 and 13.2, emerged as the most efficient searc rame-
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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 [1 OJ. 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). Alleva [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 mullipass 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 finaJly 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 then­
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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CHAPTER 1 4 

Text and Phonetic Analysis 

coding . Text-to-speech can be viewed as a speech 
llexib/ys~m lhat _yields an extremely high compression ratio coupled with a high degree of 
of rr~1

~m choosing style, voice, rate, pitch range, and other playback effects. In this view 
rrs b e text file that is input to a speech synthesizer is a fonn of coded speech. Thus, 

su sumes coding technologies discussed in Chapter 7 with the following goals: 

• Compress· · · · Id be . wn ratzos superior to digitized wave files-Compression y1e s 
nefits m many areas, including fast Internet transmission of spoken mes­

sages. 

• Flexibility in output characteristics-Flexibility includes easy change of 
g~orler, average pitch pitch range etc. enabling application developers to 
give th · ' ' ' · 'bT . eir systems' spoken output a unique individual personality. Flexi I ity 
also 1m r · t etype P ies easy change of message content; it is generally easrer O r text tha · . 

• . . n 1t is to record and deploy a digitized speech file. 

~bzlzty for Perfect indexing between text and speech forms-Preservation of 

lie correspondence between textual representation and the speech wave fonn 
a ows syn h · . d ch as word-by-e ronizatton with other media and output mo es, su 
Word rev · d' al d erse video highlighting in a literacy tutor rea mg ou · 

689 
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Ai t . ·cess 0,rrext content-TIS is the most effective alternative ac-
• tema ive ac.: 'J • • 

cess of text for the blind, hands-free/eyes-free and d1splayless scenanos. 

At f. t sight the process of converting text into speech looks straightforward. How-
irs ' 1 d th" . . 

h we analyze how complicated speakers read a text a ou , 1s s1mphstic view ever, w en . . . 
quickly falls apart. First, we need to convert words m wntten forms mto speakable fonns. 
This process is clearly nontrivial. Second, to sound natur~I, the system needs to convey the 
intonation of the sentences properly. This second process 1s clearly an extremely challenging 
one. One good analogy is to think how difficult it is to drop a foreig~ accent when speaking 
a second language-a process still not quite understood by human beings. 

The ultimate goal of simulating the speech of an understanding, effective human 
speaker from plain text is as distant today as the corresponding Holy Grail goals of the fields 
of speech recognition and machine translation. This is because such humanlike rendition 
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 TIS system to date has approached optimal quality in the Turing test, 1 a 
large number of experimental and commercial systems have yielded fascinating insights. 
Even the relatively limited-quality ITS systems of today have found practical applications. 

The basic ITS system architecture is illustrated in Chapter I. 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
g:am) and for pronunciation modeling in Chapter 9. The next two modules-prosodic analy­
sis and speech synthesis-are treated in the next two chapters. 

14.1. MODULES AND DATA FLow 

The ~~t analysis component, guided by presenter controls, is typically responsible for de­
termmmg document structure, conversion of nonorthographic symbols, and parsing of lan­
guage StfUCture an~ meaning. The phonetic analysis component converts orthographic words 
to phones (unambiguous speech sound symbols). Some TIS systems assume dependency 
between text analysis phoneti J • • · · · • c ana ys1s, prosodic analysis, and speech synthesis, particu-
larly systems based on very large d t b · - ·ri d a a ases contammg long stretches of original, unmod1 ie ----------

A lest proposed by Bri1ish mathematician All T . 
perfonnance on a given h 

I 
an unng of the ability of a computer to flawlessly imitate human 

speec or anguage task (29]. 
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Modules and Data Flow 
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digitized speech with their original pitch conto_urs. We discuss our high-level linguistic de­
scription of those modules, based on modularity, transparency, and reusability of compo-

ts although some aspects of text and phonetic analysis may be unnecessary for some nen , 
particular systems. . 

We assume that the enttre text (word, sentence, paragraph, documt!nt) to be spoken is 
ntained in a single, wholly visible buffer. Some systems may be faced with special re­

c\ements for continuous flow-through or visibility of only small (word, phrase, sentence) 
;i,mks 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 
[4. l. 

raw text 
or tagged text 

r----------------

I 
I 
I 
1 
I 
I 
I 
I 
I 
I 

Document Structure Detection 

Text Nonnalization 

Linguistic Analysis 

Text Analysis 

I ------------------ --------~ ~----------------
ragged text ------------------~ -------- I r----------------

Homograph Disambiguation 

Morphological Analysis 

L----,----jphonetic Analysis 

d Conversion 

I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 

Letter-to-Soun 
I L---::-:i::-:::-::-::-:::-:-:: _________ , 
I --------------
! - - ----·---------- -
ragged text & phones 

Figure 14.l Modularized functional blocks for tex 
. analysis components. 

t and phone!IC 

I 
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692 
Text and Phonetic Anal . YSts 

The architecture in Figure 14.1 brings the stand_ard benefits of modularity and trans-

M dulan.ty in this case means that the analysis at each level can be supplied by the parency. o . . 
most expert knowledge source, or~ vanety ~f different sources, as long as the markup con-
ventions for expressing the analysis are uniform. Transparency means that the results of 
each stage could be reused by other processes for other purposes. 

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 detennine document structure, 
and perfonn sophisticated syntax and semantic analysis on sentences to detennine 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 TIS 
involves three related processes: 

• 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. 

• 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 ?f the phonetic analysis is to convert lexical orthographic symbols to phone­
mic representatton along with possible diacritic infonnation such as stress placement. Pho­
netic analysis is thus often referred to as grapheme-to-phon~me conversion. The purpose is 
obv· " · E ,ou,), smce phonemes are the basic units of sound, as described in Chapter 2· ven 
though fu~re ITS systems might be based on word sounding units with increasing storage 
technologies, homograph disambiguation and phonetic analysis for new words (either trt1e 
new words b · · · s-emg mvented over time or morphologically transformed words) are still nece 
sary for systems to correctly utter every word. 

Grapheme-to-phonem . . . . ·"'"'pie rela· 
tl. h' b e conversion 1s tnvial for languages where there 1s a s1a .. 
ons 1p etween ortho h . b 11 cap· 

tured b h grap Y and phonology. Such a simple relationship can ewe 
and ar:r:fe:!ful of rules. ~anguages such as Spanish and Finnish belong to this careg~; 

to as phonetic languages. English, on the other hand, is remote frorn p 
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