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ABSTRACT

In the early *90s, the availability of the TIMIT read-speech phon-
etically transcribed corpus led to work at AT& T on the automatic
inference of pronunciation variation. This work, briefly summar-
ized here, used stochastic decisions trees trained on phonetic and
linguistic features, and was applied to the DARPA North American
Business News read-speech ASR task.

More recently, the|CSI spontaneous-speech phonetically tran-
scribed corpus was collected at the behest of the 1996 and 1997
LVCSR Summer Workshops held at Johns Hopkins University. A
1997 workshop (WS97) group focused on pronunciation inference
from this corpus for application to the DoD Switchboard spontan-
eous telephone speech ASR task. We describe several approaches
takenthere. Theseinclude(1) oneanalogoustothe AT& T approach,
(2) one, inspired by work at WS96 and CM U, that involved adding
pronunciation variants of a sequenceof one or more words (‘ mul-
tiwords') in the corpus (with corpus-derived probabilities) into the
ASRIlexicon, and (1+2) ahybrid approachin which adecision-tree
model was used to automatically phonetically transcribe a much
larger speech corpus than ICSI and then the multiword approach
was used to construct an ASR recognition pronunciation lexicon.

1. INTRODUCTION

Most speech recognition systemsrely on pronouncing dictionaries
that contain few alternate pronunciationsfor most words. In natural
speech, however, words seldom adhereto their citation forms. The
failure of ASR systemsto capturethisimportant source of variabil-
ity is potentially a significant source for recognition errors, partic-
ularly in spontaneous, conversational speech. We report methods
used to addressthisissue applied to read speechat AT& T [9] and to
spontaneous speech at and after WS97, the Fifth LV CSR Summer
Workshop, held at Johns Hopkins University, Baltimore, in July-
August, 1997 [2].

As afirst step towards aleviating this common limitation of
pronouncing dictionaries, we identify a systematic way of gener-
ating alternate pronunciations of words by using phoneticaly la-
belled portions of the TIMIT [5] and Switchboard [6] corpora. One
viewpoint weexploreisthat pronunciation variability may bemod-
elled by astatistical mapping from canonical pronunciations (base-
forms) to symbolic surface forms, and we use decision treesto cap-

ture this mapping. A second way we exploit the hand transcrip-
tionsis by enhancing the dictionary using frequently seen pronun-
ciations. While the former has the potential to generalize to un-
seenwords and pronunciations, the latter is more conservative and
hence potentially more robust.

Asmany researchershaveobserved earlier, simply adding sev-
eral alternate pronunciationsto the dictionary increasesthe confus-
ability of wordsto the extent that the gainsfrom having them are of -
ten more than nullified. We addressthis problem in two ways. We
assign costs to alternate pronunciations so that, e.g., if afrequent
pronunciation of “cause” and an infrequent pronunciation of “be-
cause” areidentical, apenalty isincurred to attribute the pronunci-
ation to “because” rather than “cause.” In addition, we account for
context effects so that, e.g., “to” isallowed the pronunciation[ax],
which is a frequent pronunciation of “a,” only if “to” is preceded
by “going,” asin[g aa n ax].

Our pronunciation modelling efforts may be divided into two
broad categories. In our tree based dictionary expansion experi-
ments, we apply decision tree based pronunciationmodelsto entries
inour baseformdictionary to obtain alternate pronunciations, which
are then used in testing. In our explicit dictionary expansion ex-
periments, we apply the decision tree based pronunciation models
first to the training corpus, and perform aforced alignment with the
acoustic modelsto “ choose” amongst the alternatives. Thediction-
ary is then explicitly augmented with novel pronunciations which
occur sufficiently often. The tree based expansion implicitly adds
many more new pronunciationsthanthe explicit expansion. However,
it doesnot attempt to model any cross-word coarticulation. Theex-
plicit expansion does so by allowing as dictionary entries a select
set (cf. [4]) of multiwords—word pairs and triples.

We demonstratein Sections2 and 3 that the tree-based method
givesareduction in the word error rate (WER) for the read-speech
North American Business (NAB) News task while both methods
givereductionsfor the conversational telephonespeech Switchboard
task over baseline systems using only a citation-form dictionary.
Further, we show in Sections 4 and 5 that reductions persist when
thebaselinesystemsareimproved by coarticulation sensitiveacous-
tic modelling and improved language modelling.



2. TREE BASED DICTIONARY EXPANSION

Our tree based pronunciation model swereinspired by phonological
rulesin acoustic phonetic studies (cf., e.g., [7]) which characterize
allophonicvariationsin certain phonemic contexts, and by the suc-
cessful use of similar methods to model pronunciation variability
and constraintsby other researchers(e.g., [3, 8, 4, 10, 12, 11]). Fig-
ure 1 illustrates the deletion or alteration of a phonemein context
which we modelled via decision trees.
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Figure 1: Decision Trees as Phone Predictors

2.1. Decision Treesfrom Hand L abelled Data

Thedecisiontreesbuilt for thesetasksdrew from asubstantial por-
tion (134,000 phones) of the TIMIT data set and approximately 3.5
hours (96,000 phones) of the phonetically labelled transcriptions of
the Switchboard (ICSI) data set.

Thelabels used by the annotators were slightly richer than the
phonetic labels in the pronouncing dictionary (PronLex) used for
these experiments. However, sincethe acoustic modelsfor thebaseline
system weretrained using the PronL ex phone set, the hand annota-
tions were mapped down to this phone set for reasons of consist-
ency.

Next, based on the orthographic transcriptions and the pronoun-
cing dictionary, a phonemic transcription of the utterances was ob-
tained. Whenever the dictionary permitted more than one pronun-
ciation for aword, a choice was made via a forced alignment of
the acoustic signal with the alternatives using the baseline acoustic
models.

The phonemic transcriptionswere then lined up with the phon-
etic labels, using asthe alignment criterion the minimization of the
phonetic feature distance betweenthe two symbol streams[9]. Table
1 gives an example alignment from the ICSI corpus. This gave us
a corpus of phoneme-to-phone transformations together with the
phonemic environment or context for each instance.

Decision tree models were then built to represent this phon-
eme to phone mapping. The context included the identity of the
phoneme to be mapped as well as three neighbouring phonemes
on either side (each encoded in terms of its phonetic features— see
Table 2), thelexical stresson neighbouringvowelsas obtainedfrom
the pronouncing dictionary, and the distance of the phoneme from
the nearest segment boundary on either side, where the segment
could be either a syllable, aword or a phrase. A separate tree was
grown for each phoneme. The tree growing criterion was minim-
ization of the empirical entropy of the surface phone, the stopping
criterion wasaminimum samplecount at both parent and child nodes,
and the trees were pruned viainternal fivefold cross-validation.

PHONEME PHONE WORD
f f for
ao ao

r -

dh dh the
ax iy

f f for
ao -

r -

dh dh the
ax ax

d jh drug
r r

ah ah

g g

Table 1: Phoneme-to-phone Alignment.

o Consonant-Manner:
voiced stop, unvoiced stop, voiced fricative, unvoiced fric-
ative, voiced affricate, unvoiced affricate, nasal, rhotic, lat-
eral, not—applicable.

¢ Consonant-Place:
bilabial, labiodental, dental, alveolar, palatal, velar, pharyn-
geal, not—applicable.

¢ Vowel-Manner:
monophthong, r—colored  vowel,
y—diphthong, glide, not—applicable .

¢ Vowel-Place:
front-low, front-mid-ow, front—high, central—mid—{ow,
central-mid-high, back—ow, back—mid-ow, back—-mid—
high, back—high, not—applicable.

w—diphthong,

Table 2: Phoneme Encoding Scheme. Each phoneme is repres-
ented as a four-element feature vector, ( consonant - manner ,
consonant - pl ace, vowel -manner, vowel -pl ace).
For example, / s/ is encoded as (voi cel ess fricative,
palatal, n/a, n/fa) and /iyl is encoded as (n/a,
n/a, y-diphthong, high-front).



Training Data Averagelog, -prob (Efficiency)
ICSl-test | TIMIT-test
TIMIT 0.76 — 0.60 (20%) | 0.34 — 0.17 (51%)
ICSI 0.72 — 0.50 (30%)
ICSI+TIMIT | 0.71 — 0.48 (32%)

Table 3: Prediction Entropy for Pronunciation Trees

2.1.1. Predicting Surface Forms from Baseforms

Each leaf in a tree thus assigned probabilities in some context to
more than one surface form realization of the phonemeit modelled.
A way to judge the goodnessof these trees, therefore, wasto apply
them as predictors on a held out portion of the hand labelled cor-
pora. Test setsfrom TIMIT and ICSI corporawere held out for this
purpose. Theresultsin Table 3 summarize the predictive ability of
the trees on these sets.! Relative to the context independent dis-
tribution of surface form realizations of a phoneme, decision trees
built onthe TIMIT portion of the trainig set reduce the entropy by
about 50%, when tested on TIMIT. Those built on the Switchboard
portion of the training set reduce the entropy by about 30%, when
tested on Switchboard. Trees based on TIMIT alone are muchless
effective on the Switchboard test set (20%), but adding themto the
Switchboard training data (ICSI+TIMIT) results in a small addi-
tional gain (32%). Theseresultssuggest thereismore variability in
pronunciationsin Switchboard, relativeto TIMIT, whichisnot cap-
tured by either the phonemiccontext cuesor themodelling paradigm
we considered.

2.1.2. The Effect of Leaving Out Features

In order to investigate the conditional utility of each of our contex-
tual features given the others, trees were built at WS97 by leaving
features out from the context one at atime. Table 4 summarizes
the results of these experiments. The trees were trained on all of
the Switchboard and TIMIT data mentioned above, and the test set
was the same as the one used for the Switchboard results of Table
3. Note that, at least for this corpus size, there waslittle additional
predictive power in neighbouring phonemes more than one posi-
tion away, when the triphone context, word boundary, and lexical
stressrelated information was specified.

2.1.3. Thelmpact of Some Additional Features

We also experimented at WS97 with adding new featuresto the de-
cision trees.

e Based on the number of distinct pronunciations of a word
that were seenin the | CSI-portion of the corpus, words were
categorized into ten bins: from words having many pronun-
ciations to words having few pronunciations. The bin num-
ber was then provided to the trees for each phoneme of the
word. It was hoped that knowing how stable aword’s pro-
nunciation was would help predict the surface form better.

o Itisvaryingly conjectured that frequently used words, func-
tion words or low information bearing words often tend to

1 So that test observationsin contextsunseen in training do not make en-
tropy figuresinfinite, theworst 10% of thetest data(i.e., highestlog,-prob)
isremoved from each entropy measurement in this paper.

Features Provided as Context

| log,-prob ]

[ All Features | 048 ]
.~ 3rd Phoneme ~ Excluded 0.484
-~ 2nd and 3rd Phonemes ~ Excluded 0.485
Lexical Stress Excluded 0.487
Segment Boundary Cue Excluded 0.490
Vowels (manner and place) Excluded 0.497
Stress and Segment Boundary Cues Excluded 0.498
Consonants (manner, place) Excluded 0.527
Right Phonemic Context Excluded 0.537
L eft Phonemic Context Excluded 0.547
Entire Phonemic Context Excluded 0.606
All Context Excluded (root trees) 0.714

Table 4: Leaving Out Features from the Context

| Features Added to Context | log,-prob ]

[ None | 048 ]
Word level Pronunciation Variance (10 bins) 0.481
Word Frequency (from 60 hr training) 0.483
Pron. Variance and Word Frequency 0.483
Pron. Var., Word Freq., and Previous Phone 0.451

Table 5: Adding New Featuresto the Context

be mispronounced. The frequency of occurrence of aword
in the 60 hour acoustic training corpus was provided to the
trees for each phoneme of the word.

¢ In the hope of capturing limited phonotactics, as well asto
indirectly model deletion or reduction of units larger than
phonemes, the trees were provided the surface form realiz-
ation of the previous phoneme.

Table 5 summarizes our results. All the features used by the
ICSI+ TIMIT trees of Table 3 are already present in the context.
Note that while we were unableto successfully exploit the inform-
ation about empirical pronunciation variability or frequency of a
word, knowing the previous surface form seemsto be of significant
valuein this modelling paradigm, perhaps becauseit compensates
for some of our conditional independence assumptions in model-
ling the phonemeto phone mapping very locally.

2.2. Generating Automatic Phone Transcriptions

Using decisiontreesisadataintensivemodelling technique. Large
quantities of automatic phonetic transcriptions were generated to
augment the hand-labelled corpora using the 37,000 training sen-
tences (SI-284 training data set) for the NAB task at AT& T and us-
ing the 60-hour acoustic training corpus for the Switchboard task
at WS97. Unlike[11], whereunconstrained phonerecognition was
used to generate phone transcriptions, we constrained the wordsin
our training utterancesto assumeonly pronunciationsgenerated by
application of the decision trees to their phonemic baseforms: a
forced alignment was performed on theresulting network of altern-
ate pronunciationsin an utterance and the most likely sequence of



[ Model | #Trntokens | log,-prob |

[ ICSI+TIMIT | 96040 | 0525 |
Recount Weights | 2.36 million 0.585
Rebuild Trees 2.36 million 0.542

Table 6: Rebuilding v/s Retuning the Pronunciation Trees

pronunciations was chosen to be the phonetic transcription. Pro-
nunciation probabilities derived from the trees were used as ‘lan-
guage model’ weights during alignment, and since the word tran-
scription was provided, word level language model weightsare re-
dundant and were not used.

Anecdotal evidencesuggeststhat this method of obtaining auto-
matic transcriptions is reasonable: it agrees more with human an-
notations than the phonemic baseforms do, though not by much.
For the hand labelled portion of the ICSI corpus, for instance, we
aligned the baseformswith the hand labels and found the phone er-
ror rate of the citation form transcription to be about 30%. Theer-
ror rate for the automatic transcriptions for the same portion was
25%.

words just because  they're grandparents...
dict jhahst baxkahz dheyr graenpeyrihnts
icsi jhahst baxkahz dheyr graenpeyrihnts
auto jhaxs baxkaoz er graenpehrs

Itisalso not clear if total agreement with the hand labelsis de-
sirable. Occasionally, asin the transcriptions shown above, alarge
number of human listeners preferred the automatic transcriptions
to those of the annotators! Readers who would wish to listen to
this particular utterance can find it on the 1997 LV CSR workshop
pronunciation project web page at www.clsp.jhu.edu.

2.2.1. Building Decision Treesfrom Automatic Transcriptions

These transcriptions were used to build new decision trees. Two
optionswere exploredto usethislarge amount of training data—re-
tainthetopology (i.e., the sequenceof questions, or the equivalence
classification of the contexts) of the original phonetically hand la-
belled corpustrees, and only updatetheir leaf distribution by pour-
ing this new training data down those trees; or rebuild the trees al-
together. When applied to Switchboard, there is very little differ-
encebetweenthetwo methodsasfar as prediction entropy onaheld
out set goes, asillustrated in Table 6. It is also not surprising that
the prediction entropy of thesetreesishigher thanthe ICSI+TIMIT
treestrained on hand labels alone, becausethere is an obviousmis-
match between the automatic derivation of the training transcrip-
tions, and the hand labelling of the test set. The fully rebuilt trees
were hamed Retrained trees.

Since we now had much more training data, we also built trees
which additionally included in the context the previously realized
surfaceform so asto capture some of the dependencyin the surface
string. Treesbuilt this way were named Retrained?2 trees.

2.3. Dictionary Expansion Using Pronunciation Trees

We applied the ICSI+TIMIT trees of Table 3 to successive phon-
emes of each baseformin the WS97 baselinedictionary to obtain a

[ Dictionary | WER ]

[ T1S [ 127% |
TIMIT 10.8%
Retrained2 | 10.0%

Table 7: NAB recognition results with Enhanced Dictionaries

weighted pronunciation network as describedin [9]. Figure2illus-
tratessuchanetwork for theword pr et t y. Applied statically, this

pretty

Figure 2: Pronunciation Network for pretty

resulted in an expanded dictionary which we call the ICS+TIMIT
dictionary.

We also applied the Retrained treesto baseformsinthe baseline
dictionary as before, to obtain asecond enhanced dictionary, which
wecall the Retraineddictionary. Finally, expandingthe baseforms
in the baseline dictionary using the Retrained?2 trees resulted in the
Retrained2 dictionary.

2.4, Testingwith Tree Based Dictionaries

At AT&T, both treesbuilt on TIMIT and retrained trees built on the
automatically transcribed SI-284 training corpus were used to con-
stuct recognition dictionaries for the NAB Eval ' 95 test set. These
were compared with abaseline system whose pronunciationscame
from the AT& T TTS text-to-speech system. Table 7 shows these
recognition results. We seethat the TIMIT-based treesgavea1.9%
WER reduction over the citation-form TTSdictionary, while trees
retrained on the SI-284 training corpusgavean additional 0.8% re-
duction. In this earlier work, the full TIMIT phone set (minus the
stop closures) was used, which contained 53 phones compared to
the TTSinventory of 41 phonemes. Thus, new acoustic modelshad
to be built for the larger phone set. In other words, the acoustic
models used for the TIMIT and Retrained2 entries in Table 7 were
different than the TTS-based test. At WS97, thiswas not required,
since as mentioned before, the phone realizations had been force-
ably mapped to the PRONLEX set.

At WS97, bigram lattices for the WS97 devel opment-test were
rescored using the enhanced di ctionaries described above using the
WS97 baseline acoustic models®. Table 8 shows recognition per-
formance using the three static but weighted enhancementsto the

2The baselineacoustic model swere state clustered cross-word triphones
comprising about 7000 states, each with twelve-component Gaussian mix-
ture output densities, trained on about sixty hours of Switchboard data.



[ Dictionay | WER | DEL | SUB | INS |

[ Pronlex | 44.66% | 10.85% | 29.47% | 4.34% |
ICSI+TIMIT | 46.14% | 11.65% | 30.39% | 4.10%
Refrained | 43.99% | 10.90% | 29.08% | 4.02%
Refrained2 | 43.75% | 10.87% | 28.85% | 4.02%

Table 8: Switchboard Recognition Resultswith Enhanced Diction-
aries

| Dictionary | Weights | WER [ DEL | SUB [ INS |

[ Pronex | - | 44.66% | 1987 | 5398 | 796 |
ICSI+TIMIT | > =1 [ 46.14% | 2134 | 5568 | 751
ICSI+TIMIT | max = 1 | 46.13% | 1904 | 5653 | 893

Table 9: Scaling Pronunciation Probabilities

dictionary based on the ICSI+TIMIT trees, the Retrained trees and
the Retrained? trees.

Thedegradationin performancefromthe ICSI+TIMIT diction-
ary came as a surprise, especialy since the AT& T NAB experi-
ments showed an apparently oppositeeffect. Therewere, however,
many differencesbetweenthetwo testsincluding (1) aread speech,
low error task versusaspontaneousspeech, high error rate task, (2)
the TTS-dictionary versusthe PRONLEX dictionary, (3) 53 phone
set versus a 43 phone set, (4) potentialy different phonetic tran-
scription conventions between the TIMIT and ICS! labellers, and
(5) acoustic model retraining in the AT& T experiments but not in
the WS97 experiments. In fact, preliminary attempts at WS97 to
retrain acoustic modelsusing tree-based pronunciationlexiconslead
to significantly worse results [1].

Therewerevarious conjecturesmadewhy the|CSI+TIMIT dic-
tionary gave a worse result and we launched an series of exper-
iments to investigate them. These are described in the next few
paragraphs. From Table 8, we also see that the Retrained and Re-
trained2 trees yielded modest but statistically significant improve-
ments in word error rate over the WS97 baseline system.

2.4.1. AreWbrdswith Many PronunciationsBeing Penalized?

It is conceivablethat aword such as and, which admits many pro-
nunciations, may beunnecessarily penalizedrelativeto aword with
few pronunciations such as an. e.g., the phones[ ae n] arethe
most likely pronunciation for both an and and in conversational
speech. Sincethey haveamuch higher likelihood amongst pronun-
ciationsof an than amongstthose of and, other thingsbeing equal,
it costslessto map thesephonestotheword an. If Viterbi decoding
isemployed, many researchers have suggested that this problemis
alleviated by scaling the pronunciation probabilities of every word
so that the most likely pronunciation has unit weight?.

We scaled our enhanced ICSI+TIMIT dictionary in this man-
ner, and found an insignificant gain (see Table 9), ruling this out as

3This would perhaps be unnecessary if the likelihoods were properly
summed over al pronunciationsof aword, but is a sensible adjustment for
Viterbi decoding, asisthe additional scaling of the pronunciation probabil -
ities by the languagemodel scale (12) to bring them on par with the acoustic
Scores.

[ Dictionary | Context | WER | DEL | SUB [ INS |

[ Pronex | - | 44.66% | 1987 | 5398 | 796 |
ICSI+TIMIT | None | 46.14% | 2134 | 5568 | 751
ICSI+TIMIT | 1Phone | 46.09% | 2112 | 5500 | 743

Table 10: Word-Internal v/s Cross-Word Pronunciation Modelling

| Dictionary (# Expanded) | WER | DEL | SUB [ INS |
| PronL ex | 44.66% | 1987 | 5398 | 796 |

[CSI+TIMIT (All Words) | 46.14% | 2134 | 5568 | 751
[CSI+TIMIT (Top 100) | 45.50% | 2213 | 5456 | 666

Table 11: Expanding Only the Most Frequent Words Using Trees

the major cause of the degradation in performance.

2.4.2. Do the TreesBadly Need Crossword Context?

Recall that the enhanced dictionarieswere obtained by applying the
pronunciation trees to baseforms in isolation, and thus they could
not utilize crossword context. We wrote additional software utilit-
ies so that the pronunciation model could be applied to the bigram
latticesdirectly. However, looking at three neighbouring phonemes
acrossword boundarieswould haveresulted in adrastic expansion
of the lattice. We therefore implemented crossword pronunciation
trees which looked at only one neighbouring phoneme in the con-
text. This, we expected, would not be aseverelimitation in light of
thefact (from Table 4) that the deleted context is of little additional
valuein prediction. Theresultsin Table 10 indicatesthat thistoois
not the entire reason for the poor performance of the ICSI+TIMIT
dictionary. We conjecture that crossword pronunciation context is
perhaps more important for some words than others (e.g., and |,
want to).

2.4.3. Arethe TreesGeneralizing Too Much?

The motivation for using local decision tree based modelsis to be
able to observe phonemeto phone transformations which are uni-
versally applicable. However, it may be argued that since many
wordsexhibit remarkably stablepronunciationsin thehand|abelled
data set, the pronunciation model when applied to these words cre-
ates confusion without generating useful new pronunciations. We
therefore expanded only the hundred most frequent words in the
corpus using the ICSI+TIMIT trees, and tested using this instead
of the ICSI+TIMIT dictionary.

Astheresultsin Table 11indicate, thisisasignificantimprove-
ment over expandingall dictionary entries, and should beinvestig-
ated further. However, thisis still not the sole reason for the poor
performanceof the ICSI+TIMIT dictionary, asthe performancecon-
tinues to be below that baseline system. It may be argued, for in-
stance, that expanding only the 100 most frequent words simply
brings the system closer to the baseline, and the recognition per-
formance tracks this regression.



Pronunciation Probability
ICSI+TIMIT Dictionary | Empirical

WANTTO: [waa nt t ax]

w aan ax 0.04 0.34

waantax 0.20 0.28

waattax 0.05 -

WANTTO: [w ah nt t ax]

w ah n ax 0.05 0.37

wahntax 0.26 -

wahntah 0.06 -

Table 12: Empirical vs. ICSI+TIMIT Dictionary Probabilities

Pronunciation Probability

Retrained2 Dictionary | Empirical
WANTTO: [waa nt t ax]
w aan ax 0.08 0.34
waantax 0.49 0.28
waantuw 0.08 -
WANTTO: [w ah nt t ax]
w ahnax 0.10 0.37
wahntax 0.61 -
wahntuw 0.10 -

Table 13: Empirical vs. Retrained Dictionary Probabilities

2.4.4. CantheWeightsin Dictionary be Bettered?

Application of the decision tree model one phoneme at a time en-
tails a conditional independence assumption between the surface

formsgiven the baseforms, much asin ahidden Markov model (HMM).
Thustheresultant probability of apronunciation (obtained asaproduct

of the conditional probabilities of the surface phones) is, at best,

as reflective of the observed frequency of the pronunciation asthe
goodnessof thisindependenceassumption. To check this, wecom-

pared the probabilities of the pronunciations in the ICSI+TIMIT

dictionary for afew hand-pickedwordswith their relative frequency
inour automatic transcriptions. Table 12 suggeststhat thetree prob-
abilities, and perhapstheindependenceassumptionaswell, arevery
unsatisfactory. Much room for research and improvement remains
here.

SincetheRetrained treeswere based on much more data(which
also happened to be the same data from which the empirical prob-
abilities of the pronunciationswere inferred), we conducted asim-
ilar comparisonfor the Retrained2 dictionary. Theexamplein Table
13 further reinforces our conclusion that it is the HMM-like inde-
pendenceassumption morethan theleaf probability estimation which
skews the tree based pronunciation probabilities away from their
empirically observed values. Alternative probability assignments
at the surface string level should be investigated in the future.

We also conducted an experiment, which clearly brings out the
importance of correct pronunciation weight estimation even when
the HMM-like independence assumption is made. Since we were
not satisfied with the pronunciation probabilities of theICSI+TIMIT
trees, we poured the 60 hoursof automatically transcribed datadown

[ Dictionary | Weights | WER | DEL [ SUB | INS ]
[ PonLex | = [ 44.66% | 1987 | 5398 | 796 |
ICSI+TIMIT | ICSI+TIMIT | 46.14% | 2134 | 5568 | 751
ICSI+TIMIT Retrained 44.05% | 1982 | 5351 | 736

Table 14: Impact of Reestimating Pronunciation Tree Probabilities

the trees and reestimated the leaf distributions, as described in the
context of Table 6. These trees continued to assign mismatched
pronunciation probabilities to words, much as above, but they had
considerably better recognition performance, asindicated in Table
14. We were unable to investigate due to time limitations during
the workshop why the three retrained trees help in spite of not al-
ways being in tune with empirical pronunciation frequencies.

2.5. Summary of Tree Based Experiments

e Pronunciation probabilities based on TIMIT trees for NAB
helped performance (+1.9%) and reestimated trees helped
more (+0.8%).

e Pronunciation probabilities based on ICSI+TIMIT treesfor
Switchboard hurt performance (-1.5%), but those from rees-
timated trees help (+0.9%).

o Reestimated pronunciation probabilitiesstill don’t agreewith
empirical frequenciesin training. Word level pronunciation
probabilities should be examined.

¢ Words have variable tendencies to be mispronounced. All
words in the dictionary should not be expanded equally.

3. EXPLICIT DICTIONARY EXPANSION

The degradation in performance due to the ICSI+TIMIT diction-
ary admits the possibility that the ICSI+TIMIT trees either gener-
alizeincorrectly or do apoor job of assigning coststo the alternate
pronunciations. Both of these are crucial to the successof diction-
ary enhancement based methods. An alternate, more conservat-
ive approach to dictionary enhancement was therefore examined
at WS97. Assuch, all experimentsfrom here on apply to Switch-
board.

3.1. ICSI Multiword Dictionary

ThePronL ex dictionary isfirst enhancedwith all the pronunciations
for words seen in the hand-labelled (ICSI) portion of the corpus. A
candidate list of 172 multiwords (cf. [4]) is aso appended to the
dictionary to capture coarticulation, and pronunciations for these
are similarly extended using the hand-labelled corpus. The word
transcription of the training corpus is then expanded using these
alternate pronunciations and aligned with the acoustics using our
baselinemodels. New pronunciationswhich are chosen sufficiently
often are deemed bona fide entries to the ICS Multiword diction-
ary; the others are discarded. Pronunciations are assigned weights
based on their relative frequency.

3.2. Auto Multiword Dictionary

Instead of the forced alignment among alternate pronunciationsex-
tracted from the hand-labelled portion of the corpus as described



[ Dictionay | WER | DEL | SUB | INS |
| PronLex | 44.7% ] 10.9% | 29.5% [ 4.3% |
ICSI Multiword | 44.6% | 10.3% | 29.7% | 4.6%
Auto Multiword | 43.8% | 10.4% | 29.1% | 4.3%

Table 15: Lattice-Rescoringwith Explicitly ExpandedDictionaries

above, new pronunciationsfor words and multiwords may bechosen
from the large automatically transcribed corpus described in Sec-
tion 2.2. This alternative approach yields the Auto Multiword dic-
tionary. Qualitatively speaking, thisdictionary invokesthedecision
tree pronunciation models to generate alternatives, but keeps only
those which occur frequently enough in the automatic transcrip-
tion. Again, weights are assigned to each pronunciation based on
its relative frequency.

3.3. Recognition Resultsusing Expanded Dictionaries

Bigram lattices for the WS97 dev-test, generated using the PronLex
dictionary, are rescored using the enhanced dictionaries described
above. Table 15 showsrecognition performance using the two dic-
tionaries. The 0.9% improvement due to the Auto Multiword dic-
tionary is encouraging, particularly in contrast to the lack of im-
provement obtained from thelCSI Multiword dictionary. Thiscom-
parisonfurther reinforcestheimpressionthat the hand-labelled data
is good for bootstrapping, but not reliable enough for directly es-
timating pronunciation models. At the least, incorporation of hu-
man expert knowledge into statistical information processing sys-
tems has been shown again to be adifficult problem in which naive
approachesdo not work aswell as modelling techniquesthat match
the supplied knowledgeto the capabilties of the system.

4. COARTICULATION SENSITIVE CLUSTERING

Context dependentacoustic modelssuch astriphone HMMsare cap-
able of implicitly modelling some allophonic variation. However,
themodelsin our baseline system do not distinguish betweenword-
internal and cross-word triphones, and one may hypothesise that
the gains above, especially those from the Multiword experiments,
are due to better modelling of common cross-word effects. To in-
vestigate this possibility, the triphone clustering procedure in our
(HTK) system is enhanced, as described next.

The major deviation from the baseline systemis to mark the
phones in the the PronLex dictionary to permit acoustic triphone
state clustering routines to make explicit use of information about
word boundary location. Another important modificationistheuse
of aspecificinterjection phoneset. Thisisnot so muchto model in-
terjections better asto prevent the very frequent interjections from
overwhelming the clustering and modelling of phonesin noninter-
jections. Acoustic model training is carried out in the same manner
asthe baseline system, with the difference that the question set for
triphone state clustering is augmented with questionsregarding the
word boundary tags and interjection phone set. A set of acoustic
models, named the INTWBD models, comparable to the baseline
in terms of the number of states and Gaussian components, is thus
estimated.

Next, thetraining datais retranscribed using these models and
the pronunciation networksof Section 2.2. The Retrained2 diction-
ary and the Auto Multiword dictionary of Sections2.2 and 3.2 re-
spectively are then regenerated from these transcriptions.

[ Dictionay [ WER [ DEL [ SUB [ INS |
Baseline Acoustic Models

PronLex [ 434% | 9.8% | 29.4% | 41%
INTWBD Acoustic Models

PronLex | 41.8% [ 10.1% | 27.8% | 3.9%

Retrained2 41.3% | 10.2% | 27.5% | 3.7%

Auto Multiword | 41.1% | 9.7% | 27.5% | 4.0%

Table 16: Lattice-Rescoring with New AMs

[ Dictionary [ WER [ DEL | SUB [ INS |

Baseline Acoustic Models
| 40.9% [ 8.9% [ 27.8% | 42%
INTWBD Acoustic Models

PronLex

PronLex [ 39.4% | 9.2% | 26.2% | 4.0%
Refrained2 | 38.9% | 9.2% | 25.9% | 3.8%
Auto Multiword | 385% | 8.6% | 258% | 4.2%

Table 17: Lattice-Rescoring with new AMsand a Trigram LM

4.1. Recognition Results Using | mproved Acoustic Models

Table 16 showstheresults® of rescoring the WS97 dev-test set us-

ing the INTWBD acoustic models, and indicates that enabling the
state clustering to take advantage of word boundary information
and separate phonesfor interjections result in significant improve-
ment in performance (1.6%). Observe that the two dictionary en-
hancement techniquescontinueto provideadded improvements(0.7%),
though to a slightly smaller extent now.

5. LANGUAGE MODEL IMPROVEMENTS

In the spirit of investigating whether pronunciation modelling via
thetwo expanded dictionaries continuesto be of benefitwhen other
componentsof the system are improved, lattices generated by abi-
gramlanguagemodel and the baselinePronL ex dictionary arerescored
using atrigram language model and the Retrained2 and Auto Mul-
tiword dictionaries. The results in Table 17 are therefore directly
comparablewith thosein Table 16, which are based on bigram scores.

Observethat theimprovement from the INTWBD modelsover
thebaselinemodelsis 1.5%, which matchesthe 1.6% improvement
with the bigram language model. The additional improvement of
0.5% from the Retrained2 dictionary also continuesto hold, andthe
improvement from the Auto Multiword dictionary over the Pron-
Lex dictionary actually increasesfrom 0.7%10 0.9%. All theseres-
ultsindicate that our straightforward pronunciation modelsand the
coarticulation sensitiveacoustic modelling provide gainswhich are
additive to language model improvements.

4Though these results are for the same baseline system and test set, the
baseline performance here differs slightly from the one shownin Tables 8
and 15. Thisis mostly due to achangein the acoustic segmentation of the
test set between thetwo experiments, evidently for the better, and to asmal-
ler extent dueto asmall changein the scoring software.



[ Modds [ WER | DEL | SUB [ INS ]
Bigram LM
INTWBD 41.8% | 10.1% | 27.8% | 3.9%
MWINTWBD | 41.3% | 9.6% | 27.5% | 4.2%
Trigram LM
INTWBD 39.4% | 9.2% | 26.2% | 4.0%
MWINTWBD | 39.0% | 8.7% | 26.1% | 4.2%

Table 18: Lattice-Rescoring with Retrained Acoustic Models

6. ACOUSTIC MODEL RETRAINING

The baselineas well asthe INTWBD acoustic models are trained
on the PronL ex dictionary, prompting the concern that these mod-
els are not appropriate for use with the new dictionaries. In par-
ticular, given the prevalence of reduced variants in the new dic-
tionaries, the acoustic contexts upon which the triphone states are
clusteredin the baselinesystem are suspectedto be poorly matched
to the new dictionaries. This section describes a procedure used to
retrain models better matched to the ICSI Multiword dictionary®.
Thiswork makes use of training techniques developed by the Hid-
den Pronunciation Mode group at the 1996 LV CSR Workshop.
First, the state clustered triphone INTWBD modelsand the re-
generated ICSI Multiword dictionary of Section 4 are used to ob-
tain aphonetictranscription of the corpus, whichthenremainsfixed

during training. Untied triphonesfor thistranscription arethen cloned
from the monophoneHMM s created during thetraining of the baseline

system. Finally, the training procedurefor the INTWBD modelsis
mimicked starting with triphone HMM reestimation, followed by
state clustering, etc.. Theresulting HMMs, comparablein the num-
ber of states and Gaussian componentsto the baseline system, are
called MWINTWBD models.

6.1. Recognition Resultsusing Retrained Acoustic Models

Bigram lattices for the WS97 dev-test, generated using the baseline
acoustic models and the PronL ex dictionary, are rescored using the
MWINTWBD acoustic modelsand the |CSI Multiword dictionary.
Table 18 shows the results of the rescoring experiment.

Recall from Table 15 that the ICSI Multiword dictionary gives
essentially no gain by itself, and thus the gain here (0.4%) may be
attributed to the acoustic retraining. It is expected that substan-
tially higher gainswill be attained by acoustic retraining with better
phonetic transcription such as those obtained using the Auto Mul-
tiword dictionary.

7. CONCLUSION

This research suggests that significant improvement in speech re-
cognition can be made by suitably modelling systematic pronun-
ciation variation. Further, our results indicate that while a hand-
labelled corpusis very useful as a bootstrapping device, estimates
of pronunciation probabilities, context effects, etc., are best derived
from larger amounts of automatic transcriptions, preferably done

5 The acoustic retraining was not on our best (Auto Multiword) diction-
ary for historical reasons: the|CS| Multiword dictionary was obtainedfirst,
and aretraining effort was started before the superiority of the Auto Multi-
word dictionary was established.

using the sameset of acoustic modelswhich will eventually beused
for recognition.

On NAB, using pronunciation modelling with acoustic model
retraining, we saw a 2.7% reduction in WER over a TTS baseline
system. On Switchboard, without acoustic model retraining, we
saw a0.9% reductionin WER over aPronlex baselinesystem, which
is demonstrably additive to improvementsin language (2.5%) and
acoustic (1.5%) modelling, and to gainsfrom adaptation (not repor-
ted here). Work is underway to develop effective acoustic model
retraining methods for Switchboard when these statistical pronun-
ciation lexicons are employed.
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