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ABSTRACT two dravbacks for this frameork, first, this approach
presumes that the speech rate within an utterance is

Variations in rate of speech (ROS) produce changes inuniform, which is often not the case in wersational
both spectral features and word pronunciations that affectspeech_ In our earlier researcbrwon broadcast mes [3],
automatic speech recognition (ASR) systems. In order to we found that speech ratanation within sentences is
deal with these ROS effects, we propose to use para”eLcommon, and thus we proposed to use a more local rate-
rate-specific, acoustic models: one for fast speech, thedependenc for the acoustic modelsSecond, this
other for slow speech. Rate switching is permitted at word framework is based on sequential classification, so errors
boundaries, to allow modeling within-sentence speech rateon the first ROS classification will likely trigger errors in
variation, which is common in conversational speech. Due the recognition Step_ This paper propose a new framework
to the parallel structure of rate-specific models and the of word-level rate_dependent acoustic mode"ng_ Under
maximum likelihood decoding method, we do not need a this framework, each typical word is given two parallel
high quality ROS estimator before recognition, which is rate-specific pronunciations: a fast-version pronunciation
usually hard to achieve. In this paper, we evaluate ourand a slow-version pronunciation, consisting of rate-
approach on a large-vocabulary conversational speechspecific phones respectively. The recognizer is allowed to
recognition (LVCSR) task over the telephone, with several select the fast or the slow pronunciation for each word
minimal pair Comparisons based on different baseline automatica”y during Search, based on the maximum
systems. Experiments show that on a development set fonikelihood criterion. This way, we can model the within-
the 2000 Hub-5 evaluation, introducing word-level ROS- sentence speech rate variation, and avoid the requirement
dependent models results in a 3.4% relative win over aof pre-recognition ROS classification. To train the rate-
baseline system without multiword pronunciation Speciﬁc phone models, we use a duration-based ROS
modeling, and a 1.8% relative win over a baseline system,measure to partition the training data into rate-specific
that incorporates a 7.5% relative win from multiword categories. Due to the availability of training

pronunciation modeling. transcriptions, robust and accurate ROS estimation for

training data can be achieved.
1. INTRODUCTION ?

) ) In Section 2 we will first introduce the ROS measure used
Rate of speech (ROS) is an important factor that affects thefor partitioning the training data. In Section 3 we will show
performance of a transcription system [1],[2]. Possible the experimental result of rate-dependent acoustic
reasons are: some features commonly used in recognitionyggeling based on SRI's 98 evaluation system, and
systems are duration related and clearly influenced by compare different training approaches. In Section 4 we
speech rate, such as delta and delta delta features; somg| describe the work for the LVCSR 2000 (Hub 5)
pronunciation phenomena such as coarticulation and gygjyation system, and specifically address the effect of

reduction are also speech rate related. Thus, using ratemyltiwords in rate-depend acoustic modeling. Finally, in
dependent acoustic models seems to be a promising way tQection 5, we will summarize our results.

improve robustness against speech rate variation.

In previous research ark, rate-dependent acoustic models 2. ROSMEASURE

were often used at the sentenceele In the typical  There are two typical methods to estimate ROS of an input
framework, an input utteranceas first classified aa$t or utterance. One is based on phone durations, which are
slow using a ®S estimatgrand then fed to a rate-specific  often obtained from phone-level segmentations by using
system that as tuned todst or slov speech [2]. There are  forced alignments. When the utterance transcription is



known, this duration-based method was able to provide component subword units’ distributions, which are easier
robust ROS estimation [2]; however, when the to estimate from training data. In our recent research, we
transcription is unknown, we can only use the hypothesis used triphones as the subword units for ROS estimation.
from an extra recognition run, whose quality is hard to

guarantee. The second method is estimating ROS directly'Ve used this measure to calculate the ROS for all the
from the waveform or acoustic features of the input words in the training data of 200 hours broadcast news in

utterance [4]. To achieve robust ROS estimation, the the DARPA Hub 4 corpus, and found that 88% of the
computation is often based on a data window with sentences have at least one Word_belongmg to the 30%
sufficient length. fastest words, and one word belonging to the 30% slowest
words. This suggests that in conversational speech, speech
Under our proposed framework, in order to train the rate- rate is usually not uniform within a sentence.
specific models, we need to partition the training data into
rate-specific categories at the word level, and we therefore
need the ROS for each word to be estimated locally. The
output of this process should give each word in the training
transcription a rate class label. As our first step to ROS
modeling, we decided to use only two ROS classes: fast or” .
slow. Since we only need to compute ROS for the training
data that have transcriptions, it is relatively
straightforward to obtain the duration of each word and its
component phones by computing forced Viterbi
alignments, and then applying duration-based ROS
estimation methods. Duration (frame)

Figure 1: Duration distrilutions of diferent phone types
Absolute ROS measures, such as phones per second (PPS)

and inverse mean duration (IMD) [2], were often used in In fact, the measure defined in Eq. (1) can also be applied
previous work. However, we felt that these measures areto subword units, thus allowing us to calculate ROS of
not informative enough since they did not consider the fact phones. Using this measure, we studied the phone’s ROS
that different type of phones have different duration variation within words vs. within sentences. Fig. 2 shows
distributions. Fig. 1 illustrates the duration distributions of a histogram of the variance of the phone’s ROS within
44 categories of monophones estimated from the 200words and within sentences for all Hub 4 training data, and
hours DARPA Hub 4 training corpus. As we can see, the it suggests two points: firstly, the word is a better unit than
duration distribution across different phone type differs the sentence for ROS modeling because the mean rate
substantially. If taking PPS or IMD as the ROS measure, variation within a word is significantly smaller than within
words composed of short phones are easier to be treated a& sentence; secondly, inside the same word, different
fast than those composed of long phones, even though theyhones’ rates are not totally independent (otherwise, intra-
are not actually spoken faster than the normal rate. In ourword rate variance should be equal to inter-word rate

as
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approach, we use a kind of relative ROS meastjy) , variance). Hence, using word-level ROS and thus keeping
defined as follows: word-level consistency seems to be a better approach than
. o using phone-level RQS
Ru(P) = Z Py(d) = 1- 2 Pu(d), (1) s | Within word
d=D+1 d=0 N — — —Within sentence
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whereWis a given wordD is the duration oV, andp,,(d) |
the probability of that type of word having duratidn |
R,(D) is the probability ofW having a duration longer
thanD. The measur®, (D) always falls within the range
[0,1], and can be compared with each other between
different word categories. However in practigg/(d) is

hard to estimate directly due to the sparseness of the
training data. To address this we assume that in a word the
duration distribution of its component subword units, such
as phones, are independent of each other. Thus, a word’s Figure 2: Rate \ariance distribtions of a phone: within
duration distribution equals the convolution of its words vs. within sentence
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3. RATE-DEPENDENT ACOUSTIC pronunciation, and words with a slow label the slow-
MODELING version pronunciation. In this way, we were able to train
the fast and slow models simultaneously.
In our proposed method, each word is given parallel fast-
and slow-version pronunciations in the recognition
lexicon. Both fast- and slow-version pronunciations are
cloned from the original rate-independent version, with the
simple replacement of rate-independent phones by rate-
specific phones. For example, the original rate-
independent pronunciation of “WORD” is /w er d/. Then

the fast-version pronunciation isg/er: di/, and the slow-  \ye compared the rate-dependent acoustic model with the
version /w ers dff, which consist of fast, and slow phones, e independent acoustic model (baseline system) on a
respectively. The recognizer is able to automatically find development data set, which is a subset of the 1998 Hub-5
the best pronunciations that maximize the likelihood score evaluation data set, consisting of 1143 sentences from 20

during the search, and thus avoids the need of ROSgpoakers (9 male, 11 female). Table 1 shows the Word
estimation before recognition. In addition, the search Eror Rate (WER) for both models.

algorithm is allowed to select pronunciations of different
rate version across word boundaries, thus is able to cope
with the problem of speech rate variation within sentence.

We used DECIPHER genonic training tools to do standard
MLE (Maximum Likelihood Estimation) training [5], and
obtained rate-dependent models with 3233 genones for
male and 2501 genones for female. The genone clustering
for rate dependent models used the same information loss
threshold as the training of rate-independent models.

male female all

rate-independent model 55.3 634 59.8
rate-dependent model from training 52.9 61.9 57.9

3.1. Acoustictraining

Our initial experiments are based on SRI's 1998 Hub-5 Table 1: WER comparison between the baseline system with
evaluation system, which used continuous-density genonicrate-independent model and the system with rate-dependent
Hidden Markov Models (HMM) [5]. The original = model from training on the gelopment data set
evaluation system used a multi-pass recognition strategy
[6], but for the sake of simplicity, we ran our experiments Rate-dependent modeling brings a relative WER reduction
with only the first-pass recognizer, based on gender- of 3.1%, which is statistically significant. To eliminate the
dependent non-crossword genonic HMMs (1730 genonespossible effect of different numbers of parameters, we
with 64 Gaussians each for male, 1458 genones foradjusted the information loss threshold for genone
female), and a bigram grammar with a 33,275 word clustering to obtain another rate-independent model that
vocabulary. The recognition lexicon was derived from the had a similar number of parameters as the rate-dependent
CMU V0.4 lexicon with stress information stripped. The model. However, we did not observe any improvement
recognizer used a two-pass (forward pass and backwardrom the increased number of parameters. This suggests
pass) Viterbi beam search algorithm, and in the first pass athe win is indeed from the introduction of rate dependency.
lexical tree is used in the grammar backoff node to speed . o
up search. Below we report results from the backward 3-2. Adaptation vs. standard training
pass. The feafcures gs_ed were 9 cepstral coefﬂ_ments (cl'ln our previous work on the Broadcast News corpus (Hub
C8 plus CO0) with their first and second order derivatives in ; - )

; : - .~ 4) [3], instead of the training method described above, we
10ms time frames. The acoustic training corpus containing

trained the rate-dependent model based on a modified
121K male sentences and 149K female sentences CaMe_esian adaptation scheme [7]. by adapting the rate-
from (A) Macrophone telephone speech (B) 3094 Y P el biing

. ! independent model to rate-specific data to obtain rate-
conversation ~ sides =~ from ~the ~ BBN-segmented specific models. This was motivated by the small amount
Switchboard-1 training set (with some hand-corrections), P ) y

and (C) 100 CallHome English training conversations. of available trammg data relative 'Fo the model size. In [3],
we used a baseline system with a very large model

We first calculated the ROS for all the words in the comprising 256K Gaussians, and classified the training
training corpus based on the above-mentioned measuredata into three categories: fast, slow, and medium. For this
sorted these words according|y, then Sp||t them into two model size the training data was not sufficient to perform
categories: fast and slow. The ROS threshold for splitting Standard training. However, in the current task of Hub-5
is selected to achieve equal amounts of training data for thetelephone speech transcription we had significantly more
fast and the slow speech. The training transcriptions weretraining data, and we used a different strategy to partition
labeled accordingly. We then prepared a special training the data into two classes instead of three, yielding more
lexicon: words with a fast label were given the fast-version training data for each rate class. In addition, the optimal



models we started with were smaller. Thus, we were ableresults, over a baseline that was itself improved by almost
to train the rate-dependent model robustly with standard 9% relative.
training methods. For comparison we tested the Bayesian

adgptation ap_pr(_)ach that we used in [3] on the current male female all
training set. Similar to [3], even though we used separate .

rate-specific models for each triphone, we did not create |WER of baseline system 506 57.9 54.6
separate copies of the genones, but let the fast and sloWWER of rate-dependent system 49.2 556 527

models for a given triphone share the same genone. In thisrables: Minimal pair comparison based on an imyed base-
way, we used the same number of Gaussians for the ratey,e system using a wider front end and VTL normalization on

dependent model as for the rate-independent model. the deelopment set.

Table 2 shows the results on the same development dat% . " .
: : . . Another major addition to the evaluation system was the
set we used in the previous section. As we can see, this

. . . . TIintroduction of multiword pronunciation modeling. Here
approach brings a relative win of 1.7% over the baseline, multiword refers to hiah frequency word biarams and
but not as good as the standard training scheme. This 9 9 Y 9

indicates that the difference between fast and slow speechmgrams’ such as "a lot of', which are handled as a single

: . L word in the vocabulary. By using handcrafted phonetic
in the acoustic space is significant, and that standard I o . i -

o . : .~ pronunciations describing various kinds of pronunciation
training might be better than the previous adaptation

A . _.__reduction phenomena for these multiwords, we achieved
scheme to capture this difference. In fact, standard training . . : )
L . better modeling of crossword coarticulation. In SRI’'s 2000
optimizes the parameter tying for the rate-dependent

. " evaluation system, 1389 multiwords were introduced.
model, reestimates the HMM transition probabilities, and . . o
: . . S Experiments showed that the multiword pronunciation
performes multiple iterations of parameter reestimation,

) 0 . .
while the adaptation approach does not recompute genonicmOdeIIng brought about a 7.5% relative win on top of the

clustering, does not change the transition probabilities, andlmproved baseline system in Table 3.
includes only one iteration of reestimation for the rate- e tried applying our rate-dependent modeling approach
dependent model on top of the rate-independent model.to the multiword-augmented baseline system by treating
These differences might explain why the adaptation the multiwords as ordinary words. In this case, we
scheme did not achieve as much improvement as thepptained a smaller win of 1.4% relative, as shown in Table
standard training. 4. (Compared to Table 3, a small part of the baseline WER
reduction -- about 1.4% absolute -- of the comes from
male female all other improvements, such as variance normalization and
automatically cleaned-up training transcriptigns.

rate-independent model 55.3 634 5938
rate-dependent model from adaptatiopd.0 62.6 58.8

male female all
Table 2. WER comparison between the baseline system with -
rate-independent model and the system with rate-dependent WER of baseline system 444 530 492
model from adaptation on thevadopment set. WER of rate-dependent system 431 528 485

Table 4: Minimal pair comparison based on a mulbind-aug-

4. EXPERIMENTSIN THE LVCSR 2000 mented baseline system on thealepment set.

EVALUATION SYSTEM

The possible reasons for the reduced improvement may lie
For the March 2000 NIST Hub-5 benchmark numerous i the following aspects. First, each multiword is given

improvements were made to SRI's 1998 evaluation systemmytiple parallel pronunciations reflecting both full and
[8], and the baseline system had been augmentedyeqyced forms. This by itself models fast and slow speech

substantially. Below we show some minimal pair yariants to some extent. However, since this affects only
experiments based on different baseline systems during thgne 1389 multiwords, there should still be room for

development process. The baseline system in Table 3 usegnprovement from rate-dependent modeling. Second, by

a wider-band front end (with 13 cepstral coefficients treating multiwords as ordinary words, we can not model
instead of 9), and Vocal Tract Length (VTL) normalization the rate variation occurring within the multiwords, and

[9] during training. As we can see, the win from thys may influence the quality of rate-dependent acoustic
introducing word-level rate dependency is 3.4% relative. model. Third, due to our current implementation, the

This improvement is even larger than in our previous jntroduction of multiwords made the search much more
expensive than before; rate-dependent modeling on top of



the multiword dictionary made this problem even worse, Our current approach uses identical pronunciations but
and may have produced a loss in performance due todifferent phone units to model fast versus slow speech. We
search pruning. are currently investigating several alternative approaches,

i such as making both phones and pronunciations rate-
Based on the above analysis, we tested another schemegpaific, and a more general way to account for crossword

instead of treating multiwords as ordinary words we 54 nciation variation that does not require multiwords.
trained them with multiword-specific phone units, that is,

using separate phonetic models to describe the 6. REFERENCES
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5. CONCLUSIONS AND FUTURE WORK

We proposed a rate-dependent acoustic modeling scheme,
which is able to model within-sentence speech rate
variation, and does not rely on ROS estimation prior to
recognition. Experiments show that this method results in
a 3.4% (relative) word error rate reduction on a Hub-5
telephone speech transcription test set. When combined
with multiword pronunciation modeling, our method led to

a win of 1.8% (relative) on the same data set, and a
statistically significant win of 1.8% relative on the LVCSR
2000 evaluation set.



