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Abstract
This paper describes preliminary recognition experiments on
PhoneBook [1], a corpus of isolated, telephone-bandwidth, read
words from a large (almost 8,000-word) vocabulary. We have
chosen this corpus as a testbed for experiments on the language model-independent parts of a segment-based recognizer.
We present results showing that a segment-based recognizer
performs well on this task, and that a simple Gaussian mixture phone duration model significantly reduces the error rate.
We compare context-independent, stress-dependent, and word
position-dependent duration models and obtain relative error
rate reductions of up to 12% on the test set. Finally, we make
some observations regarding the effects of stress and word position in this isolated-word task and discuss our plans for further
research using PhoneBook.
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where * ranges over all possible pronunciations of the word
string  and 2 ranges over all possible segmentations (i.e. lo-

cations of phone boundaries, or any other definition of a segmentation). We then make the conventional assumption that,
given a word string , there exist both an optimal pronunciation
and an optimal segmentation , which are much more
likely than any other
combination, so that we may replace the summation by a maximization:

*

1. Introduction
The work described in this paper was motivated by a desire
to study aspects of automatic speech recognition related to the
acoustic-lexical interface and segmentation in a segment-based
recognizer. The PhoneBook database [1], a large-vocabulary
isolated-word corpus, seems particularly well-suited to this type
of investigation: the isolated-word task allows us to ignore the
effects of a language model and to explore computationally intensive low-level modeling, while the large vocabulary makes
the task sufficiently challenging. This paper describes our baseline system and initial experiments with duration models.
The following sections present the segment-based recognition framework and the interpretation of a duration model as a
segmentation probability; describe the PhoneBook corpus, our
baseline recognizer, and the initial duration models we have investigated; and interpret our results and suggest future directions.

2. Segment-based recognition framework
We begin by reviewing the probabilistic formulation of the
speech recognition problem, which is used in our segmentbased recognizer [2]. We present the general case in which
an utterance may contain multiple words, although the experiments we discuss are limited to an isolated-word task. In the
general formulation, the goal is to determine the most likely
given the set of acoustic
string of words
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observations , that is
, where W
ranges over all possible word strings. Since a single word string
can have multiple realizations as strings of sub-word units (e.g.
phones)
with different segmentations , this
becomes
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Applying Bayes’ rule several times, we can rewrite this as:
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where the first term corresponds to the acoustic model, the second to the segmentation probability, the third to the pronunciation model, and the last to the language model.
In a typical frame-based recognizer, an HMM is used to
jointly model the acoustic and segmentation terms (the latter
being represented by the state transition probabilities). In a
segment-based approach, on the other hand, the acoustic and
segmentation terms are modeled separately. When no explicit
model is used for the
term, it is in effect assumed
to be a constant for any allowable segmentation of and zero
for any other segmentation.
The segmentation term, however, can be interpreted as a
duration model as follows. Define a segmentation to be a list
of the phone boundaries in that segmentation. That is,
denotes that the first phone extends from time to
, the second extends from
to , and so on until the
phone. This is equivalent to the duration of the first phone being
, that of the second being
, and so on. Using the notation
to denote the event “segment has duration ”, we have that
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In the above we have considered only the case in which the
number of segments in the segmentation is equal to the number
of phones; for other cases the probability is zero (assuming that
phones are not permitted to have zero duration). If we make
the assumption that, given the unit string, each phone’s duration
is independent of the durations of the other phones, the conditioning statement in the last expression becomes
alone.
This assumption roughly corresponds to ignoring the effects of
speaking rate.
From this general duration model, we can obtain some simpler models by making various assumptions. For example, if we
assume that each phone’s duration depends only on the phone’s
identity and not on the identities of other phones or on the word
string, we have the context-independent model

each. Most published results involve training on the 20k training set and classifying each word in the test or development set
from among a list of words ranging in size between about 75
and about 600. We have chosen to train on the 80k training set
in order to gain more freedom to train complex models, and to
test with the full (8,000-word) vocabulary in order to increase
the difficulty of the task. For comparison with the literature,
however, we also report our baseline results when training on
the 20k training set and testing with a 600-word vocabulary.
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4. Experiments
4.1. Baseline recognizer
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Alternately, assuming that the dependence on * and 

The baseline recognizer uses the SUMMIT segment-based system [2], [15]. It begins with a segmentation step that hypothesizes landmarks, or locations in the waveform at which phonetic boundaries are likely to occur, using an acoustic change
criterion [10]. This step creates a graph of allowable segmentations and therefore limits the number of segmentations that
must be considered in the search. Landmark features, consisting
of MFCC averages over several regions around each landmark,
are then extracted and scored with phonetic diphone acoustic
models, as in [15]. A diphone can correspond to a landmark at
the boundary between two phones or to a phone-internal landmark detected by the segmentation algorithm. Segment models,
which model the regions between landmarks, can also be used
in SUMMIT , but we do not currently use them for PhoneBook
experiments.
Baseforms for each word are taken from the Pronlex dictionary [16] whenever possible, and from the dictionary provided
with PhoneBook for words not appearing in Pronlex. Pronunciation rules such as flapping, palatalization, etc. are then applied
and stress is removed to obtain a pronunciation graph for each
word using a detailed set of 69 segment labels (66 phones plus
silence models). We currently assume that all resulting pronunciations of a word are equally likely. Since the task is isolatedword and each word is equally likely, the language model is also
trivial.
The SUMMIT recognizer uses a Viterbi training paradigm,
which was seeded with phonetic alignments obtained using existing telephone-speech acoustic models from conversational
domains [15]. Since the amount of training data is insufficient
to train a model for each diphone occurring in the vocabulary,
the diphones were then clustered using top-down decision treebased clustering on the PhoneBook training data. We note that
using top-down clustering is important in PhoneBook, as in any
domain in which the training and test vocabularies are different; bottom-up clustering would be unable to assign a class to a
diphone appearing in a test set but not in the training set.
The first line of Table 1 shows the error rates obtained with
this baseline system on the 600- and 8,000-word tasks when
training on the 20k training set. We note that this recognizer
achieves a lower error rate than any that we have seen in the
literature on the 600-word task. Table 2 shows published results
on the 600-word task using the 20k training set.
Having established that the recognizer performs competitively, we switched to training on the 80k training set and testing on the 8,000-word task. At this point, we also switched to
a phone set and pronunciation graphs with binary vowel stress
information (where “stressed” vowels are those with primary
stress and “unstressed” vowels either are reduced or have secondary stress), as well as tags indicating word-final vowels, for
subsequent experiments with context-dependent duration mod-

is captured solely by the current phone’s stress and/or position within
the word or utterance, in addition to the phone’s identity, we
have

0
!$#%2A& *5@(k fhe g !$# W fR^i%`aR^i d ] & , f W NKl #^, f (@^mon W #^, f ((@
NKl
where W #^, f ( is the stress level of , f and man W #^, f ( is some
function of the position of , f within an utterance. Effects such

as lengthening of stressed vowels and of phrase-final segments
are well-known [3] and have been used successfully to predict phone durations [4]. We discuss the use of such contextdependent duration models, as well as of a context-independent
one, in Section 4.2.
The above interpretation of the duration model is similar
to that in [5]. Duration models with various types of distribution have been attempted (e.g. Poisson [6], Gamma [7], and
Gaussian mixtures [8]) and used in both frame-based [5] and
segment-based [9, 10] recognizers. However, duration models
are particularly natural to incorporate in a segment-based recognizer, since the search inherently considers entire segments
and therefore requires no modification other than an additional
score on each segment.

3. The PhoneBook database
The PhoneBook database contains approximately 92,000 utterances of isolated words read over the phone by native speakers
of various dialects of American English. The vocabulary consists of almost 8,000 words of varying lengths (e.g. aced, acoustically, winfrey) designed to cover as many phonemic contexts
as possible. The inclusion of many confusable word pairs (e.g.
scheduled/schedules, bulls/bolts) makes the task challenging,
especially when recognizing with the entire vocabulary. PhoneBook has typically been used for investigations either into tasks
where the training and test vocabularies are different [11] or into
new types of acoustic modeling and representation (e.g. modeling additional dependencies in [12] and [13], and articulatory
state models in [14]).
We use the same breakdown of the database into training,
development, and test sets as defined in [11]. There is no overlap between speakers or words in the different sets. Two training
sets are defined; the “small” training set contains about 20,000
utterances and the “large” set contains about 80,000 utterances.
The development and test sets contain about 7,000 utterances
2

Training set
20k
80k

# params
627k
1.55M

600-wd ER
3.6
2.3

8,000-wd ER
13.6
9.9

Table 1: Error rates (ER, in %) of the baseline recognizer on the
PhoneBook test set.
Reference
Dupont et al. [11]
Bilmes [13]
Richardson et al. [14]

Description, # params
hybrid HMM/ANN, 166k
HMM or Dynamic Bayesian
Multinet, 200k
HMM + Hidden
Articulator MM, 458k

p

ER
5.3
5.6
4.17

Figure 1: Spectrogram of an utterance incorrectly recognized by the
baseline recognizer but correctly recognized when a duration model is
added. The top transcription shows the hypothesis produced by the
baseline recognizer, corresponding to the word “frozen”; note the unusually short [r] ( 15 ms) and unusually long syllabic [n], [en] ( 380
ms). The bottom transcription shows the hypothesis produced with a
duration model, corresponding to the correct word “ozone” (the label
[ow f] indicates a word-final [ow]).

Table 2: Published test set error rates (ER, in %) on the 600-word

p

PhoneBook task using the 20k training set.

els. The pronunciation rules and diphone models, however, remain the same; the stressed and unstressed, and word-final and
non-final, versions of the same vowel are classed in the same
diphone class and are subject to the same rules as before. The
performance of this recognizer is shown in the second line of
Table 1.

p

4.2. Duration models
While examining the paths chosen by the baseline recognizer,
we noted that many misrecognized utterances had unusually
long or short phones and conjectured that a duration model
would be helpful. Figures 1 and 2 show two example decoded
utterances demonstrating the types of duration errors that we
have noticed in the baseline recognizer.
We used a Gaussian mixture model for the phone duration
density, since this model is simple and versatile; a discrete distribution is inappropriate in our case because the segmentation
algorithm does not produce purely discrete duration values. In
fact, we modeled the log duration rather than the duration itself,
since the former is more conducive to modeling with a Gaussian mixture distribution. The number of Gaussians per model
was determined for each class based on the number of training examples, up to a certain maximum number of Gaussians.
From qualitative observation of the duration distributions in the
training set, we set the maximum number of Gaussians to 5,
in order to allow a good fit to the data while avoiding overfitting. We also found it beneficial to scale the duration scores
relative to the diphone scores to account for the difference in
their scales, as well as to add an offset to each segment’s score
to account for the recognizer’s preference for longer or shorter
phone sequences; the values of these parameters were set based
on development set performance.
We began with a context-independent duration model, that
is,
. In addition, we
also trained duration models with three kinds of context dependence. In the first condition (the “stress-dependent” condition),
separate models are trained for stressed and unstressed vowels. However, while stressed vowels usually tend to be longer
than unstressed ones, we found that for some vowel classes in
the PhoneBook training set, the unstressed version tends to be
longer than the stressed one. This is less surprising once we
realize that, in this training set, unstressed vowels are about 3.5
times more likely to be word-final than their stressed counterparts; and since the utterances are isolated words, word-final

Figure 2: Spectrogram of an utterance incorrectly recognized by the
baseline recognizer but correctly recognized when a duration model is
added. The top transcription shows the hypothesis produced by the
baseline recognizer, corresponding to the word “mules”; note the long
[y] ( 170 ms) and short [uw+ f] (stressed [uw] in word-final position,
50 ms). The bottom transcription shows the hypothesis produced with
a duration model, corresponding to the correct word “reels”.

p p

vowels are actually subject to utterance-final lengthening. We
therefore trained a second set of context-dependent models that
take into account whether or not a vowel is word-final. Finally,
we trained a set of models with both stress and word-position
dependence.
Table 3 summarizes the results of using all four duration
models on the development and test sets. All of the duration
models produce a statistically significant reduction in error rate
over the baseline (using a McNemar test at a significance level
of 0.01). On the development set, the four duration models are
statistically equivalent. On the test set, the models with position dependence and those with both stress and position dependence perform significantly better than the context-independent
and stress-only models. The test set results, therefore, support
our hypothesis that word-final effects taken alone are more important than stress in modeling vowel duration in PhoneBook,
although the development set results are less supportive of this
claim. The best-performing models achieve a 12% relative error rate reduction on the test set. It is noteworthy that all of
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Model

# params

dev ER

baseline
context-ind’t dur
stress-dep’t dur
position-dep’t dur
stress- & position-dep’t dur

1.55M
+ 954
+ 1179
+ 1179
+ 1614

10.5
9.4
9.4
9.3
9.4
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