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ABSTRACT

SPHINX-II is designed for large vocabular/, speaker-independent
continuous speech recognition and is basi-d on semi-continuous
hidden Markov models. In the Novemb«r 1992 ARPA speech
evalvation, SPHINX-II achieved the lowest error rate (5%). This
paper concentrates on the special techniques that made SPHINX-II
successful and different from other systems. Specifically these in-
clude senonic decision trees for acoustic modeling, the multi-pass
decoder to meet the challenge for very large vocabulary recogni-
tion, and the unified stochastic engine for jointly optimizing the
acoustic and language model.

Keywords: Shared-distribution models, senones, decision
trees, multi-pass decoder, unified stochastic engine.

1 INTRODUCTION

This paper describes our solutions to the following three problems:
detailed acoustic modeling for unseen triphones, an efficient and
accurate search algorithm for very large vocabulary tasks, and
joint optimization of acoustic and language models.

Unseen triphones often occur on large vocabulary tasks for
we have limited training data. They are cften replaced by more
general models like the monophone or biphone models. To al-
leviate the over-generalization problem, decision trees have been
used in many areas [5, 13, 2]. [7] used decision-tree based gen-
eralized triphones to provide better models for unseen triphones.
However, [10] showed that the shared-distribution model (SDM)
offered more accurate modeling than the 2gglomerative general-
ized triphone [11]. The goal of the SDM was to search for similar
Markov states so that their output distributions can be averaged
to form a senone, which is a general and still accurate represen-
tation of the original component distributions. To combine both
advantages of the decision tree and the SDM, this paper presents
the decision-tree based sencne.

‘We automatically built a decisiontree, tree( P, s), foreachstate
s of each phone P to classify all the s-th Markov states of all P-
triphones. Each leaf is a cluster of similzr states, which define
a senone, Given a P-triphone, seen or ‘mmseen in the training
data, we traverse iree(P,s) until a leaf is reached to find the
senone to be associated with state s of that triphone. Predicting
unseen triphones using senones reduced the word error rate by
about 10% compared with using context-independent models for
unseen triphones. Note the same set of senones represents both
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seen and unseen triphones; no additional parameters are needed to
model unseen tiphones.

Recent work on search algorithms for continuous speechrecog-
nition has focused on threc dimensions: large vocabularies, long
distance language models and detailed acoustic modeling. To
meet this challenge we incrementally apply all available acoustic
and linguistic information in three search passes [1]. Pass one
is a standard, time-synchronous, left-to-right Viterbi beam search
which produces word end times and scores with a bigram language
model. Pass two, guided by the results from pass one, is aright-to-
left beam search that produces word begin times and scores. Pass
three is an A" search that combines the results of pass one and two
with a long distance language model. With this three-pass decom-
posed incremental search, our objective to maximize recognition
accuracy with a minimal increase in computational complexity is
satisfactorily fulfilled.

In most speech recognition systems, acoustic and language
models are usually constructed separately, where language models
are derived from a large text corpus without considering confus-
able acoustic data, and acoustic models are optimized without
considering language model discrimination capacity. The unified
stochastic engine (USE) is a general framework to jointly optimize
both the zcoustic model and language model [8]. However, for
our preliminary study we applied USE only to language-weight
learning. With about 1000 training utterances, these automat-
ically leaned word-dependent language weights reduced word
error rates by 5% across different test sets.

This paper is organized as follows. The decision-tree based
senone is elaborated in Section 2. Section 3 describes the three-
pass decoder. USE is explained in Scction 4. Section 5 presents
the experimental results and analysis. '

2 The SENONIC DECISION TREE

Unseen triphones occur often on large vocabulary tasks due to the
limited amount of training data. The bottom-up agglomerative
clustering algorithm for the SDM [10] does not have the capabil-
ity to decide which distribution clusters the Markov states of an
unseen triphone belong to. Therefore, in the past we used context-
independent phone models for unseen triphones during decoding.
To model unseen triphones with senones, we extend the principle
of state sharing to the decision-tree classification [7].

‘When extending the decision-tree algorithm from triphone clas-
sification to Markov state classification, we modified two things,
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besides the object that is being classified. First we notice that
the computation for the tree classification with composite ques-
tions is essentially an exponential function of the number of the
input objects, which for state classification is the number of tri-
phones times the number of Markov states per triphone HMM.
For a large-vocabulary task, such as the 5,000-word Wall Street
Journal (WSJ) task, the input size for the classification procedure
grows dramatically. To speed classification, we enforce the state-
dependency constraint, which disallows output distributions from
different topological locations being in the same cluster. This is
informed by the SDM study on the 1,000-word Resource Man-
agement task, where we found that states in the same cluster were
mostly from the same topological location [10]. In SPHINX-II,
there are 50 phonemes and there are 5 states for each phonetic
HMM. Therefore, we built automatically 250 decision trees to
classify all Markov states in all triphone models, with an algorithm
similar to the one used in [7]. At the beginning of the classifica-
tion, a set of linguistic questions were created manually. Then the
tree growing algorithm automatically determines which question
is the best for each node. The question associated with a tree node
can be simply one of the hand-crafted questions, or a composite
question formed automatically by conjunction, disjunction and/or
negation of the simple questions.

Secondly, we found that it is helpful to take neighboring state
information into consideration for the tree growing. To elaborate
the concept, suppose we are classifying all the s-th states of all
P-uiphones and we are deciding which question is the best to
split node = into two children, n; and r2. Although state s is the
only state under consideration, we keep the output distributions
associated with the other states at the same time. To compute the
goodness of question @) with respect to state s, we first compute
the entropy decrease at each state i due to the split:

AH; = Ci(n)Hi(n) — Ci(n1)Hi(m1) — Ci(n2) Hi(n2)

where H;(n) is the entropy of state i of node n, and Ci(n) is
the occurrence count of state ¢ of node n, which is estimated by
the Baum-Welch algorithm [3]. Next the goodness of question Q
with respect to state s is a weighted summation of all the entropy
decreases, with bigger weights for states closer to s:

goodness(Q, s) = > wi(s) AH; (1)

The more entropy decreases, the better the question is. Note that

"exactly the same amount of computation is required for classifying
different states of the same phone. The only difference between
them is the combining weights w;(s). When uniform combining
weights are adopted, '

goodness(Q, s) = z AHy Vs

and thus the classification degrades to yield the generalized tri-
phone. On the other hand, when w;(s) =0 Vi # s,

goodness(Q,s) = AH, Vs
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information from neighboring states is not used. In other words,
(1) becomes a general distance measure which can be derived to
either generalized triphones or variants of senonic models.

We stop tree growing when the best question fails to offer a
minimum entropy decrease. Each leaf of each tree represents
a senone. After the senone mapping trees are created for ail
seen triphones, we retrain the triphone HMMs using the mapping.
During testing, any triphone, either seen or unseen in the training
data, traverses the five decision trees corresponding to the phone
until leaves are reached, where we find the five senones to be
associated with the five states of the given triphone. Thus, we are
able to represent both seen and unseen triphones in a unified way
by the same set of senones.

Figure 1 illustrates an example tree for classifying the first state
of K-triphones. It also highlights the path when the /K/ triphone in
the word "welcome" traverses the tree. The left phoneme /L/ is an
element in set SON and BACK-L. As expected, for the first state
of a phone, questions about the left context are more important
than those about the right context.

welcome

T

] left phone = SON or nasal?

=,

yes “..NO

l left phone = S, Z, SH, ZH?

{1eft phone = BACK-L? |

) / _

right phone =L, W or et phone = nasal? i
left phone = UW, AW, H H
Oow, w?

no

ey serenseasrusnsd
o
o "

Figure 1: Part of the decision tree for classifying the first
state of K-triphones.

3 THE MULTI-PASS DECODER

Recent work on search algorithms for continuous speech recog-
nition has focused on three dimensions: large vocabularies, long
distance language models and detailed acoustic modeling. To meet
the challenge, several systems have been proposed to use Viterbi
beam search as a fast-match {15, 16] for stack decoding or the
N -best paradigm [14]. In these systems, simple acoustic and lan-
guage models are used to produce N -best hypotheses. Multi-pass
rescoring is subsequently applied to these hypotheses to produce
the final recognition output. One problem in this paradigm is that
decisions made by the initial pass are based on simplified models.
This results in errors that the rescoring procedure cannot recover
once the correct hypothesis is not in the N -best list, which is very
likely when the uvtterance is very long or the vocabulary is large
and contains a lot of confusable words. Specifically, we compared
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the word error bound of two decoders, one using between-word
triphones, the other using within-word triphones only. The er-
ror bound is simply the least errorful of the N -best hypotheses
produced by the system. Figure 2 plots the error bound for the
two systems. Both systems are configured with 7000 senones on
the WSJ task. In Figure 2 we see that the error bound for the
between-word system is consistently 22% to 25% better than the
within-word system.

513.0
§12.
=
§11.0 A ® sossword § |
81°'°\ with-ii word;
9.0 N
80 1\\?\
7.0 \ 8
6.0 N
i.O \D\\s\
0 % _S.o
3.0 P o
2.0 l
12 4 8 16 32 64 128

number of alternatives

Figure 2: Comparison of a within-word triphone system
versus a between-word triphone system. The number of
hypotheses considered versus the word error bound is plot-
ted.

Therefore, instead of the N -best rescoring paradigm, we de-
signed a three-pass decoder which applies directly the most de-
tailed models in the search. Pass one is a standard left-to-right
Viterbi beam search, using the bigram language model and the
most detailed acoustic model including between-word wriphones.
It produces the most likely word sequence for the input utterance.
For most applications, the decoder ends here.

However, when long-distance language models are available
or when the N-best hypotheses are desired (e.g. for a natural-
language understanding system), the first pass also produces word
end times and scores, and two other passes are invoked. The
second pass, guided by the results from the first pass, is a right-
to-left Viterbi beam search which produces word beginning times
and scores. Pass three is an A* search which combines the word
lattices from pass one and two with 2 long distance language
model to produce the top N hypotheses. Delaying the long-
distance language model until the A* search is much simpler
than applying the complex language model directly in the beam
search. Moreover, since long-distance language models are used
during the A" search, we can produce s.gnificantly better top
N hypotheses than using simple language models like the other
systems do.

4 THE UNIFIED STOCHASTIC ENGINE

The basic idea behind USE is to have an objective function defined
by both the acoustic and language models so that minimizing the
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objective function leads to optimizing jointly both the acousticand
language models. The objective function we defined is related to
the goal of maximizing the difference between the correct word
sequence § and the incorrect one § ( which can be generated by
the A® search described above) for each individual utterance x in
the training data:

min A(X) = Zp(glx){score(élx) — score(f|x)}

where
score(8]x) = log Pr(x[HMM(6)) + log Pr(8,a(x,8)) (2)

similarly for score(8]x). The first term in (2) is thee acoustic score
and the second term is the language score weighted by an ad-hoc
value a, which can depend on both the word sequence 4 and the
givenacousticdatax. In mostsystems, « is a constant, simplifying
the second term to be o log Pr(#). The overall objective function
for USE is a summation of a normalized A(x) for all x in the
training data:

. . 1
min Ob] = Zm (3)
X

By taking the partial derivative of (3) and using the gradient
descent algorithm [6], we are able to optimize any interesting
parameter or all parameters simultaneously. In our preliminary
study we only optimized the language weight, «.

5 EXPERIMENTAL PERFORMANCE

5.1 Baseline System Description

SPHINX-II was evaluated on the ARPA 5,000-word WSJ speaker-
independent continuous speech recognition task (non-verbalized
punctuation). The standard bigram, with a test-set perplexity of
118, was supplied by MIT Lincoln Lab {12]. There are 7200
sentences from 84 speakers in the official training set and 330
utterances from 8 new speakers in the test set.

SPHINX-II front-end consists of 4 sets of independent features,
including power and mel-frequency cepstral coefficients normal-
ized by the sentence-based cepstral mean, and 1st-order and 2nd-
order differences. Sex-dependent semi-continuous HMMs [9, 4],
each gender with 7000 decision-tree based senones, are trained
independently by the Baum-Welch algorithm. The 5-state Bakis
topology is used for all phonetic HMMs.

5.2 Evaluation Results

For each test utterance, we ran only the first pass of the decoderon
both the male and female models in parallel and output the word
sequence that had a better score. The word error rate was 7.4%,
as shown in the first row of Table 1.

To avoid dramatic degradation on outlier speakers, we addedthe
generic model (male mixed with female) into the parallel decoder.
The resulting error rate of 7.3% showed that there was no outlier
speaker in this test set.
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system error rate | reduction
Female/Male 7.4% -
Female/Male/Generic 73% 1%
+USE 6.9% 5%
+Trigram 53% 23%

Table 1: Word error rates on the SK-nvp WSJ task.

The above experiments were run under a constant language
weight which was tuned on a separate development set. To con-
duct experiments for USE, we used the three-pass decoder to
generate the top 100 hypotheses for each utterance in the train-
ing set. We then included only those utterances whose correct
word sequences were among their top 100 hypotheses. Due to the
small amount of training data (about 1000 utterances), we assumed
a(x, ) was independentof the acoustic data x and dependentonly
on the last word for all partial theories of §. We used the gradi-
ent descent method based on the 1000 utterances to leamn these
word-dependent language weights. The learned word-dependent
language weights have not yet been incorporated into the decoder.
Therefore we used the paradigm of rescoring the N -best hypothe-
ses instead and it gave us only 5% error reduction, mainly because
of insufficient raining data.

Due 10 time constraints, we were not able to incorporate the
trigram language model into the A* search of the decoder. Instead,
we again rescored the top 100 hypotheses which were generated
with the bigram language model. Trigram rescoring dropped the
word error rate to 5.3%. The fact that the 23% error reduction
was smaller than what we expect from trigram was explained
by the fact that for some utterances, the correct word sequences
were not covered in the top 100 hypotheses. As the utterance
gets longer and/or the vocabulary gets larger, we will have to
generate exponential N hypotheses in order to cover the correct
word sequence. This again fails the N -best paradigm and supports
our belief of applying all knowledge sources at the early stage.

6 Conclusion and Future Work

Senonesoffer accurate and detailed acoustic modeling. The multi-
pass decoder maximizes recognition accuracy by applying the
most detailed acoustic model in the early phases of the decoder
with a minimal increase in computational complexity. The unified
stochastic engine gives us a general framework for optimizing ail
parameters in a speech recognition system.

Our short-term goal is to embed the USE learned language
weights into the first two passes of the decoder and incorporate
the long-distance language model into the A® search. The long-
term goal is to apply USE to other parameter optimizations, e.g.
acoustic corrective training.
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