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ABSTRACT

In this paper we propose a new, aulomatic optimal
baseform determination algorithm. Given a set of
subword Hidden Markov Models {(HMMs) and acous-
tic tokens of a specific word, we apply the tree-trellis
N-best search algorithm to find the oplimal base-
Jorms (transcriptions) in the mazimum likelihood
sense. Different token preselection algorithms have
been investigated to facilitate fast search for repre-
sentative baseforms and to alleviate the problem of
representing vastly different pronounciations with a
single baseform. The DARPA Resource Management
database was used for evaluating the new baseform
optimization algorithm, improvements of recognition
rates using different token selection algorithms and
the tree-trellis search have been consistently obtained.

i. INTRODUCTION

Modern large vocabulary speech recognizers em-
ploy subwords as the basic modeling units. This
implies that in order to obtain word (or sen-
tence) recognition, a lexicon which defines the
composition of the vocabulary words in terms
of the basic units must be made available to
the recogrizer. In most cases, linguistically de-
fined subwords are chosen as the basic recog-
pition units, typically phonemes or phone-like
units.

In contrast to almost all other components in
an HMM based speech recognizer which are op-
timized with respect to some objective criterion,
the lexicon is commonly created by human ex-
perts or by the use of standard pronounciation
dictionaries. Particular problems with these ap-
proaches arise, e.g., in cases where the pronoun-
ciation variations of many speakers with differ-
ent dialects need to be represented by one or a
small number of lexical entries. Also, the tra-
ditional approaches cannot readily be applied
to systems employing non-linguistic recognition
units.

Some efforts to automatically optimize this
process have been reported over the past decade
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(see €.g., [1, 2, 3]). The present work proposes a
method for automatic generation of pronouncia-
tion baseforms with respect to some pre-defined
basic units such as phonemes according to an
objective optimization criterion. The method
is equally applicable to either linguistically or
acoustically defined units, and generates opti-
mal baseforms of the words in the vocabulary.

2. OPTIMAL BASEFORMS

The problem to be addressed can be formulated
as follows: Given a number of sample utterances
of a word, U = {U1,Us,...,UL}, and a Hidden
Markov model, A = {A!, A%,..., AT}, describing
all the subword units p = {p1,p2,---, pp:}, find
the most likely string of subword units, 5, over
the set of all possible strings, S, subject to some
given decoding grammar

§ = argmax{P(S|U, \)} (1)

Assuming that all strings are equally proba-
ble, this is equivalent to maximizing the joint
likelikood of the utterances, i.e.,

§ = argmax{P(U}5, 1)}

L
= argmex [ P(US, %) (2)

=1

If (2) is to be optimized over only one utterance,
the problem can be easily solved by Viterbi de-
coding. However, the number of sample utter-
ances per word will need to be large enough to
produce word models that are robust to both
inter- and intra-speaker variations yielding a
non-trivial optimization problem. Fortunately,
it turns out that a modification of the tree-trellis
based fast search proposed by Soong and Huang
[4] for finding the N best string hypotheses in
principle guarantees finding the optimal base-
forms.



The tree-trellis algorithm is based on the
A*-algorithm for finding the optimal path(s)
through a tree [5]. In order to provide the
A*-gearch with a cost estimate, a time syn-
chronous Viterbi search is performed in the
(time-)forward direction, storing accumulated
likelihood scores for every time instance for all
word terminal states. The A*-search is then
performed time asynchronously in the backward
direction to find the N best strings. In order
to maximize (2), the tree-trellis algorithm need
some modifications.

The modified tree-trellis algorithm com-
mences by computing a likelihood map of each of
the L observations. Then, a frame synchronous
Viterbi trellis search is performed in the for-
ward direction according to some given decod-
ing grammar. A possible choice is the simple free
subword decoding (e.g., free-phoneme decoding)
grammar shown in fig. 1, where any number
of subword units in any order can constitute
a string. The Viterbi search is executed using
level building to accommodate length variations
in the string hypotheses. For every observation,
the Viterbi search also generates a partial path
map which for every frame and grammar node
contains the accumulated likelihood scores of all
partial paths leading to the grammar node,

! ,

Jmax PO, q1i-1, 00 = i )MAra)  (3)
where #(Ag, ) is the final state of the kth arc lead-
ing to the nth grammar node and the model Ay,
is a string model constructed by concatenating
n subword models. ¢1.,:..1 denotes the state se-

quence from time 1 to ¢ — 1 and Oﬁ)ﬂ denotes
the ¢ first observation vectors of sample utter-
ance {, In addition, an ordered list of the rank
of each partial path is produced.

Figure 1. Free subword decoding grammar.

After completing the forward Viterbi search,
backward, frame asynchronous tree search is

performed. The search finds the phoneme string
that maximizes the combined likelihood scores
for the I tokens of a word. If so desired multiple
lexical entries can be found using this algorithm,
producing a rank ordered list of transcriptions
based on the corresponding likelihood scores.

The tree search is implemented with the A*
algorithm. Here, use is made of an evaluation

function R R

F(n) =§(n) +h(n) (4)
where f(n) is an estimate of the likelihood score
of the best path passing through grammar node
n, h(n) is an estimate of the likelihood score
of the best path from grammar node n to the
terminal node and §(n) is an estimate of the
(yet incomplete} path from grammar node » to
a goal node {which in our case is the first or the
leftmost node in the grammar). As we proceed
backward from the final node A (n) can be calcu-
lated exactly by working the Viterbi algorithm
time reversed. If only one token per word were
used, an exact value of §(n) could be directly
obtained from the forward Viterbi search. Since
the likelihood scores for different tokens may be
the result of different paths through the string
grammar network, we can only obtain an upper
bound for the value of §(n). This is sufficient
to guarantee that an optimal path will always
be found [5], although it will not guarantee that
the optimal path is found ir a minimum number
of steps.

3. TOKEN PRESELECTION

When generating a lexicon for speaker indepen-
dent recognition applications, it is essential that
the algorithm is presented with training tokens
which represent typical variations in word pro-
nounciation. However, if the number of train-
ing tokens is high, there may exist a large num-
ber of partial baseforms with similar likelihood
scores during the search. This mainly occurs
for longer words, and can lead to fan-out explo-
sions in the backward tree search resulting in
computer memory shortage. One possibility of
reducing this problem is to randomly select a
sub-set of the training tokens from the available
speech corpus for baseform generation.

When multiple tokens of the same word ex-
hibit large idiosyncratic or accentual differences
among different speakers, or large intraspeaker
variations, the algorithm will not be able to pro-
duce a single representative baseform. This is
analog to the problem of finding a single, rep-
resentative centroid from data that form multi-



clusters or distribute sparsely over a large re-
gion. Moreover, since no representative, optimal
baseform exists, the search for the optimal base-
form can be an agonizingly slow process. In or-
der to minimize this problem, a string clustering
algorithm has been developed in order to ensure
that the modified tree-trellis algorithm is pre-
sented with similar acoustic realizations of the
word in question. This clustering of the training
tokens can also be used for the construction of
multiple baseforms.

3.1. String clustering

If two training utterances of the same word
result in similar subword strings being ocutput
from a subword recognizer, it is reasonable to
believe that the two acoustic realizations of the
word are similar. The string clustering algo-
rithm has been developed in order to group
training utterances with clogse matching subword
transcriptions and is a modification of the algo-
rithm presented in [6].

The source data for the string clustering al-
gorithm is provided by an N-best subword rec-
ognizer. For each training token of a word, the
tree-trellis algorithm is used to provide the N
best string hypotheses. This yields VL strings,
where L is the number of training tokens for
a word. The distance between two strings is
evaluated by using dynamic programming align-
ment between two strings and the Levenshtein
distance measure {6} which sets the cost of in-
sertions, deletions and substitutions uniformly
to 1, otherwise the distance is 0.

The clustering is initialized by assigning the
N string hypotheses of the first token to N clus-
ters. For each new training token, the respec-
tive string hypotheses are assigned to the clus-
ter which has the cluster center with the low-
est distance to the present hypothesis, provided
that this distance is below some predetermined
threshold. Otherwise, a new cluster is created.
After cluster assignment, the cluster member
vielding the lowest intracluster distortion is cho-
sen a new cluster center. After all training to-
kens have been assigned to their nearest neigh-
bor cluster, the procedure is iterated until con-
vergence. ‘

The methods for preselection considered in
this study were the following:

max_100: A selection from a randomized list
of the training tokens. A maximum of 100

tokens were used per word. If the modified
tree-trellis algorithm failed due to memory
shortage, a back-off strategy of using the
original transcription was employed.

rand_10: A reasonable number (~ 10} of train-
ing tokens is necessary in order to obtain
a representative transcription. Also, long
words tend to increase the risk of search
failure due to the physical constraints like
memory saturation, etc.. New transcrip-
tions were only generated for words with
no more than 10 phonemes in the original
transcription and where at least 10 training
tokens were available. 10 tokens per word
chosen from a randomized list of the train-
ing tokens were used.

clust_100: The tree-trellis algorithm is used to
provide a list of the N most likely transcrip-
tions for each token. String clustering is
then employed to group similar transcrip-
tions of each word. Up to 100 tokens from
the largest cluster for each word are prese-
lected as training tokens.

max_clust: max_ 100 is used with a new back-
off strategy. clust_100 is used for the words
which exhibit problems due to a large num-
ber of fan-outs in the tree search.

4. EXPERIMENTS

The proposed method has been tested on the
DARPA Resource Management speech corpus.
Using the standard word transcriptions simple
context independent phoneme models with a
single Gaussian has been generated from the
speaker independent training set. 47 phone
models and two silence models were used.
Feature vectors containing 39 parameters (12
MFCCs and normalized energy, velocity and ac-
celeration parameters) were computed every 10
ms using a 25 ms window. Using the phone mod-
els, the continuous utterances were segmented
on the word level. After preselection of training
tokens, new lexical entries were then generated
by the modified tree-trellis algorithm.

Of the 991 words in the RM vocabulary, 988
words occur at least once in the training set.
592 of these words qualified for the preselection
method rand_10 (i.e., at least 10 occurrences
and a maximum of 10 phonemes in the stan-
dard transcription). Also, not all vocabulary
words are in the Feb89 test set which was used
for evaluation. In order to have a fair compar-
ison between the various methods for preselec-



tion, new lexicon entries were generated for 301
words which were both in the training and test
sets of all methods. For the remaining vocabu-
lary words, the original phonemic transcriptions
were used.

It was observed that the new lexical entries
consistently improved the average per frame
likelihood score on both the training and the test
get. Almost all new lexical entries represented
reasonable pronounciations. For instance, the
word INDIAN, which had the original transcrip-
tion /ih n d iy ax n/ was transcribed as /ihn y
n/ by all methods. Typically, 20-25% of the lex-
ical entries generated automatically were identi-
cal to the original transcriptions.

The methods were compared in terms of
word recognition rates on the task of continuous
recognition of the test sentences. The word-pair
grammar was used for the recognition experi-
ments. The results are given in Table 1.

‘Words
Correct | Accuracy
“original” 78.3% 76.1%
max.100 80.6% 78.3%
rand_10 79.2% 76.5%
clust 160 79.8% 77.4%

Lexicon

Table 1. Performance using 301 new entries.

As shown in Table 1 all methods for auto-
matic baseform generation yielded an improve-
ment over the original lexicon. It was however
observed that the max_ 100 preselection re-
sulted in too large number of fan-outs in the
backward tree search which forced the com-
puter to abandon the search for optimal base-
forms. This happened in as many as 187 of the
988 words present in the training corpus. The
clust_100 preselection on the other hand had
no such problems and produced baseforms for all
words. In the next experiment, the max_clust
method described -in the previous section was
compared to the performance of the clust_100
preselection and to the original transcription.
In this case, no fan-out problems were encoun-
tered, and the results presented in Table 2 are
obtained using the 988 automatically generated
baseforms.

The hybrid preselection method is clearly su-
perior, both to the clust_100 preselection and
to the original transcriptions.

‘Words
Correct | Accuracy

“original”  78.3% 76.1%

clust_100 78.6% 75.8%
max.clust 8L.7% 79.8%

Lexicon

Table 2. Performance using 988 new entries.

5. CONCLUSIONS

A new method for automatic generation of
acoustic baseforms has been presented. The
method is based on selecting the baseforms
which maximize the likelihood of the training
data, which is consistent with the recognition
criterion. The recognition results indicate that
the automatically generated baseforms yield su-
perior performance to manually created phone-
mic baseforms. The method is applicable also
to non-finguistic subword units, and may be ex-
ploited to solve a major obstacle in employing
non-linguistic subwords for speech recognition,
namely the question of how to create an opti-
mal lexicon.
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