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Correspondence

Likelihood Decision Boundary Estimation they have not been utilized before to improve discrimination ability
Between HMM Pairs in Speech Recognition of speech recognition systems.

The outline of this correspondence is as follows. In Section I, we

Levent M. Arslan and John H. L. Hansen present the motivation and formulation of the proposed likelihood

decision boundary estimation method. Two different methods are
described in order to estimate the decision boundary between model

) AN N via pairs. Section Ill presents evaluations of the likelihood decision
models (HMM’s) for speech recognition, the criterion is to maximize the . .
total probability across the training data for a particular speech unit, such t?oundar,y gstlmatlon procledur.e. for the problems of accent detgc-
as a word, monophone, diphone, or triphone. Since each unit model is tion, pairwise language identification, and confusable word pair
trained separately, such a strategy can often lead to biases among decisiondiscrimination in speech recognition. Finally, Section IV summarizes
boundaries of the generated model set. In this correspondence, we proposecontributions and draws conclusions.
a new technique to minimize the total number of misclassifications in the
training data set by adjusting the decision boundaries between HMM
pairs. The proposed algorithm is shown to reduce the error rate in a Il. LIKELIHOOD DECISION BOUNDARY ESTIMATION

number of speech recognition tasks such as accent detection, language . " .
identification, and confusable word pair discrimination. The technique is Many errors that occur in speech recognition system evaluation

also attractive because it is simple to implement and the improvement in aré _due_ to confus_able word pa_irs in the_vocabulary .set (e.g., dis-
performance is achieved without any added complexity in the decoding crimination of “white” versus “wide,” or “six” versus “fix"). Some

phase. studies suggest that performance can be improved if more distinct
vocabulary sets are selected. However, this places an added burden
. INTRODUCTION on the speech recognition system designer and may lead to less natural

Recent developments in training methods have resulted in Speg&rpmand selection. When the confusion matrices of recognition

recognition systems that achieve acceptable error rates under i yFems are analyzed, frequently there are unfair biases (i.e., resulting

conditions [8], [11]. Advances in language modeling contexth suboptimal performance) toward one of the words in the confusable
' | ' Despite this fact, in general the output of Viterbi scoring is

dependent strategies, and speech unit partitioning have increae%('(ﬁ' . . .
research efforts in the application of hidden Markov mode en for granted in speech recognition systems. In this work, we

(HMM's) for speech recognition. The basic theory of HMM's wa are proposing a method to achieve optimal performance given a

first introduced by Baunet al. more than 20 years ago [5]. Thesfixed HMM set by adjusting the decision boundaries among models

implementation of HMM'’s for speech processing applications Wapsrc_)perly. !t shou_ld be noted here that we are no_t suggesting to force
considered by Baker [4] and later Jelinekal. [9]. Presently, there uniform distribution of errors betyveen model_ pairs. The goal of the
is no known analytical solution for an HMM that maximizes theﬁnethOd proposed here IS to .adJUSt the deC|§|on tl)olun'dgry between
probability of a given observation sequence. However, an iterati 5ellhoods of quel pairs \_N'th the constraint finimizing the
procedure known as the expectation-maximization algorithm can g\éerall error ratein the training set.

employed to estimate the HMM parameters. Unfortunately, this o o o

method is not guaranteed to find the optimal solution, and fiv Theory of Likelihood Decision Boundary Estimation

practice often results in a local maximum. As a result, there areNormally, when an observation vector sequeAtés to be classi-
often imperfections in the generated models. These imperfectidiesd as one of two HMM’s\; and ., the conditional probabilities
lead to suboptimal performance of speech recognition systems. QneX |\;) and P(X|\2) are calculated and the model resulting in the
possible solution for this problem is modifying the training algorithniigher likelihood is selected (assuming tlagpriori probabilities are

to incorporate the minimization of an empirical function of theequal). Therefore, the decision procedure can be expressed as
recognition error rate over the training data [10]. In this work, we .

are proposing another solution that adjusts the decision thresholds Choose Ai, if P(X|A1)> P(X]2)
among model likelihoods in the scoring system to minimize the total Choose ., otherwise 1)
number of errors in the training set._Two new r_nethods are describ&gl if we define a log-likelihood ratig aslu(P(X|\1)/P(X|A2)).
to automatically estimate the optimal dec!s!on bounda_ry amongden, the rule becomes

confusable speech pattern models. The decision boundaries between

HMM likelihoods were used previously in utterance and speaker Choose A;, if6>0

verification systems [15], [16]. However, to the author’'s knowledge, Choose )\», otherwise 2)
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Fig. 2. Flowchart for optimum decision boundary search.

Fig. 1. lllustration of decision boundary estimation between confusable word
pairs (a) before and (b) after threshold adjustment.

Viterbi scoring instead of transforming the feature vector (e.g., linear ’ ’ B )

discriminant analysis [6]), or modifying the training procedure to-LIMIT to +LIMIT range specified for the optimum threshold

minimize an empirical function of the recognition error rate oveYalue is performed. This procedure finds a threshold that results in
the training data [10]. This can be accomplished by updating tifae minimum combined number of errors for the confusable word

threshold, which is normally zero in the decision rule above, whidh@ir training tokens. o ) .
results in a minimization of the total number of errors in the training YWhen few errors exist in the training set, this method can still be
set. The new rule is expressed as applied. In such cases, near misses within a certain range could also
be regarded as errors in order to have a sufficient number of errors
Choose A, if6>r (3)  to estimate the decision boundary.
choose X,, otherwise 4)

where the threshold is determined as follows: leX; and X C. Bayesian Decision Boundary Estimation

denote the training observation vector sets for the confusable wordn the second method, the procedure is more suitable if the number
pairword, andwords, respectively. The statistical models generate@f classification errors in the training set is small and not sufficient
from the training set are denoted &s and .. Next, we define the to make a reliable threshold estimation using the optimum decision
following two log-likelihood ratio functions, and ¢,, where N,  boundary search method. In such a case, estimates of the probability
is the number of training tokens farord; and N, the number for density functionsp(¢:) and p(#2) can be computed based on a

words Gaussian assumption. In Fig. 1, the estimate of the new threshold
P(X 1]\ 7 is shown as the point where the two distributions intersect. This
f1n =1n <P(X7n|>\)) n=1.--. Ny (5) threshold value minimizes the size of the shaded area, which is the
iz total error region assuming equalpriori probabilities for the two
fon = In <M) n=1,, Ny (6) models. If the two probability density functions are defined as follows,
P(X2n[A2) with given meansy; and variancesr?, p(#,) = N(u1,0%), and

In Fig. 1, probability density functions(¢,) and p(6.) are plotted »(f2) = N(u2,03), then the decision boundary can be computed
for a typical case where there is a bias toward one of the mode§. follows:

In Fig. 1(a), it can be seen that model 2 is generally selected when 1 o ((r=p2)?/207) _ 1 o ((r=n2)?/203) @
erroneous decisions are made. Here, two approaches are suggested /2702 V2m02

to estimate the decision boundary depending on the numberv%iCh reduces to

classification errors in the training data. 2 3
oo e—((r—u2)?/203)

— = 8
B. Optimum Decision Boundary Search o1 e ((Tmr?/200)
For the first method, the procedure is applicable if the number Bfthe natural logarithm is applied to both sides, [8] reduces to
classification errors in the training set is statistically significant. An — 119)? — )3
g y sig ln(o2) — ln(o1) = — (7 — 1) (7 — ) . 9)

incremental search for the decision boundargan be performed
with the condition of minimizing the total number of errors in thq .

. . f these terms are rearranged, the equation reduces to a second-order
training set. The flowchart for the search procedure is shown |nI ial of the form:
Fig. 2. Here, the log-likelihood value® and ¢, for each training polynomial ot the form.
token are first generated. Next, an incremental search within the AT + Br+C =0, (20)

2 2
203 207
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TABLE |
ACCENT DETECTION PERFORMANCE IMPROVEMENT BY DECISION BOUNDARY ADJUSTMENT PROCEDURE OVERCLOSED AND TEST SETS

Error rates in classification of neutral versus accented words

Closed Set Open Set
Test sct Viterbi | After Threshold Adjustment | Viterbi | After Threshold Adjustment
{Neutral-Turkish) 2.54 1.24 24.75 22.67
(Neutral-Chinese) 1.91 1.04 21.09 18.95
(Neutral-German) 6.11 3.55 26.77 20.67
Overall [ 349 ] 1.93 [ 23.99 ] 20.85
TABLE I [3]. Vocabulary choice was based on a literature review of language
NUMBER OF SPEAKERS FROMEACH LANGUAGE GROUP FOR THEINITIAL education of American English as a second language. A portion of
TRAINING AND DEVELOPMENT TEST SETS IN OGl MULTILANGUAGE DATA BASE  the data corpus was collected using a head-mounted microphone in
OGI MULTI-LANGUAGE SPEECH CORPUS a qUiet office environment, while the remaining part was collected
Tnitial Training | Development Test through an on-line telephone interface at an 8 kHz sampling.rate. .AII
Langnage | Male | Female | Male | Female speakers were _from _the general Duke University communlty,_wnh
English P = o p 43 speakers using microphone data entry and 68 speakers using on-
Fors 39 10 I m line tglephone data entry. The test vocapulary coq3|sts of.20. accent
sensitive isolated words such as “aluminum,” “thirty,” “bringing,”
French 410 10 15 5 “ " : :
. target,” etc., and four American English phrases. Every speaker
German | 25 B 1 9 repeated each word five times. The accent data base includes neutral
Korean | 47 3 13 4 American English, and English under the following accents: German,
Japanese | 30 20 15 5 Chinese, Turkish, French, Persian, Spanish, Italian, Japanese, and
Mandarin | 34 L5 14 6 others. The studies conducted here focused on American English
Spanish 34 16 16 4 speech from 76 speakers across the following accents: neutral,
Tamil 13 7 17 3 Turkish, Chinese, and German (the head-mounted microphone data
Vietnamese | 31 19 16 4 was bandpass filtered between 100 and 3800 Hz to provide spectral
match with data collected through the on-line telephone interface).
For each word in the vocabulary, a continuous mixture HMM with
which has the solution two Gaussian mixtures per state was generated for each accent type.
—-B++/B? —4AC The number of states assigned to each word was proportional to
T2 = 24 (11)  the overall word duration. The number of states typically ranged
where from 7-21, and all speech data were parameterized using mel-
) ) frequency cepstrum and delta coefficients, energy and delta energy.
A =0t -0}, Nine speakers from each accent class were used for training, and
B =203p1 — 202 11, a total of 40 speakers were set aside for open set testing. Using the
C =022 — 022 + 20202 (In(0s) — lu(o1)). (12) forward-backward training algorithm, a total of 80 HMM's (20 words

under four accent types) were generated. A total of 3250 word tokens
It is clear that the coefficients are dependent on the means amaks used for training, and 3900 word tokens were set aside for open
variances of the two distributions. The solutiopwhich lies between testing. The standard Viterbi algorithm without decision boundary
the means:: and p2, is chosen as the new decision boundary. Wdjustment resulted in an error rate of 3.49% in the closed set where
should be noted here that the design criterion for Bayesian decis@ulecision was made between the neutral English model and another
boundary estimation is set for equal error rate, which does not assaceent model (i.e., either German, Chinese, or Turkish). Using the
minimum error rate as in the optimum decision boundary searastimated decision boundary between the accent model pair (neutral-
However, the Bayesian method is proposed as an alternative to ¥leesus-other) for each word, the error rate was reduced to 1.93%
previous method for cases where there are not statistically significémt the closed set (a 44.7% reduction from original). For the open

numbers of misclassifications in the training set. test set, the error rate was reduced from 23.99 to 20.85% (a 13.1%
reduction with detailed results summarized in Table I). While there is
1Il. EVALUATIONS measurable error rate reduction for both closed and open test sets, it is

[["lé)aed that the level of performance improvement was more for closed

For the purpose of evaluating the proposed method, we conduc data. It is believed that thi b th i
three experiments in the areas of accent detection, speech recogn*ff?ﬁ'rﬁuS open data. fL 1S believed that this occurs because e optimum
undary decision method concentrates highly on minimizing the

(between confusable speech units), and pairwise language identif u te of the training dat
tion (ID) using the OGI multilanguage data base. error rate ot the training data.

B. Evaluations Using the SUSAS Data Base

The optimum decision boundary search method was applied toNext, the proposed decision boundary estimation method is applied

foreign accent detection. The method was used to distinguish betwd2 R series of confusable word pairs_from the SUSAS speech-under-
neutral American and a second accent class using a data base collet{&gs data base [7JA common, highly confusable, vocabulary
at the Duke University Robust Speech Processing Laboratory. sgt of 35 aircraft communication words consisting of mono- and

vocabulary of isolated words and phrases was established, whichapproximately half of the SUSAS data base consists of style data donated
contains accent sensitive phonemes or phoneme combinations ¥]the MIT Lincoln Laboratory [12].

A. Evaluations on Accent Detection
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TABLE I
LANGUAGE ID PERFORMANCE IMPROVEMENT AFTER THRESHOLD ADJUSTMENT FOR PAIRWISE ENGLISH-OTHER EXPERIMENTS

E'rror rates in clussification of English versus other languages

in OGI multi-language database

Closed Set Open Set

Test set Viterbi | After Threshold Adjustment | Viterbi | After Threshold Adjustment
English-Farsi 7.8 6.6 16.2 13.6
Euglish-French 9.7 7.7 15.8 18.3
English-German 10.0 8.9 29.7 24.6
English-Japanese 4.4 4.4 8.6 8.3
English-Spanish 9.9 6.4 21.6 16.2
English-Korean 4.8 5.8 8.3 8.3
English-Mandarin 0.0 0.0 8.1 R.1
English-Tamil 3.4 2.3 16.2 11.0
English-Vietnamese 2.4 3.5 16.7 16.7
Overall I 5.1 | 157 | 13.9

multisyllabic words make up the data base. A more complete dis-1) “45 s” Utterance Testing: Language ID is performed on a set
cussion of SUSAS can be found in the literature [7]. SUSAS datd 45 s utterances spoken by the development test speakers. These
used in this study consist of nine adult male speaker utterances,lerances are the first 45 s of the responses to the prompt “speak
sampled at 8 kHz using a 16-b A/D converter. Nine of the mosibout any topic of your choice.”

confusable word pairs in the data base were selected as test materi@lGl refers to these utterances as “stories before the tone,” and
for the proposed method (“white-wide,” “six-fix,” “oh-no,” “oh-go,” they are denotedtory-bt .2

“go-no,” “east-eight,” “east-eighty,” “change-gain,” “east-degree”). In the language ID system developed here, a Gaussian mixture
Continuous density HMM'’s were generated for each word consideratbdel with 64 mixtures is employed for each language. The system
as being confusable. A decision boundary was estimated for edehture set was comprised of 8 cepstrum and 8 delta coefficients plus
word model pair from the speech of six speakers (12 tokens each)dkita energy. The cepstrum coefficients are computed based on a new
the test set, two different speakers and ten different stress conditiaesent/language sensitive frequency scale instead of the commonly
from all speakers in the data base were included. The stress conditioasd mel-scale, which is shown to result in improved performance for
include speech that is slow, fast, soft, loud, angry, clear, questidhe problem of language ID [2]. Pairwise language ID experiments
and Lombard effect (i.e., speech spoken in noise). A total of 302«ere conducted where the decision was made between English and
confusable word tokens were used in the open test set evaluatione of the other nine languages based on 45-s utterances. The results
The error rate was found to be 5.89% when the Viterbi algorithm wasmparing the performance before and after employing the decision
used with a zero threshold for the likelihood ratio. When the Bayesi®oundary adjustment are summarized in Table Ill. Overall, the error
decision boundary estimation was used to shift the thresholds for tia¢e was reduced from 15.7% to 13.9% (a 12.4% reduction) after
confusable word pairs, the error rate reduced to 5.16% (a 12.3@&¥hploying decision boundary adjustment method between language
reduction). model pairs.

” o« ” o

IV. SUMMARY AND CONCLUSIONS

C. Evaluations on Language 1D ) . .
The Oregon Graduate Institute Multilanguage Telephone SpeecHn this study, a new technique has been proposed o estimate

(OGI-TS) Corpus [14] was used to evaluate the performance %?tlr?al “k.e“hOOd ﬁecmlon .Itqoun_(lj_arlest bte:nA{een HMM pairs f(;)r ar?_h
decision boundary adjustment method for the problem of langu g-ations in Speech recognition. WO stralegies were proposed, whic

identification. Since the available training data set was sufficien clude the optimum decision boundary search and Bayesian decision

. . dary estimation depending on the number of classification errors
large, the optimum decision boundary search method was emplo gun ) . :
g P y P yn e training set needed to form a reliable threshold estimate. A

Each message in the corpus was spoken by a unique speaker gV . ) . L
a telephone channel and includes responses to ten prompts, & al,rch procedure was established to obtain the optimum decision

of which contain fixed text (e.g., “Please recite the seven days ?Iur;.dary, fatr;]d a:gclosgd-fo(;m .S(.)lu“%n WZS alsg)rhdeterr]mmed ffor 9al-
the week,” “Please say the numbers zero through ten”) and six @raton of the bayesian decision boundary. 1he choice of using

which assume free text responses (e.g., “Describe the room fr Pllﬁ ogtlmum ?heccliyontbqur:ﬁary searcth }/?rs_u S th% E;ayesu?llnt;jleusm()jn
which you are calling,” “Speak about any topic of your choice”). Al oundary method rests in the amount of fraining data avariavre, an

together the ten responses contained in each session comprise atl]; _u{esultlng error characterlstmfs for the_l—_lMM speech recogr_ut_lon
airs under test. When there is a sufficient number of training

two minutes of speech. Table Il lists the number of messages tokens, then the ability to characterize the output error characteristics
language in each of the two segments of the corpus: initial training, . ™’ yloc . P
IS’ improved, and the optimum decision boundary search method

development test.In our evaluations the initial training set (about hould be emploved. When the training data is limited. a sufficient
50 speakers per language) was used in training, and developmenﬁegfJ ployec. g daia I ! .
g%ber of recognition errors may not exist in order to estimate

about 20 speakers per language) was used in testing. Test uttera . A .
( b P guage) 9 2 optimal decision boundary. Therefore, under these conditions,

were extracted from the development test set according to the AFE i . - N
1993 NIST specification [13]: t|:1e Bayesian decision boundary estimation is recommended. The

3A tone signaled the speaker when 45 s of speech had been collected
2The extended training and final test sets are not considered in this stuthdicating 15 s remaining.
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decision boundary adjustment method was evaluated for three spegsh A. E. Rosenberg, C. H. Lee, B.-H. Juang, and F. K. Soong, “The use

recognition applications. First, the proposed method was tested on of cohort normalized scores for speaker verification,Pioc. Int. Conf.

; ; i Spoken Language Processjr@ct. 1992, vol. 2, pp. 599-602.
speech from a foreign accent data base in order to dISCI’ImII"IE‘l}_ R. A. Sukkar and C.-H. Lee, “Vocabulary independent discriminative

between neutral and foreign accented speech. Here, American Englis utterance verification for nonkeyword rejectionEEE Trans. Speech
produced under neutral, German, Chinese, and Turkish accents were Audio Processingvol. 4, pp. 420-429, Nov. 1996.

considered. In this case, a 13.1% error rate reduction was observed
on the open test set. Next, the method was tested on the SUSAS
speech-under-stress data base in order to improve discrimination
performance between confusable word pairs. For this scenario, an
average 12.4% reduction in the error rate was achieved. Finally,

the method was evaluated using the OGI multilanguage data base to
improve discrimination ability between language pairs. In accordance

with the previous results, a reduction of 12.4% in error rate was

achieved using the proposed method. It should be noted that the
improvements are achieved with no added complexity to the existing

systems, which represents an important advantage in using th@pgiact—A new technique for broadband minimum variance beam-

proposed technique for real-time speech recognition applicatiofsiming is presented that overcomes the signal cancellation problem
Finally, though the proposed method was formulated and testefdconventional adaptive beamformers in the presence of correlated

under isolated-word recognition scenarios, it can be easily adapl@'&rfere?ce- SPeCigca”yz freque”‘?y‘i”"ﬁ”ar begmf.ormiﬂg is “S‘Ied. to
f - . rform frequency domain averaging, there Yy reaucing the correlation
to more general problems in continuous speech recognition and Otg@t{veen the desired signal and the interference. Such a technique is

speech or speaker classification problems. In particular, the propogggkul for hands-free speech acquisition using a microphone array, since
methods for automatic estimation of the optimal decision boundasyrrelated interference will be present due to room reflections.

can be utilized in utterance verification systems, where the decisioqndex Terms—Adaptive beamforming
boundaries are estimated based on heuristic methods or adjustg@@tion. '
manually in most systems.

Technique for Broadband Correlated
Interference Rejection in Microphone Arrays

Darren B. Ward

microphone arrays, signal can-

|. INTRODUCTION
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