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A Robust Compensation Strategy for
Extraneous Acoustic Variations in Spontaneous
Speech Recognition

Hui Jiang Member, IEEEand Li Deng Senior Member, IEEE

Abstract—in this paper, we propose a robust compensation determined from the pooled data set via parameter estimation
strategy to deal effectively with extraneous acoustic variations for techniques, e.g., maximum likelihood (ML) or discriminant
spontaneous speech recognition. This strategy extends speakefqining. The variations contained in the data come from many
adaptive training, and uses hidden Markov models (HMM) .
parameter transformations to normalize the extraneous variations d'ﬁerent_sources' and some of these sources are germane to the
in the training data according to a set of predefinedconditions ~recognition problem or task while the others are extraneous.
A “compact” model and the associated prior probability density An apparent shortcoming of the above training paradigm is
functions (PDFs) of transformation parameters are estimated that the large amount of pooled training data not only include
using the maximum likelihood criterion. In the testing phase, the  1hq hertinent variability (such as phonetic distinction), but also

generic model and the prior PDFs are used to search for the un- . | th t it hich irrel t
known word sequence based on Bayesian prediction classification involve many other extraneous varations which are irrelevan

(BPC). The proposed strategy is evaluated in the switchboard task, t0 our modeling or recognition purpose and should therefore be
and is used to deal with three types of extraneous variations and compensated for. In this paper, we call those variations existing
mismatch in conversational speech recognition: pronunciation in the data which are not directly related to our modeling
variations, inter-speaker variability, and telephone handset mis- . recognition purpose asxtraneous variationsObviously,
match. Experimental results show that moderate word error rate . .
reduction is achieved in comparison with a well-trained baseline gxtraneoqs varlatlon varies from problem. .to p.rc.)bllem. For
HMM system under identical experimental conditions. Instance, In a typ'Ca|_Case of speech recognition, itis important
Index Terms—Bayesian predictive classification (BPC), extra- to modg! the phonetlgally relevant variation Sou.rces' A" other
neous variation, generic (or compact) model, prior PDF, speaker- va_rl_ab|llt|es are considered to be extraneous, including thoge
adaptive training (SAT). arising from speaker, transducer, telephone channel, speaking
style, speaking rate, pronunciation change, etc. On the other
hand, for the speaker recognition problem, speaker variations
become pertinent while other variations are extraneous. The
N the past few decades, statistical models, such as hiddiraneous variations have several realization levels. In this
Markov models (HMM), have achieved significant succegzaper we consider the extraneous variations at the acoustic
in automatic speech recognition (ASR); see some recd@vel only. All other issues related to phonetic or higher levels
review papers in [15]. In the conventional statistical paradigwill be beyond the scope of this paper.
of ASR, statistical models are usually estimated based onln conventional implementation of speech recognizers, one
a large amount of training data. Then the estimated modéiges not have an explicit mechanism to compensate the extra-
are used to recognize unknown utterances. The training dagpus variations in the training procedure. In particular, when
are usually collected under as many different conditions @ recognize spontaneous speech, where many types of extra-
possible for the purpose of properly representing all possilsieous variations abound, the performance of speech recognition
incoming speech data in the future use. Even though the da@n be significantly affected. In the training phase, due to the ex-
collection conditions may greatly differ due to a wide rang#aneous variations, the training data may diverge substantially
of factors, the conventional paradigm treats all training dafeom what is assumed in the model. This would make the esti-
collected in different conditions in an identical manner bynated models diverge from the desired behavior. In the testing
simply pooling them together. The model parameters are thehase, the deviation due to the extraneous variations can also be
viewed as a special kind of mismatch between the models and
the testing data. In this paper, we describe a robust strategy to
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used to normalize the inter-speaker variations in the spedbk information about the telephone number of each participant
data to construct a “compact” model. In [1], an iterativin both conversation sides in the switchboard corpus is used
algorithm has been proposed to estimate the parameters of hothdefine the “condition”. To facilitate the implementation,
transformation and compact models in a sequential mode basgxichoose a very simple transformation, i.e., piecewise linear
on the ML criterion. The work reported in [8] shows anothefunctions, to normalize and/or compensate all of these three
way to normalize “irrelevant variability” in the training phaseypes of extraneous acoustic variations in the conversational
for the purpose of learning a model structure (HMM statielephony speech data of the switchboard corpus. Experimental
tying). Further, in [5], [6], another interesting robust trainingesults show that the proposed method has achieved some
method was proposed for the same purpose as aimed by riderate improvement in recognition performance, i.e., nearly
work reported in this paper. In that work, several clusters at&o absolute reduction in word error rate (WER) for each type
pre-defined and a canonical model is estimated for each clustérextraneous variations, over a well-trained baseline HMM
based on the ML criterion in the training phase. During testingystem.
an interpolated model of all cluster-specific canonical models The remainder of the paper is organized as follows. First, the
is constructed for each separate test utterance. The interpolabagic ideas underlying the proposed robust training strategy are
weights are estimated on-line from each current utterance. presented in Section Il. Next, the robust training and decoding
In this paper, we propose and evaluate a new robust trainialgorithms are presented in detail in Sections 1l and 1V, respec-
strategy to compensate and normalize the extraneous variatidively. In Section V, the experiments on the switchboard task are
with a solid theoretical foundation and with practical effectivereported and the results are discussed. Finally, the paper is con-
ness. It differs from the previous work discussed above in fgduded with a summary of our findings in Section VI.
novel use of thalistribution of the transformation parameters
in a Bayesian framework. Briefly, we label each utterance in the Il. OVERVIEW OF THE NEW STRATEGY

training set with one of pre-definetbnditions depending on . . - _
o ollowing the idea originally presented in [1], suppose we
the nature of the extraneous variation to be compensated, spc . . .
ave a generic (or compact) mixture Gaussian HMM =

as speakend, speaking style, pronunqlatlon, transq_ucer, trar_1 , A, 8) for each speech uni we desire to model, where
mission channel, etc. The data from different conditions are first; o L C

: . . : 7 is the initial state distributiond = {a;;|1 < 4,j < N}
normalized by using some appropriate transformations before o . :

X w - iS the transition matrix, an@ is the parameter vector com-
they are pooled to estimate a “generic” (or compact) model, .
. . S . 0sed of mixture parametets = {w;x, Mk, 7ik the1.2... K

Meanwhile, a prior distribution of transformation paramete . S
: . . or each staté, whereK denotes the number of Gaussian mix-
is also automatically estimated from the data to represent tthe

knowledge of all possible transformations used across the v urr_e components in éach state. The state observation probability

ious “conditions” in the training phase. In this way, the extra—ems"[y functions (PDF) is assumed to be a mixture of multi-

o variate Gaussian PDFs with diagonal precision matrices
neous variation is adequately compensated for and the generic

model will converge properly to represent the pertinent varia- K D
tions in question. In the testing/decoding phase, based on the(;) — Z Wi - H [ Tikd o [_ T'ikd (2a— mikd)2:| @
generic model and the prior distribution of transformation pa- b1 i} 2 2
rameters, we use a new search algorithm to decode the unknown
input utterance according to Bayesian predictive classificatit¥here D denotes the dimension of feature vectors. We denote
(BPC) [9], [10]. all training data foW asX = {X() |r=1,2,..., R}, where

In order to obtain the “generic” acoustic models which cas " stands for those data collected under conditiamnd we
adequately describe phonetically relevant variation sourc8@ve a total ofz different conditions. The condition is defined
the proposed strategy is used to normalize and/or COmpen%gording to the extraneous variations to be normalized, which
several types of major extraneous variations in spontaned¥i be explained for the specific examples in detail in the fol-
speech recognition. Throughout this paper, we take the swité@ing sections. Then, we aim to choose some proper transfor-
board corpus as our evaluation data set. There are sev@igiions to normalize/compensate the extraneous variations in
interesting aspects in this corpus for the evaluation of our néR€ech signals. In other words, we need to choose a set of trans-
robust training strategy. Firstly, in the switchboard task, tHermations{75"”(-)|r = 1,2,..., R}, for the generic model
pronunciation variation in conversational speech is shown Aa. Each transformatioft;" (- ), which is parameterized by,
be one major extraneous variation source hampering spe€eiesponds to a specific conditienso that for each condi-
recognition. Thus, we can justifiably define the “conditiontion  the transformed modér,g”)()\c) gives a better descrip-
which characterizes the pronunciation variation, and in thin for the dataX () which are collected under this condition
case the proposed strategy can be employed to compensate for = 1,2,..., R). The same SAT algorithm in [1] could be
the pronunciation variation. Secondly, like SAT, we utilize ounsed to estimate the compact modegland the corresponding
robust training strategy to normalize the inter-speaker diffeuransformationéf,g”)() according to the ML criterion. How-
ences that also clearly exhibit themselves in the switchboader, in the testing phase, it would not be appropriate to use
corpus. Here, the “condition” is defined based on the speakbe compact model. to evaluate the testing data directly be-
id. Thirdly, the robust training strategy is also used to normalizause) . would not match the original data due to the involved
the extraneous variation related to the mismatches causedtiaysformations. Furthermore, we do not know which transfor-
different telephone handsets in the switchboard corpus. Hemgtion should be used for each testing utterance because we
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have no idea of whicltonditionthe test data come from. In  2) Build a baseline system based on the conventional HMM
this paper, the idea of Bayesian prediction is proposed to solve  approach.

this problem. The specific transformation parametgfsr dif- 3) Align all speech utterances in the whole training set to

ferent “conditions” are viewed as some sampling outcomes from  obtain the Viterbi segmentation for each utterance at the
a prior PDF for the transformation parameters, denotedas HMM's state level; Then, label each frame of feature vec-

In the training stage, the prigi(n) is simultaneously estimated tors with one of the “condition? (1 < » < R) where the

to represent the knowledge of all transformations possibly used feature vector belongs.

in the training stage. In the testing phase, the BPC algorithm4) Tying states of all triphone models and parameter estima-

helps to make an optimal decision given the information sup-  tion: build a single decision-tree for each state of phone

plied by the prioro(n). models based on all data belonging to its corresponding
Before we derive the robust training and testing algorithms,  triphone states. For each tied state of the tri-phone models

we have to carefully determine the functional form for the trans-  (i.e., every leaf node in the decision tree).

fprmatlon () ano! that for the prior PDF of .tragg),forma- a) According to the above alignment results, pool
tion parameters(n). Firstly, as for the transformatidfi; /(- ), all labeled data togethery — {X0)|r —
the requirements are 1) the transformation is sufficiently pow- 1,2,..., R}, where X™ denotes all data la-
erful to normalize the acoustic difference caused by extraneous beled V\;ith conditionr. Use the state distribution
variations and 2) The transformation form is simple enough in the current leaf node as the initial estimate
so that Bayesian prediction is tractable in the decoding phase. of the compact model\. for this tied state.
One possible choice is the piecewise linear transformation. In Here, . is a mixture Gaussian model, ie.
this work, as a first step, we choose the simplest transformation Ao = {wp,mp, |1 < k < KV,

form, namely the bias vector plus the mean vector of an HMM b) Given the currenk... estimate alR transformations
C

{T()|r = 1,2,...,R} for each conditionr
based on the datr ) = {27 |1 < t < 7™}
(See Appendix for derivation):

For each dimensiod = 1,2,..., D (usef™[d] =
0 as initialization)

Mipg = Mika + s (d=1,2,...,D) ()

where = {1, 52, ..., Ba} denotes the transformation param-
eters. We assume that all other HMM parameters remain un-
changed. In principle, each transformation could be related or
tied to any different segments of speech signal. In this paper,
we suppose that each transformation is HMM state-dependent, T<r> ™)
i.e., we use different transformations for different HMM states R ORTE ( td mkd)
and the transformations of various states are tied based on thé[ B T‘” O IR g
triphone state-tying in the entire HMM set. Secondly, as for the !
prior PDF of transformation parameters, iﬂ{.ﬁ) in this case,

in order to have a simple form in the decoding stage, we choose
the following prior PDF based on the concept of natural conju-
gate prior[3]

p(B) = H \P exp|~5H(Ba — 1a)?] @3) 670) = Pr (1 =k | o7, 5
d=1

wg - N (3751’) ‘ my + 5(7’),7%)

4)

where¢{" (k) denotes the probability of{” re-
siding in the mixture componef = £, i.e.,

where d=1,2,...,D} are the hyperparameters. = - ” = )
{I’LdaTd| 3 &y 3 } Yperp 21?:1 wy N (375 ) ‘ my +/3(1)77k)
[ll. ROBUST TRAINING ALGORITHM
In this section, we integrate the above robust training ideas c) Re-estimate the compact model (See Appendix
into the conventional acoustic modeling method used in a large for derivation):
vocabulary speech recognition system, i.e., triphone model Forl< k< Kandl<d<D
state tying based on the phonetic decision tree [20]. Our robust
training strategy consists of the following steps.
) i : - ™ - .
1) Define a set of “conditions” according to the specific 21 1 Z;‘F 1 t ( ) - (xg(} - /3(’)[d])
extraneous variations to be normalized or compensatettkid = T (6)
Specifically, we define a total a& different “conditions,” DR S é}( )( )
ic i . R 7 -(r)
and each is indexed by(1 < r < R). e — S S e (k) I
R T r T .
S S 60 W) - (288 = maa - 50 [d))
1itis also possible to use a finite mixture form for the prior distribution as in ZR ZTW ¢ ”)( )
[11] to supply a more accurate description of the prior information. In the work wy, = r=1 Lut=1 >t (8)

described in this paper, we have implemented the simpler Gaussian form only. 27 1 Et (? Ek 1 St ( ) ’
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d) Goto step (4b) unless some convergence conditiomansformation parametersis contained in a prior PD(7).
are met. Under these assumptions, the optimal decision rule will be the
e) Estimate the hyperparametdigq, 74| 1 < d < “constraint-based” BPC shown in (11). When the number of
D} of the prior PDFp(ﬁ) for the current tied state: the transformation parameters is much fewer than that of HMM

Forl1 <d< D ones, the “constraint-based” BPC makes it easier to determine
the prior PDF. An additional contribution of this work is that
ZR T <K (7’)(k_) O] we significantly simplified the estimation of the prior PDF for
prg = Sr=titEl o=t e the transformation parameters by incorporating the SAT in our
D1 2=t 2= & (R) training stage, as shown in step (4e) of Section III.
R T0 . g0 4] After we adopt the linear transformation as shown in (2) for
- VG ©) T,(-) where each transformation is associated with a HMM
=t R T K () state, we now present a frame-synchronous search algorithm to
- Dorm1 2=t 2 &t (R) implement the above “constraint-based” BPC rule. The search
Zf:l ;—;“1) Zi;l Str)(k) (B®[d] - /m)Q algorithm has been modlfled from the general VBPC algorithm
ZR ) presented in[10]. Accordmg to (11_), the valge pf.the mtegrgl de-
= r=1 5 (10) pends on the path inthe HMM. This makes it difficult to derive a
Ele T - (B[] — pq) recursive algorithm to compute an accurate value of the integral.

The solution to this difficulty we have adopted is to incorporate
where{ 4,741 < d < D} are tied for all HMM the calculation of the integral in the Viterbi search. For each

states related to the current leaf node. time frame, we compute the integration over the transformation
parameters for all active hypothesized partial paths. Then, for

V. ROBUST DECODING BASED ON each node in the search network, we merge all incoming par-
BAYESIAN PREDICTIVE CLASSIFICATION tial paths by selecting the one with the largest integral value.

i . The selected path is propagated and the integral is recomputed
According to [10], the BPC decision rule makes a speech rec‘i(icording to the extended partial path. The search procedure is

ognizer minimize the overall recognition error when the expefs o a1e until the end of the utterance. In this way, we are able
tation is taken with respect to the uncertainty described by tﬂiaachieve a Viterbi approximation of the integral
prior PDF. Assume that the functional form of the parameter ~ - - test utteranc& — '

transformation is exactly known and all available informatio
about the transformation parameters is completely containe
the prior PDFp(), given unknown observatioX, then such
an optimal recognition resul¥’ can be expressed as

(z1,22,...,27), the generic
1odel A\., and the prior PDFp(ﬁ) shown in (3) (with the
%erparameters estimated from (9) and (10)), the recursive

search procedure for accomplishing the computation in (11) is

described as follows.

X 1) Initialization

W = arg max Pr(W) - /Pr(X | T5(Ae), W) - p(n) dn

n

(5’.27"57‘ 1<s< N 12
= arg max Pr(W) -/ZPr(X737l7 | T, (A\e), W) 1(L) i (371) sSts (12)
v ey P1())=0 1<i<N (13)
~p(n) dn
A arg max Pr(W) ~InaX/Pr(X, s, 0, | Ty(Xe), W) where (fort = 1)
50U

. d 11 - -

o) (t) bi(z:) = argllgr}cagxl(/wik N (@ | man + By rine)
wheres,! denote the HMM state sequence and the Gaussian (5 df;
component label sequence, respectively. In this equation, the .
Viterbi approximation [10] has been adopted to make the D T(y)w
integral tractable. Based on the work in [10], where we have = atg 1hax Wik - o (D4 )
prior PDFs of all HMM parameters and the integral is taken o d=1 \ <7 (Td —Hikd)
with respect to the HMM parameters, this paper introduces new o )
transformation-based structure constraint into the BPC method. X exp _M Tod — Mikd — uff))
Therefore, (11) can be thought as a kind of “constraint-based” 2 (Ty) + nkd)

BPC.

In this improved BPC, the optimal HMM parameters for
each testing utterance are assumed to follow some constraints, where3; denotes the transformation parameters related
which are established by applying transformations into a known  to statei. Here,6,(¢) denotes the partial predictive value
“generic” HMM X.. The transformations are known exactly based on the optimal partial path arriving at stad the
except for a small set of parameterdreated as random vari- time instantt. The corresponding best partial path is rep-
ables. It is further assumed that our prior knowledge about the  resented by a chain of points starting frgn{(:).



JIANG AND DENG: ROBUST COMPENSATION STRATEGY FOR EXTRANEOUS ACOUSTIC VARIATIONS 13

2) Recursion:foe < ¢t < 7,1 < j< N,do where{x; ,z;,,...,z;, } denote feature vectors belonging to
1) path-merging in statg statej in X, among which¥ . . l} denote labels of the vectors
. . k
“closest” to the mixture componehtof statej. Then, we have

6:(4) = max [6:1() - aiy] (14)

ax rs
1<i<N Jira (T1a, T2ay - -+ Toa)
ve(j) = arg 1%%\’[&_1(1) il ) (de)v g [ VT jkd (_2 —2)}
= — ) ————=exp|——— |z — T,
. - O T(EJ) 2
2) Update the partial predictive value:
If (it is the first time to involve statg in the com- UTjde(gf) 3 2
putation of&:(7) )2, then XEXp| =¥ (x'v ~ Ha )
2 (UTjkd + 7y )
6¢(J) = 6:(4) x bj(xt) (16) where
else AN 23
Ty = > (wia — mjra) (23)
=1
Z)j (a:jl,a:jz,...,a:jL_) and .
8:(4) = 6:(3) % = : (17) S _15 2
b; (a:jl,a:jz, .. .,a:j(Lj_U) Ty = ;(-Tzd — Mijrd)”- (24)

where L, is the accumulated number of fea- In the above VBPC, we search for a single best path to com-
ture vectors belonging to statg based on the Pute the integral-based Bayesian prediction instead of calcu-
optimal partial path up to the time instamt lating the integral over all possible paths, as shown in (11) and
z;, denotes theith vector in the statej; and (22). As in [10], we have found that the VBPC generally leads

b;(x; %, ..., x;, ) denotes the contribution of 0 @ rather good approximation because the contribution from

data 1{ar s 2 }, residing in statej, to the best path almost always dominates the entire Bayesian pre-
JioFgzor sty I s -

the partial predictive valué,(;) diction.

i ( ) V. EXPERIMENTS SWITCHBOARD TASK
S e N oL In order to examine the viability of the proposed robust
= / p (levszv"'vxjn Mk +/3j77‘jk) -p(B;)dB;.  training strategy, we apply it to several types of extraneous

(18) acoustic variations in spontaneous speech recognition. In this

paper, we choose a fast evaluation set of the switchboard

corpus used in Workshop 1996 (WS96) at Johns Hopkins

3) Termination University, Baltimore, MD, which is approximately 10 h in
duration. It is called “10-h” set hereafter. In the following
p(X | W) ~ max 67(%) (19) recognition experiments, we first build a baseline system from

the “10-h” training data according to the conventional training

sy = argmax 6r(4). (20) method. Then, starting from the baseline system, the new

training method is used to deal separately with three different

4) Path (state sequence) backtracking types of the extraneous variations in the switchboard task, i.e.,
the pronunciation variation, speaker difference and handset

st=tha(sty) t=T—1T-2. .1 1) mismatch. The experimental setup and comparative results will

be reported in this section, together with some discussions on
the experimental results and on the computation complexity of

In (18),b;(x;,, 2, - .-, x;, ) can be approximated based ofhe algorithm used.
the “closest” mixture component label sequence corresponding
to the dataf{z;,, z,,, ..., 2. } A. The 10-h Baseline System

~ We use HTK v2.2 to implement our baseline system. In

b (wj,%)y5 .5 25,) the baseline system, we use the 39-dimension feature vector
K [ which is composed of 12 MFCCs with log-energy, and delta
~ H wﬂf - fik Lyly oo Tph, ) and acceleration coefficients. The cepstral mean normalization
k=1 &

is performed in the utterance level for both training and testing
o data. The acoustic models are three-state five-mixture-per-state
= wﬂf : H jkd <$z§da~~~7$z§, d) (22)  word-internal triphone HMMs. The standard phonetic deci-
=1 d=1 ¥ sion-tree method is used for state-tying. After the tying, the total
2Including all states tied to stage number of all distinct tied-states is reduced to approximately

K
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TABLE |
PERFORMANCE(IN %) COMPARISONWITH THE 10-h BASELINE SYSTEM WHEN
THE ROBUSTMETHOD IS USED TODEAL WITH PRONUNCIATION VARIATIONS

Sub | Del | Ins | WER
10-hr baseline | 43.94 | 17.92 | 3.49 | 65.39
RobustPron-I | 41.94 | 18.58 [ 4.31 | 64.84
RobustPron-II | 42.61 | 18.17 | 3.90 | 64.68

2000. The dictionary consists of all words (about 6474 words)
occurring in the *10-h” training set. Multiple pronunciations 2)
are used for some words. The language model is the back-off
bigram model trained only on the transcriptions of all utterances
in the “10-h” set. The test set consists of 200 utterances (a total
of 1948 words) randomly selected from the evaluation test set
in WS96, which is disjointed from the “10-h” set.

The recognition performance of the baseline system with
these 200 test utterances is shown in the first line of the Table |,
i.e., with 65.39% word error rate (WER). The performance is
close to the best baseline results which were reported under
identical conditions in WS96.

to the above alignment boundary. The phoneme recog-
nition results are viewed as the pronunciation of this
word. However, this method usually causes too many
pronunciations for each word. Thus, we use a very
simple distance measure between two pronunciations,
e.g., humber of different phoneme, to cluster all dif-
ferent pronunciations of each word into four classes
or fewer. In training stage (4a), all data from the same
word and the same pronunciation class are treated as
from the same condition. This method is denoted as
RobustPhon-hereafter.

Phoneme recognition is directly performed for each
utterance in the training set to obtain the phoneme se-
quence for the sentence by using the baseline system,
where phoneme HMMs are used without any language
model. In training stage (3) described in Section lIl,
each feature vector is labeled with the recognized
phoneme where the vector belongs. When doing
decision-tree state-tying in training stage (4a), all data
in this state which corresponds to the same recognized
phoneme is treated as from the same condition. This
method is denoted d&obustPhon-lhereafter.

The RobustPhon-land RobustPhon-limethods are imple-
mented under the same experimental conditions as that of the
According to [2] and [17], in the switchboard task, pronunbaseline system. From the comparative experimental results in
ciation variations in conversational speech is one major extrEable |, whereSub, Del, andins denote the substitute, deletion,
neous variation source hampering speech recognition perfand insertion error rate, respectively, we observe that the robust
mance. How to cope with pronunciation variations in converstaining method gives close to 1% reduction in word error rate
tional speech recognition has been studied by many research@h&R) over the baseline system. We also note that, for the 10-h
e.g., [2]. It is straightforward to incorporate multiple pronundata set, th®obustPhon-lachieves somewhat better results be-
ciations in the search network for some words. However, thiauseRobustPhon-usually causes too many conditions and in
strategy also increases the perplexity of the search network amah too few training data for the some conditions.
makes it more confusable. In this section, we attempt to dealln both RobustPhon-land RobustPhon-ll we can identify
with the pronunciation variations by using our robust trainingeveral factors which influence the final performance. The first
strategy. In principle, the speech data which come from the safaetor is the poor phoneme recognition results when transcribing
word may be treated as from different “conditions” if the wordhe switchboard data by using the baseline system. The high
is pronounced differently. That is, the set of all “conditions” caarror rate in phoneme recognition causes the conditions related
be defined by all distinct pronunciations of all words in the vato pronunciation variations not to be well defined. The second
cabulary. In this way, the above robust training approach canfaetor is that the functional form (2) for transformation may not
directly used to normalize the acoustic variations caused by pbe powerful enough to normalize the acoustic variations caused
nunciation differences. by the pronunciation changes. Furthermore, the acoustic vari-
One most important implementation issues here is how to d&ion is only one aspect of pronunciation variations. In partic-
fine the condition and partition the data into different conditionstlar, phonetic reduction has been found to be one major cause of
Itis crucial to have a good tradeoff between the number of covariability for spontaneous speech, which requires new dynamic
ditions and the amount of data used for each condition. In ordandeling methodologies beyond the conventional HMMs that
to obtain reliable estimation for the transformation parametare have used in this work [4].
for each condition, it is important to ensure that there is enough
data for each condition. In this work, we use the baseline recdg- Dealing With Inter-Speaker Differences
nition system and a phoneme recognizer to automatically deterThe inter-speaker difference is another major source of extra-
mine pronunciation of every word in the training data. We hav@ous variations for any speaker-independent speech recogni-
explored the following two methods in definingcanditionfor  tion system. In this section, we report experimental results using
pronunciation variations. our robust training strategy to compensate/normalize the inter-
1) Each utterance in the training set is force-aligned apeaker difference in the switchboard data. Here, each “con-
the word level based on its transcription by using thdition” in training stage (1) is related to each speaker in the
baseline system to obtain the segmentation informatidraining set. Then, in training stage (3), we label every feature
for every single word. Then, phone recognition basegector in the entire training set with the speaker who utters the
on free-phone looping is performed on acoustic phoraeirrent sentence. In stage (4a), for every tied state, all speech
models in the baseline system for each word accordinigta which come from the same speaker is considered under

B. Dealing With Pronunciation Variations
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TABLE I TABLE Il
PERFORMANCE(IN %) COMPARISONWITH THE 10-h BASELINE SYSTEMWHEN ~ PERFORMANCE(IN %) COMPARISONWITH THE 10-h BASELINE SYSTEM WHEN
THE ROBUSTMETHOD IS USED TODEAL WITH SPEAKER DIFFERENCE THE ROBUST METHOD IS USED TODEAL WITH HANDSET MISMATCH
Sub | Del | Ins | WER Sub | Del | Ins | WER
10-hr baseline | 43.94 | 17.92 | 3.49 | 65.39 10-hr baseline | 43.94 | 17.92 | 3.49 | 65.39
RobustSpk | 43.28 | 17.57 | 3.33 | 64.18 RobustHandset | 42.94 | 18.20 | 3.44 | 64.58

the same condition. This method is denote®abustSpkere- words, a fast implementation version of the VBPC search algo-
after. Recognition performance comparisorRubustSpkvith  rithm usually requires a memory greater than 1000 megabytes.
the baseline system is shown in the Table Il. From the resulfdthough the fast version of the VBPC search has a similar run-
we note that when the robust training strategy is used to nowng speed as the normal Viterbi search, memory requirement
malize the inter-speaker difference, 1.2% WER reduction ovisrnot affordable in most current machines. Thus, it is very im-
the baseline system has been achieved. We also see that thegmtant to have a good programming design to achieve a good
formance improvement here is somewhat larger than Bath tradeoff between the speed and memory. Even so, in most cases,
bustPhon-landRobustPhon-1IOne possible reason is that thén order to have an acceptable speed of response, heavy pruning
condition here is well-defined because the condition is decididnecessary in the search algorithm.

solely by the speaker id and is independent of the performancd-rom the experimental results reported in this section, we have

of the baseline system. observed over 1% WER reduction (absolute) separately for each
type of extraneous variations. It will be interesting to see whether
D. Dealing With Handset Mismatches we can have additive improvements when the method is used to

The switchboard data consist of recorded telephone conved4atly deal with all three types of variations. However, we will
tions among a set of registered participants. A participant wolRf€ & serious problem of “sparse data” when jointly normalizing
initiate a conversation by calling an automaton that would firirée types of variations. For example, we usually have the total
another participant to receive the call. The automaton woulgmber of “conditions” from several tens to several hundreds in
note the telephone numbers used by both participants. We gegetions V-B, C,and D. If we jointly deal with three types of vari-
erally assume that when the phone numbers are the Same’qﬁi@s,thetotalnumberof“conditions”willincrease uptoaround
handsets are also the same, though there may be exceptieﬁs.m”"‘)”- The training data will not be engughformost ‘_‘cpn-
In this section, based on the information of telephone numbeféions” unless we have a good method to tie some “conditions”
the robust training strategy presented in Sections Il and 1V {@gether. This issue is a subject of future research.
similarly used to normalize the acoustic variations caused by
handset mismatch. Here, each condition is related to one tele- VI. CONCLUSION

phone number recorded in the training set. In training stage (4a)|n this paper, we have proposed a robust training Strategy
all training data from the same telephone number are considefgdjeal with extraneous acoustic variations in building robust
to be under the same condition. This method is denotd®as speech recognition systems. In this strategy, we first define some
bustHandsetereafter. The Comparative resultsin Table Il SnOV\bonditions” for the training data according to the extraneous
that the robust training methdrlobustHandsedchieves nearly yariations to be compensated. Then, the data under different
1% WER reduction over the baseline system. conditions are normalized prior to pooling them together to es-
timate the “compact” model. The corresponding decoding algo-
rithm based on the BPC is also presented in the paper. The new

Although we have observed some moderate WER reductiapproach can be used to deal with any type of extraneous vari-
for the switchboard task from all above promising experimentations in the speech recognition problem. This paper provides
results, the performance improvement is smaller than what weme examples of using this approach to deal with three types of
had expected. One possible reason is that the switchboard taskaneous variations: the pronunciation variation, inter-speaker
is an extremely difficult one, and the data contains many othdifference, and handset mismatches, in the switchboard task for
types of variabilities which have not been addressed in trépontaneous speech recognition. The experimental results have
work. provided evidence that the proposed robust training strategy is

One important issue here is the computational complexity effective to deal with some extraneous acoustic variations in
the new robust training approach introduced in this paper. Cospeech recognition. For all three types of extraneous variations
pared with the conventional training method and SAT, the rave have examined, moderate performance improvements over a
bust training algorithm here does not significantly increase theell-trained baseline system have been achieved. From our ex-
computational complexity. However, as discussed in [10], theeriments, we also note that the performance gain of the new
decoding algorithm based on BPC demands much more comppproach depends on several factors including 1) whether the
tation or memory overload than the normal Viterbi search alg@inctional form of the transformation we have chosen is pow-
rithm. As shown in [10] and [12], this usually does not cause amyful enough for the extraneous variations and 2) whether we
problem for small-vocabulary tasks. For the switchboard tadkave properly defined the “condition” so that we have an ade-
where the search network is constructed from several thousajdite amount of training data for each condition.

E. Discussion
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In this paper, we have only investigated a very simple M-Step:
functional form of the transformation: a piecewise shift trans- . )
formation on the HMM mean vectors. We plan to extend thi€@ { 5 ﬁé’))
work to other more powerful transformation forms, such aw
the affine transformation involving all HMM parameters. Also 0 K
the parameters of the prior PDF has been estimated from th . = .
training data based on the ML criterion. The method of moment Z [_7”“‘1 : (x§ g — )[d]) X3 )(k)} =0. (27)
in [7] is an alternative, over the ML method, to estimating '~ *=*
the priors. This may be superior in performance. Moreover, Thus,

will be interesting and informative to experimentally compare IO K () )

the proposed method with other well-known techniques in ., g = ==t Doe1 & (K) - Tra - (xm _mkd> 28

terms of compensating acoustic variations, such as clusteiﬁ 4] = (") ZK 57‘)(/%‘) P (28)
t=1 k=15t d

adaptive training (CAT) in [6], bias removal in [14] and [18]
and stochastic matching in [13] and [19]. Finally, our current Secondly, given the generic mod&f and transformation
robust training strategy can be further developed for ne{/ﬁ(”) |1 < r < R}, we re-estimate the generic model
dynamic models of spontaneous speech intended to incorporate= {wy,my,7: |1 < k < K} based on the datd .

phonetic reduction (target undershoot) as well as pronunciatiorE-Step:

variations. In particular, phonetic reduction has been found o

to be one major cause of variability for spontaneous speQ:(?‘c | )‘c)

which requires dynamic modeling methodologies beyond the_— g, [ln FX, T | M) |)\87 X0 o x® 50 _7/§<R)}
conventional HMMs [4].

rR T K . ’ N ,
APPENDIX => 3 {Z [_% . (a;§ ) — g — /3(’)[d])

DERIVATION OF (4)—(8)IN THE ROBUST TRAINING ALGORITHM reb = h=L Rd=1

In this Appendix, we provide the derivation of (4)—(8) in ro- +
bust training algorithm presented in Section .
Assume that we adopt the functional form (2) for M-Step:
the transformation and we have the generic model
Ae = {wp,mp,m |1 < k < K} for one tied state in 9Q (A | 29) R T -
a leaf node of the decision tree. Following , [1] and [19]87‘6 = ZZ [—de & (k)
given the dataX = {X®|r = 1,2,...,R}, where MMkd r=1 t=1
X® = {2{7 |1 < ¢+ < T} denotes all data labeled with the . (xg") — gy — ﬁ“‘)[d])} —0. (30)
conditionr andazg”) denotes a single feature vector belonging
to conditionr, the EM algorithm is used to estimate the generi€hus,

DO =

In W} +ln wk} - €7(k) + const (29)

model and the transformation parameters sequentially. Here R T () o) .
the mixture component labélis themissing datawhile using C Xm 2= & (R (xtd — B )[d])
the EM algorithm. MMk = ZR g ¢ T)(k)
Firstly, given the generic model., we estimate the transfor- r=het=t (31)
mation parametef(™ for each condition- based onX ("), O & 7
E-Step: 9Q (Ac | Ad) 1/ @ 20) 2
=2 |75 (o = 371
_’(1’) 2(r) r=1t=1
] . ) + 2—} -&(k)=0. (32)
= By [l f (27,01 77) | X0, 0, 7] Tk
T K D ) ) Thus,
— Z Z Z — [_% (.1'57) — Mg — /;(1) [d]) :| ER E/J’v(’!‘) (7)(k)
t=1 k=1d=1 Thd = = r=1 Lit=l ot 5 (33)
-&{" (k) + const (25) ORI DS OF (375:1) — mya — B [d])
" ) 90 (Ao | A0 R
whereg," (k) denot_es the probabllltyafg residing in mixture Q (A | ¢) A= Z Z 4 'é}r)(/f) _A=0 (34)
component, = k, i.e., dwy, i wk

where Lagrange multiplier is used. Based on the constraint

£t7)(k) = Pl‘(lt =k ‘-Tgr)v /§87)) Ek wi = 1, we have

wg - N (azg”) my, + [301’),77&‘)

R T ()
_ k
- K N (1) ;7) ] . (26) W = RET:lT%;;:l f:t ( 2 . (35)
2 =1 Wi (xt mi + o ’7’“) St e e & (R)




JIANG AND DENG: ROBUST COMPENSATION STRATEGY FOR EXTRANEOUS ACOUSTIC VARIATIONS 17

ACKNOWLEDGMENT [17] D. McAllaster, L. Gillick, F. Scattone, and M. Newman, “Fabricating
conversational speech data with acoustic models: A program to examine

The authors would like to thank Dr. Q. Huo of the Department  model-data mismatch,” iRroc. Int. Conf. Spoken Language Processing
of Computer and Information Systems, the University of Hong  Dec. 1999, pp. 1847-1850.

Kong, for his useful suggestions and comments on this work and®

M. G. Rahim and B. H. Juang, “Signal bias removal by maximum likeli-
hood estimation for robust telephone speech recogniti®@EE Trans.

many discussions which greatly enhance the paper. They also speech Audio Processingl. 4, p. 19, Jan. 1996.
thank I. Stokes-Rees for the help in building the baseline systentil9] A. Sankar and C.-H. Lee, "A maximum-likelihood approach to sto-

and thank Dr. C.-H. Lee of Bell labs for his helpful comments

chastic matching for robust speech recognitidiEEE Trans. Speech
Audio Processingvol. 4, pp. 190-202, May 1996.

on the work. [20] S. J. Young, J. J. Odell, and P. C. Woodland, “Tree-based state tying

(1]

[2

(3]
(4]

(3]

(6]
(71

(8]

9]

(20]

(11]

(12]

(13]

[14]

[15]

[16]

for high accuracy acoustic modeling,” Rroc. ARPA Human Language
REFERENCES Technology Workshoi 994, pp. 307-312.
T. Anastasakos, J. McDonough, R. Schwarts, and J. Makhoul, “A com-
pact model for speaker-adaptive training,”®moc. Int. Conf. Spoken
Language Processing.996, pp. 1137-1140.
B. Byrne, M. Finke, S. Khudanpur, J. McDonough, H. Nock, M. Riley,

M. Saraclar, C. Wooters, and G. Zavaliagkos, “Pronunciation modelir Hui Jiang (M’'00) received the B.Eng. and M.Eng.
for conversational speech recognition: A status report from WS97 degrees from the University of Science and Tech-
Proc. IEEE Workshop Automatic Speech Recognition Understandir nology of China (USTC) and the Ph.D. degree from
pp. 26-33, Nov. 1997. the University of Tokyo, Tokyo, Japan, in September
M. H. DeGroot,Optimal Statistical Decisions New York: McGraw- 1998, all in electrical engineering.

Hill, 1970. il From 1992 to 1994, he worked on large-vocab-
L. Deng and J. Ma, “A statistical coarticulatory model for the hidder 5l ulary Chinese speech recognition at USTC. From
vocal-tract-resonance dynamics,”fmoc. EurospeeciBudapest, Hun- - January 1995 to September 1998, he was with the
gary, 1999, pp. 1499-1502. Department of Information and Communication
M. J. F. Gales, “Cluster adaptive training for speech recognition,” i _. Engineering, University of Tokyo, where he mainly
Proc. Int. Conf. Spoken Language ProcessiBygdney, Australia, 1998, worked on robust speech recognition. From October
pp. 1783-1786. 1998 to April 1999, he was a Researcher with the University of Tokyo. From
——, “Cluster adaptive training of hidden markov model&EE Trans. April 1999 to June 2000, he was a Postdoctoral Fellow with Department
Speech Audio Processingpl. 8, pp. 417—-428, July 2000. of Electrical and Computer Engineering, University of Waterloo, Waterloo,

Q. Huo, C. Chan, and C.-H. Lee, “Bayesian adaptive learning of the p@N, Canada. Since June 2000, he has been with Dialogue Systems Research,
rameters of hidden Markov model for speech recognititBE Trans. Multimedia Communication Research Lab, Bell Labs, Lucent Technologies
Speech Audio Processingpl. 3, pp. 334345, Sept. 1995. Inc., Murray Hill, NJ. His current research interests include all issues related
Q. Huo and B. Ma, “Irrelevant variability normalization in learningto speech recognition and understanding, especially robust speech recognition,
structure from data: A case study on decision-tree based HMM stat#erance verification, adaptive modeling of speech, spoken language systems,
tying,” in Proc. ICASSP’99May 1999, pp. 577-580. and speaker recognition/verification.

Q. Huo and C.-H. Lee, “Robust speech recognition based on adap-

tive classification and decision strategie§peech Communto be

published.

H. Jiang, K. Hirose, and Q. Huo, “Robust speech recognition based on

Bayesian prediction approacHEEE Trans. Speech Audio Processing

vol. 7, pp. 426-440, July 1999. Li Deng (S'83-M'86—-SM'91) received the B.S. degree in biophysics from the
——, “Improving Viterbi Bayesian predictive classification via sequenUniversity of Science and Technology of China in 1982, the M.S. degree from
tial Bayesian leaning in robust speech recognitid®®peech Commun. the University of Wisconsin-Madison in electrical engineering in 1984, and
vol. 28, no. 4, pp. 313-326, Aug. 1999. the Ph.D. degree in electrical engineering from the University of Wisconsin,
——, “A minimax search algorithm for CDHMM based robust con-Madison, in 1986.

tinuous speech recognition,” iAroc. Int. Conf. Spoken Language Pro- He worked on large-vocabulary automatic speech recognition for telecom-
cessing Sydney, Australia, Nov. 1998, pp. 389-392. munications from 1986 to 1989. In 1989, he joined the Department of Electrical
H. Jiang, F. Soong, and C.-H. Lee, “Hierarchical stochastic featusnd Computer Engineering, University of Waterloo, Waterloo, ON, Canada,
matching for robust speech recognition,” Rroc. ICASSP’01 Salt as Assistant Professor; he became Full Professor in 1996. From 1992 to 1993,
Lake City, UT, May 2001. he conducted sabbatical research at the Laboratory for Computer Science,
C. Lawrence and M. Rahim, “Integrated bias removal techniques fbfassachusetts Institute of Technology, Cambridge, and, from 1997 to 1998, at
robust speech recognitiorComput. Speech Langol. 13, pp. 283-298, ATR Interpreting Telecommunications Research Laboratories, Kyoto, Japan.
1999. In December 1999, he joined Microsoft Research, Redmond, WA, as Senior
C.-H. Lee, F.-K. Soong, and K.-K. Paliwal, Ed8ytomatic Speech and Researcher. His research interests include acoustic-phonetic modeling of
Speaker Recognition: Advanced Topic®orwell, MA: Kluwer, 1996. speech, speech and speaker recognition, speech synthesis and enhancement,
C. J. Leggetter and P. C. Woodland, “Maximum likelihood linear respeech production and perception, auditory speech processing, statistical
gression for speaker adaptation of continuous density hidden Markmethods and machine learning, nonlinear signal processing and system theory,
models,”Comput. Speech Langol. 9, pp. 171-185, 1995. spoken language systems, and human—computer interaction.



