-

10.21437 /Eurospeech.1999

http://www.isca-speech.org/archive

6!" European Conference on
ISCA Archive Speech Communication and Technology
(EUROSPEECH99)
Budapest, Hungary, September 5-9, 1999

A STUDY OF ADAPTATION TECHNIQUES ON A VOICEMAIL TRANSCRIPTION TASK

Jing Huang and Mukund Padmanabhan
IBM T. J. Watson Research Center
P. O. Box 218, Yorktown Heights, NY 10598
email: jhuang,mukund@watson.ibm.com

ABSTRACT use a bottom-up clustering method that starts with one leaf

Speaker adaptation techniques have emerged as very effe%(-)r each message and merges leaves together based on a

tive and practical methods to improve ASR performance oglil_<elih00d ratiodistance measure. Note that once the
on a test speaker with only limited speech data from thetree is ponstructed, one can choose any number of clusters
speaker. We explore the use of adaptation techniques of® desired. - .

a new Voicemail database and present some theoretical H_e_nce the training messages are pre-clustered into a
extensions of the Cluster Transformation (CT) technique.Spec'f'ed number of _clustgrs, and.for each cluster, a cluster-
Our experiments on 40 hours of voicemail data and fourdependent system is trained using only the speech data

clusters shows that using cluster information with MLLR ILOTt:]hIS lclutster. In ordter tota_ccount fohr (tjh? ptOSS'tt))'"t%I
improves over baseline MLLR by 2.2% (relative). When atthe clusters may not contain enough data to robustly

the amount of adaptation data in a short message is insuf?Stimate the parameters .Of the clgster-dependent models,
ficient to reliably decide its cluster, higher improvements we use Bayesian adaptation techniques [2] to smooth each

result when we use MLLR for the very short messages andcluster-dependent model back to the speaker-independent

SI) model.
CT on longer ones. ( L :
g When a test message is given, the distance between the

cluster-dependent models and the test speaker is computed
1. INTRODUCTION as follows: first, the test message is decoded using a SI sys-

) ) tem to generate a transcription. Then the data is Viterbi-
Speaker adaptation techniques have emerged as very effeGjiy e against the transcription and each acoustic obser-

tive and practical methods to improve ASR performance on\ 4o i tagged with an phonetic state. The distance is de-

a test speaker with the use of a limited amount ®esih (51 45 the likelihood of the tagged acoustic observations,

data from the speaker. Most of these techniques generally., ., ted using the cluster-dependent model (ignoring ob-
start with speaker-independent (SI) acoustic models, angyations tagged as silence, mumble, etc.). The cluster

adapt them in some way [1, 2]. Othgr techniques attempty, o qeis are then ranked according to these distances, and
to obtain better performance by starting from models thaty,» osest cluster or the closest few clusters are chosen.

are better matched to the test speaker than the Sl mOdei'hen, the model for each of the selected cluster(s) is trans-

[3'_4’ 5. .We explore the use of these techniques.on a N5 rmed to bring the model closer to the test message (Sec-
Voicemail database [7], and present some theoretical exteny; on 3).

sions of the Cluster-Transformation technique of [3, 6]. In

particular, in[3, 6], the training data was clustered into sev-

eral classes, and one or many clusters that were close to the 3. CLUSTER TRANSFORMATION

test speaker were selected, and transformddpendently . L )

to come closer to the test speaker. Subsequently, the trandVe €xperimented primarily with linear transformations to
formed models were linearly combined. Here we establishb“,ng the cluster models. closer to thg test speaker’s adap-
the theoretical framework for computing these transforms {@tion data. In the following we describe how to transform
in ajoint manner, and also combining them so as to maxi- one cluster and multiple clusters seperately and present the

mize the likelihood of the adaptation data. experimental results in Section 4.

2. SPEAKER CLUSTERING
3.1. Closest cluster

The speaker clustering problem is the following: given oy the closest cluster is chosen and the means of its
voicemail data consisting of telephone messages from Unisqe| are transformed to maximize the likelihood of the
known speakers, the goal is to group the messages intqgaptation data. This can be done either by computing the
“acoustically similar” speakers. We model each messagei ansformation to be applied on the means of the full scale
(which is on average 18 seconds long) by a Gaussian disioqel directly (MLLR) [1], or by computing a transforma-
tribution with a full covariance matrix. Subsequently, We iion that is applied to the training data, and re-estimating

We would like to acknowledge the support of DARPA under Grant the full scale model means from the transformed training
MDA972-97-C-0012 for funding part of this work. data (Cluster Transformation) [3]. In the latter case a much




smaller model than the full scale model is used to compute  Differentiating (3) with respect ta; and setting the
the transformation; subsequently, the computed transfor-derivative equal to zero yields
mation is applied to the training data.
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3.2. Multiple clusters PICIODY [ ) Mg =0 (4)
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3.2.1. Independent computation of transforms

For the case where multiple clusters are chosen, the trans-
formation for each cluster model is computed indepen- #c,
dently of all the rest. Subsequently the independently _ ) Td g
transformed models are combined to construct the speaker B zc: ; i(t) [zd: Uf,d'u“d] A ©)
adapted model. For the case of CT, the adapted means are
simply re-estimated from the transformed training data of ~ From (6), we solve a system 6f equations fop\.
all the selected clusters. For the case where the full scale
cluster models have been independently transformed using
MLLR, the weights of the linear combination of the trans-
formed models may also be computed to maximize the|n the previous section, the transforms for the selected
likelihood of the adaptation data. Similar work has been clusters were computed independently of each other. How-
reported in [8], where the untransformed cluster modelsever, under the assumption that several cluster models will
are combined to form the adapted model. be used to obtain the adapted model, it makes more sense to
Notation: We will use the following notations to de-  compute the transformations of the individual cluster mod-
scribe the algorithmsy! denotes a stream &F feature  els jointly so as to maximize the likelihood of the adapta-
vectors, with the-th feature vector being denotggl s7 tion data.
denotes the state sequence (unknown) corresponding to the  As before, assume that the adapted mean for-the
stream of feature vectors,, denotes the parameter val- Gaussian is denoted?¢, and thed-th component of this

ues atn-th iteration ancp, (-) indicates that the probabili-  vector is denotegi?%. The adapted mean is assumed to be
ties have been computed with the parameter vatudshe related to the cluster means by the formula:

number of cluster models i§. Thei-th Gaussian in the
j-th cluster model is denoted — this represents d- c
dimensional vector, and thith element of the vector is pet =" AcAcms (7
denoted.] ,. The covariance of thieth Gaussian of cluster e=1
cis denoted\?. This is ad-dimensional diagonal matrix.
Assume that the adapted mean for théh Gaussian ~ Wherems is a vector defined as;"” = [Mf’Tl]v and.
is denotedu?®, and thed-th component of this vector is (a scalar) and4. (a matrix) are the parameters to be es-
denotedp;’j. The adapted mean is assumed to be relatedtimated. Also, letd. 4 denote thel-th row of the matrix

it ?

3.2.2. Joint computation of transforms

to the cluster means by the formula: A,
c The objective function to be maximized now becomes
pet =3 Aops (1)
e=1

2
P 95,4

td — AcAg' mf 2
maXZCi(t) Z(y LinpYE .4 )] (8)

whereps’ = A.m¢ represents the transformed mean of

the ¢ cluster (we will assume that the. have already where we have ignored terms that are not dependent on the
been computed by some means, and the parameters to be 19 i P
rameters being optimized.

; pa
estimated are.). The quantities to be solved for in (8) ake and A. 4.

We want to choose the parameters so as to maximize{N ill adopt a t ¢ ht timizina th
the likelihood of the adaptation data. This requires the . € will adopt a two-stage approach to optimizing these —
first, we will solve for A, ; assuming thah. are known,

imization of the followi jective function: S
maximization of the following objective function and then solve foh, plugging in the values oAl g com-
max Zpen_l (sT /yT) log [pe(yf/Sf)] 2) puted previously. It can be shown that this procedure will

o result in a non-decreasing objective function from iteration
to iteration.
Using ¢;(t) to denotep,,_, (s: = 3/y¥), we can rewrite Assuming tha#. is known, to simplify notation, defin-
(2) as ing the vectorsAl,, , = [AT, A7, --- A%, and
mo S e [0 B m T ) b e e we can
it Z d Uid

; (yr.a — ATu qu”)2
where we have ignored terms that are not dependent on the maxz ei(t) Z ’ = v (9)
7,t

parameters being optimized. P 95.d




Differentiating (9) with respect td.;; 4, we get 4.2. Multiple clusters

(v, — AT, mat) In this subsection, we report the results of adaptation exper-
> ailt) [ e el } mét =0 iments that select several clusters as being closest to the test
it %id speaker. Again the transformations are computed by either

MLLR or CT. Additionally, in the former case, the trans-
formations of the individual cluster means can be com-
(W)yea| puted independently of one another (CMLLR-i), or jointly
Aait,a = Z oz, | (10) (CMLLR-j). In both cases, once the transformation for
e bl the selected clusters have been computed, the transformed
means are combined using this computed in ( 6). We
present results for both cases (see Table 2). All experi-
ments use cluster-independent variances.
Among the three approaches, CT gave the best word
error rate. This may be because a much smaller model was
4. EXPERIMENTAL RESULTS used to compute the MLLR transforms which are conse-

quently more robust.
This section summarizes the results of various experi-

ments. The speaker-independent system has 2709 context-
dependent leaves (states) and 71379 Gaussians modelingl Method || (4,2) | (8,2) | (16,2) | (8, 4) | (16, 4)
the leaves. The test data consists of 43 voicemail mes- | CMLLR-i | 36.9 | 36,5 | 36.1 | 36.2 | 35.9

s [

it L4
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Solving the system of linear equations in (10) yiells 4.
Next, using the computed value df,; 4, the X can be
solved for using equation 6.

sages. The length of the messages ranges from 5 secs ta| (Rel Impr) (0-3)
36 secs. The baseline WER of S| systen380%. The CMLLR+ | 364 | 36.0 | 359 | 365 | 359
(Rel Impr) (0.3)

training data is clustered into 2, 4, 8, or 16 clusters using

. . ; . . CT 358 | 351 36.9 35.6 34.7
the unsupervised clustering technique in Section 2. (Rel Impn) (3.6)
4.1. Closest cluster Table 2: Performance with closest few clusters.

In this subsection, we report the results of adaptation exper-

iments that select the closest cluster and build the speaker-

dependent system from the transformed cluster model. We4 3. Gender-dependent models

use both MLLR on thye closest cluster (referred to as (CM-

LLR)) and CT for computing the cluster transformation. e also experiment with gender-dependent clusters to

In the former case, the variances of the gaussian model§ompare the performance with our unsupervised speaker

may be cluster-independent or cluster-dependent, and weélustering. The training data of each gender is divided into

present results for both cases. In the latter case, the vari clusters using the speaker clustering procedure in Sec-

ances are cluster-independent. tion 2. The results are tabulated in Table 3, and seem to
The performance for various numbers of clusters is Suggest that unsupervised speaker clustering gives better

shown in Table 1. The notatiom (m) indicates that the ~Performance than gender supervised clustering.

training data is divided inte clusters, and we selegt of

them as being close to the test speaker. The baseline num-

L ) . . Method || baseli MLLR 4,1 4,1
ber to compare withis MLLR (WER i36.0%) which gives etho aseline I\leLI% (CT)
a 5.3% relative improvement over the speaker-indepdndent WER 380 360 358 | 356
error rate. In contrast, the clustering of the training data Rel Impr 1.2)

does appear to help; CMLLR with 4 clusters is better than

MLLR by about 2.2%, and CT with 4 clusters is about Table 3: Gender-dependent clustering and adaptation.
3.6% better than MLLR.

Method D@10 61161 _
CMLLR-cvar I 36.0 | 358 | 354 | 353 4.4. The effect of adaptation data

(Rel Impr) (1.9)

An important problem in voicemail is data sparsity: lack

C'EAFL‘;FIQ:S;)’N 353 (32522) 3581 359 of both training data and adaptation data, as phone_: mail
T 357 347 360 362 messages may be very short in reality. In addition, if we
(Rel Impr) (3.6) are c_onstrame_d to use only the nearest cluster, the data is
too little for this approach to be reliable. Therefore we
Table 1: Closest cluster with CMLLR and CT. may end up selecting the wrong cluster-dependent model

for this message. Figure 1 shows how MLLR and cluster
transformation behave on messages of different length.
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Figure 1: Comparing MLLR and CT on the 43 test mes-
sages.

It is clear that CT does not perform as well as MLLR
on very short messages; however, in most cases it is better
than MLLR on relatively long messages. This led to the
folllowing strategy : use MLLR for very short messages
and use CT on (relatively) long messages. This approach
gives WER 0f34.00%, which is an 10.5% improvement
over baseline, and 5.6% improvement over MLLR.

5. CONCLUSION

In this paper we presented studies of adaptation techniques
on the Voicemail transcription task. The adaptation tech-
niques are based on pre-clustering training data and build-
ing cluster-dependent systems. We extended the frame-
work of Cluster-Transformation to estimate the transforms
for several clustergintly. Our experiments have shown
that these adaptation techniques reduce the word error
rate on the voicemail transcirption task and improve upon
MLLR. In our future work we will investigate the effective-
ness of transforming covariances and the use of regression
class trees for MLLR.
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