DISCRIMINATIVE MODEL COMBINATION

Peter Beyerlein

Philips Research Laboratories Aachen, Germany
beyerlei@pfa.research.philips.com

ABSTRACT

Discriminative model combination is a new approach in the field

of automatic speech recognition, which aims at an optimal integra-
tion of all given (acoustic and language) models into one log-linear
posterior probability distribution.

As opposed to the maximum entropy approach, the coefficients of

the log-linear combination are optimized on training samples us-
ing discriminative methods to obtain an optimal classifier.

Three methods are discussed to find coefficients which minimize vw’f + wf .

the empirical word error rate on given training data:

e the well-known GPD-based minimum error rate training
leading to an iterative optimization scheme

e a minimization of the mean distance between the discrim-
inant function of the log-linear posterior probability distri-
bution and an “ideal” discriminant function and

e a minimization of a smoothed error count measure, where
the smoothing function is a parabola.

Latter two methods lead to closed-form solutions for the coeffi-
cients of the model combination.

A widely used training criterion for the distributignis the max-
imum likelihood criterion. The assumption is that we know the
functional form of the probability distributiop, but not the pa-
rameters. Using the maximum likelihood criterion the parameters
are estimated on training samples. The resulting distribytitn
then “plugged in” the Bayes’ decision rule: For a given observa-
tionz] of unknown class membership, find the clag¥«z] ) such
that:

S/
log p(w?|z]) —log p(w'y |z}) > 0.

@
Rewriting the discriminant functiop
o wf ')
= logp(uflel) ~logp(u's |27
= loglp(wd)p(eT )] ~ loglp(u'S p(aT 'S ),
3

we obtain the well-known decomposition pfinto a language
model probabilityp(w?{ ) and an acoustic-phonetic likelihood
p(eT|w?). Sincep typically deviates from the true distribution

Experimental results show that the accuracy of a large vocabulary™ the decision rule (3) will deviate from the Bayes'’ decision rule,
continuous speech recognition system can be increased by a disthus leading to a suboptimal classifier. To overcome this limitation
criminative model combination, due to a better exploitation of the discriminative methods can be applied [6],[7]. The goal of dis-

given acoustic and language models.

1. INTRODUCTION

Given the posterior distributionr(k|x), the decision rule that re-
sults in a mimimum number of classification errors is the so-called
Bayes’ decision rule. For a given observationf unknown class
membership, find the claggx) such that:

VE =1, K;k #k: logm(klz) —logm(k'|x) >0. (1)

The valuesg(z,k, k') = log(w(k|z)/n(k'|z)) in (1) describe
the class boundaries and are referred to as discriminant function

[1],[2]. If continuously spoken sentences are recognized the obser

vation is a sequence of feature vectefs = (2',...,27), which

has to be classified into a word sequencg = (w',...,w®).
However, the true posterior distribution(wf |z] ) is unknown,
since it describes the natural speech communication process.
Thereforer(w?|zT) has to be approximated by a model distribu-
tion

p(wfla?).

criminative parameter optimization is to be able to correctly dis-
criminate the observations rather than to fit the distributions to the
observed data. The most simple example for the discriminative ap-
proach is the optimization of the so-called language model factor
A of the discriminant function:

1S

T S
=T1,w17w1)

loglp(w) p(aT [w)] — loglp(w'S ) p(aT 'S ).
@

Experiments [5] show that a valuewith A # 1 gives a minimum
word error rate. The deviation from the valie= 1 is caused
by the deviation of the language model probabifitys?) and the
deviation of the likelihood(z] |w?) from their “true” values.
_ﬁ:ollowing our basic idea we generalize the discriminant function
(4). Let us assume that we are givihdifferent acoustic-phonetic
and language modejs (w?|zT),7 = 1,..., M. These models
are log-linearly combined into a distribution of the following form:

g(

II

P k) = fros e T3 3 oepwfia] )
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The coefficients\ = (i, ..., Aar)™" can be interpreted as weights

of the modelsp; within the model combination (5). The value (m, Fono, A) _ 1+
C(A) is a normalization factor. As opposed to the maximum en- A0 s
tropy approach [3],[4], which leads to a distribution of the same pH{A}(knolwn) o
functional form, the coefficientd are optimized with respect to | & —nE(knr ko) log e —" " —
the decision error rate of the discriminant function (6) A- e Z e {A}

r=1

T S /SI
g(xl y W1, W 1 )

®
whereA > 0,B > 0,n > 0 have to be adjusted properly. This

M
S!
= Yo (togpiwilal) —logp;@'T1eD)) @)
=t leads to following iterative scheme to compute the coefficiants

Note that the discriminant functions in (3) and (4) are special casesWith stepsizes: Forj =1,..., M

of the discriminant function (6). This new approach will be called A0 = g ©)
“Discriminative Model Combination”. J

In the following it will be shown that a discriminative model com- NG

bination allows for the integration of any model into a decoder, J -

since the weight\; of the modelp; within the combination de- , N , ,
pends on its ability to provide information for correct classifica- >\§ te Zf(%, kno, A7) (1 = £(zn, kno, AD)) -
tion. n=1
S L(Knr, kno) log (ppiig’;:f};:ﬁ) w(n,r)®
2. DISCRIMINATIVE MODEL COMBINATION . ZK ( ! )
re1 win,r
Three methods are discussed to find coefficidntsvhich aim at (10)
minimizing the empirical word error rate on given training data:
L(knr,ky
e The well-known GPD method ('Generalized Probabilistic w(n 7n)(z) _ ui (v |n) e )
Descent’ [6]) for minimizing the smoothed empirical error ’ b {Aan
o L
rate of the distributiop {A}(k|x) on training data. A — a0 )\5\14))”

e A minimization of the mean distance between the discrimi-
nant function (6) and an “ideal” discriminant function. This

. From th in ion w n hat the v I
method leads to a closed-form solution for om the obtained equation we can see, that the valjeare

changing from iteration to iteration by a weighted sum of the dis-
e A minimization of a smoothed error count measure, where riminant functionlog pj(’;no\wn).
the smoothing function is a parabola. pj(knrlzn)

First the utilized notations are defined: 2.2. Towards A Closed-Form Solution
S . .
* Each Worde_equencel is interpreted as a clags each Since the discriminant function describes the class boundaries it
utterancer; is interpreted as an observation can be argued reasonable to compute valyewhich minimize
e The training data are denoted &y, kxnr),n = 1, ..., N, the mean squared distance
r = 0,..., K, whereN is the number of acoustic training N K
samplese,,, kno is the correct class of observatien, and D(A) = _1 Z Z
knr,r =1,..., K are the competing classes/f. N =
e ThevalueL(k., ko) is the Levenshtein-distance between P (knolzn) 2
the rival word sequenck,. and the correct word sequence lo {A} — F(L (e, ko))
. . . . g I nry vnd
kro, i.e. the number of errors contained in the hypothesis p {A}(kmlxn)
knr
(11)
2.1. Minimum Error Rate Training between the discriminant function (6) and the “ideal” discrimi-

. o . nant functionf (£ (kx-, kno)) On the training data, wherg(.) is a
The Gene_rqllz_ed Probabilistic Desce_n_t (GPD) algorithm can be ap'squashing function and (kny, kno) is the Levenshtein-distance
plied to minimize the smoothed empirical error rate\): between the rival word sequenég, and the correct word se-
N quencek,o.
L(A) = 1 Zf(xn,kno,/\) @ Op_tlmlzmg D(A) b_y taklng_ the der_lvatlves for the valueg we
— arrive at the following matrix equation fox.

=

_ -1
on given training data [6]4(zx, kno, A) IS @ smooth misclassifi- A= Qh (12)

cation function of the observatior, : with



o -
P 3 fln etz i il
(4,j=1,...., M),
n_
%ii{ bk (00t o)
(i=1,.., M). (13)

Note, that) can be interpreted as dd x M autocorrelation ma-
trix of the discriminant functions of th&/ given models.

the value of the discriminant function for this hypothesis.
To normalize the values of the discriminant function we impose as
additional constraint

M
doa=t1 (17)
j=1
A possible choice for the smooth 0-1 functidf{z) for —B <
r < A, A>0,B > 0is the following parabola :
z+ B\2
S) = (A + B)
(18)
The valuesA, B should be chosen such that
pH{A}(knrlwn)
—B < log - < A holds for every pai(n, r) and
{A}(knolwn)

every normalized\.

P can be interpreted as correlation vector between the discriminantA parabola has the nice property, that its derivative is a linear func-

functions of theM given models and the squashed Levenshtein-
distancef (£ (knr, kno)).

Thus the weighi\; of a model within the model combination de-
pends upon the correlation of its discriminant function to
f(L(knr, kno)) and to the discriminant functions of alf models.

2.3. A Closed-Form Solution By Minimization Of A
Smoothed Error Count Measure

Define the empirical error rate:

1
BN = %§
N (knvlzn)
Z,C argrilax log% ykno),
it nv {A} knol|zn
N K
1
S S o
i
p (knv xn)
6(km,argr£1ax log% ),
nov P {A} n0|Tn
(15)

This measure equals the classification error rate obtained on the

training data by applying the discriminant function (6).

To include all rival hypotheses into the optimization and to get a
differentiable cost function, th&function in (15) is substituted by

a smooth 0-1 funtiot$ (z)

| X
K—ZZ (knry kno) -

n=1r=

B(A)

NN

S | log

H ( n0 xn)
P iay el
(16)
The contribution of each of the rival hypotheses to the overall
smoothed error rate depends on the functional form of S and on

tion of z, which simplifies the expression for the derivative of the
smoothed error rat& and finally allows for a closed form solution
for optimal weights;.

Optimizing E(A), given the normalization constraint (17), by tak-
ing the derivatives of the Lagrangian:

1 N K
TN Z L(knr, kno)

n=1 r=1

L(A)

{A}

+a (Z Aj — 1) ,
j=1
(19)

we arrive analogously to section 2.2 at the following matrix equa-
tion for A:

S logH

(knolzn)

(a, A" = BQ''P',with (20)
1
Qo0 =0,Q0,; =1,Ql0 = 5(4+ B)’
1 N K
Qi = o 2 D Llhnr kuo)
n=1 r=1
pi(kn0|93n)} { pj(kn0|$n)}
log log ———= ¢,
(1/7] = 17 S} M)7
1
- I
PO - B
P =
N K
1 pi(kn0|$n)
N ZE{I pi (k) § o Fno).
(i=1,..,M). (21)



3. EXPERIMENTS For the optimization of the model combination a GPD based iter-
ative formulation was derived. In addition a reasonable optimiza-
Experiments were carried out on the male part of the Wallstreet tion criterion was found, which leads to a closed-form solution.
Journal development and evaluation test sets of 1998t(35, Some examples for the application of discriminative model combi-
si_et.05) with a vocabulary of 5000 words. nation were discussed. Integrating one acoustic and one language

Triphone models with Laplacian mixture densities and a grand model (language model factor), several experiments have validated
variance vector, as well as language models were trained on thethe optimality of the computed coefficients.

corresponding WSJO training data [8]. _ _ Combining 5 acoustic and language models into one decoder leads
A set of hypotheses was created by decoding N-best lists on theto an increased accuracy of the decoder, compared to the best pair-
development and evaluation data. wise combination of the 5 models. In this case an exhaustive

Various language and acoustic models were combined into a de-search for the optimal model combination would be prohibitive.
coder, using the discriminative model combination approach. The Using a discriminative model combination we are now able to in-
computed combinations were compared with the optimal combina- tegrate any model into a decoder, since the welghif the model
tions obtained by an “exhaustive” search. The model combination j,; within the combination depends on its ability to provide infor-
was optimized on the development setdti05) and tested on the  mation for correct classification.

evaluation set (S!_'EL05). _ _ _ _ Finally, the discriminative model combination allows for the search
Results of experiments using equation (20) are summarized in Tafor more complex and more accurate combinations of models of

ble 1. In the first experiment discriminative model combination the speech communication process, which will be the subject of
was applied to compute the optimal language model factan ( further work.

(4)). The obtained factor was close to the known optimal factor
and gave no significant change in the recognition output (Table 1).
This validates the approach at least for the automatic computation
of an optimal language mode factor. ~ [1] R.O. Duda, P.E. Hart. Pattern Classification and Scene Analy-
In a second experiment the accuracy of the decoder could be im- sis, John Wiley, New York, 1973.

roved by a combination of a word internal triphone system, a ) o .
Erossworg triphone system, a bigram, a trigranﬁ and a%ourgram [2] K. Fukunag_a_l. Introductlo_n to Statistical Pattern Recognition,
language model (see Table 1, ww+xw+bg+tg+fg). The improve- ~ Second Edition. Academic Press, 1990. pp. 269,270.
ment was obtained by optimally integrating all 5 models into one [3] J.N. Kapur, H.K. Kesavan. Entropy Optimization Principles
decoder, instead of searching for the 'best’ of the language models  with Applications, Academic Press, New York, 1992
and the 'best’ of the acoustic models (see Table 1). 4]
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4. CONCLUSION

The proposed discriminative model combination approach aims at
an optimal combination of mode}s; (w|z) into a distribution of
log-linear form.



