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ABSTRACT

Traditionally, speech recognition system is established assuming
that acoustic and linguistic information sources are independent.
Parameters of hidden Markov model and n-gram are estimated
individually and then plugged in a maximum a posteriori
classification rule. However, acoustic and linguistic features are
correlated in essence. Modeling performance is limited
accordingly. This study aims to relax the independence assumption
and achieve sophisticated acoustic and linguistic modeling for
speech recognition. We propose an integrated approach based on
maximum entropy (ME) principle where acoustic and linguistic
features are optimally merged in a unified framework. The
correlations between acoustic and linguistic features are explored
and properly represented in the integrated models. Due to the
flexibility of ME model, we can further combine other high-level
linguistic features. In the experiments, we carry out the proposed
methods for broadcast news transcription using MATBN database.
We obtain significant improvement compared to conventional
speech recognition system using individual maximum likelihood
training.

1. INTRODUCTION

Automatic speech recognition has been increasingly important in
many human-machine interaction systems. How to build a
desirable classification procedure is critical to assure system
performance. Following Bayesian decision theory, speech
recognition endeavors to find the most likely word sequence 1’
through maximizing a posteriori (MAP) probability given an
observed speech sentence X

W=argmne/1xp(W|X)=argmn'51xp,\(X|W)pr(W). (€9

In(1), po(X |W) represents acoustic likelihood of matching signal

X with hidden Markov models (HMM’s) for W . The prior
probability p (W) serves as language model characterizing the

linguistic regularities in natural language. N-gram model is popular
to explore local lexical characteristics from text documents.
Undoubtedly, the estimation of HMM’s A and n-grams I' plays
an important role in speech recognition system. In the literature,
maximum likelihood (ML) criterion is widely applied for
parameter estimation. The estimated parameters can attain the
largest likelihood score using training data. However, higher
likelihood does not guarantee better classification. To improve
classification performance, it is beneficial to directly enhance
model discriminability. The minimum classification error (MCE)
and maximum mutual information (MMI) criteria were proposed
for discriminative modeling of acoustic [1][9][14] as well as
linguistic features [2][11]. Under the assumption of independence
between acoustic and linguistic events, parameters of HMM and »n-
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gram were optimized individually. These parameters were used to
calculate acoustic p, (X |W ) and linguistic p- (W) likelihoods to

determine the optimal word sequence J¥/ according to plug-in
MAP decoding in (1). Nevertheless, considering the hierarchical
structure from phonetic-level matching to sentence-level matching,
such assumption was unrealistic to estimate truly optimal acoustic
and linguistic model parameters. In [13], transition weight and
language model in finite state decoding graphs were
simultaneously optimized under MCE criterion. In [7], HMM and
unigram features were induced for hidden condition random fields
(HCRFs) based phone classification. Maximum conditional
likelihood criterion was used for parameter estimation. Here, we
systematically build an integrated model combining HMM and »-
gram features using the maximum entropy principle for continuous
speech recognition. More importantly, we present the modularized
framework for joint estimation of acoustic and linguistic
parameters. The dependence between acoustic and linguistic
features is properly considered. In the experiments on large
vocabulary continuous speech recognition (LVCSR), we illustrate
the effectiveness of using integrated ME approach compared to
conventional ML training in plug-in MAP classification system.

2. MAXIMUM ENETROPY PRINCIPLE
Statistical modeling approaches are crucial for many pattern
recognition applications. Among them, the maximum entropy (ME)
principle is very attractive because model parameters are
calculated with maximum randomness. In application of speech
recognition, ME estimation was first successfully applied for
language modeling [6]. Hybrid language models combining n-
gram, syntactic and semantic regularities were developed [4][10].
Using these models, different linguistic features were integrated
delicately. We also exploited a discriminative ME language model
incorporating new features from acoustic events [3]. Recently, ME
approach was extended to direct modeling [12] of acoustic HMM’s.
All of these methods achieved desirable model perplexity and
recognition accuracy.

Basic idea of ME principle [8] intends to completely model
what we observe, and assume nothing about what we do not
observe. Using ME approach, all information sources are
formulated as constraint sets. Under these constraints, we
maximize the entropy and find the optimal model p(y). Namely,
we restrict the estimated model to be consistent with all the
information sources we have and simultaneously make the model
distribution as uniform as possible. Let f,---, fr denote the

feature set specifying the properties that we want to integrate in the
model. Feature functions can be defined using zero-one delta
function
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1 if y matches feature i

Si)= { : ()]

0 otherwise
Then, we calculate the expectation of feature functions with
respect to empirical distribution p(y) and actual distribution
p(») as follows

5D =3 50 ) =%ZR%f[(y), 3
v i=
r(f)=2rWLH», “)

where R is the number of training samples. Because the actual
model encapsulates all information sources, the expectation
functions should satisty the equality

;(/1):]7(];)’ fOrlZI,,F (5)

To solve constrained optimization problem, the Lagrange
optimization procedure is applied by merging multipliers 4 = {4}

in the entropy based objective function

F
H(p,2) ==Y p(»)log p(y)+ ;ﬂi[p(m -], (®)
y i=

Through maximizing H(p,A), we yield the ME model expressed
in a form of log linear or Gibbs distribution.

F F
p() = GXP@ At (y)j / 2 exr{ 2], (y’)j : ™

To determine Lagrange multipliers, the generalized iterative
scaling (GIS) algorithm [5] can be adopted. We briefly describe
GIS algorithm below.

Input: Feature functions f, -+, f & empirical distribution p(y)

Output: Optimal Lagrange multipliers A

1. Initialization with {4, =0,i=1,---,F}

2. Foreach i=1,---,F ,update A, based on
()

1
A A +—1 s 8
CCATE S0 ®)
S POV IS Sr(0). ©)

1
Fe=—
' 2NN g

3. Gotostep 2 if A, has not converged.

After finding optimal parameters /{, we calculate ME model using

(7). This ME approach has achieved great success in language
modeling [6] p(¥) = pr (W) and recently been explored in

acoustic modeling [12] p(y) = pa (XlW) .

3. ACOUSTIC AND LINGUISTIC MODELING
No matter using ML, MMI, MCE or ME criterion, acoustic and
language models were separately estimated for plug-in MAP
speech recognition. The dependencies between acoustic and
language models were neglected in model estimation. Strictly
speaking, HMM and n-gram parameters express the information
sources in different levels conveying important cues for finding
reliable word candidates underlying input speech signal. These two
model sets should be jointly established in a consistent way or
following the same objective function. To release the

independence assumption, one statistically attractive approach is to
adopt ME principle simultaneously for acoustic and linguistic
modeling. In what follows, we construct a modularized ME
framework integrating acoustic and linguistic features for building
speech recognition system.

3.1 Joint Acoustic and Linguistic Models

When jointly estimating HMM A and n-gram I' parameters,
we should consider state S and mixture component L sequences

for directly representing the posterior distribution pg (W|X )
=3 pG(W,S,L|X) used for MAP classification in (1). New
S,L

parameters ® should contain all acoustic and linguistic features
characterizing the parametric distributions of HMM’s and n-grams.
According to ME principle, we estimate posterior distribution

p@(W,S,LlX ) via maximizing the conditional entropy. ME
Lagrangian function is yielded by

Hia(p, A== 3 p(X)pe (7,5, LIX)log pe (W, S, L|X)
w.,X,S,L

Fo B (10)
+2 A [p(f)-p()]

Parameters turn out to be the Lagrange multipliers for n-gram A
and HMM A* | © = A" = {4", 4"} . More specifically, we can
define the feature functions f,-LA W,X,S,L) corresponding to n-

gram, HMM initial state probability, state transition probability,
mixture weight, first-order statistics and second-order statistics of
observations as follows

Y wLx,S.L) = count(w,_,,,) if w,,, eW (1
Mo T 0 otherwise

fo W, X,8,Ly=5(S(D)=s) , (12)

fsﬁ. W, X,S,L)y=>8(S(t-1)=s,,)5(S(t)=s,), (13)

fo, W, X,8,L)=3 5(S(t)=5,)0(L(t)=1,) , (14)

Sora W, X,S,L)=3x,4,6(5()=5,)0(L() =1,) 15)

TIE W .X,S,L) = 3.x0,6(S(1) = s)6(L(1D =1,) (16)

where &(-) is a delta function, and i, ¢ and d are indices of
word, frame and dimension, respectively. Using these linguistic
and acoustic features /' ={f% /" f9 f°, f™,f™}, ME
constraints are setup by

P = WZX E(W,X)Ssz(&Llw,X)ﬁLA(W,X,S,L)

17
= X peW. XS L)W, X,8,L)=p(f;") (a7

W.X,S,L
where p(S ,L|W,X ) is used for encoding the latent variable based
on current estimation because we can not determine the empirical
probability p(W, X, S, L) from training data. In this way, EM-IS
algorithm [16] is adopted to estimate ME model with hidden
variables. To reduce the computation complexity, we assume
P(X)=pe(X) for calculating the expectation function
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p(fHh = . XZS | PXpo (7. S.UX) A, X,S,.L) . (18)

Then, we apply these features and constraints for estimation of
optimal linguistic A" and acoustic A* ={A", A%, A%, A™ A"}
parameters. Notably, the joint distributions of different parameters
are considered in parameter estimation. Dependencies are
characterized implicitly. Having all estimated parameters, the
integrated ME posterior probability model is generated by

F
IX) exp X A AW, X,S,L), (19)
i=1

Po (.S, LX) =
Po

with normalization term pg (X) . Here, we directly estimate the
posterior probability using ME approach so that HMM and n-gram
parameters can be optimized simultaneously.

3.2 Relations of Feature Functions to HMM and N-Gram

Feature functions are used to determine the scope of the
knowledge sources. It is desired to extract knowledge from
HMM’s and n-gram for ME modeling. We would like to expand
posterior distribution to express the specification of feature
functions for HMM and n-gram features. Using continuous-density

HMM  parameters {m,4,B} ={p(s,), p(s, |s,71),p(l, |s,),,usllld
,O'SZ/,/‘,} and n-gram parameters {p(wi|wf:,11+l)} , the posterior
probability is expressed as

pW,S,L|X) = (p(W) p(S, L) p(X|S, L, W)/ p(X)

:(Hp(wi|WZii+1)-p(s1)'Hp(sflstfl)p(lflst)- . Q0

2
(% — ﬂs,z,d)

2
20,4

1
1 —cxp| p(X)
d \/ 27[6%{1
After careful arrangement and neglecting normalization term
p(X) , this posterior distribution can be represented in a consistent
form consisting of different sets of log linear distributions
exp[ YA fy W.X.S,L)+Y A fTW,X,S,L)

i
ne1” Wi
i

+ X E [ XS, D)+ S £ VXS, L)

S 18, S J,

.21

+ 2 AN af o a W XS L+ XA ;,’fz,d(W,X,s,L)]
8,0, .d Sl d
In this way, we derive the feature functions in (11)-(16). The
information sources of HMM and »-gram can be properly
extracted and incorporated in the integrated ME model.

3.3 Implementation Issues

In our implementation, we adopt N-best lists to approximate
the denominator term in the objective function when computing
the posterior probability. Viterbi alignment is performed to find the

optimal state S and mixture component L sequences
corresponding to each word sequence in N-best list. Interestingly,
ME objective function can be also represented as

exp X A4 SOV, X, S, L)

Hia = Y p(W,X)log ! . (22
S > expX AN W, X,8, D)

W.eM,

where ), is the competing set of word sequence 7. By partially

differentiating (22) with respect to A*, the actual expectation

function can be approximated by considering all possible word
sequences in N-best list

p@)(Wc7‘§’£|X)
Y po (W.,5, LX)

W!eM,,

f;LA (WL > X’ S‘" i)

P = X p,X) X
WX

W, eMy,

= PN-best (f‘iLA )
(23)
Using this new ME constraints, the learning rule of Lagrange
multipliers in EM-IS algorithm can be updated by

~ ~LA
AN o gk +ilog(—p i )LA J . (24)
F, PN-best (fz )

The implementation procedure of proposed method is shown
in Figure 1. The training speech data are first recognized to extract
competing information using a seed HMM and n-gram models.
Through EM-IS algorithm, the acoustic and linguistic features are
integrated. We finally estimate the integrated acoustic and
linguistic ME models for speech recognition. Generally, the
proposed integrated ME is similar to HCRFs [7] regarding the joint
acoustic and language modeling. However, in HCRFs, model
distribution is defined using a Gibbs distribution with
parameters A estimated by maximizing the conditional log-
likelihood of training data. The integrated ME modeling performs
constrained optimization without specifying the form of model
distribution. The model with maximum uncertainty is selected.

—
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First Pass

Language
Model
Recognition

i

Linguistic Acoustic i,
Competing

Features Features .
{/»1 } ffA} Information
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‘ ‘ EM-IS Algorithm ‘ ‘

Integrated ME Model

Figure 1. Implementation procedure of integrated ME model.

4. EXPERIMENTAL RESULTS
In the experiments, we estimated the seed speaker-independent
HMM models using the benchmark Mandarin speech corpus
TCC300, which was recorded in office environment using close-
talking microphone. Each Mandarin syllable was modeled by right
context-dependent states with at almost 32 mixture components.
We trained sub-syllable HMMs for Mandarin speech. Feature
vectors consisted of twelve Mel-frequency cepstral coefficients,
one log energy and their first derivation. Here, another speech
corpus, Mandarin Across Taiwan Broadcast News (MATBN) was
applied for environmental adaptation adjusting acoustic models
from TCC300 to MATBN database via maximum a posteriori
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(MAP) adaptation. MATBN database contained a total of 198
hours of broadcast news from the Public Television Service
Foundation (Taiwan) and was arranged by Academic Sinica,
Taiwan. All recordings were made in stereo with a 44.1 kHz
sampling rate and 16 bit resolution via a single channel
microphone. Signals were down-sampled to 16 kHz. Totally, we
selected 1060 conversations about 270 minutes for acoustic model
adaptation, and another 250 sentences about 30 minutes for testing.
The adaptation data was also used to extract N-best list. In our
experiments, only top one competing sentence was explored.
Using Katz back-off smoothing, baseline ME bigram language
model was trained using Academic Sinica CKIP balanced corpus

constructed by about five million words with lexical size of 32,909.

In the experiments, we focused on three major parameters,
including n-gram, state transition (Trans.) and first-order
observation parameters (Obs;.). To evaluate speech recognition
performance, we report syllable, character and word error rates. In
Table 1, we show the performance with individually updated
parameters. Baseline system adopts conventional HMM and n-
gram parameters.

Table 1. Evaluation for different updated parameters

) Maximum Entropy
Baseline
N-gram Trans. Obs;
SER (%) 29.1 28.6 (1.7) 28.6 (1.7) 28.5(2.2)
CER (%) 36.8 353 (4.1) 36.4 (1.1) 359 (2.4)
WER (%) 48.9 46.9 (4.1) 48.3(1.2) 47.8(2.2)

Interestingly, we obtain desirable syllable error rates via updating
observation parameters while good word error rates are achieved
by updating n-gram parameters. This is reasonable because
observation parameters play the critical role for modeling acoustic
properties, which affects syllable error rate significantly. N-gram
parameters are used to characterize word association so that word
accuracy can be improved.

Table 2. Evaluation for combinations of updated parameters

Maximum Entropy
Baseline
Trans.+ Obs;. | N-gram+Trans. [N-gram+Obs;. All
SER (%) | 29.1 28.1(3.4) 28.0(3.9) 28.0(3.9) | 27.8(4.5)
CER (%) | 36.8 35.7(3.0) 35.1(4.6) 34.9(5.2) | 34.6(6.0)
WER (%)| 48.9 47.6(2.7) 46.5(4.9) 46.5(4.9) | 46.0(5.9)

We also implemented the experiments using integrated model
to illustrate the effectiveness of different parameter combinations.
Error rates using different parameter combinations are shown in
Table 2. We find that integrated parameters achieve better
improvements than wusing individually updated parameters.
Updated n-gram parameters have slight improvement of syllable
error rate with 1.7% and combined n-gram and acoustic features
can achieve 3.9%. Namely, combining language and acoustic
models in ME model does improve speech recognition.
Furthermore, we obtain the best word error rate improvement with
5.9% based on integrated model with all updated parameters.

5. CONCLUSIONS
We have presented a joint modeling approach to acoustic and
linguistic features to effectively estimate correlated parameters for
speech recognition. This approach released the independence

assumption which was made by many speech recognition systems.
Importantly, we developed a ME framework jointly merging
HMM and n-gram features and modeling their dependencies in a
consistent and optimal fashion. Specially, ME model involved a
constrained optimization procedure and was powerful for
knowledge integration. In the experiments on broadcast news
transcription, we obtained desirable performance compared to
conventional recognition system using independent HMM and »-
gram parameters.
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