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Substate Tying With Combined Parameter Training
and Reduction in Tied-Mixture HMM Design

Liang Gu Member, IEEEand Kenneth Ros&enior Member, IEEE

Abstract—Two approaches are proposed for the design of In spite of TMHMM’s success, several problems remain
tied-mixture hidden Markov models (TMHMM). One approach  gpen. One of them is how to optimally design the state emis-
improves parameter sharing via partial tying of TMHMM states.  gjon gensity codebook and estimate the tying parameters.
To facilitate tying at the substate level, the state emission proba- While th | desi biective i |assificati
bilities are constructed in two stages or, equivalently, are viewed lle the natural eS'Qr! objective '.S. accurate classification
as a “mixture of mixtures of Gaussians.” This paradigm allows, Of utterances, HMM training has traditionally been performed
and is complemented with, an optimization technique to seek the using the maximum likelihood (ML) criterion which is, in
best complexity-accuracy tradeoff solution, which jointly exploits  fact, a modeling criterion. The corresponding re-estimation
Gaussian density sharing and substate tying. Another approach algorithms are effective and of manageable complexity [1],

to enhance model training is combined training and reduction of . . .
model parameters. The procedure starts by training a system with [2]. The inherent and fundamental mismatch of ML with the

alarge universal codebook of Gaussian densities. It then iteratively natural “true” objective, led to the development of a new class
reduces the size of both the codebook and the mixing coefficient of methods that seek the minimum classification error (MCE)

matrix, followed by parameter re-training. The additional costin  solution [3]. MCE methods offer improved performance but

design complexity is modest. Experimental results on the ISOLET encounter three main difficulties. The desian complexity is
database and its E-set subset show that substate tying reduces ' 9 P y

the classification error rate by over 15%, compared to standard cons[derably _'ncreased' but this may F]Ot b_e prohibitive in
Gaussian sharing and whole-state tying. TMHMM design with Practical applications where the design is typically performed
combined training and reduction of parameters reduces the off-line. MCE tends to be highly susceptible to poor nonglobal
classification error rate by over 20% compared to conventional optima (see [4] for the deterministic annealing approach to
TMHMM design. When the two proposed approaches were inte- o mpat this difficulty). Finally, the gains of MCE may not
grated, 25% error rate reduction over TMHMM with whole-state . . .
tying was achieved. generalize well outside the trammg set. Several complementary
measures have been proposed in recent years to determine
the model complexity during HMM design. These include
discriminant [5]-[7] or nondiscriminant [8], [9] measures.
Another problem in TMHMM design is how to reduce the
. INTRODUCTION number of free parameters using parameter sharing or reduc-

HE HIDDEN Markov Model (HMM) is widely recog- tion techniqugs without significar_nt loss of recognition accu-
T nized as a useful statistical tool for automatic speed¢ACY- Appropriate parameter sharing and reduction can reduce
recognition. Optimal design of speech recognizers on the badgdel complexity with minimal degradation in model accu-
of limited training data, must take into account the fundd@cy and, thus, realize a better tradeoff between model com-
mental tradeoff between model richness and robustness. ity and robustness. One such approach is to complement
tied-mixture HMM (TMHMM) [1], [2] represents an importantdigtribution sharing vv_ith state tyiqg. Similarly to pdf tying, state
approach to optimization of this tradeoff. With its universal sd¥ing attempts to refine the design tradeoff due to the funda-
of density functions for constructing state emission mixture§lental conflict between the accuracy of acoustic modeling and
TMHMM offers the modeling capability of a Iarge-mixtureinSUfﬁCie”t training data. By tying some of the HMM states,
continuous density HMM (CHMM), but with a substantiallytrai”ing robustness is enhanced and this, in turn, makes it fea-
reduced total number of Gaussian parameters to train. Thus,3#He to include a larger number of states in the HMM and,
the typical case of insufficient training data, TMHMM achievef1ereby, achieve higher accuracy. However, the traditional pro-
significant performance gains over traditional CHMM. cedure suffers from several shortcomings. First, state tying typ-
ically involves full tying of states, which consists of making

. . . certain states identical. This extreme measure yields substan-
Manuscript received February 27, 2001; revised January 14, 2002. Thi

S . . . . .
work was supported in part by the National Science Foundation uno&@l complexity reduction, but may Caus_e_ser'ous_ d_egra_ldatlon n
Grants 11S-9978001, EIA-9986057, and EIA-0080134, the University dnodel accuracy. Second, although efficient optimization algo-

California MICRO Program, Conexant Systems, Inc., Dolby Laboratoriegithms have been proposed for state tying [10]_[13] they are
Lucent Technologies, Inc., Mindspeed Technologies, and Qualcomm, Inc. The !

associate editor coordinating the review of this manuscript and approving it fé/rplca"y initialized in a greedy.Sprp“mal fashion. This may
publication was Jerome R. Bellegarda. impact the performance, especially in the case of a large number

The authors are with the Department of Electrical and Computer Engif Markov states. Third, the optimization of state tying is nor-
neering, University of California, Santa Barbara, CA 93106 USA (e-mail: '

liang@scl.ece.ucsb.edu; rose@ece.ucsb.edu). mally performed separately from the optimization of pdf sharing
Publisher Item Identifier S 1063-6676(02)02805-5. and, consequently, the overall system is suboptimally designed.

Index Terms—Parameter reduction, parameter training, state
tying, tied-mixture HMM.

1063-6676/02$17.00 © 2002 IEEE



138 IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 10, NO. 3, MARCH 2002

Class 1 Class 2 Class M
Siy Sz Siv San S vt San v Swma Sma 7 Suw
Vil Py Pz 0 P Pz Pyaa o Piaw - Pymr Pymz o Piuw
vz pz| 11 pz} 12 p2| LN p2|2.1 p2| 22 pz[ N pz| M.l pz\ M2 pzl MN

"3 Py p3||,2 o Py p3|2.1 Pyzy oo p}QZ‘N o Py p}lM‘Z o Pyuw

VK qul,l pK[L2 pK\l,N plqzl PK|2«2 plqz_N pK{M‘l pK\M.z pK\M.N

Fig. 1. Mixing coefficient matrix of TMHMM.

A related recent class of state tying techniques is that of The organization of this paper is as follows. The next section
phonetic tied-mixture models [14]-[16], which was enhancedtroduces the substate tying (SST) approach. In Section I,
by probabilistic classification of HMM states [17], and is cureombined training and reduction (CTR) of parameters is
rently used in several well-know systems (such as HTK’s “sofiroposed. The SST and CTR algorithms are then integrated to
tying” [18]). In these methods, Gaussians from a particulacchieve additional gains. Experimental results are summarized
state are allowed to be used in other mixture distributions wittnd discussed in Section IV.
similar acoustics in a manner governed by a decision tree.

While these approaches overcome the initialization difficulty of Il. SUBSTATE TYING

the state-to-class probabilities via phonetic decision trees, th&y Substate Tvina Versus Whole-State Tving in TMHMM
are constrained by the underlying phonetic structures, namely, ying ying

pre-specified or trained tying rules, and are hence suboptimal. TMHMM [1], [2] uses a universal codebook of Gaussian den-
In this paper, we propose tiseibstate tyindSST) approach sities. State emission probability distributions are constructed
[19], where Markov states are partially tied, in contrast withS Mixtures of densities from the codebook with appropriate
traditional whole state tying where tied states are made iddRixing coefficients. Let there b/ classes, each represented
tical. In order to develop an automatic procedure for substdt¥ an HMM of V states, and let there be a universal codebook
tying1 different from the phonetic-decisiOn_tree_based probaf K Gaussian densities. The emission probablllty distribution
bilistic classification or soft tying, we redefine the state emidor states,, »—staten in the HMM representing class, is
sion probabilities as a two-stage mixture. In other words, instead %
of a standqrd mixture of Gaussans, we view the_ state emission Pr(2|$m, n) = Z 9(E01)Prm 1)
pdf as a mixture of (smaller) mixtures of Gaussians. The idea
is that we create an intermediate level for tying, which is po-
sitioned between the Gaussian tying of TMHMM and whol&hereg(-|v) is a Gaussian density whose mean and variance
state tying which ties the entire state mixture. Such intermate specified in the parameter vectoiThe universal codebook
diate level of tying allows one to find a better tradeoff betweefay be simply represented by the setfofparameter vectors
complexity and accuracy. Optimization of substate tying is ad?x: & = 1, ..., K} corresponding td Gaussian densities.
tomatically performed by a technique based on the Expecfﬂie mixing coefficients have obvious probabilistic interpreta-
tion-Maximization (EM) algorithm. We show that with this apion Pxjm, » = Pr(vk|sm,»), and satisfy
proach, the mixing efficiency in TMHMM is improved, the need

k=1

K
for tied-state initialization is circumvented, and that the refined i:p -1
tradeoff yields better compromise between complexity and ac- — kfm, n =
curacy.

To attack the model training problem, we further propose a State tying in TMHMM may be specified by operations on
new approach afombined training and reductig€TR) of pa-  the mixing coefficient matrix{ py|»,, , } rcxav, Which is shown
rameters [20]. The Gaussian density codebook is first initializ& Fig. 1. The traditional whole-state tying technique imposes
with a large number of free parameters, and then downsiZ&@t two (or more) columns be identical and thereby ties the
to the target codebook size using a proposed “minimum-p&@rresponding states
tial-conditional-entropy” parameter reduction techniques. The
procedure simultaneously reduces the size of the density code- Pkmy, ny = Pklmg, ng> Visk< K

book, and trains the Gaussian parameters. This optimization isgy,q proposed substate tying approach ties subsets of the
performed jointly with a parameter reduction procedure that dis|, mn elements and hence allows the states to be distinct
namically reduces the mixing coefficient matrix. The overall

method is shown to significantly outperform standard TMHMM [ Pkjmy,ni = Pkjmo,n., k € @ forsome® C {1, ..., K}
design [2] when tested on the ISOLET database and its E-s tpklm1 vy 7 Dklma.ng> k&

subset. These performance gains are achieved by automatic de- ’ ’

sign without incorporating any prior phonetic knowledge as is Substate tying enables the implementation of intermediate
commonly done in “manual” tying techniques [21]. levels of tying, which are not achievable by whole-state tying,
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and provides higher accuracy and better mixing efficiency w  , @,
in TMHMM. However, substate tying poses a substantial v T
optimization challenge, as now the tying process involves many A Gz du
more degrees of freedom. In the next subsection we propose a Vol 92 9212 - 421
simplified tying algorithm that operates on two-stage mixtures v q q e g

3 301 3{2 3L

and considerably reduces the tying optimization complexity
but, nevertheless, captures substantial gains due to partial state

tying. Vg _qKU g2 - quL—
B. Substate Tying With Two-Stage Mixtures

. . . Fig. 2. Gaussian mixing coefficient matrix (GMCM) of the two-stage
Standard TMHMM can be viewed as tying “single-stagefied-mixture HMM (TS-TMHMM).

mixtures as specified by the matrix of Fig. 1. In this paper,
two-stage mixtures are proposed as a practical way to impfgimber of free parameters without significant loss in recogni-

ment substate tying. We define the state emission probabilifyn accuracy, as will be further discussed in Section III.
distribution as a mixture of Gaussian mixtures, or a mixture of

“submixtures.” We define. submixtures{w;, 1 < [ < L}, C. Re-Estimation
each of which is a mixture of Gaussians from a codebook of p5rameter re-estimation for TMHMM with substate tying

K Gaussians{v,|l < k < K}. The first mixing stage is at (SST-TMHMM) is similar to that of standard TMHMM except
the Gaussian level, where the “Gaussian mixing coefficient Mgyt the procedure involves three steps. Let us denote by
trix” (GMCM) is used to specify the submixtures in terms o .. (z;) the probability that state,, ,, is visited at timet,

the available Gaussians (see Fig. 2). The second mixing st@g’p’gﬁ that the model emits,, i.e., ’

is at the submixture level, as given by the “submixture mixing

coefficient matrix” (SMCM) of Fig. 3. The emission probability Yo, n (Xt) = Pr(sm, nlxt) 4)

distribution for states,, . is now rewritten as the mixture ) )
(which may be calculated as in [1]).

L (X We consider
Pr($|snz,n) = Z {Zg($|vk)Qk|l}pl|nz,n (2)

=1 \k=1 Pr(”ka wi, 5nl,n|-”"t) = Vs, n (-”"t)
whereg(-|v) is a Gaussian density whose mean and variance are o
specified by the parameter vectarand and, by marginalization

g(zt |vk)Qk|l *Plim,n
Pr(z¢|sm. n)

®)

K

Pr(wla Srn,,n|-1"t) = Z Pr(vka Wi, Sm, n|-1"t)- (6)
which naturally satisfy k=1
Parameter re-estimation based on the EM algorithm is carried
Zpllnl?n =1 and qull =1.
i k

Pym,n = Pr(wl|3nl,n)7 qklt = Pr(vk|w1)

out as

1) re-estimation of Gaussian pdfs
We make the following straightforward observations about

the framework of TMHMM with two-stage mixtures: Zt: SZ ZI: Pr(vy, wi, sm,nl®t) - 1

« if GMCM is diagonal (and. = K), the framework de-  fix = ——= B @)
generates to standard TMHMM; Z,: %: ZI: H(wis Sm,n|t)

» if GMCM s diagonal and SMCM contains identical R T
columns, we obtain the known TMHMM with whole-state ;SZ ZI: Pr(vr, wi, sm,n|®) - (@0 = fin) - (2 = fir)
tying; Y =—-

* without the above constraints, GMCM and SMCM pro- ;SE)’ZI:P“““ Sm, 1)
vide a generalized framework to implement both Gaussian 8)

sharing and substate sharing, where a refined tying-accu-
racy tradeoff is achieved, and which subsumes the stan- wherel’ denotes transposition;

dard schemes as extreme special cases. 2) re-estimation of GMCM

In practice, (2) can be simplified by only taking into account Pr
significant values ofpj,,, ,, and g, (as is done for standard Zt: 5,; H©k, @1, Smnlet) 9
TMHMM [2]) Gt = S S Pr(w, 3m,n|1't) ) ©)

t S, m
Pr(x|$pm, n) = Z Z 9@ arpe ¢ Biym.n () 3) re-estimation of SMCM
icn(m,n) | kC¢(m,n) E Pr(wl, 3m,n|-”"t)

whereg,; andgy,.. . are the re-normalized significant mixing Pljm,n = = (10)

e / . - . P / ’
coefficients. This brings about a substantial decrease in the Zt:; H(wirs sm,nle)
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Fig. 3. Submixture mixing coefficient matrix (SMCM) of the two-stage tied-mixture HMM (TS-TMHMM).

IIl. COMBINED PARAMETER TRAINING AND REDUCTION
i Parameter Initializationi=0
A. Basic Approach (M free parameters)

In this subsection we give a high-level description of, and
motivation for, the combined training and reduction (CTR) ap- >
proach, which can be applied to general HMM design, and is

specialized here to two-stage mixture TMHMM design. HMM parameter reestimation
Let the parameter set be= (7, A, B, C), wherer is the (Mifree parameters)

prior probability, A is the set of state transition probabiliti€s,

contains the Gaussian codebook parametersCacahtains all i

(Gaussian and submixture) mixing coefficients. Let the target
number of free parameters Bér. A high-level diagram for the
CTR Algorithm is given in Fig. 4. The training process consists FNFP loop
of two iterative optimization loops: the inner loop optimizes the
system for a fixed number of free parameters (FNFP), and is
hence referred to as the FNFP loop. Here, a standard HMM
training technique may be used. The outer loop optimizes de-
cisions for parameter reduction (PR) and is called the PR loop.
The initial number of free parametersiify), and either a fixed or

a variable parameter reduction rate may be employed. A group
of parameters is identified and eliminated in each iteration. The
decision is based on a performance criterion derived from the

previous FNFP loop. The overall process, of parameter estima-
tion and reduction, continues until the target number of free pa- |
rameters has been reached. PR loop

The reduction procedure targets a subset of the HMM param-
eters. We will restrict our treatment to the Gaussian parameters HMM
B and mixing coefficient€”. In the general derivation of CTR,
the target parameters depend on the type of HMM. We seek
to reduce the number of codewords in a DHMM, the number
of Gaussian densities per state in a CHMM, and both the tothE target size. The reduction procedure attempts to eliminate
number of Gaussian densities and the number of mixing paraomMy those parameters that offer little or no contribution to the
eters in a standard TMHMM or two-stage mixture TMHMM recognition performance of the system. This may be measured
The remainder of the paper will focus on the latter. naturally by MCE [3], or implicitly by Maximum Mutual In-

The motivation for our particular choice of CTR implemenformation (MMI) [22], such as the approach proposed in [7].
tation is due to the following somewhat overlapping pointsSince only the most superfluous parameters have been removed,
1) design complexity is in the order of that of ML-based re-estihe system performance is roughly maintained while the total
mation; 2) cross-model considerations are involved in the desigiumber of parameters is reduced. Once the PR loop is com-
and 3) parameter training and parameter reduction are combingdted, the parametric structure of the system has been changed,

Most of the computation performed during CTR design iand it is no longer expected to be at a local optimum. A new
in the form of ML re-design of HMM systems in the FNFPround of re-estimation may therefore be carried out based on
loop. ML-based re-estimation formulas are known to be relthie now improved initial values, and so on.
tively fast, but it ignores cross-model considerations. In the pro-By using ML re-estimation for the FNFP loop and alternating
posed approach, however, ML re-estimation is first performédwith an MCE or MMI based PR loop we achieve the desired
on a large HMM parameter set, which is then downsized twoperties enumerated above. The design complexity is largely

Re-estimation converged?

Parameter Reduction to M, free parameters

Fig. 4. CTR algorithm for HMM design.
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determined by the ML re-estimation procedure, and is there-Consider the posterior probability

fore only moderate. However, cross-model information is not )

ignored, as the PR loop takes into account inter-class relation- Z % p q
ships to adjust the design for better discrimination. Pr(wiae =Lzt f AR

Parameter estimation and parameter sharing have typlcally Pr(v) N
been considered separately in the literature. Parameter estima- 1,21 mzl nz_: Prim,n " x|V
tion is viewed as a performance-enhancing procedure. Param-
eter sharing technigues are mainly used for complexity-redwghere the last approximation is valid if the states are roughly
tion at the cost of reduced recognition accuracy. However, tidguiprobable. Note that in general the criterion will be calcu-
is not necessarily always the case. In fact, as will be shown layed without the approximation, but complexity can be saved
the CTR algorithm, parameter estimation and parameter shargen it is valid.
can be combined to achieve both complexity reduction and perLet H(2|v;.) be the posterior submixture entropy conditional
formance-enhancement. on Gaussian density,

Before proceeding with direct implementation of the ap-
proach to TMHMM design we introduce a further compromise
to reduce the design complexity. Although the MCE or MMI
criteria. may be used effectively for the reduction process,
as explained earlier, they still involve an undesirable anghose computation may employ the approximation of (13).
substantial cost in computational complexity. In this workiote that a high entropy value o (Q|1,) may indicate
we chose to incorporate within the framework a “minimuntess discriminatory information for the specific Gaussian pdf
partial conditional entropy” parameter reduction algorithngj.e., all bins are uniformly distributed), and, hence, limited
which substantially reduces the computational burden and, yigtportance to the overall system performance, compared with
achieves considerable gains. The evaluation of the merits oftder low-entropy pdfs. Moreover, let us define the partial
high complexity approach that optimizes combined parametginditional entropyH,.(£2|V) which measures the contribution
estimation and reduction solely with respect to the MCBf Gaussian densitw; to the overall conditional entropy

Pr(wilvy) = (13)

L

H(Qw,) = Z Pr(w|vi) log{Pr(w;|vr)}  (14)
=1

criterion is currently under investigation. H(QV)

B. Parameter Reduction Hi(QV) = Pr(vy,) - H(Qwy), (15)
The proposed parameter reduction approach in two-staged

mixture TMHMM is concerned with three reducible sets of HQIV) = ZHk Q).

parameters: 1) Universal codebook elements or Gaussian

parameter vectors;; 2) GMCM mixing coefficientsg;,;; and

3) SMCM mixing coefficientsp;,,, .. The reduction may be One may viewH;(2|V)) as measure of the contribution of
performed by operations on the matrices GMCM or SMCM;aussiarw,, to the overall uncertainty given the selected pdf
and will be explained while referring to Figs. 2 and 3. Wéom the Gaussian pool. Hence, a higher value/af(2|V)

restrict our attention to the following operations: corresponds to less discriminatory information.
« row deletion in GMCM—elimination of a Gaussian den- The Minimum-PCE approach to reduce the universal code-
sity from the universal codebook; book consists of removing codebook elements with high PCE

« column deletion in GMCM, and corresponding row delevalue. The Gaussian pdfs to be eliminated are selected as
tion in SMCM—elimination of a sub-Gaussian mixture;

e column element thinning in GMCM—elimination of
Gaussian components from a submixture;

 column element thinning in SMCM—elimination of sub-
Gaussian mixtures from a state emission distribution.

{or: Hi(R2[V) > o, VI<Ek < K} (16)

where « is a pre-defined entropy threshold. In this way, the
number of free parameters is reduced, while the recognition ac-

A minimum-entropy criterion has been previously propose%”ac? s rdoulghly ma|tnta|ned which leads to a more efficient
and used for distribution-sharing [10]. In this paper, we apply"é\Se ofmode! parameters
minimum-entropy approach to row deletion within GMCM and_ A similar definition for partial conditional entropy of states
SMCM, but, in a fundamentally different way. Our focus is Orgwen submixture is
the partial conditional entropyPCE) as explained next. . )

The marginal probability of a universal codebook elemegns Hi(S|0) = Pr(w:) - H(Sw) (7

L wherePr(w,) is defined in (12) and
= Pr(w) - qupe (11) MN
=1
H(S|w) = Z ZPr S, n|wi) log{Pr(s,, n|wi)}
Where m=1n=1
M N M N

= Z Z Pr(srn,n) “Piym,n- (12) ~— Z Zplhn,nlog(plhn,n)' (18)

m=1ln=1 m=1n=1
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Here too, the last approximation assumes the equiprobabilitytbé total number of HMM states i x N. The Gaussian code-
states similarly to (13). The minimum-PCE reduction of sulidook consists oK pdfs. If the HMM'’s are initialized with one
mixtures is performed by removing the high entropy submixzaussian pdf per state, as in all of our experimeAtgquals

tures, i.e., remove the total number of HMM states, i.elf = M x N. More-
over, L submixtures were adopted in the proposed two-stage
{wi: Hi(S|Q) >3, V1<I< L} (19) TMHMM (TS-TMHMM) design, whereL was initialized as

M x N in our experiments, to enable initialization by the con-
For column element thinning in SMCM, we performedsentional TMHMM training technique.
a probabilistic dynamic reduction as is commonly done in The experiments were organized as follows. We first
traditional TMHMM design. For each statg,, ., the thinning compared the proposed substate tying within TS-TMHMM
is performed by: sorting the mixing weights in ascending ord@fith standard CHMM, TMHMM, as well as TMHMM with

@ < J = Pifm,n < Pjm, n» COMpUting whole-state tying. Secondly, we evaluated the performance
of parameter reduction based on minimum-PCE and dynamic

. K thinning, incorporated it within the framework of combined
K= g max ;pklm n S YSMOM (20) training and reduction (CTR) of parameters, and compared it to

different types of HMM model design. Finally, we optimized

(Wherevs s is a predefined reduction rate parameter), antgS-TMHMM design with the CTR algorithm, and thereby
thinning the state’s mixture by setting to zero the fisstixing  integrated both new approaches, namely, substate tying and
coefficientSpgjm,n = 0, k=1, ..., K. CTR _

Similarly, column element thinning in GMCM is imple- We recognize that the database adopted here, namely,
mented by sorting the mixing weights in ascending ordépOLET with the English alphabet and its E-set, represents
i <j = ap < qpand settmg to zero the first mixing @ highly confusable task, where many letters show similar

coefficients;py, = 0, 1 = 1, L. where or identical vowels. As such, it offers a design challenge for
testing our proposed techniques. However, there is no guarantee
L that the gain level achieved in this specific recognition task will
L= arg max {Zp”k < ’YGJWCJW} (21) be sustained in the case of large vocabulary continuous-density
L =1 HMM systems.

A. Substate Tying in Tied Mixture HMM

As explained in Section Il, substate tying is an intermediate
To test the performance of TMHMM design with substatkevel between pdf sharing (TMHMM) and whole-state tying.
tying and combined parameter training and reduction, exp&M-based re-estimation is used to optimize the tying process.
iments were carried out on the speaker-independent ISOLETour experiment, we compared substate tying with standard

database and its E-set subset (obtained from OGI [23]). Th®MHMM [2] and TMHMM with whole-state tying [10], while
E-set database’s recognition task is to distinguish between nl@eMM is included as a base-line model. For CHMM, one
confusable English lettergb, c, d, e, g, p, t, v,  while the single Gaussian pdf was assigned and trained for each Markov
complete ISOLET involves all the 26 English letters. Botlstate. These Gaussian pdfs were pooled together as the initial
databases were generated by 150 speakers (75 male an@&bssian codebook for standard TMHMM design. During the
female) and include one utterance per speaker. Of the 1d#sign of whole state tying, the Markov states were clustered
speakers, 60 male and 60 female speakers were selectediathe minimum entropy criterion defined in [10]. In TMHMM
random for training, and the remaining 30 speakers were s@th substate tying, the Gaussian submixtures were initialized
aside for the test set. The experiment was repeated 300 timéth Gaussian mixtures for each Markov state as in traditional
with random re-partition into training and test sets, and tHeMHMM design, where GMCM was equivalent to the mixing
average performance over all trials was recorded. All reportedefficients matrix in conventional TMHMM, and SMCM was
results are in terms of test set performance. set as a diagonal matrix. For a concrete example, if the number
In our experiments, 26-dimensional speech features werestates for each HMM is 7 (as shown in the first row of
used, with 12 mel-frequency cepstral coefficients (MFCC) aniable 1), there will be 7 distinct Gaussian pdfs in each CHMM
12 delta cepstrums, complemented with log energy and deltae for each state), a distribution pool of 7 single Gaussian
log energy. The analysis frame width is of 30 ms and the frarpelfs in each TMHMM, and a submixture pool of 7 Gaussian
step is 10 ms. A Hamming Window was used. Two whole-worsubmixtures, consisting of 7 distinct single Gaussian pdfs, in
HMM models were included for each letter, to allow foreach TS-TMHMM. While the number of single Gaussian pdfs
variation between male and female speakers. For simpliciagnd Gaussian submixtures were fixed here, the constraint can
but without loss of generality, we only tested TMHMM withbe relaxed by the parameter reduction technique shown in next
diagonal covariance matrices. A similar design approach csmbsection.
be applied to TMHMM with full covariance matrices, albeit at The experimental results for the E-set and the ISOLET
higher complexity. database are shown in Tables | and IlI, respectively. They
More specifically,V Markov states were assigned to each afemonstrate that, at the same number of HMM states (i.e.,
the M whole-word HMM's. Hence, before parameter reductiorthe same number of single Gaussian pdfs), substate tying

IV. EXPERIMENTS
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TABLE |
ERROR RATE (%) OF VARIOUS PARAMETER-SHARING TECHNIQUES ON THE
E-SET SPEECHDATABASE (N = 7~21, M = 18, K = 18N, L = 18N)

TABLE Il

M =18, K = 18N)

THE IMPACT OF MINIMUM -PCE GawussIAN pdf REDUCTION ON
E-SET PERFORMANCE (BEFOREREDUCTION, N = {7, 13. 19},

No. of TMHMM with
states per CHMM TMHMM whole-state :xfx’;‘l‘:’:h Sefore Rod e Rodoe
HMM tying ying No. of efore Reduction ter Reduction
states per - -
7 6.8 154 148 13.0 UMM No. of Gaussian Error rate (%) No. ofo\ussnan Error rate (%)
pdfs pdfs

9 15.3 14.0 13.0 113

11 14.1 12.7 TE 9.8 7 126 15.0 98 15.2

13 13.2 120 10.8 9.1

15 128 6 103 36 13 234 12,0 174 12.1

17 12,6 11.2 9.9 8.1 o 2 o 2is o

19 12.5 10.8 9.5 76 ) :

21 124 107 9.4 74

TABLE IV
TABLE I THE IMPACT OF MINIMUM -PCE SJBMIXTURE REDUCTION ON E-SET

ERROR RATE (%) OF VARIOUS PARAMETER-SHARING TECHNIQUES ON THE
ISOLET DatABASE (N = 7~21,M =52, K = 52N, L = 52N)

PERFORMANCE (BEFOREREDUCTION, N = {7, 13, 19}, M = 18,
K = 18N,L = 18N)

No. of TMHMM with N No. of Before Reduction After Reduction
states per CHMM TMHMM whole-state TM]‘!MM v\.nth
N sub-state tying states per
HMM tving HMM No. of Error rate (%) No. of Error rate (%)
7 8.5 7.8 715 6.8 sub-mixtures sub-mixtures
9 7.8 73 6.9 59 7 126 154 110 15.8
11 73 6.8 6.1 53
13 7.0 6.4 57 49 13 234 120 200 12.0
15 6.8 6.1 5.5 46
19 342 8.0 270 79
17 6.7 59 53 4.5
19 6.6 5.7 5.2 4.4
21 6.6 5.6 5.1 4.4 TABLE V

THE IMPACT OF DYNAMIC GMCM COLUMN THINNING ON E-SET
PERFORMANCE (BEFOREREDUCTION, N = {7, 13, 19}, M = 18,

offer consistent performance gains over CHMM, standard

K = 18N,L = 18N, THE DIMENSION OFGMCM Is K’ x L)

TMHMM, and TMHMM-based whole-state tying. Although

the number of mixing coefficients are increased from TMHMM  xo ¢ Before Reduction After Reduction
to TS-TMHMM, this additional complexity is minimal after i . of elements ey | Nootdemensn | g
probabilistic dynamic reduction is applied to both GMCM and amem oMem
SMCM, as has been described in Section IlI-B. 7 15900 150 330 154
H 3 A 2.0
B. Parameter Reduction ! 34800 1 o :
Parameter reduction in TS-TMHMM can be performed over ¥ 117000 78 1120 80

various sets of parameters, including Gaussian pdfs and mixing
coefficients in the GMCM and SMCM of Figs. 2 and 3. As de-

TABLE VI

scribed in Section 11I-B, Gaussian pdfs and submixtures are re- THe IMPACT OF DYNAMIC SMCM COLUMN THINNING ON E-SET
duced based on the minimum-PCE criterion, while the column PERFORMANCE (BEFOREREDUCTION, N = {7, 13, 19}, M = 18,

elements of GMCM and SMCM are dynamically thinned. We

K =18N,L = 18N, THE DIMENSION OFSMCM Is I x L)

performed several experiments to investigate the feasibility and
merits of the reduction procedure, 3, yamcnm andysycas e

Before Reduction

After Reduction

No. of elements in

are chosen dynamically so that a fixed percentage (10% in our ™™ Py

Error rate (%)

No. of elements in
SMCM

Error rate (%)

experiments) of parameters are eliminated in each parameter se
during each parameter reduction iteration, with a total of 5 iter-

15900

15.8

130

154

ations for each experiment. The TS-TMHMM parameters were 13 54800

124

280

12.0

initialized as described in the previous subsection.
Tables 11I-VI show the E-set performance before and after

19 117000

83

460

8.0

each type of parameter reduction, at a typical number of states

143

per HMM. Table Il shows that about 30% of the Gaussian pdf§MHMM is a special case of TS-TMHMM and exhibits sim-

can be removed without significant loss of accuracy. Similarijar behavior.)
in Table IV, 40% of the submixtures can be eliminated with min- ]
imal impact on system performance. Tables V and VI show th&t; CTR Experiments

onthe average, about 80% of the elements can be discarded froffihe combined training and reduction algorithm has been
GMCM and SMCM with little or no increase in recognitionevaluated on the E-set database. In the below experiments, all
error. The results demonstrate that, at least for the E-set d&tB#HMM parameters (including Gaussian pdfs) are initialized
base, various free parameter sets can be substantially redumedivo iterations of CHMM re-estimation. All HMM models

in TS-TMHMM at the cost of minimal decline in performanceuse the same fixed nhumber of states for each utterance. For
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§ 86

78

—&=CHMM
e~ TMHMM

~=TMHMM-CTR
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9000

13000
No. of free parameters

17000

21000

V. CONCLUSION

Gaussian sharing and state tying are two approaches for
complexity reduction in HMM design. Basic TMHMM shares
Gaussians across states and classes, while state tying shares
the mixing coefficients among selected subsets of states. The
proposed substate tying (SST) method implements partial state
tying that builds on redefining state emission probabilities as
two-stage mixtures, and results in a refined tradeoff between
complexity and accuracy. The method, under the new struc-
ture of two-stage tied-mixture HMM (TS-TMHMM) jointly
optimizes Gaussian sharing and substate tying by EM-based
re-estimation. In simulations over the ISOLET database and its

Fig. 5. E-set performance comparison of TMHMM-CTR with standarg:_ it 0
CHMM and TMHMM. shown versus model complexity. €-set subset, SST reduced the recognition error rate by 15%

TABLE VII

ERROR RATE (%) OF VARIOUS PARAMETER TRAINING AND PARAMETER
SHARING TECHNIQUES ON THEE-SET SPEECHDATABASE

No. of free
parameters

TMHMM

TMHMM with
whole-state tying

TS-TMHMM

TS-TMHMM with
CTR

7,000

152

14.6

133

12.0

13,000

116

108

9.5

8.5

22,000

124

9.4

7.4

6.8

TABLE VI

ERROR RATE (%) OF VARIOUS PARAMETER TRAINING AND PARAMETER
SHARING TECHNIQUES ON THEISOLET DATABASE

No. of free
parameters

TMHMM

TMHMM with
whole-state tying

TS-TMHMM

TS-TMHMM with
CTR

60,000

7.8

7.5

6.8

6.0

110,000

6.4

58

5.1

4.6

180,000

52

4.4

4.1

compared to the conventional techniques of TMHMM with
whole-state tying.

Model training is another critical problem in HMM design.
For TMHMM design, this procedure includes selection and es-
timation of the Gaussian density codebook and the mixing co-
efficients. The combined training and reduction (CTR) algo-
rithm proposed in this paper maintains complexity similar to
that of ML-based training, but employs the minimum-partial-
conditional-entropy criterion to provide improved training re-
sults. Experiments on the E-set and ISOLET database demon-
strate that CTR can reduce the recognition error rate by over
20% compared with the benchmark TMHMM model. The basic
CTR algorithm is not restricted to TMHMM, and is expected
to improve HMM training performance significantly with other
structures.

TS-TMHMM for substate tying can be further embedded
within the combined training and reduction framework to
provide additional improvement. In our experiment on the
E-set and ISOLET databases, TS-TMHMM designed by CTR
achieved more than 25% error rate reduction over conventional
TMHMM with whole-state tying. Future work will focus on

combined training and reduction, TMHMM is initialized wit|
a larger number of HMM states (about 30%
target number of free parameters), and is gradually downsized
to the target parameter size via three PR loop iterations (see
Fig. 4). The results are shown in Fig. 5. For the E-set databaseﬁ]
CTR gained in performance relative to standard CHMM
and TMHMM at the same number of parameters. Notice
that as the training set is limited, the HMM model becomes 2
over-trained when the number of parameters approaches
21000. CTR-trained TMHMM achieved higher accuracy at [3
this level of saturation, and demonstrated its superiority over
both CHMM and TMHMM. Similar improvement had also [4]
been achieved for the ISOLET database.
D. TS-TMHMM Design With CTR Bl
The CTR algorithm can be applied to the design of (6]
TS-TMHMM to realize the combined benefits of two new [7]
approaches, as is seen from Tables VII and VIII. The results
demonstrate that, under equivalent complexity (i.e., sameg,
number of free parameters) and for both E-set and the ISOLET
database, TS-TMHMM designed by CTR achieved over 20%
error rate reduction over TMHMM-based whole state tying, and
more than 25% error rate reduction over standard TMHMM.

pincorporation of powerful optimization tools within the CTR
more than thEamework to further exploit the potential of the framework.
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