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Abstract for example, is one such instance of pre-specifying an ar-
bitrary model structure for a domain. Such an approach

In this work, dynamic Bayesian multinets are has obvious computational and infrastructural advantages:

introduced where a Markov chain state at time
t determines conditional independence patterns
between random variables lying within a local

if the model is kept simple, inference is guaranteed to stay
tractable and software tools can be developed and reused
many times. The conditional independence properties of

a particular model, however, could be sub-optimal for a

given task. With a more appropriate model, substantial
improvements in classification accuracy, memory require-
ments, and computational demands could potentially be
achieved. While it might be sufficient to hand-specify the

model for a given application, a promising approach allows
the data itself to determine or at least influence the model.

time window surrounding. It is shown how
information-theoretic criterion functions can be
used to induce sparse, discriminative, and class-
conditional network structures that yield an op-
timal approximation to the class posterior prob-
ability, and therefore are useful for the classi-
fication task. Using a new structure learning
heuristic, the resulting models are tested on a
medium-vocabulary isolated-word speech recog-
nition task. Itis demonstrated that these discrim-
inatively structured dynamic Bayesian multinets,
when trained in a maximum likelihood setting us-
ing EM, can outperform both HMMs and other
dynamic Bayesian networks with a similar num-
ber of parameters.

In the most general case, there are four distinct compo-
nents of a graphical model: tteemanticsthe structure

the implementationand theparameters There are a va-
riety of different semantics, including directed (Bayesian
network) and undirected (Markov random field) models,
chain graphs, and other more experimental frameworks. In
general, each corresponds to a different family of proba-
bility distributions and, based on training data, a seman-
tics could potentially be selected or perhaps even induced
anew. Fixing the semantics, obtaining a good model struc-
ture is crucial, and is therefore a current active research
focus [7, 16, 5, 20, 10]. Fixing the structure, there are a

While Markov chains are sometimes a useful model for sey, iety of ways to implemehtthe dependencies between

quences, such simple independence assumptions can le dom variables, such as conditional probability tables,

to poor representations of real processes. An alternativgeural networks, decision trees, Gaussian polynomial re-

land hlgh(;y sufcce?sful (textsnsmnl.todt:]e Mar:kl\c/)lv f(ha'ntatlégression, and so on. And finally, fixing all of the above, a
OWS random functions to be applied lo each Markov sta good assignment of all the parameters must be found. Of

o yield the hlddgn _Markov model (HMM). AS IS We." course in each case, a Bayesian approach can also be taken
ﬁgtt)v\\l/vgr,ka(rlgg::lﬂ)w[lllg]sgrFr)r?:)(r):gggfaﬂ;c;y;?;;ﬁif;ﬁéﬁg where we use a (potentially uncountably infinite) proba-
[21]. When HMMs are considered as one small instance in listically weighted mixture over multiple choices.

this enormous family of models, it is reasonable to supposd he task of learning graphical models can be seen as learn-
that the independence assumptions underlying an HMMng any or all of the above four components given a collec-
can further be relaxed to yield better models still. tion of data, and is akin to model selection [22] problem

. . . _known to the statistics community for years. In all cases,
The structure of a graphical model, however, is sometimes

chosen for an application without ensuring that it matches YWhile this is not standard terminology, a concise way to refer

the underlying process the model is supposed to reprep the representation of the local conditional probability model is
sent. Using a hidden Markov model to represent speectsimply to use the term “implementation.”

1 Introduction



the underlying goal is to identify a system for probabilis- Perhaps the earliest well-known work on structure learning
tic inference that is computationally efficient, accurate, andn directed graphical models is [7]. More recent research on
somehow informative about the given problem domain.  this topic may be found in [17, 5, 16, 25, 10, 20, 23, 13].

In this paper, a class of models called dynamic Bayesiar|1n general, the task of learning Bayesian networks can be

multinets and a method to induce their structure for thegrouped into four categories [10] depending on 1) if the

. ) . : data is fully observable or if it contains missing values, and
classification task is described. In this work, an exten-,"... " .

. L - 2) if it is assumed that the structure of the model is known
sion of [3], the problem domain is speech recognition so . . .
o : . or not. The easiest case is when the data is fully observable
it is necessary to use dynamic models. Also, since clas:- . o

AN - - ... .and model structure is known, whereas the most difficult
sification is the goal, it is beneficial to learn class-specific

and (as we will see) discriminative structure. And to fur- case is when the data is only partially observable and when

ther improve sparsity (and therefore reduce computationaﬂ]e structure is unknown or only partially known.

and memory demands) and to represent class condition&lote that a general optimization procedure can be used to
information only where necessary, Bayesian multinets (delearn many aspects of a graphical model. Often, learn-
scribed in the next section) are used. ing needs only a maximum likelihood procedure perhaps
with an additional complexity penalty term such as MDL or

Section 2 provides a review of structure learning in . . .

. . . BIC. Alternatively, a Bayesian approach to learning can be
Bayesian networks, of Bayesian multinets, and presents the ’
. SN . . used where no single structure or set of parameters are cho-
idea of structural discriminability. Section 3 introduces the

. . . sen. For certain classes of networks, the prior and posterior
class of models considered in this work and analyzes their b b

inferential complexity. Section 4 provides three informa- are particularly simple [16]. Alternatively, a risk minimiza-

tion theoretic criterion functions that can be used to Iearntlon approach [26] can be applied to the learning problem.

structure, the last of which provably provides an optimalln principle, an optimization procedure could simultane-
approximation to the local posterior probability. Section 5ously cover all four components of a graphical model: se-
introduces the improved pairwise algorithm, a heuristic deimantics, structure, implementation, and parameters. There
veloped because the above induction procedure is compiras, however, been little if any research on methods to learn
tationally infeasible. Section 6 evaluates this system on #he best implementation and semantics. The problem be-
medium-vocabulary speech corpus and shows that whecomes inherently difficult because the quality of each com-
structure is determined using the discriminative inductionponent cannot be accurately evaluated without first obtain-
method and trained using EM, these networks can outpeiing good settings for the other three components. The prob-
form both HMMs and other dynamic Bayesian networkslem becomes more arduous when one begins to consider
with a similar number of parameters. But when structuremulti-implementation and multi-semantic models. In prac-
is determined arbitrarily, or without using a discriminative tice, therefore, one or more components are typically fixed
method, the performance is dramatically worse. Finally,before any optimization begins.

Section 7 concludes and discusses future work.

2 Background 2.2 Bayesian Multinets

2.1 Structure Learning A advantage of Bayesian networks is that they can spec-

. ify dependencies only when necessary, leading to a signifi-
A fully-connected graphical model can represent any probgant reduction in the cost of inference. Bayesian multinets
ability distribution represe_ntable by a sparsely structur_eq15’ 14] further generalize Bayesian networks and can fur-
one, but there are many important reasons for not usingher reduce computation. A multinet can be thought of as
such a fully connected model. These include 1) sparse nef network where edges can appear or disappear depending
work structures have fewer computational and memory reg, the values of certain nodes in the graph, a notion that

quirements; 2) a sparse network is less susceptible to noiggs heen called asymmetric independence assertions [14].
in training data (i.e., lower variance) and less prone to over-

fitting; and 3) the resulting structure might reveal high-levelConsider a network with four node$, B, ' andQ. In
knowledge about the underlying problem domain that wag multinet, the conditional independence properties among
previously drowned out by many extra dependencies. A4, B, andC might, for example, change for differing val-
graphical model should represent a dependence betweétgs of Q. If @ is binary, andCILA|{B,Q = 0} but

two random variables only when necessary, where “neced-/LA|{ B, Q = 1}, then the joint probability could be writ-
sary” depends on the current task. In essence, learning the

structure in data is similar to developing an efficient code

for the underlying random process, as efficient coding is

analogous to probabilistic modeling. %See, especially, the reviews given in [16, 5, 20].



ten as: 3 The Model

In this work, we consider a class of models called dy-

p(4,B,C) = Zp(A,B,C|Q =q)p(Q = q) namic Bayesian multinets (DBM). They consist of hid-
q den Markov chains that determine local class-conditional
=p(C|B,Q = 0)p(B|A,Q = 0)p(Q =0) + Bayesian networks over a window of observations. Equiva-

lently, they consist of extensions to hidden Markov models
(HMMs) where additional cross-observation dependencies
have been added as a function of the underlying Markov
. : . chain. This model is also called a buried Markov model
Some examples of multinets include mixtures of tree- . L
R o .~ (BMM) [3] because the hidden Markov chain in a HMM
dependent distributions [23] and class-conditional naive . . o .
Bayes classifiers [11, 10] is further hidden (buried) by additional cross-observation
y T dependencies.
In general, the statistical dependencies in a multinet coul%
be represented by a regular Bayesian network via specific A
values of the parameters [14] (e.g., for switching linearime ¢, and Qi.7 = {Q1,Qs,...,Qr} refers to the
Gaussian models, certain parameters could be zero, or f&Ntre chalrf’. X will refer to the _:)hbservatlon vector
discrete probability tables, hyperplanes could indicate in8t time ¢ with X;; referring to its:"* element. Us-
dependence between random variables only for certain vajfd this notation, a hidden Markov model is a col-
ues of other random variables). In other words, the familyl€ction of hidden Q.7 and observationX;.r vari-
of probability distributions representable by Bayesian net@bles that possess the following conditional indepen-
works and by Bayesian multinets is the same. In practicedence properties{X;.r, Q.7 } L{Q1.t—2, X1:4-1}|Qr—1
however, a multinet could result in a substantial saving@NdX:1L{Q-¢, X-:}Q; for all ¢.
in memory, computation, and necessary sample-size conye generalize this model such th&t; is no longer con-
plexity relative to an equivalent Bayesian network. ditionally independent of all the surrounding observations
given @);. Relative to an HMM, a DBM has been aug-
mented with chain-conditional cross-observation depen-
2.3 The Classification Task dencies between individual observation elements. The
probability model becomes:

p(C1B,4,Q = 1)p(B|4,Q = 1)p(@ = 1)

irst some notation: ; refers to a Markov state at

Many papers on structure learning concentrate on produc- (1) = Z Hp(aftIZt(Qt), a)p(qelgi—1)
ing networks that best represent statistical dependencies ex- qie 1

tant in data. When the goal is classification, however, this .
is not necessarily optimal. Indeed, the class posteriorprob\'—vhere 2t(q) C @< forall ¢ andg. For example, it
ability will be accurately approximated if sample and classcould be that:(q) = {z¢—13,Z¢-1,5,2¢-2,1, -3} and

label are considered together, and then jointly optimized irft(r) = {112, -9,0} fOr  # q. Amultinet occurs be-

a maximum likelihood procedure, assuming sufficient data?aus%(q) Is a function ofg; if t_he Markov_c_hain changes, .
so will the set of dependencies. Specifically, the condi-

Such a procedure might be wasteful, however, as likelihoodional independence assumption among observation ele-
scores are penalized from the term containing dependements becomeX; Il { X_;\ z:(q) }|{q, z::(¢)}. This class
cies only between features (which has a much larger magsf model is depicted in Figure 1 for two instantiations of the
nitude) than the term containing the class posterior probMarkov chain.

ability. It is this later term that, according to Bayes deci-

sion theory, must be accurately modeled to achieve goo!{' g?f.‘era" gddmg conditional erendenmes In a DBN can
classification performance. In [10], this issue was noticedS!9Nificantly increase computational and memory complex-

and both extended versions of naive Bayes classifiers arfg('zgor the junction tree algorithm, the complexity is

class conditional Bayesian multinets were considered, bot i=1 S(Qi)) whereT is tth‘ ”“mb‘?r of resultant cliques

of which outperformed the naive Bayes classifier on classil" th? junction tree, and(Ci)_ IS th? size of the state space

fication tasks. for cliqgueC;. Foran HMM withT time-steps andV states,
there are)(T') cligues each with at most a state space size

In a general classification task, additional reductions inof N2 resulting inO(T N?2).

computation and increases in sparsity can be achieved b . . ' ,

learning a specific network structure for each class, wherg_aio determine the complexity of a DBM, first defiffean

each class-conditional network represents nothing other °In general,X,., is matlab-like notation to refer to the set

than those dependencies, often unique to its class, that hedp variables with indices betweeh and ¢ inclusive, X, 2

approximate the class posterior probability . This propertyx,,, ), andX-. 2 (Xur\ X}

has been callestructural discriminability[2]. “AR-HMM stands for auto-regressive HMM. An AR-HMM



Qi 0y Q=0 Qu=0y, the new edges must go through a clique containing nodes
adjacent by these new edges. Second, a triangulated-by-
moralization AR-HMM(K) has at most two hidden vari-
ables in its cliques since no node has more than one hidden

O variable as a parent, so moralization does not add edges
between hidden variables. The remaining clique variables

are observations, so the state-space size is SAlyThird,

such a triangulated AR-HMM({) has onlyO(T') cliques.

Therefore, the complexity of an AR-HMNK) and there-

fore a DBM is again onlyD(T'N?) for any fixedK. There

is, however, a constant cost associated with the number of

additional dependency edges. Incorporating this cost, the

complexity become®(T'N?K) whereK is the maximum
number of dependency edges per observation. The extra
dependency structure is sparse, however, so the computa-
tional and memory requirements of a DBM will in practice
be much less than it®(T N2 K) complexity suggests.
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4  Structure Learning in DBMs

Figure 1: Two networks corresponding to two values of theStructure learning consists of optimally choosingy) in
Markov chain,g;.r andq}... The individual elements of p(z¢|2:(q),q). In this section, three methods are consid-
the observation vectors are shown explicitly as dark shade€éred. In each case, a fixed upper bound is assumed on the
nodes surrounded by boxes. Nodes with diagonal lines copossible number dependency variables. That is, it is as-
respond to instantiated hidden variables. sumed thafz:(q)| < ¢ for some fixed: > 0. The phrases
“choose dependency variable” and “choose dependencies”
will be used synonymously. It is assumed that the reader is
AR-HMM(K) as an HMM but with additional edges point- familiar with information-theoretic constructs [8].
ing from observations(;_, to X; forZ = 1,... |k (See
Figure 2). Collapsing the vector graphical notation in Fig-
ure 1 into a single node, and including a dependency fronTheorem 4.1. Mutual Information and Likelihood.
observationsX, to X; in the AR-HMM if for any value  Given three random variableX’, Z(® and Z®), where
of @, and there exists a dependency betw&epandX,;  1(X;Z®) > I(X; Z"), the likelihood ofX givenZ(®)
for anyi, j, a DBM with a maximal dependency acrass is higher than givenz(®), for n, the sample size, large
observations can be more generally represented by an ARnough, i.e.,

The following theorem will be needed:

HMM(K).
2 f)logpmz?“)) > = f)logpmz?”)) (1)
n 4 (2 g% n 4 (2 g%
i=1 i=1
Proof. Under the assumption, it immediately follows that:
H(X|Z) < H(X|ZY).
Figure 2: Bayesian network for an AR-HMM(2) Negating and expanding as integrals gives

There are three things to note about an AR-HMW)( a a b b
First, a moralized AR-HMMK) is triangulated. This can /10gp(x|z( NdP(z, ) > /10gp(x|z( NP (z, ")
be seen by induction, the base case being obvious, and

the induction step following because 1) a cycle contain-Of equivalently

ing edges only contained in the previous step’s graph must n N

havg a chord by induction, and 2) a cycle containing edges |;,, 1 Z logp(xi|zi(a)) > lim 1 Zlogp(afilzi(b))
not in the previous step’s graph (new edges) must also n—co n — n—oom

have a chord because the portion of a cycle not containing

_ k
can of course use any, possibly non-linear, implementation beWhere(SUi,ZZ( )) ~ p(X,Z®) for k € {a,b}. The weak
tween observations. law of large numbers implies th& > 0, I n, andn,



such that fom > max(n,,np), g more than any increase in tlhemodel in the context of

q for all » # ¢. The score increases can in fact be nega-
tive, thereby decreasing the likelihood of both models, but
potentially improving the classification accuracy. Accord-

1 .
= > log plailz?) + H(X|2®)| <
=t ingly, the score of a model in a different context can be

again fork € {a,b}. Choosinge < |H(X|Z®) —  evaluated using an extended form of conditional mutual in-

H(X|Z®)|/2 to getn implies Equation 1. O  formation®

Of course, the actual probability distributignz|z) is I.(X; Z|q) = /p(x,z|7“) log Mdmdz
p(zlg)p(=lq)

not known and only an approximatigifz|z, ©) is avail-
able where the paramete¢s are estimated, often using Therefore, I(X;Z(g)lg) should be large and
a method such as maximum likelihood, that decrease;q(X;Z(r)m should not be as large for each This
D(p(z|z)||p(x|z)), the KL-distance between the actual and suggests optimizing the following:

approximate distribution. If is close enough tp, then the

theorem above still holds. It is therefore assumed that the . A .

parameters op have been estimated well enough so that S(X;21Q) %;p(q)(éqr P (X5 Z2()ir)

any differences withp are negligible.

The above theorem is, of course, also true for condi—WhereZ = UsZ(i) and§,, is a Kronecker delta. This

tional mutual information [8] such a&(X; Z|Q) or for guantity can be further motivated by noticing that the ex-
a particular value of;, I(X;Z|Q = q) ’Therefore it pected class posterior probability can be expanded as fol-

[(X;Z(a)(q)|Q =q) > [(X;Z(b)(q)|Q — ), forallg lows:
e Ellogp(Q|X, 2)] = —H(Q|X, Z)
3 ‘ 3 =-H(X|Q,Z)-H(Q|Z) + H(X|Z)
%Zlogp(mtlzt( )(qt),qt) > %Zlogp(mt|2$)(Qt),Qt)
= t=1 so that

These quantities can be viewed as likelihoods of the data B
given Viterbi pathsg; of modified HMMs. In the left Ellogp(QIX, 2)] + H(X|Q) + H(Q) — H(X)
case, the Viterbi path likelihood is higher. Note that us- = I(X;21Q)+1(Q; 2) - I(X; 2)
ing a similar argument as in the theorem, and becaus

H(X) > H(X|Z), Eurthermore, the conditional entropy can be bounded by

T T
1 @ 1 ~H(X|2) = [1og (X plelr2)p(r12) | dP(,2,0)
T ;logpmm (re),re) > 7 ;bgp(xtm) Z
for some non-Viterbi path; and forn large enough. In z /mez) log p(z|r, 2)dP(z, 2,q)
other words, relative to an HMM, the likelihood of the data "
for paths other than the Viterbi path do not decrease when ~ Zp(r)p(q) /10gp(m|z, r)dP(z, z|q)
adding conditioning variables. The following theorem has e

therefore been shown.

Theorem 4.2. A DBM with edges added relative to an
HMM according to conditional mutual information
produces a higher likelihood score than before modifi-
cation.

where the first inequality follows from Jensen’s inequality,
and the approximate equality is validifQ; Z) is small.
From this, it can be shown [2] that choosid§ overZ ()
whenS(X; Z(®|Q) > S(X; Z(®|Q) will increase an up-
per bound on the expected class posterior probability, and
The DBM represents statistical relationships contained irf"€refore could potentially reduce the Bayes error. This de-
the data that are not well represented before modificatiorin€S & second dependency selection rule.

which is the reason for the higher likelihood. Augmenting/_\ generalization that does not require a Srﬁa@; Z) can

the dependencies according to conditional mutual informape obtained by noticing that(Q; Z) does not depend on
tion therefore defines the first dependency selection rule. j(z|z, ¢). Therefore, ifZ = U, Z(5) is chosen to max-

When the task is classification, however, a higher likeli-iMize I(X; Z|Q) — I(X; Z), the average class posterior
hood does not necessarily correspond to a lower error. Corfrobability E[p(Q|X, Z)] will be maximized and there-
sider the two stateg andr # ¢. To achieve a lower error, 0ré optimal for a fixed number of edges (see [2] for a

a modification the; andr models should increase the av-  °Called cross-context conditional mutual information in [2].
erage score of theg model in the context of a sample from ®Called discriminative conditional mutual information in [2]



proof). The quantity (X; Z|Q) — I(X; Z) could be called
the explaining away residuafor the EAR measure), and
it asks for edges that are more class-conditionally depe
dent than marginally independent. Moreover, a multing
can result when choosing class-conditional edges acco
ingtoI(X; Z|Q = q) — I(X; Z) for eachq.

Summarizing this section, there are three possible rules th
could be used to choose new edges between elemekiis of
and previous observations:

INPUT: Z;, q, M, Xy
OUTPUT: Z,;
NSetZ,; = 0
tSortZ;,sof(Z1) > f(Z2) > ...
dFor j decreasing untif (Z;) falls below threshold:
If Z; satisfies all the following three criteria:
1) I(Xy;; Zj|q) is larger than a threshold
2) Foreacls € Zy;, I1(Z;; Z|Q) < 1I(Zj; X4i|Q)
3) I(Xyi; Z;) is smaller than a threshold:

at

then addZ; to Z,; and break ifZ,;| > M.

Z*(q) = argmax  I(X;Z(q)lg)  (2)
Z(@)SX < & |Z(a)|<e Figure 3: The improved pairwise heuristic : this algorithm
Z*= argmax S(X;Z|Q) (3)  chooses the dependency variables foritficfeature posi-
ZCX<t & |Z|<e tion of X; and for clasg.
Z*= argmax I(X;Z|Q)-1(X;Z) (4)

ZC X<t & |Z|<c
and discriminative criterion ensures the candidate variable

Equations 3 and 4 produce discriminatively structured net—does_ improve the models scores in the general non-class-

works, in that the underlying dependencies represented b?P”d'“O”a' case.

the network are unique to each class. The resulting models

achieve a high score in the presence of a sample from the @ @

right class, but get a low score in the presence of a differ-

ent class. More importantly, this can be true even for non- @ 4'

optimal parameter settings since, via the structure, the net-

works are inherently less capable of achieving high scores " @

for samples of the wrong class. Therefore, along appro-

priate complexity penalties, it would be sufficient to learn °

parameters using likelihood based methods rather than the

more costly risk-minimization procedures [26, 1, 9, 18, 19]'Figure 4: The redundancy check: The edge fi@pio X is

being considered. It will only be addedIifZ,; Z;) for i <

5 The Improved Pairwise Algorithm 4 is small, hopefully reducing the chance that a variable is
added for which a class-conditional Markov blanket exists

The optimization suggested in the previous section isseparatingZ, from X and makingZ, superfluous.

clearly impractical. In this section, a new computation-

ally efficient heuristic, entitled the improved pairwise al- This algorithm is inexpensive, running in time

gorithm, is introduced. The algorithm approximates theO(|Q||X|d*) where |Q| is the number of classes,

desired quantities using only pairwise conditional mutual| X| is the size of the observation vector, ahe& | X .| is

information between scalars. the maximum number of variables that are considered in

The algorithm is presented in Figure 3 using rule 4. AIIthe selection.

candidate scalar random variablesXin; are given and in-

dexed byZ;. A total of M edges will be added separately 6 Experimental Evaluation

for each value, and for eachX;;. Therefore, the algorithm

might allow for some redundancy if intra-feature depen-In this section, DBMs are evaluated in the context of

dencies are already modeled. The algorithm first sorts thelassifying speech utterances. All experiments are re-

scalars decreasing by the functifZ;) = I(X; Z;|Q =  ported using the NYNEX Phonebook database[24]. Phone-

q) — I(Xu; Z;). The output isZ,;, set of variables from book is a large-vocabulary “phonetically-rich isolated-

which a link should be added t8;; under the class. word telephone-speech database.” It contains a rich col-

The algorithm uses three criteria to eliminate cr:mdidatele(:tIon OT‘ vocabullary”v)‘/.ords |n.c.Iu.d|ng poly-syllab|c V\’/'OYdS
uch as “exhaustion,” “immobilizing,” “sluggishness,” and

edges. The first ensures that the edgeZjois actually S R : ;
. . : . overambitious” as well monosyllabic words such as
informative aboutX;; in the context ofg. The second is . o

. ; awe,” “biff,” and “his.
a redundancy check — it asks for an edge from a variable
that has little information in common with the variables al- The quantities X; Z|Q = ¢) are obtained using an initial
ready added as depicted in Figure 4. The degree of allowelaseline HMM-based system. The following general train-

redundancy is determined usifig< 7 < 1. The third ing procedure is used for all of the results reported in this



section: more parameters are added to the system. In each case,
) . however the DBM outperform an HMM with a comparable
1) Train a bootstrap HMM-based system using EM  nymper of parameters and states per phone, and this is true

2) Compute(X; Z|Q = ¢) andI(X; Z) for all pairs  4¢ross the different vocabulary sizes.
within a 200ms range surrounding the currenttime.
3) Run the improved pairwise heuristic

4) Train the resulting models again with EM
5) Test the result

Case| Type | WER | Params/ SH
1 CMI | 32.0%| 207k/1
2 AR2 | 27.6%| 207k/1
3 AR1 | 20.9%| 156k/1

The reported results all use a mixture of Gaussian linear- 4 RAND | 8.3% 207k /1
regression model to implement the dependencies. In thigzpie 2: Performance of DBMs determined using alter-

case, nate methods and evaluated on the 75-word vocabulary test
M case.
p(xlz(g),q) = (Z p(ﬂflm,Z(q),q)p(mlq))
m=1 A second set of results are given in Table 2 and can be

where each underlying component is a Gaussian lineacompared to those given in the 75-word column in Table 1.
regressive process anusing a sparse dependency matrix €ase 1 shows the performance of a DBM created using

Bym. Equation 2. This rule adds dependencies that increase the
model scores but not the classification accuracy. In fact,
p(z|m, 2, q) = 1 o~ 3(@=Bqm2)' g (2—Bym =) the likelihood scp_res_in this case were dramatically larger
Y 127 g | /2 than before modification. As can be seen, however, the per-

formance dramatically decreases, presumably because the

. . N ) models are not structurally discriminative.
Thereforep(xz|m, z, q) is a Gaussian distribution with con- y

ditional meanB,,,z and covariance matrit,,,. This Cases 2 and 3 show the performance when dependencies
implementation can, to some extent, simulate conditionafire added from the previous (the two previous for case 3)
variance by using mixtures, but it avoids many trainingobservations to the current observation, and is therefore
complexities since closed-form EM update equations camot a multinet. The performance is also very poor, indi-
be derived. Complete details of the experimental setupgating again that relaxing the wrong conditional indepen-
training procedure, definitions of test and training setsdence properties can dramatically decrease classification
topology of the Markov chains, and so on are describedccuracy.

in[2]. Case 4 shows the performance when a different random set

of dependencies between observation elements are added
[Vocaj | 75 | 150 | 300 | 600 || Params/SH for each state. Interestingly, case 4 is much better than the
HMM | 5.0% | 7.0% | 9.2% | 13.3% || 157k /1 previous cases suggesting that the most harmful and anti-
DEM 46% ] 6.5% | 8.7% | 12.3%]| 157k/1 discriminative dependencies have not been added. The per-

HMM 24% | 3.5% | 5.6% | 7.7% 182k /2 : : :
BB 53% 1 3.4% [ 54% |7 5% 1 182k 2 formance, however, is still worse than the baseline HMM.

HMM 17% ][ 2.8% | 46% | 6.2% || 163k/3 Several general points can be made from the two tables.
DBM 1.5% | 2.6% | 4.4% | 6.0% || 166k/3 Cases 1-3 indicate that dependencies that are added to a
HMM 15% [ 27% ] 43% | 5.8% || 200k /4 model structure to increase a (likelihood) score can cause
DBM [ 1.4% | 2.6% | 4.2% | 5.6% || 207k /4 a dramatic decrease in classification accuracy, even if the

structures are augmented in a class-conditional way, as in
) . ... case 1 above. Note that the likelihood scores for these mod-
Table 1 Word-error rate results comparing HMMs with els are dramatically higher both for the trainiaugd testing

DBMs. |Vocalj is the vocabulary size (number of test d ina th fHing | h bl h
classes), Params is the number of system parameters angta’ suggesting that overfitting Is not the problem. The
' ' al of many model selection methods [6, 22] is to choose

; g
SPis the number of Markov states per phoneme. a model that provides the best description of the data, but

the above suggests that this can be inappropriate for classi-

The results, given in Table 1, show the error rate for differ-_. ~ ° ' . .
' ; fication. Admittedly, model selection procedures typically
ent topologies of Markov chain for each phone. The num- :
. ) ; . include complexity penalty terms (e.g., MDL, BIC, and so
bers are competitive with those reported using dynamic . R
. .0n). But these penalties do not select for discriminative
Bayesian networks on the same speech corpus and tralgfructures
ing/testing conditions [27], where best achieved result was '

2.7% with a 515k parameter system on the 75-word vocabSecond, dependencies in a network should not be added
ulary size case. The performance increases on average @st because they are missing. Cases 2 and 3 adds depen-
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