3378 IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 46, NO. 12, DECEMBER 1998

Data Mapping by Probabilistic Modular
Networks and Information-Theoretic Criteria

Yue Wang, Shang-Hung Lin, Huai Li, and Sun-Yuan Kufgllow, IEEE

Abstract—The quantitative mapping of a database that repre- represents a specific region of the knowledge space. This is
sents a finite set ofclassifiedand/or unclassifieddata points may indeed the case, and in particular, inspired by the principle of
be decomposed into three distinctive leaming tasks: divide-and-conquer in applied statistics, probabilistic modular

1) detection of the structure of each class model with locally neural networks have become increasingly popular in the

mixture clusters; . . .
2) estimation of the data distributions for each induced cluster machine learning research [1], [4]{7], [17], [36]. In this

inside each class; paper, we present a particular application of the probabilistic
3) classification of the data into classes that realizes the data modular networks to the problem of mapping from databases.
memberships. We describe a constructive criterion for designing the network

The mapping function accomplished by the probabilistic modular  grchitecture and the learning algorithm, both of which are

networks may then be constructed as the optimal estimator . . L .
with respect to information theory, and each of the three tasks governed by information theory [37]. The motivation of this

can be interpreted as an independent objective in real-world WOrk comes from following considerations. First, the database
applications. We adapt a model fitting scheme that determines (available knowledge) and the network (learning capability)

both the number and kernel of local clusters using information- have been traditionally treated as two separate components in
theoretic criteria. The class distribution functions are then ob- hayral system design, where the relationship between them is

tained by learning generalized Gaussian mixtures, where &oft t licit 1361, It is desirable to h twork .
classification of the data is performed by an efficient incremental not explicit [36]. It is desirable to have a network mapping

algorithm. Further classification of the data is treated as a @ database, thus allowing an efficient information represen-
hard Bayesian detection problem, in particular, the decision tation [25]. Second, since the complex cluster patterns and
boundaries between the classes are fine tuned by a reinforcedijstributions intrinsically exhibited in a database are generally
or antireinforce supervised learning scheme. Examples of the 1y yransparent to the user, it will be difficult to interpret the

application of this framework to medical image quantification, tout of t t | th f dt luat
automated face recognition, and featured database analysis, are Otput of system, {0 analyze the course of error, and to evaluale

presented as well. the process of performance [4]. A high-resolution divide-
and-conquer architecture, i.e., hierarchy, may be required.
Finally, in many practical applications, data mapping means

either supervised (with objective of data classification) [2],

T HIS PAPER addresses the problem of mapping a daigispervised (with objective of data quantification) [12], [22],

base, given a finite set of data points (examples). The yhe combined learning [5]. A flexible but unified scheme

mapping function can therefore be interpreted as a quantitat'gﬁbmd be explored.

representation of the contents (knowledge) cont_alined in theThe quantitative mapping of a database may be decomposed
database [1], [3], [4]. The data set may beclassifiedset, into three distinctive learning tasks:

as in general clustering problems [2], [22], [25], it may be . .
unclassified, as in unsupervised distribution learning [1], [12], 1) detectlon' of the structure of each class model with
locally mixture clusters;

[18], or it may be a partially classified set, as in pattern 7 . .
classification applications [5]-[7]. Instead of mapping the 2) estimation of the data distributions for each induced
cluster inside each class;

whole data set using a single complex network, in many3 lassificati f the data into cl that i h
applications, it is more practical to design a set of simple ) ((j:a55| Ica 'gn Oh' € dafa Into classes that realizes the
class subnets with locally mixture clusters, each one of which ata memberships.
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and the class boundaries, model selection must be taken iwise relationships between quantification and classification,
consideration on the goodness of fit [4], [7]. Furthermordetweersoftandhard classification, and between unsupervised
once the correct model is determined, we may formulagind supervised learning. The insights provide the guidance for
parameter learning as problem of maximum likelihood (MLthe correct use of various methods in real-world applications.
estimation [1], [2], [10]. The most popular algorithm in this The remainder of the paper proceeds as follows. Section Il
domain is expectation—maximization (EM) algorithm [3], [19]presents the problem formulation regarding the statistical
However, the EM algorithm has the reputation of being a slomodeling, unsupervised data quantification, and supervised
algorithm since its batch training has a first-order convergendata classification. This is followed by detailed description
in which new information acquired in the expectation step B the methods and algorithms that, in practice, appears
not used immediately [19], [21], [22]. In order to balance tht&o be the most complete of the approaches that we have
tradeoff between efficiency and accuracy, on-line algorithngéudied. In Section IlI, three application examples in different
are proposed for large-scale sequential learning [3], [11] afl@mains are presented that illustrate the performance of the
are extended to supervised learning [6], [17]. The price ffoposed techniques in various aspects. Major conclusions and
be paid is then a greatly increased memory requiremefi§cussions are summarized in the final section.

[20]. In addition, since data quantification (inside each class)

and data classification (between the classes) may be the Il. METHODS AND ALGORITHMS

two independent objectives in applications, the optimality

criteria for them are indeed different. However, the relatiorf. Statistical Modeling

ship between these two objectives, as well as how the errolrecently, there has been considerable success in using finite
interferes each other, have not been fully understood [23], [2@}ixture distributions and probabilistic modular networks for
Moreover, empirical results indicate that many neural netwoglata quantification and classification [1], [3], [10], [17], [18],
classifiers, whose structure and learning rule were designeq3a). In order to validate the suitable stochastic models for
directly approximate the class posterior probabilities, may lita mapping with specified objectives, over the past few
unnecessarily complex since the coupled training scheme gaars, we have conducted an investigation into data statistics
to adapt and update simultaneously both the class likelihogdd derived several useful theorems [4], [12]. Assume that

and the class prior probabilities [6], [25], [39]. the data pointsz; in a database come fromd/ classes
The objective of this work is to propose a unified learningw,, - - -, w,., ---, was}, and each class contaids, clusters
strategy for mapping a database: The main idea is to find,;, ---, 6, ---, 6.}, where w, is the model parameter

in a first place, a set of local mixture models that efficientlyector of classr, and 8;. is the kernel parameter vector of
represent the data, together with a model selection procedahgster & within classr. Further assume that in our training
in which the optimal humber and shape of the local clustegsta set (which should be a representative subset of the whole
are found by the information-theoretic criteria. A partitiordatabase), each data point has a one-to-one correspondence to
of the data set into classes that indicate the membershiponfe of the classes denoted by its class ldlgl defining a
each data point may then be realized in a second phasepervised learning task, but the true memberships of the data
where the decision boundaries will be determined accordingtty the local clusters are unknown, defining an unsupervised
a supervised error-correction training. The major differencégarning task.
between our work and the previous work [1], [9], [15], [17], For the model of local class distribution, since the true
[20], [22], [25] are as follows. cluster membership for each data point is unknown, we can
1) We impose a model selection procedure to determiff&at cluster labels of the data as random variables denoted by
both the number and kernel shape of local clusters ifix [23]- By introducing a probability measure of a multinomial
side each class using information-theoretic criteria. Thiistribution with an unknown parameter; to reflect the
allows us to analyze how the result in model selectigfiStribution of the number of data points in each cluster, the
affects the performances of both data quantification afiglevant (sufficient) statistics are the conditional statistics for
classification. each cluster and the number of data points in each cluster.
2) We apply a fully adaptive incremental algorithm to thél’h(_a class conditipnal probability m(_agsure_for any da_lta point
unsupervised learning of the class distribution function)Side the class, i.e., the standard finite mixture distribution
It involves a soft classification of the data under thet>" MD), can be obtained by writing down the joint probability

principle of least relative entropy, thus leading to agensity of ther; andl;; and then, summing it over all possible
efficient and unbiased estimation. outcomes of;;, as a sum of the general form

3) We add a fine-tuning phase for learning decision like- i
lihood boundaries using a reinforce or antireinforce Flulw:) =Y~ mrg(ulby) 1)
supervision approach in which the class prior is adjusted k=1
in a separate phase. wheren;, = P(6x|w,) with a summation equal to one, and

This decoupled training scheme permits the use of hightu|6) is the kernel function of the local cluster distribution.
capacity classifiers while maintaining a reasonable compgeveral observations are worth reiteration.

tational complexity for the further classification of the data 1) All data points in a class are identically distributed from
into the classes. In addition, we have analyzed the pair- a mixture distribution.
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2) The SFMD model uses the probability measure of dataTheorem 1: Consider a sequence of random variables
memberships to the clusters in the formulation instead, ---, zy, in R . Assume that the sequencér;}
of realizing the true cluster label for each data point. is independent and identically distributed (i.i.d.) by the
3) Since the calculation of the data histogrdim from a distribution f,.. Then, the joint likelihood functionC,.(9) is
class relies on the same mechanism as in (1), its valugstermined only by the histogram of dafg and is given by
ggr;sbzi;:t?inbs&gce):]efg'to be a sampled version of the true £0(8) = exp (—N[H(fx) + D |50 (@)

For the model of global class distributions, we denote thwhere H denotes the entropy with base e, and the maximiza-
Bayesian prior for each class by(w,.). Then, the sufficient tion of joint likelihood function £,.(8) is equivalent to the
statistics for mapping a database, i.e., the conditional finst@inimization of relative entropyD( fx_|| f-)-
mixture distribution (CFMD), is the pair ofP(w,.), f(u|w,)}. Thus, data quantification is formulated as a distribution
According to the Bayes' rule, the posterior probabilityearning problem, and the actual optimality is achieved when
P(w,|x;) given a particular observatiary can be obtained by this cost function reaches its minimum. However, statistical

) oo dependence between data points is one of some fundamental
Plo) f(iler) @ . S one |
concerns in the problem formulation since the calculation
p(wi) of the data histogram assumes that all the data points are
where p(z;) = Ef}il P(w,)f(z;|w,). Again, several obser- independent random variables. In order to validate the correct

Plonle;) =

vations are worth reiteration: use of the (3) in data quantification, we prove the following
1) In order to classify the data points into classes, (2) ist3éorem to show that the data histograim. (u) converges
candidate as a discriminant function. to the true distributionf(«) for all « with probability

2) Since defining a supervised learing requires informg€ asV. — oc. Thus, whenN,. is sufficiently *Iarge,
tion of I, the Bayesian priotP(w,) is an intrinsi- minimization of the relative entropy betweef and f can

cally known parameter and can be easily estimated Qﬁ well approximated by the minimization of the relative
Pw,) = ZN Ix /N entropy betweenf,_ and f.. This fitting procedure can be
T - =1 Yir . . . . .. .. . .
3) The only uncertainty comes from class likelihood fund2ractically implemented by maximizing the joint likelihood
tion f(u|w,) that should be the key issue in the followfunction under the independence approximation of the data
on learning process. (see proof in Appendix) [4].

L . . . Theorem 2: Consider a sequence of random variables
For simplicity, in the following context we will omit class

: . . . . ooy --- ay, in RN Assume that the sequender;} is
index » in our discussion when only single class distribution ST . . e
. asymptotically independent [40] and identically distributed by
model is concerned and ugeto denote the parameter vector, ~ ..~ ; o
of regional parameter se(rs, 6x)} the finite normal mixture distributiotf*. For a closed convex
9 P Ty Uk ) S set EC F, and distributionf,. ¢ E, let f, € E be the

L . . . distribution that achieves the minimum distancefto, i.e.,
B. Data Quantification via Unsupervised Learning Ao

The problem of data quantification addresses the combined fr = arg ;ngllz D(fx IFr). %)
estimation of regional paramete(sy, ;) and detection of T
the structural parametek, and the kernel shape af(-) in  Then, when,. approaches infinity, we have
(1) based on the observatioss. One natural criterion used lim D(f||f*) =0 (6)
for learning the optimal parameter values is to minimize the Ni—oo
distance between the SFMD, which is denoted fyu), with probability one, i.e., the estimated distribution =f,

and the class data histogram, which is denotedfhy(v) given thatf. achieves the minimum oD(f,_||f.) is close
[3]. In this work, we use relative entropy (Kullback—-Leiblerg fr for large N,.

distance), which was suggested by information theory [37], asAnother important issue concerning unsupervised distribu-
the distance measure [for simplicity, we ug€w) to denote tion learning is the detection of the structural parameters of the

f(ulw;) in our formulation] given by class distribution known as model selection [1]. The objective
o (1) here is to propose a systematic strategy for determining the
D(fe, 1) = fe(u) log f(;|w,)' (3)  optimal number and kernel shape of local clusters when the

prior knowledge is not available. The motivations are driven
Note that the new cost function overcomes the problems lof various objectives and requirements in the real applications.
using squared error by weighting errors more heavily whdfor example, the prior knowledge on the true structure of a
probabilities are near zero and one and diverging in the cataabase is generally unknown, i.e., the number and the kernel
of convergence at the wrong extreme [2], [11]. Furthermorshape of the local clusters are not available beforehand, and
we have previously shown that when relative entropy is usetbdel selection is required in the data mapping procedure.
as a distance measure, the distance minimization methodrl'is is indeed the case that is particularly critical in real
equivalent to the soft-split classification-based method unddinical applications, where the structure of the disease patterns
the criterion of maximum likelihood (ML) [12], [32]. The for a particular patient or for a particular type of cancer
conclusion is summarized by the following theorem (see tmeay be arbitrarily complex; therefore, correct identification
proof in the Appendix): and quantification of the information is very important [4],
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[7]. Thus, it will be desirable to have a neural network28], [30]. Thus, we have

structure that is adaptive in the sense that the number and

kernel shape of local clusters are not fixed beforehand. One ;5% H(x|é) =— log (/;(x|é))| . N
conventional approach for doing this is to use a sequence P Pe=[ L2 oo

of hypothesis tests [3], [36]. The problem in this approach . L )
however, is the subjective judgment in the selection of ﬂ{gote that the uniformly randomization in the SFMD modeling

threshold for different tests. Recently, there has been a grE9fresponds to the maximum uncertainty [23], [37]. Further-
deal of interest in using information theoretic criteria, such 480r€, maximizing the entropy of the parameter estimaté#)
Akaike information criterion (AIC) [27], [34] and minimum "esults in

description length (MDL) [28], [30], to solve this problem. .

The major thrust of this approach has been the formulation A 5

of a model fitting procedure in which an optimal model is H}%XH(Q) o ZH(Q’“) (10)
selected from the several competing candidates such that the

selected model best fits the observed data. For example, Affrere when the variance of the parameter estimate is de-
will select the model that gives the minimum defined by termined by the corresponding sample estimate, normal and
R independent distributio®’; gives the maximum entropy [37],
AIC(K,) = =2 log (L(6uL)) + 2K, ) [38]
. . Since the joint maximum entropy is a function &f, and
where L(6\) is the likelihood of 6y, and K, is the § py taking the advantage of the fact that model estimation is

number of free adjustable parameters in the model. Froms@naraple in components and structure, we define the MCBV
quite different point of view, MDL reformulates the problemyyiierion as

explicitly as an information coding problem in which the best

(9)

k=1

model fit is measured such that it assigns high probabilities R K, R
to the observed data, while at the same time, the model itself MCBV(K) = — log (L(x|0m1.)) + ZH(ekML) (11)
is not too complex to describe [28]. A model is selected by k=1

minimizing the total description length defined by
X where— log (£(x|f)) is the conditional bias, angl;, H ()
MDL (K,) = — log (£(6mL)) +0.5K, log N,..  (8) is the conditional variance of the model. As both terms
represent natural estimation errors about their true models and
Note that, different from AIC, the penalty term in MDLshould be treated on an equal basis, a minimization leads to
takes into account the number of observations. However, i@ characterization of the optimum estimation as
justifications for the optimality of these two criteria with

respect to data quantification or classification are somewhat o .

indirect and remain unresolved [3], [27], [32], and none of Ko = arg 1§13I§1111}MAX MCBV (&) - (12)
these approaches have directly addressed the problem of kernel

shape learning [7]. That is, if the cost of model variance is defined as the entropy

In this work, we derive a new formulation of the informatiorpf parameter estimates, the cost of adding new parameters to
theoretic criterion [the minimum conditional bias/variancéhe model must be balanced by the reduction they permit in
(MCBV) criterion] to solve model selection problem. Nevthe ideal code length for the reconstruction error. A practical
ertheless, it was Akaike/Rissanen’s work that was the inspitCBV formulation with code-length expression is further
rational source to this work, but some new interpretations agiven by
presented and justified with the information-theoretic means .

[32]. Our approach has a simple optimal appeal in that it selects MCBV(K) = — log (L(x]|6Mm1))

a minimum conditional bias and variance model, i.e., if two K. .
models are about equally likely, MCBV selects the one whose + Z % log 2weVar(fxmr, ). (13)
parameters can be estimated with the smallest variance. k=1

The new formulation is based on the fundamental argument )
that the value of the structural parameter can not be arbitraipwever, the calculation off (fx\1.) requires the true values
or infinite because such an estimate might be said to have lefithe model parameters that are to be estimated. It has been
“bias,” but the price to be paid is high “variance” [31]. Fronshown that if the number of observations exceeds the minimal
Jaynes’ principle, which is stated afé& parameters in a model value, the accuracy of the ML estimation tends quickly to the
which determine the value of the maximum entropy should best possible accuracy determined by the Ga+Rao lower
assigned values which minimize the maximum entr§@9], bounds (CRLB’s), as has been well studied theoretically in
let joint entropy ofx andé be H(x, ) = H(x|d) + H(A), [1] and [38]. Thus, the CRLB's of the parameter estimates
following the Bayes’ law, a very neat interpretation states thate used in the actual calculation representing the “condi-
the maximum of conditional entrop# (x|d) is precisely the tional” bias and variance [33]. We have found that the new
negative of the logarithm of the likelihood functioﬁ(x|é) formulation for determining the value d&, exhibits a very
corresponding to the entropy-maximizing distribution ©f good experimental performance that is consistent with both
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AIC and MDL. It should be noted, however, that it is nowhere) is the learning rate, aan,? is the posterior Bayesian
the only plausible one; other criteria, such as cross validatiprobability defined by
techniques, may also be useful in this case. ® ® 21

The performance of model selection for two frequently used ) _ Tk 9wl o3 ") (16)
methods, i.e., the AIC and MDL, and the proposed criterion ik f(x;0)

(MCBV) were first tested and compared in the simulation By adopting a stochastic gradient descent scheme for mini-

study. The computer-generated data was made up of f fzing D(fx. || f+) [22], the corresponding on-line formulation
overlapping normal components. Each component represents

ne local cluster. The value for h component wer |stobtained by simply dropping the summation sign and
? € loca tcutse .I € gl{; or eac fCO po Ied' t?bet'% dating the parameters after each stimulus presentation; this
Oas tﬁ(;r:f Zg de\(/ja tjoe'tha.lg s'melar:'oolr?e d'o 'tglorrp]:ntolri fl TL:]:(} equivalent to approximating, at each step, the sum on the
wa . s simutatl gital p ' Fioht side of (14) and (15) with just one term randomly drawn
noise Igvels with .d|ffere.nt variance were set _to ke_ep ﬂ}??)m the N terms. Furthermore, we employ a learning rate
same S|gnal—t20—n20|se. ratio (SNR)' where SNR is defined gaaptation to increase the rate of convergence through the
10 log,, (Ap)* /o=, with Ap being the mean difference be-

) ; - adaptive stochastic gradient descent algorithre=(1, -- -, K
tween clusters, and? is the noise power. The original dat P 9 9 (oo K)

for the simulation study are given in Fig. 1(a). The AIC?!‘Q’S] as in

MDL, and MCBV curves, as functions of the number of u;ffl) zugﬁ + a(t)(zpp1 _Ngct))z((:ll)k (17)
local clustersk, are plotted in the same figure. According to

. ; . o L 2(t+1) _ Q(t)—i—b(t)[( _ (t))2_ 2(t)] t) (18)
the information-theoretic criteria, the minima of these curves “x =T Tr+1 — Hy P CIPNR T
indicate the correct number of the local cluster. From thjs . . . .
Where the variance factors are incorporated into the learning

experimental figure, it 'S cle_ar that the number of local CIUSterrgtes, while the posterior Bayesian probabilities are kept, and
suggested by these criteria are all correct. For larger no

IS . .
level, the model selection based on the MCBV criterioa&) and b(t) are introduced as the learning rates, two se-

. . . . _~quences converging to zero, ensuring unbiased estimates after
provides a more differentiable result than the other two crlterlg ging 9

o . e onvergence. The idea behind this update rule is motivated
More appllca_tlon of the MCB\( to the |dent|f|ca_t|on of real databy the principle that every weight of a network should be
structures will be presented in the next section.

. . iven its own learning rate and that these learning rates should
As the counterpart for adaptive model selection, there agn 9 g

many numerical techniques to perform ML estimation o allowed to vary over time [35]. Based on generalized
y q P . ! ean ergodic theorem [37], updates can also be obtained for
cluster parameters [3]. For example, EM algorithm first calcu-

; . e constrained regularization parametefs in the SFMD
lates the posterior Bayesian probabilities of the data throu del. For simplicity, given an asymptotically convergent

the observations and the current parameter estimates eEHJence the corresponding mean ergodic theorem, i.e., the
step) and then updates parameter estimates using generaizCl sive version of the sample mean calculation, should hold

mean ergodic theorems (M-step). The procedure cycles b%cs mptotically [3]. From the M-step of EM algorithm, we
and forth between these two steps. The successive iteratiag%ne the interim'estimate o, by '

increase the likelihood of the model parameters. In order
to obviate the need to store all the incoming observations LD i SO 1 L0 (19)
and change the parameters immediately after each data point k tH1R T DR

allowing for high data rates, we developed a probabilistic Se'ltlence, the updates given by (17)=(19) provide the incremental

orgaqizing mix.ture (PSOM) algorithm tq solve _the problle rocedure for computing the SFMD component parameters.
This is a fully incremental and stochastic learning algorithi, i practical use, however, requires a strong mixing condi-

and is a genergllzed adaptive version of t.he S|m'|lar algorlthl%n (data randomization) and a decaying annealing procedure
we pre_s_ented in _[12]' The scheme provides Wlnner-take_s \@arning rate decay) [40]. These two steps are currently
probability (Baye3|_an “SOft_”) splits of the data, her)ce, allowin ontrolled by user-defined parameters that may not be opti-
the data to contribute simultaneously to multiple clusterg,;oq for 5 specific case. Therefore, algorithm initialization
For the sake of simplicity, We assume the kernel ;hape Must be chosen carefully and appropriately [12], [32]. An
IOQCZ?“ cluster to_be a _Gau_35|an W't.h meaR _and Varnance oyerall convergence dynamics of the PSOM is similar to
o, in the following derivation. By differentiatind>(fx, [|/:.) the competitive learning (CL) algorithm in that a solution is

given in (331 (here, the _mdsx of cluster |sdor2n|tted) t;N't_h obtained by “resonating” between input data and an internal
respect to the unconstrained paramefgrsindo;,, We obtain o esentation [36]. Such a mechanism can be considered

the standard gradient descent learing rule for the mean #B%e a more realistic learning tool than the EM algorithm.

variance parameter vectors € 1, - -, K) In addition, the data distribution for each class can also be
modeled by a finite generalized Gaussian mixture (FGGM)
WD =+ X s ) (1) Kemel rpressning thh local chuster pdf, whichis dfined
i=1 k by
ai(H'l) :ai(t) + i EN: [(w _ N(‘t))Q _ a?(t)] Zi(l? (15) ‘ _ afy ‘ o
N &2 kgl 9(w:|6r) = (1/a) P [ 18k (zi — pa)|*], @ >0 (20)
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Fig. 1. Original test image{o = 4, SNR= 10 dB) and the AIC/MDL/MCBYV curves in model selection (left to right:= 3, 30, 300).
where becomes sharp. Therefore, the generalized Gaussian model is a
we  mean; suitable model for those data in which statistical properties are
I'(-) Gamma function; unknown, and the kernel shape can be controlled by selecting
Br  parameter related to the varianeg by different « values.
1/2 S . . .
B = 1 TE/ (21) C. Data Classification via Supervised Learning
o L T(1/)

The objective of data classification is to realize the class
It has been shown that when= 2.0, we have the Gaussianmembershid,, for all data points based on the observatign
pdf; whena = 1.0, we have the Laplacian pdf. When> 1, and the class statisti§s(w;,.), f(u|w;)}. It is well known that
the distribution tends to a uniform pdf; when< 1, the pdf the optimal data classifier is the Bayes classifier since it can
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achieve the minimum rate of classification error [38]. Measuand wherel’ = maxv;.-(¢;(x;, W)). Thepenalty functiory
ing the average classification error by the mean squared erran be either a piecewise linear function
E, many previous researchers have shown that minimizing .
L7 S . (d, if d>0
by adjusting the parameters of class statistics is equivalent to I(d)= L (25)
’ o ) 0, ifd<O
directly approximating the posterior class probabilities when
dealing with the two-class problem [2], [38]. In general, for theshere¢ is a positive constant or a sigmoidal function
multiple class problem, the optimal Bayes classifier (minimum
e . . 1
average error) classifies input patterns based on their posterior I(d) = R p—
probabilities: Inputz; is classified to class,. if 1+exp

(26)

29 Notice that 1) energy functior' is always large or equal
Plwrlzi) > Plwjlzi) (22) {5 zero and 2) only misclassified training patterns contribute
It should be noted that in the formulation of© the energy function. Therefore, the misclassification is

for all j # ». inimized if £ 0 th o
classifier design, the optimal criterion used for the future daanimized It £ goes fo the minimum.

classification has been intuitively and directly applied to the The reinforced and antireinforced learning rules are used to
learning of class statistics from the training data set. update the network

Following this philosophy, great effort has been made in Reinforced
designing the network as an estimator of the posterior class . it G ,
probability [36]. By closely investigating the global class Lea_rnl_ng. WUt = Wl i (d(®)) Vo (x(t), w)
distribution modeling discussed in the previous section, we Antireinforced
found that the classifier design for data classification can be Learning: wU Y = w9 — 5l (d(t))V(x(t), w). (27)

dramatically simplified at the learning stage. Revisiting (2 . . . , . .
since the class prior probabilitf(w, ) is a known parameter ?f the misclassified training pattern is from a positive training

when a supervised leaming is applied, the posterior clagt, reinforced Iearning will b(_a gpplied. If the tra_ini_ng pattern
probability P(w,|z;) can be obtained without any furtherbelor‘,gs to the negative training set, we antireinforce the
effort. Thus, by conditioning®(w. ), the problem is formulated '€@ning, i.e., pull the kernels away from the problematic

as a supervised classification learning of the class conditiof@®ions: o
likelihood density f(u|w,). It is very important that the A probabilistic decision-based neural network (PDBNN) [6]

learning process has been treated in a different way from te@ Probabilistic modular network designed especially for
testing process while maintaining a consistency between @@ classification where a Bayesian decomposition of the
objective and the criterion. Moreover, when the ultimate goi@™Ming process provides a unique opportunity to optimize
of the learning is data classification, the question that may B¢ Structure of training scheme [4], [6], [25]. Since the
asked is the following: Learning class likelihoods or decisiofiformation about class population is, in general, physically
boundaries? Since, in fact, only the decision boundaries arelgeorrelated with the cond|t|ona_1l featgres about the individual
the interests, the problem can be reformulated as the learnfigSS: @ decoupled two-step training, in terms of both network
of the class boundaries (much more efficient) rather thgucture and learning rule, makes much more sense than that
the class likelihoods (generally time consuming). Thus, 4 the conventional posterior-typed neural networks, i.e., the
efficient supervised algorithm to learn the class conditiongpnditional likelihood of each class and the class Bayesian
likelihood densities called the “decision-based learning” [5] iRriOr should be adjusted separately in the classification spaces.
adopted in this paper. The decision-based learning algorittifh theory, when the cost function in future classification is
uses themisclassifieddata to adjust the density functionsl€finéd as the average Bayes' risk (with a discrete version of
f(ulw,), which are initially obtained using the unsupervise§duared or mean squared classification error) [2], a sufficient
learning scheme described previously so that the minimUfasure field, which is determined by the average likelihood

classification error can be achieved. The algorithm is sumnfisk: can be applied in the supervised learning [6].
rized as follows. Thus, PDBNN divides its network resources imd dif-

Define the rth-class discriminant function,(z;, w) to ferent pieces, and each piece is designated to one data class

be P(w,)f(z;|w,). Given a set of training patternX = only, i.e., the subnet outputs of the PDBNN are designed to
(wii i _ 1o M}. The setX is further divided into the M0del the likelihood functions (likelihood-typed network). As

“positive training setX+ = {x;; #; € wyy i =1,2, ---, N} iIIustrated_ i_n_Fig. 2, the structurg of the PDBNN consists of
and the “negative training setX~ = {a;; ; ¢ wp, i = several dls_Jomt subnets gnd awm_ner-tak_e-all network, where

N+1,N+2 ---, M}. Define an energy function the class likelihood functions are f|rst_est|mate_d_ from equally
presented class samples, and the final decision boundaries

M are determined simply weighting the likelihood by the class

E=Y"I(d(i) (23)  populations. Clearly, by taking the advantage of availability

=1 of class prior in supervised training, the cost function can be
where redefined, the sample set can be reorganized, and both the
_ N network structure and learning process can be dramatically

d(i) = {T — Pr(i, W), !f Ti € Xﬁ (24) simplified [4]. For aM-classification problem, PDBNN con-
¢r(wi, w) =T, if zieX tains M different class subnets, each of which represents one
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Fig. 2.

PDBNN network structure. Each class subnet is designated to recognize one class. All the network weightings are in probabilistic format.

data class in the database. Within each subnet, several neuaomsno mutual information across the classes may be utilized.
(or clusters) are applied in order to handle problems that haWasupervised algorithms such as the PSOM described in the
complicated decision boundaries. The outputs of class subrn@atsvious section can be applied in this phase.

are fed into a winner-take-all network. The winner-take-all After the LU phase is completed, the training enters the
network categorizes the input pattern to the data class whagebally supervised (GS) phase. In the GS phase, teacher
subnet produces the highest output value. Recall our probléformation is introduced to reinforce or antireinforce the
formulation in Section II-C; it becomes clear that each pieatecision boundaries obtained during LU phase. There are three
of the PDBNN is exactly a PSOM subnet. Thus, when th®ain aspects of this training phase.

ultimate goal is data classification, all of the network parame- 1)
ters can now be initialized by the quantification (unsupervised
learning) step before supervised training. This initialization,
together with the fact that the number of hidden units in each?2)
PSOM is relatively small compared with that of the PDBNN,
makes PDBNN achieve a faster convergence rate and, often,
better classification accuracy.

The training scheme of the PDBNN is based on the so-called3)
locally unsupervised globally supervised (LUGS) learning.
There are two phases in this scheme: During the locally
unsupervised (LU) phase, each subnet is trained individually,

When to updateA selective training scheme can be
adopted, e.g., weight updating only when misclassifi-
cation.

What to update:The learning rule is distributive and
localized. It appliesreinforced learningto the subnet
corresponding to the correct class aadtireinforced
learning to the (unduly) winning subnet.

How to update:Adjust the boundary by updating the
weight vectorw either in the direction of the gradient of
the discriminant function (i.e., reinforced learning) or the
opposite of that direction (i.e., antireinforced learning).
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Since only misclassified data points will be used for fine turtlusters) in the real MR brain images and digital mammo-
ing of the decision boundaries, possible bias in the estimatigrams as well as the results using the proposed quantification
of class distributions should be addressed. However, the keghnique (e.g., the PSOM) to estimate the tissue guantities
point we want to make is that this approach is very efficierfrom these images. A fully automatic thresholding method,
and although the global class description may be biasadaptive Lloyd—Max histogram quantization (ALMHQ) that
because of selective training, the decision boundaries will b& introduced recently in [12] is used to initialize the quan-
more accurate. In fact, our intensive experiments indicate thification, and the tissue parameters are then finalized by
only the data closed to the decision boundaries provide useft¢ PSOM. For the validation of the tissue quantification
information in the boundary estimation. In particular, whensing the proposed algorithms, the global relative entropy
the class distribution is formulated by a SFMD, the data f@GRE) value is used as an objective measure to evaluate the
from the decision boundaries make little impact on the finakcuracy of the data quantification, which is consistent with
classification results [6]. our problem formulation in Section II-B. The objective of

The discriminant functions in all clusters will be trained byhe experiment is to illustrate the algorithm performance on
the two-phase learning. A common model for the PDBNNegl-world applications.
to approximate the likelihood function is the mixture of Fig. 3(@) and (b) show the original data consisting of
Gaussians. The PDBNN designer can choose either hyperb@gis adjacent, T1-weighted images parallel to the anterior
function (HyperBF) or elliptical basis function (EBF) forcommissural-posterior commisural (AC-PC) line and the cor-
the neurons to approximate full-rank or diagonal covarianq;gsponding image histograms (c) and (d). This data were
matrices, respectively [6]. For the sake of simplicity, in thigcqyired with a General Electric (GE) Sigma 1.5 Tesla system.
paper, we demonstrate the GS learning algorithm by usifge imaging parameters are TR 35, TE 5, flip angle, 455-

EBF only. _ _ _ mm effective slice thickness, 0 gap, 124 slices with in plane
1Su%pose '”g“} pattern; is a D-dimensional vector; = 192 » 256 matrix, and a 24-cm field of view. Since the skull,
[z, z%, ---, zP]*. Its EBF for clusterd, in classw;, is scalp, and fat in the original brain images do not contribute to

D the brain tissue, we edit the MR images to exclude nonbrain
(i, wp, O) = —% /3,,kd(a:§1 — w,,kd)2 + C.x (28) structures prior to tissue quantification [24]. Experience indi-
d=1 cates that this procedure helps to achieve better quantification

of brain tissues by delineation of the other tissue types that
are not clinically interesting [9]. It can be clearly seen that the

histograms have different shapes from slice to slice and that
the tissue types are highly overlapped. This situation presents
a great challenge to any computerized technique, even though

where Gy = —(D/2)(In 2 — 32 In B44). The initial
values of the cluster parameters, i/@andw, can be obtained
by PSOM. The discriminant functiog,.(z;, w) for classr
(see Section 1I-C) becomes

K it has been successful in the simulation study. In this study,
(@i, W) = Plw,) > e exp (§(zi, wr, ) (29) in addition to the “gold standard” evaluation performed by
k=1 neuroradiologists [8], we use the GRE value to reflect the

By applying reinforced and antireinforced learning rules iguality of tissue quantification.
(29), 3 andw can further be updated. The gradient vectors for Based on pre-edited MR brain image, the procedure for

EBF at iteration; are computed as guantifying the tissue types in one slice is summarized as

Ocpr (s, W) ' ' ' follows.

ﬁ‘ = hgf% ) 37(1)(1(35;1 - wfﬁz) 1) For each value oK (number of tissue types), ML tissue
vk w=w(i)

0 guantification is performed by the PSOM algorithm.
IP(z, W)‘ _haa 1 (2 — ) )2 (30) 2 Scan the values oK = K, -+, Kuax, and use the
OBrkd | wew 2 /31% ¢ rkd information-theoretic criteria to determine the suitable

, () @) (z; number of tissue types.
G) _ M exp (@i, wr, Or)) (31)  3) Select the result of tissue quantification corresponding

irk 3 > .
S w? exp (@D (i, w,p, 01)) to the value ofK, determined in Step 2).
! 4) Evaluate the performance of tissue quantification in
The cluster prior probabilities; can also be updated by terms of the GRE value, convergence rate, and com-
N putational complexity.
W}gj+l) = (1/N,) Z hgj% (32) In our expe.riment, since the number o_f tissue types_is
P unknown, we first show that the number of tissue types varies
from slice to slice. Lef,,,;, = 2 and K ,,... = 9, and calculate

[ll. APPLICATION EXAMPLES AND DISCUSSIONS AIC(K), MDL(K), and MCBVK) (K = Kin, - » Kumax)-
) o We obtained the results shown in Fig. 4, which suggested
A. Medical Image Quantification that the two brain images contain six and eight tissue types,

In this section, we present the results using the informatioaspectively. According to the model fitting procedure in
theoretic criteria to determine the appropriate number andfbesigning the optimal structure of the modular networks we
kernel shape of tissue types (with a correspondence to the ladisktussed before, the minima of these criteria also determines
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Fig. 3. Pure brain tissues extracted from (a) and (b) original MR images and (c) and (d) the corresponding histograms.

the most appropriate number of mixture components in tieensider the triple mixture tissue, which is defined by CSF-
corresponding PSOM. These figures show that the overafhite-gray (CWG). More importantly, since the MRI scans
performance of the three information-theoretic criteria is fairlglearly show the distinctive intensities at the local brain areas,
consistent when applied to the real MR brain images. Otlve functional tissue types need to be considered. In particular,
experience indicates, however, that AIC tends to overestimatdate nucleus and putamen are the two important local brain
while MDL tends to underestimate the number of tissue typedsinctional areas.

and MCBYV provides the solution between those of AIC and For each fixedy, the PSOM algorithm is iteratively used to
MDL, which is believed to be more reasonable especially guantify the different tissue types, where the learning is fully
terms of providing a balance between the bias and variancedata-driven [12]. For slice 2, the results of final tissue quantifi-
the parameter estimates. As discussed in the literature, bredion with Ko = 7, 8, 9 are shown in Fig. 5. Corresponding
material is generally composed of three principal tissue typés, Ko = 8, a GRE value of 0.02—-0.04 nats in quantification
i.e., WM, GM, CSF, and their pair-wise combinations knowis achieved. It was found that most of the variance parameters
as the partial volume effect. Previous studies have proposae different, which suggests that assuming the same variance
a six-tissue model representing the primary tissue types, dond each tissue type with distinct image-intensity distribution
the mixture tissue types were defined as CSF-white (CWhay not be realistic. These quantified tissue types agreed with
CSF-gray (CG), and gray-white (GW). In this work, we alsthat of a physician’s qualitative analysis results.
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Fig. 4. Results of model selection for slice 1-R{ = 6 and 8, left to right).

We then present a comparison of the performance of PSQM[34]. With this observation, we can further decouple the
with that of the EM [3], [19], [21] and the CL [6], [22] relation betweenK and « and choose the appropriate value
algorithms on MR brain tissue quantification. The task igf one while fixing the value of another. It is interesting to
to evaluate the computational accuracy and efficiency of thete that the result of model selection here is very consistent
algorithm in the standard finite normal mixture distributionvith the conclusion in some previous studies: according to the
learning. To be able to make fair comparisons with the oth@fork in [41], the most appropriate region numbéf)(is eight
two methods, we applied all the methods to the same examf$le most digital mammograms. We fixed = 8, and changed
and used the GRE value between the image histogram 4R@ values ofc for estimating the FGGM model parameters
the estimated SFNM distribution as the goodness criterion 4§ing the PSOM/EM algorithm. The GRE value between the
evaluate the quantification error. The left side of Fig. 6 showdstogram and the estimated FGGM distribution is used as a
learning curves of the PSOM and competitive learning (CLj€asure of the estimation bias. We fouqd that GRE achieved a
averaged over five independent runs. As observed in the figufdnimum value whenx = 3.0 as shown in Fig. 8. Compared
PSOM outperforms CL learning by faster convergence rate affijh the conventional finite normal mixture modet = 2.0),
lower quantification error, where the final GRE value is aboffhich has been mostly chosen by many previous researchers,
0.04 nats. The right side of Fig. 6 presents the comparisonBiS €xPeriment indicates that the FGGM model provides more
PSOM with that of the EM algorithm for 25 epochs. From thgeedom, thu_s .aIIowmg |ts. correct use.s.to the situation when
learning curves, again note that the PSOM algorithm shO\R/hse true_ statistical properties of the digital mammograms are
superior estimation performance. The final quantification errBPt available.
is about 0.02 nats while preserving the faster convergence rate.

We have also applied the same procedure to the digital maB1-Face Recognition Experiment

mograms given in Fig. 7, where we show that if the number o ppgNN-based face recognition system [6] is being

of cluster K" is known, the kernel shape of local clusters Willeeloped under a collaboration between Siemens Corporate
affect the accuracy of the histogram quantification for re@gsearch, Princeton, NJ, and Princeton University, Princeton,
mammographic images. Since, in this case, we do not assuqie The total system diagram is depicted in Fig. 9. All four
a fixed kernel shape, FGGM is used, and three informatigRain modules—face detector, eye localizer, feature extractor,
criteria (AIC, MDL, and MBVC) were used to determine bottynd face recognizer—are implemented on a SUN Sparc10
the number and kernel shape of the regions in the digitgbrkstation. An RS-170 format camera with 16 mm, F1.6
mammograms. Twenty real mammograms with masses W@sfis is used to acquire image sequences. The S1V digitizer
chosen as testing images. The selected mammograms Wej&rd digitizes the incoming image stream it x 480 8-
digitized with an image resolution dfo0 zm x 100 zm per bit gray-scale images and stores them into the frame buffer.
pixel by the laser film digitizer (Model Lumiscan 150). TheThe image acquisition rate is on the order of 4-6 frames/s.
image sizes are792 x 2560 x 12 b/pixel. We found that, The acquired images are then down size820 x 240 for the
although with differenty, all three criteria achieved minimumfollowing processing.

when K = 8. It indicates that these information criteria are As shown in Fig. 9, the processing modules are executed
relatively insensitive to the change ef, as also claimed sequentially. A module will be activated only when the in-
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Fig. 5. Histogram learning for slice 2. (d&o = 7. (b) Ko = 8. (¢c) Ko = 9.

coming pattern passes the preceding module (with an agreediae of face features, eye shapes, and cluttered background [6].
confidence). After a scene is obtained by the image acquisitibhe algorithm takes only 200 ms to find human faces in an
system, a quick detection algorithm based on binary templateage with320 x 240 pixels on a SUN Sparc10 workstation.
matching is applied to detect the presence of a proper siZear a facial image witl820 x 240 pixels, the algorithm takes
moving object. A PDBNN face detector is then activated t600 ms to locate two eyes. In the face recognition stage,
determine whether there is a human face. If positive, a PDBNNe computation time is linearly proportional to the number
eye localizer is activated to locate both eyes. A subimagé persons in the database. For a 200-person database, it
(= 140 x 100) corresponding to the face region will then bdakes less than 100 ms to recognize a face. Furthermore,
extracted. Finally, the feature vector is fed into a PDBNN fadeecause of the inherent parallel and distributed processing
recognizer for recognition and subsequent verification. nature of PDBNN, the technigque can be easily implemented
The system built on the proposed one has been demonstratiedspecialized hardware for real-time performance.
to be applicable under reasonable variations of orientationWe conduct an experiment on the face database from the
and/or lighting and with the possibility of eyeglasses. Thi®livetti Research Laboratory, Cambridge, U.K. (the ORL
method has been shown to be very robust against large vadatabase). There are ten different images of 40 different
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Fig. 6. Comparison of the learning curves of (left) PSOM and CL and (right) EM.

Fig. 7. Typical image of an original digital mammogram.

TABLE |
PERFORMANCE OFDIFFERENT FACE RECOGNIZERS ON THEORL DATABASE.
PART OF THIS TABLE IS ADAPTED FROM S. LAWRENCE et al.,
“FACE RECOGNITION: A CONVOLUTIONAL NEURAL NETWORK
APPROACH,” TECHNICAL REPORT, NEC RESEARCH INSTITUTE, 1995

System H Error rate | Classification time | Training Time
PDBNN 4% < 0.1 seconds 20 minutes
SOM + CN 3.8% < 0.5 seconds 4 hours
Pseudo 2D-HM7M 5% 240 seconds n/a
Eigenface 10% n/a n/a
HMM 13% n/a n/a

recognition. This scheme spent 4 hr to train the network and
less than 1 s to recognize one facial image. The error rate
for the ORL database is 3.8%. Our PDBNN-based system
reaches similar performance (4%) but has much faster training
and recognition speed (20 m for training and less than 0.1 s
for recognition). Both approaches run on SGI Indy. Table |
summarizes the performance numbers on the ORL database.
We have also applied the PDBNN method to the so-called
“M + 1 classes” problem in which the pattern under testing
could be either from one of the M classes or from some other

people. There are variations in facial expression (open/cldd@known class (the “unknown” class or the “intruder” class).
eyes, smiling/nonsmiling), facial details (glasses/no glasselpte that the unknown class probability is often very hard to
scale (up to 10%), and orientation (up to°20A HMM- estimate, and for some applications, it is almost impossible
based approach is applied to this database and achieves 1@%btain enough training samples for the unknown class (for
error rate [13]. The popular eigenface algorithm [16] reporg&xample, in the face recognition problem, the unknown class
the error rate around 10% [13], [14]. In [15], a pseudo dncludes the faces all over the world). In our experiment,
D HMM method is used and achieves 5% at the expenB®BNN uses a different decision rule from that of the “M
of long computation time (4 m/pattern on Sun Sparc Il). Ialass” problem: Pattern; belongs to class if both of the
[14], Lawrenceet al. use the same training and test set siZ@llowing conditions are true: a)(w,., z;) > ¢(w,, x;),V j #

as Samaria did as well as a combined neural network (selfand b)¢(w.., z;) > 7', T'is a threshold obtained by decision-
organizing map and convolutional neural network) to do tHeased learning. Otherwise, patterfnbelongs to the unknown
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Fig. 8. Comparison of mammogram histogram learning with different kernel sh#ges=(38).
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Fig. 9. System configuration of the face recognition system. Face recognition system acquires images from video camera. Face detector de@amines if t
are faces inside images. Eye localizer indicates the exact positions of both eyes. It then passes their coordinates to facial feature extractor to ext
low-resolution facial features as input of face recognizer.

class. We observed consistent and significant improvementeixample further shows the effect of the fine-tuning process:
classification results, comparing pure Bayesian decision aRdr 100-person face recognition, we have 500 training pat-
the PDBNN approach (e.g., recognition rate from 70-90%grns/person and 20 test patterns/person. After the LU phase,
contributed by the fine-tuning process [6]. The followingve obtained a training accuracy of 89.2% (44 608/50 000) and
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Fig. 11. Typical mass appearances in mammograms. (a) Well-defined masses. (b) lll-defined masses. (c) Spiculated masses.

a test accuracy of 71.5% (1430/2000). After the GS pha<e, Featured Database Analysis

we improved the performance to a training accuracy of 98'9%As we have discussed in Sections | and Il, model selection
(49495/50000) and a test accuracy of 96.2% (1924/200(|)S). '
Nevertheless, when we have the luxury of knowing the object C :
probability model in advance, the fine-tuning process may n tdatiba;e’h and thbe Objegtll\;e Ofl thﬁ proc::cliurel |s| to detgr-
be necessary. It is reasonable to acknowledge that the fune oth the ngm er an .erne shape o. oca- clusters in
recognition result from our experiment is valid since the OREAch class. The inaccuracy in model selection will affect the
database is a widely used public database like the FEREgformances of both data quantification and classification.
database. With a comparison with the recognition rate of thing the proposed leaming scheme, the structure of the
eigenface method on an early FERET database (smaller sigggpbabilistic modular networks will be optimized following
we found that the performance of the proposed method tige model selection and PSOM [7], [32]. When all the class
comparable and/or superior to the eigenface approach.  distributions are learned accurately, further data classification

the first and a very important learning task in mapping
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Fig. 12. Two-dimensional feature space in classification example 1 whéréehotes true mass cases; “*” denotes false mass cases. (a) Class 2 contains
two clusters. (b) Decision boundary learning with four cross points.
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Fig. 13. Two-dimensional feature space in classification example 2, whérdehotes true mass cases, and “*" denotes false mass cases. (a) Class 2
contains one cluster. (b) Decision boundary learning with two cross points.

will be achieved simply following Bayesian rule [38]. In thisdatabase quality and learning capability of the CAD system
subsection, these objectives and the related conclusions @esign can also be analyzed by the model selection, comparing
further illustrated by two examples in the computed-aidatifferent feature extraction and database construction schemes
diagnosis (CAD) for breast cancer detection [7]. The objectiyé]. The framework of the proposed method for mass detection
is to detect masses in digital mammography since massesllustrated in Fig. 10.

are the important signs leading to early breast cancer [7].Some typical mass cluster appearances on mammograms are
For the purpose of improving the performance of CAD fodisplayed in Fig. 11. With a preprocessing step, all suspected
detection of early breast cancer in mammography, a cruciabss regions, as well as some normal dense tissues with
step in any strategic solution is to quantitatively analyze thwighter intensities, are located. The latter should be eliminated
featured database (with the cases of normal and cancer tissues)y the true masses through feature discrimination. On the
i.e., to create a map of the feature distributions regarding tbénical site, masses are evaluated based on the location,
disease patterns [4], [7]. Since the featured database in CABnsity, size, shape, margins, and the presence of associated
is constructed from the preprocessed suspected regions, maadgifications.

selection is very important in providing useful diagnostic In the first example, we show that the inappropriate de-
suggestions. Furthermore, based on the feedback aftertatmination of the number of clusters inside each class will
possible lesions are detected and their features are quantifeftect the performance of data classification. Since a classi-
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fication based on feature space is commonly used in mdieatures extracted from the suspected regions. The objective
pattern analysis applications, including mammographic massto reduce the number of suspicious regions and identify
detection, typical intensity, geometric, and texture features ahee true masses. We selected 150 mammograms from the
extracted and investigated from the segmented regions. Thesemmographic database. Each mammogram contained at least
features usually possess clinical significance and are widelge mass case of varying size and location. The areas of
used in most CAD systems. A detailed description of featuseispicious masses were identified by an expert radiologist
extraction can be found in [7]. Suppose we extract two majbased on visual criteria and biopsy-proven results. We selected
features that characterize the two targeted classes (mass Bhdnammograms with biopsy-proven masses from the data
nonmass), as it shown in Fig. 12. In this example, classsgt for training. The mammogram set used for testing con-
contains one cluster, and class 2 contains two clusters. Tthaned 46 single-view mammograms: 23 normal cases and 23
2-D histogram pairs of these features extracted from true awith biopsy-proven masses. The feature vector contained two
false mass regions are investigated, and the features that festures: compactness and difference entropy. According to
better separate the true and false mass regions are selecteddoinvestigation, these two features have the better separation
further study. In this study, area, compactness (circularity), afdiscrimination) between the true and false mass classes. These
difference entropy were found to have better discriminatideatures are also not correlated with each other. According to
and reliability properties. Therefore, we chose them to perforour experience, the values of compactness with definition 1
the classification. are more reliable than those of compactness with [7, Def. 2].
Two PDBNN-like modular networks are trained to classifA training feature vector set was constructed from 50 true-
these two classes. The classification results are shownniass ROI's and 50 false-mass ROI's. The training set was
Figs. 12 and 13. The result in Fig. 12 is with the right clustarsed to train two modular probabilistic decision-based neural
number in Class 2. The result in Fig. 13 is with the wrongetworks separately. Fig. 14(a) shows the classification of two
cluster number in Class 2. In this simple experiment, it idasses with compactness definition 1. Fig. 14(b) shows the
clearly shown that comparing the results in Fig. 12 withlassification of two classes with compactness definition 2.
those in Fig. 13, the classification boundary with the right In our evaluation study, six to 15 suspected masses per
cluster number may be much more accurate than that wittammogram were detected and required further evaluation.
the heuristically determined cluster number since the decisidhe receiver operating characteristic (ROC) method is used
boundary between classes 1 and 2 will be determined by fdarevaluate the detection performance of our method [38]. In
cross points in the first case, whereas in the second cabe, ROC analysis, the distribution of the positive and negative
the decision boundary will be determined by only two crossases can be represented by certain probability distributions.
points. From this example, we can show that the error of datéghen the two distributions overlap on the decision axis, a
classification is controlled by the accuracy in estimating thautoff point can be made at an arbitrary decision threshold.
decision boundaries between classes, and the quality of e corresponding true-positive fraction (TPF) versus false-
boundary estimates is indeed dependent on both the bias poditive fraction (FPF) for each threshold can be drawn on a
variance of the class likelihood estimates. It can be seen tiplne. By indicating several points on the plot, curve fitting
the bias may be lower in case 1 than in case 2, but the variawe® be employed to construct an ROC curve. The area under
will be higher in case 1 than case 2. A similar example is thiee curve, which is referred to adz, can be used as a
curve fitting from noisy data [31]. performance index of the system. In general, the higher the
In the second example, we use the proposed classifiéz, the better the performance. In addition, two other indexes
to distinguish true masses from false masses based on [Bensitivity (TPF) and specificity (1-FPF)] are usually used to
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evaluate the system performance on the specified point of tikemma [25], [26], [30], [31]. It has been reported that
ROC curve. In this study, a computer program (LABROChe bias and variance components of the estimation error
is employed for the evaluation analysis. We found that th@mmbine to influence classification in a very different way than
proposed classifier can reduce the number of suspicious masséls squared error on the likelihoods themselves [1], [25],
with a sensitivity of 84% at a specificity of 82% (1.6 falsd26]. Their results also suggested that the bias and variance
positive findings per mammogram) based on the databasenponents may not be treated in an equal base for further
containing 46 mammograms (23 of them have biopsy-provénproving the classifier’s performance [26], and a minimum
masses). In conclusion, when compared with the conventioealtropy approach was proposed for model selection aiming at
neural networks, the probabilistic modular networks can leadaximizing the class separability [1]. However, these methods
to more efficient learning and provide better understanding imay be found to be problematic when the accuracy of both
the analysis of the distribution patterns of multiple featuredata quantification and classification is required.
extracted from the suspicious masses. Further comparison of the data quantification to the data
classification calls for the following pair-wise relationships
in the learning paradigm (supervised and unsupervised) and
IV. CONCLUSIONS AND DISCUSSIONS in the implementing schemesdft and hard). In fact, when

We have presented a strategy for mappmg a datab%& quantification is the objective, unsupervised learning
by probabilistic modular networks and information-theoretit preferred where only aoft classification of the data is
criteria. Local class distribution is modeled by a standaf@quired [23]. More precisely, since maximum likelihood is the
finite mixture. Information-theoretic criteria are applied tériterion, local cluster parameters can be learned withaud
detect the number and shape of local clusters, thus allowifigta classification [1], [12], [22], [24]. If this unsupervised
the corresponding neural network to adaptively evolve iocess involves dard classification of a sample into the
structure to the best representation of the local data. Telgister for which the posterior probability is maximum, such
PSOM algorithm is used to quantify the parameters of ti@s in the k-means algorithm [22], the quantities obtained
local clusters, leading to an ML estimation. The decisioBy the sample averages after data classification may not
boundaries in the data classification are then fine tuned by& consistent with the previous quantification result since a
global supervised learning. The results obtained by using therfect classification may not be possible when the distri-
simulated data and the real databases demonstrate the pro®igi@ns of local clusters are highly overlapping [23]. The
and effectiveness of the proposed technidue_ quantification result, in general, will be biased. On the other

Our main contribution is the complete proposal of a dd@and, in order to perform data classification for the testing
tripled learning strategy for the determination of both modul&€et where the objective is to minimize the average Bayes’
and components of the network. In this approach, the netwdigK, supervision is needed at a first place and can be re-
structures (in terms of which statistical model is more suitabl@jized by simply dividing the training set (e.g., a subset of
are justified in a first step and followed by a soft classificatiofie testing set) into the groups for the estimation of each
of the data (in terms of each data point supports all locical class likelihood (e.g., unsupervised learning of local
clusters simultaneously). The associated probabilistic clggsters), whereas the global class Bayesian prior can be
labels are then realized in a third step as the competitipicked up immediately as the by-product of the dividing
learning of this induced hard classification task. To summariz&ocess. In this research, we deal with data quantification
the results of the experiments we have performed indicate f_f]@é local clusters and data classification between classes as
plausibility of this approach for database mapping and shdwo separate problems and use different optimality criteria.
that it can be applied to practical and clinical problems sud#owever, it is worth reiteration that in order to efficiently
as those encountered in face recognition and computer-aigiggermine the decision boundaries between classes in data
diagnosis. classification, supervised and unsupervised training may be

Model selection for the first time explicitly incorporatedointly performed.
the bias/variance dilemma in finite data training, and when
tested with synthetic and actual data, the results show that APPENDIX
the number Of h|dden nodeS Should be adjusted fOI‘ bOth data. COLLECTED PROOFS OF THETHEOREMS
guantification and data classification, thus leading to a unified
framework. At issue is how the model selection affects t
estimation error and how the error in the estimation of cla
likelihoods further affects the classification error when th
estimates are used in a classification rule. However, none"8f
previously developed methods has directly addressed a goal of

Proof of Theorem 1:Since the multiplication overin joint
Pgelihood is not affected by the data order, we regroup
em in an increasing order of the gray levelssuch that

< ug, ---, < ur. Hence, we write

minimizing classification errors, which is a central objective Ne L
of data classification. It is necessary, therefore, to develop @ =[] =1] II #@)] @3
methods that are more directly related to the minimization i=1 =1 \zi=w

of classification errors. On the other hand, many previous
researchers have shown that one of the most fundamerglthe definition of data histogram (i.e., the type) in [37], the
problems in detection and estimation is the bias/varianoember of data with gray level; equalsh.. fx, (u;); thus, we
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have obtuse, which implies (36). Consequently, sidegfx. || f) —
0, it follows that
L
£,(0) =[] frtun)™ =t i D(fI£7) =0 (38)
=1
as N, — oo with probability one. O

=

exp (Nrfxr (ul) log fv(ul))

N
Il
R

=

e€xp (Nr [fX'r‘ (U'l) 1Og fr(ul) [1]

N
Il
—

|
;s
?
e

U/l) log fxr(ul)
+ fx, () log fi (w)])

N Y { fr, (w) log

=1

(2]

1 [3]
fx, (w1)

(5]

exp (=N, [H(fx,) + D(fx, /D) O e

Proof of Theorem 2:For each data valug;, we apply indi-
cator functionI(-, u;) to data sequence,.. By the definition [
of histogram, we have the relationship between the histogram
fx.(u;) and the sample average of the indicator functiong8l
I(z;, w). Since sequence is asymptotically independent
and identically distributed by the finite normal mixture dis-[9]
tribution, they are ergodic processes. In addition, since the
indicator function is a deterministic measurable function, byq;
the Birkhoff—Khinchin theorem [40]

1 X [11]
Pr Nyl—{loo A z_; Iz, w) = E[I(z;, w)] | =1. (34)

. . 12
Since, by the fundamental theorem of expectation, we havé ]

ElI(zi, w)] = Y I(zi =u, w)ff(w) = fi(w) (35) M3
we can substitute (3) and (9) into (8) to obtain [14]
Pr< Lim  f (w) = f:(ul)> =1 (191

o [16]

which implies that the distance d(fx.|/f}) goes to 0 as 17
N, — oo

We now show that the estimated distributign is close [18]
to f for large N, in relative entropy. By the “Pythagorean”|1g]
theorem ([37, Th. 12.6.1])

[20]
D(fu If:) + DU < DU IF) (36)
which in turn implies that
[22]
D(f:ll£7) < D(fx, NS (37)
[23]

since D(fx ||f-) = 0. Note that the relative entropy
D(fx. || f¥) behaves like the square of the Euclidean diStanngl]
[37]. From the conditions given by the theorem, the ang
between the distance®(fy ||f-) and D(f.||f) must be
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