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KYBERNETIKA — VOLUME 27 (1991), NUMBER 5

SOLUTION OF THE MARGINAL PROBLEM
AND DECOMPOSABLE DISTRIBUTIONS!

RADIM JIROUSEK

A well-known Iterative Proportional Fitting Procedure proposed to construct a probability
distribution with given marginals is of exponential space and time algorithmical complexity.
Nevertheless, study of the case in question may make possible to reduce its complexity by de-
composition of the problem as it is showed in [6]. Further reduction of the time complexity is
probably impossible but, in some cases, the space-consumption can be reduced by taking ad-
vantage of possibility to represent decomposable distributions in an economical way.

1. INTRODUCTION

In probabilistic models of expert systems partial (input, or expert) knowledge is,
usually beforehand, transformed into a form of probability distributions of small
dimensions. Total knowledge of the area of interest is then represented by a multi-
dimensional distribution whose marginal distributions coincide with the input
distributions, or, in other words, by a distribution which is a solution of the given
marginal problem. As a rule, there exist infinitely many of distributions meeting
this condition and thus it is quite natural to seek for the distribution which is the
best one in a sense. Construction of this optimal distribution is called the knowledge
integration process.

Probably the most often used criterion for a comparison of multidimensional
distributions coming into consideration is the maximum entropy principle. Accord-
ing to it, the distribution with the highest value of the Shannon entropy is preferred.
Though there are serious objections against this criterion (cf. e.g. [4]), it will be con-
sidered also in this paper as the studied Iterative Proportional Fitting Procedure
yields distributions optimal in this sense.

The method was published by Deming and Stephan as early as in 1940 [2]. It is

1 This is an extended version of the lecture presented at the Symposium on Distributions
with Given Marginals, Rome, April 4—7, 1990.
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known that it is of extremely high algorithmical complexity and so it can be used
for a limited number of dimensions only. Nevertheless, in some cases it is possible
to reduce this complexity in the way proposed by Malvestuto [6]. The presented
paper shows another possibility how to decrease the space complexity of the algo-
rithm.

2. ITERATIVE PROPORTIONAL FITTING PROCEDURE

In accordance with most of papers dealing with probabilistic approaches to expert
systems, a finite model will be considered.

Let X, ..., Xy be random variables taking their values from finite sets X, ..., Xy
each of them containing at least two elements. Input (expert) knowledge is assumed
to have been transformed into a system 0 of marginal distributions @ = {Pg,, ..., Ps,},
where each the subset S, < {X,...,Xy} (k=1,...,K)determines variables for which
the distribution Pg,_ is defined. If P is an N-dimensional probability distribution
of variables X4, ..., Xy and S < {Xj, ..., Xy} then P® denotes the marginal distribu-
tion of P defined for variables from S only.

In other words, P is defined on
N
X, x X, x...x Xy =XX;
i=1
whereas PS is defined on
X X;.
i:XeS
For S = 0 let P’ = 1 for any distribution P.
The goal of the knowledge integration process (under the assumption of acceptance
of the maximum entropy principle) is to construct the N-dimensional distribution

Pyell, = {P: P’ = Pg forallk = 1,...,K}
for which

H(Py) = — Y Py(xy, +ev, xy) l0g Py(xy, ..., xy) = max (H(P)).

(X1eees XN)EX] X eou X Xpy Pellg
The distribution P, can be obtained by the Iterative Proportional Fitting Procedure

which is based upon the recurrent computation of N-dimensional distributions
P,, P,, ... according to the following formula

P,=P,_, ;—S’ for j=((i-1)modK)+ 1.

Sj

Remark. Whenever a ratio of distributions P/Q appears in this paper, the distribu-
tion P is always absolutely continuous with respect to Q (P < Q). Therefore ex-

pressions a/0 for a + 0 are out of question. The expression 0/0 is always assumed
to be 1. -
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Csiszar in [1] showed that if IT, + 0 then beginning with the uniform distribution
’ _ 1
X X
this recurrent procedure converges and its limit distribution P* = P,. (More pre-

cisely, it follows immediately from his result that P* is an I-projection of P, on II,
and from the fact that this specific choice of P, implies I(P || P,) = H(P,) — H(P).)

0

3. DECOMPOSABLE DISTRIBUTIONS

Let { be a system of J(J = 1) subsets R; = {X,, ..., Xy} such that they can be
ordered in such a way that the sequence (R, ..., R ;) fulfill the following running
intersection property: '

j—-1
Vi=2,..,J 3i,12i<j(Rjn(UR)c<=R).
=1
Notice that any system consisting of one or two subsets meets the running inter-
section property.
Definition. A probability distribution P (defined for all variables {X, ..., Xy})
is called decomposable with respect to the system { = {Rl, vy R,} if
P = PRl[PRz/PRanx] [PRJ/PRJ!'\(RlU...URJ—!)] i

The decomposability is defined only for systems meeting (after reordering, if
necessary) the running intersection property. Evidently, the above equality implies

RJ = {Xl’ ""XN} .

1

HC ~

J
Moreover, if there exists one ordering of subsets from { meeting the running inter-
section property such that this equality holds then it holds also for any other order-
ing with this property [5].

In addition to some theoretical reasons, decomposable distributions are of great
practical importance. They are namely advantageous from the point of view of
economical representation in a computer memory. To store a general N-dimensional
distribution one needs

N
X[ 1] ... Xy = 2
numbers whereas when representing a decomposable distribution, storage demands

depend mainly on dimensionality of the sets R; € {. Such a distribution can be easily
recorded with the help of

S 1 IX

j=1 i:XeR;

numbers.
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Some of theoretical characteristics of the decomposable distributions, which will
be used in the sequel, are summarized in the following assertion.

Lemma 1. Let { = {R,,...,R;} be a system of subsets of {X;,...,Xy}. Let
{Py, ..., Py} be a system of probability distributions such that for each j = 1,...
.., J P;is a ]Rj|-dimensional distribution defined for variables from R; and for
each couple of indices i,j e {1,..., J}

P}.{inRJ‘ — PI.{ir\Rj
i J *
Let IT, denote the set of all N-dimensional distributions having {Py, ..., P,} as margi-
nals, i.e.
I, ={Q: 0% = P, forallj=1,...,J}.
If there exists a permutation o(1), ..., 6(J) of integers 1, ..., J such that (R, ...
oo Ry ;) meets the running intersection property then
(1) there are many of such permutations; namely, for any j e {1, ..., J} there exists
a permutation (1), ...,0,(J) such that (R, ), ..., R,,y) meets the running
intersection property and ¢;(1) = j,
(2) for all permutations a, for which (R,y, ..., R,)) meet the running intersection
property, the expressions :
Py = Py [ Poay | Paisy ™0 oo [Poqny[Pagsy " RotooRew -]
define the same probability distribution from IT, for which
H(E,) = max (F(0))
Qell;

Proof. Lemma 1 is a summarization of well-known facts.

The existence of the permutation g; follows from the fact that a system with the
running intersection property can be represented by a triangulated graph, or equi-
valently, by a hypertree. The problem of finding a respective ordering can be solved
with the help of a restricted maximum cardinality search on an acyclic hypergraph
[8].

The statement that P, € I, was proved in [5].

Suppose H(P,) < H(Q) for some Q € IT,. Then, using conditional entropy as
introduced e.g. in [3], one can express the Shannon entropy in the form of a sum

H(Pn) = H(Pf"(") + H(pfatz)lRa(l)) .+ H(ch(J)l(Ra(nU-~-URa<JA1)))
and also

H(Q) = H(QRam) + H(QRa(z)IRam) 4oL+ H(QRcmI(Ra<x>U--~URa(J-x))) R
Therefore, for atleastonej, 1 < j < J

H(Pfa(!)I(Ro-(l)U..-URa(j-1))) < H(QRa(j)l(Ra(x)UmuRau—x)))
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which contradicts with

H(Pfa(j)I(Ra(l)U-"URo(j—1))) —_ H(Pfa(j)lRa(j)n(Ra(i)U-~-URa(j—1))) —
— H(QRou)IRc(j)n(Ra(:)U---uRau—1))) > H(QRcwl(Ra(nU-uuRou—1>)) ,

where the former equality holds because of the definition of P, and the latter one
follows from Q e IT,. Thus, H(P,) = H(Q) for any Q € IT, and therefore

H(P,) = max (H(2)).-

Being a strictly convex function, Shannon entropy takes its maximum value in one
point of IT, and therefore all the considered permutations ¢ define the same prob-
ability distribution. : O

4. SOLUTION OF THE PROBLEM

The goal of this section is to show that a result of the knowledge integration
process, i.e. the distribution P,, can be sought in a class of probability distributions
decomposable with respect to some systems of subsets.

Theorem 1. Let a system 6 = {Ps,, ..., Ps,} (Sy = {Xy, ..., Xy}) be such that
ITy + 0 and P, be the distribution from IT, maximizing the Shannon entropy. Then
P, is decomposable with respect to any system {R,,...,R;} (R; = {X;,..., Xy},
j=1,...,J) fulfilling the following two conditions:

(1) there exists a permutation ¢ such that (R, ..., R,y)) meets the running inter-
section property,

(2) for every k = 1, ..., K there exists j € {1, ..., J} such that S, = R;.

Proof. Let a system {Ry, ..., R;} fulfill the conditions (1) and (2). Without loosing
generality one can assume that the subsets are ordered in the way that (Ry, ..., R;)
meets the running intersection property. Consider Py € IT, for which

H(P,) = max H(P).

Pellg

The goal is to show that Py = P, where
Pf — Pgl[P;{Z/sznRi] [Pgl/PgJﬂ(RlU-..URJ—l)] .

The system (R, ..., R;) and the system if distributions (Pg, ..., Py’ fulfill all
assumptions of Lemma 1 and therefore the distribution P, maximizes Shannon
entropy within the class

I, ={Q: Q% = Pyiforallj=1,...,J}.

From the condition (2) it follows immediately that IT, < IT,. It is selfevident that
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P, belongs to IT, and since the distribution P, maximizes Shannon entropy within
IT, the same must hold also for IT. Thus

H(P) = max F(Q)) = H(P)
Qellg
and, therefore P, = P,. O

Remark. Notice that if the system 6 is rich enough then it may happen that condi-
tions (1) and (2) are met only by the system containing the set R = {X,, ..., Xy}.
It happens for example when 8 contains all two-dimensional distributions. In these
cases, the presented method cannot be effectively used.

5. IPFP AND DECOMPOSABLE DISTRIBUTIONS

Being decomposable, the multidimensional distribution which is a result of the
knowledge integration process can be economically stored in a computer memory.
Does it also mean that all distributions P,, P,, ... which are computed when per-
forming the Iterative Proportional Fitting Procedure are also decomposable and that
it makes possible to reduce the space complexity of the process? The answer to this
question is a subject of the present paragraph.

Lemma 2. The uniform distribution

1

CX X

is decomposable with respect to any system meeting the running intersection property.
Proof. This simple assertion follows immediately from the definition of the
uniform distribution:

R 1

§ =
I |
1:XeR
forany R < {X,, ..., Xy} and therefore
Pgl[sz/szan] [PgJ/PgJﬁ(R1U...URJ—1)] —

_ 1 1

ST T T g

1:X1eR;y 1:X1€eR2— Ry 1:X1eRy—R3uU...URy -1

P,. O

Theorem 2. Let 0 = {Py,, ..., Ps, } (S, = {X;, ..., Xy}) be a system of distributions
such that IT, = 0. Let {R,, ..., R,} meet the conditions (1) and (2) from Theorem 1
and let P, be such an N-dimensional distribution that Pg,_ < ng forallk =1, ...
..., K. If Py is decomposable with respect to the system {R;, ..., Ry} then all the
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distributions P;, i = 1,2, ... defined by the formula

P,=P,_, I%?I for j=((i —1)modK) + 1
are decomposable with respect to {Ry, ..., R,}, too.

Proof. In the sequel, let {R;, ..., R,} be a system meeting the required conditions
(1) and (2) from Theorem 1. The proof will be performed by the induction for i =
= 1,2,.... Assume that P;_; is decomposable with respect to {Ry, ..., R 7} Accord-
ing to Lemma 1 there exists a permutation a(1), ..., a(J) such that (Ry1ys -++» Ro))
meets the running intersection property and R,(;, < S; forj = ((i — 1) mod K) + 1.

Pi=Pi—1P}gi1=
Py

— (Pl{!f(lx)[Pf:(lz)/P?:(lz)nR,u)] . [PiR—a(lJ)/PiR:(IJ)ﬁ(Rv(I)UA--URU(J— 1))]) st —
i-1

PRony

— i—1 Re(2) Ro(2)NRo(1 Ro(a) Roryn(R (l)u...URa(J—l))

B [Psf I [Pz [Plz@rfow] .. [Py [PegPn e 1.
it1

Since R,(;y = S; it is clear that
P = Py [PR|PE,]
andforalll =2,...,J

Ro(1) (N (Ra(1)V...VURa(1-1)) _ pRa(h) | pRa(n)N(Ra(1)V...URG(1-1))
Ple®[pie ’ ’ = P[P

which finishes the proof. ' a

The last two assertions bring immediately a positive answer to the question asked
at the beginning of this section. Moreover, the computations performed in the proof
give also an instruction how to realize a respective algorithm. A brief description
of it is a content of the next section. But first, a simple condition is presented
which makes possible to decompose the knowledge integration process in some cases.
In graphical terms, this condition is also presented in [6] where it is used as a basis
of a decomposition algorithm.

Theorem 3. Let 6 = {Ps,, ..., P, } (S, = {X,, ..., Xy}) be a system of marginal
distributions and 6, = 6,6, = 6 such that 6, U@, = 0. Denote R; (i = 1,2)
the sets of variables included in the subsystems 8,

Ri = U Sl'
1:Ps€0;
If R, " R, < S, for some ke {1, ...,K} then
Py, Py
Py = 0ol
o nglnRz
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Proof. Denote
— P91P92
- Pészz '
k
P is a probability distribution (this is a trivial consequence of R, " R, = S, and
PginRe = pfinka — plioka) from IT, because any Pg, € 0 belongs either to 6, or 6, and
therefore P, or P;! equals Ps,.
Consider any distribution Q € IT,

QR](\RZ PguﬁRz
= H(Q™) + H(Q™) — H(P5;""™*) < H(Py,) + H(Py,) — (P5"") = H(P)
and therefore H(P) = max (H(Q)) which implies P = P,. O
Qellg

6. DESIGN OF AN ALGORITHM

First step of any algorithm realizing the Iterative Proportional Fitting Procedure
should be the test whether the problem can be simplified by the way proposed by
Malvestuto [6], i.e. by repeated application of the following two operations:

(a) delete a variable that belongs to exactly one distribution Pg,_e 0,

(b) remove a distribution P, that is a marginal of another (i.e. 3 P, € 6: S, < §)),
and by application of the decomposition algorithm. This algorithm realizes the idea
of decomposition of the problem which is presented here as Theorem 3.

Algorithm.

Input. A system of marginal distributions 6 = {Pg, ..., P} which cannct be
further decomposed.

Output. System of marginal distributions {Pg, ..., Pg,} such that (Ry,..., Ry)
meets the running intersection property and

PuLPrf PR [Py PR %001
defines P,.

I. Initial phase. Find a system (R, ..., R;) fulfilling the conditions (1) and (2)
from Theorem 1. This can be done very easily with the help of a fill in algorithm
[8] by adding some edges to the graph G(V, E)

V= {Xl, ...,XN}

E={{X,X):3ke{l,.. K} (X, X, €S}
to make the graph triangulated; maximal cliques then define sets R;. It is, however,
desirable to construct such a system (Ry, ..., R;) with minimum possible value

J
[T X[

Jj=1 L:XeR;
Some ideas how to achieve this optimal solution are in [7].
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I1. Iterative phase. Define
1

IT X

1:X R
forallj = 1,..., J. . 5
For i = 1,2, ... (until it converges) perform the following procedure:
(i) Choose any permutation o(1), ..., o(J) such that (Ry -+ Ra) meets
the running intersection property and Ry(y) @ S; for j = ((i — 1) mod K) + 1.
As mentioned above, it can be done by the restricted maximum cardinality
search cf. [8].

(ii) Compute
Pi,Rc(x) = PSJ[Pi_1’Rw(l)/P‘§ilch(l)]

(ili) For I = 2,...,J compute the following two distributions:
(a) marginal distributions of the distribution

. Ro(2)NRe(1) / Ra(1-1)N(Ro(1)V...URg(1-2))
Qi,l = Pi,Rou)[Pi,Ra(z)/Pi,Ru(z) [Pi,Ra(l—t) Pl,Ra(Pl) ]

0,R; =

for variables R,y N (Ry(1y U -+ U Ryi- 1) only and
(b)

— ARe()N(Ro(1)V...URG(1-1)) e (DN (Ro(1)V-..URs(1-1))
Piroy = Qi [Pi-1 koo [PiZR0cs ]

Remark. Notice that implementation of the last step of the process is not so
difficult because

[Pi,Ra(x)
foralll =2,..., J.

Ro(1)N(Ra(1)V...VRo(1-1))] __ Ro(1)yN(Ro(1)V...URe(1-1))
/Pi,Ra(l) ] - [Pi—laRu(l)/Pi_lyRu(l)
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