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Abstract

A solution to the marginal problem is obtained in a form of para-
metric exponential (Gibbs-Markov) distribution, where the unknown pa-
rameters are obtained by an optimization procedure that agrees with the
maximum likelihood (ML) estimate. With respect to a difficult perfor-
mance of the method we propose also an alternative approach, providing
the original basis of marginals can be appropriately extended. Then the
(numerically feasible) solution can be obtained either by the maximum
pseudo-likelihood (MPL) estimate, or directly by Mobius formula.

1 Introduction

In the present paper we address the so-called marginal problem, i.e. the problem
of reconstruction of a joint (global) distribution from a collection of marginal
(local) ones. To the contrary with some other approaches, where the problem
is studied either by graphical or combinatorial reasoning, or by iterative com-
putational algorithms (see, e.g., [10] or [11]), here the problem is studied, more-
or-less, from the ”statistical” point of view. The “input” information contained
in the system of marginal (local) distributions is understood as an evidence,
and the problem of finding the unknown joint distribution is re-formulated as a
parameter estimation problem.

Namely, in order to find a unique representing joint distribution for the sys-
tem, we employ the maximum entropy principle (MAXENT). Then, providing
some technical assumptions being satisfied, the solution agrees with a para-
metric exponential (Gibbs) distribution as the most natural and convenient
representative. The distribution is also Markovian with the neighborhood sys-
tem induced by the system of marginals (Section 7.). Thus the structure of the
distribution is known but the parameters are given only implicitly. In order
to fix the parameters, we have to solve the same task as within the problem
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of statistical estimation. In particular, the parameters are obtained by an op-
timization procedure that agrees with the maximum likelihood (ML) estimate
(as if the marginals were obtained from data). But, as it is well known, under
a certain size of the model, any direct optimization method is unfeasible. Thus,
for calculating parameters of the representing distributions in full generality we
need to apply some simulation procedures, usually based on the Markov Chain
Monte Carlo methods (see Section 8.).

Nowadays, a standard choice for statisticians is a substitution of the ML
estimator for multidimensional models by a more suitable alternative estimator,
usually the maximum pseudo-likelihood (MPL) one, which is numerically easily
feasible. We show that within the marginal problem the MPL approach would
lead to the true parameter as well (Section 9.). Unfortunately, the formula for
the MPL estimate involves marginals over larger sets of nodes, namely over the
neighborhoods of particular nodes. Thus, for an easy calculation of the maximal
entropy solution to the marginal problem by the MPL approach, we have, at
first, to extend the original marginals to these larger sets, at least approximately.

But, as we show finally in Section 10., once having the needed extended
marginals, we can also apply directly the combinatorial Mobius formula for
direct evaluating the potentials of the Gibbs distributions, and these potentials
are equal exactly to the unknown parameters.

For many topics of the present paper [11] or [14] are the basic references. For
exponential distributions see [1] and [7] or, more generally, [3]. For stochastic
gradient method see [15] or [14], for general MCMC simulations see [5]. The
maximum pseudo-likelihood method was at first mentioned in [2], detailed treat-
ment can be found, e.g., in [6]. For the marginal problem see, e.g., [10] and the
references therein.

Personal remark.

When I joint the Institute of Information Theory and Automation to pass
my postgraduate studies, it was Dr. Albert Perez who was established as my
supervisor. Soon, he suggested two research topics for me. The first one was the
problem of simplification of the dependence structure [12], closely related to the
subject of the present paper. Nevertheless, I chose the second one, namely the
Gibbs random fields, which was still rather new topic in those days, initiated
only about ten years earlier by the pioneering work of Dobrushin [4] and others.
But, and it was one of the reasons why we admired him, Dr. Perez was able to
recognize and anticipate its relevance and importance for the future. Moreover,
he was so generous that he decided to reserve the topic for me. Which, of course,
included continual concern, encouraging, and stimulating discussions.

It is a great pleasure for me that in this contribution I can demonstrate the
tight inter-connection between both the topics, namely the significance of Gibbs
distributions as the representatives for collections of prescribed marginal. And
I am also really happy to find that Dr. Perez was following in his late work very
similar approach by his concepts of M—construct and explicit expression [13] .
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2 Basic definitions

Let us consider a finite set S of indices (sites, variables, nodes), and the space

of configurations
Xs = Q) X
seS

where X is a finite state space for every s € S. For every V C S we denote
by Pry : Xs — Ay the projection onto the space Xy = @,y Xs, and by
By = o(Pry) the o-algebra of cylinder (local) sets.

Further, by Py we denote the class of all probability measures on By, and
by Fy the class of all real-valued By-measurable functions. (Py can be al-
ternatively understood as the set of probability measures on Xy, and Fy as
the set of functions on Xy. We shall not distinguish these two modes.) For
Py € Py and W C V we shall denote by Py, € Pw its projection into the
space Pw, i.e., the corresponding marginal distribution. ( Whenever no confu-
sion may occur, we shall write directly Py .) On the other hand, by Py p for
A, B C S, AN B = (), we denote the corresponding conditional distribution.

3 Problem

Let us consider a system of (non-void) subsets V C expS and a collection of
marginal distributions

Q={Qv}vev

where
Qv € Py for every V € V.

Let us denote
Pg = {Ps € Ps; Ps)y = Qv for every V € V}.

If Po # 0 we quote the collection Q as strongly consistent.
The problem to be solved now consists in finding a suitable representative

ﬁs S PQ,

providing Q is strongly consistent.

4 Maximum entropy principle

Whenever |Pg| > 1 we have to employ some additional criterion for selecting
Pg, which, in our case, will be the maximum entropy principle (MAXENT).
For a justification of such approach see, e.g., [9] as the standard reference.

Let us recall the formulas for the entropy and the I -divergence, respectively,
namely

H(P):/flogPdP: > —log P(zs) P(xs),

rs€EXs
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and

I(P\Q):/loggdP: 3 log ggii; P(zs)

TsEXs

providing the terms are well defined. Otherwise we set I(P|Q) = oo.
Thus, applying the MAXENT, we seek for

Pg € argmaxp, epo H(Ps)

or, more generally, -
where Rg € Pg is some fixed reference probability measure.

For the sake of brevity, we shall deal directly with the first definition, which,
after all, agrees with the latter one for uniform Rg.

5 Maximum entropy with linear constraints

Primarily, let us formulate the solution in a more general framework. Let us
consider a collection of statistics

F={fi}jex with |K| < oo,

where
fj € Fs for every j € K.

Moreover, in order to guarantee the basic regularity (identifiability) condition,
we assume the system

L, {fi}jex

to be linearly independent. (If we assume in addition, e. g., f;(Tg) = 0 for every
j € K and some fixed Tg € Xg, we may omit the constant from the collection.)
Further,let us introduce the exponential distribution Pg given by

Pg(xs) =exp{ > aj filxs) = c(a)

jeK

where a = () jex € R is a parameter, and

cla)=log >  exp{ Y a; fi(xs)

rs€EXs JEK

is the appropriate normalizing constant.

Now, thanks to the identifiability condition above, we have a one-to-one
relation between the parameter o and the exponential distribution Pg. Namely,
for Pg = Pg we have (o — (3, f) = const. Further, ¢(a) is obviously (by Holder
inequality) convex function of o € RN, with the gradient Ve(a) = [ fdPg
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and the Hessian matrix VZc(a) = covpe (f, f), and due to the identifiability
condition it is also strictly and even strongly (with the positive definite Hessian
matrix) convex.

Now, for a collection of constants m = {m;};cx we denote

M(m, f)={Ps € PS;/fj dPs =m; for every j € K}.
Proposition 1.
Let P§ € M(m, f). Then
H(Pg) > H(Ps)

for every Pg € M(m, f) with the equality iff Ps = Pg.

Proof.
As it is well-known, we have

0 <I(Ps|Pg) = c(a) = (o, m) — H(P) = H(Pg) — H(Ps)
where the inequality turns into equality iff Py = P§. ]

Moreover, whenever P§ € M(m, f) exists, it is given uniquely.

Proposition 2.
Let Pg, P§ € M(m, f). Then a = 6.

Proof.
‘We observe

0 < 1(PIPY) + 1I(PYIPS) = (5 - a, [ fapf~ [ £arg) =0,
Hence P& = Pg , and, due to the identifiability condition, we have . = 8. []
Thus, we may conclude that whenever there exists the exponential repre-
sentative Pg = P§ € M(m, f) then it satisfies the MAXENT.
6 Existence
Let us consider the problem of existence
Pg € M(m, f)

for some @ € R*. Thus, @ should be given implicitly as a solution of the system
of equations

/fdPE:m.
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Due to the convex property of the normalizing constant ¢(«) as a function of «,
the above condition is equivalent to the variational principle

a= argm}icn {c(ar) = (a, m)}.
a€R

We define the closed convex hull
Cf = @{f(a?s);xg S Xs} C RK,

and its (relative) interior ri C'¥.
Then, directly by the definitions

M(m, f) #0iff m e Cf.

Proposition 3. The exponential representation P* € M(m, f) exists for
some @ € R iff m e ricY.

Proof.
See [1] for the general result, or, e. g. [11], Theorem D.1, for the formulation.

L]

Remark The condition of the above proposition is obviously equivalent to the
following one:

max (o, x > (a,m

ma (a, f(zs)) > (a,m)
for every a € S; = {a € R¥;||a|| = 1}, i.e. m can be separated by a hyperplane
from any face (external subset) of the convex set C¥. This equivalence can also
serve as a key for the proof of Proposition 3. ]

Anyhow, the condition m € ri ¢ is the crucial condition for the exis-
tence of the exponential representation.

7 Application to the marginal problem

In order to apply the above results to the marginal problem we have to find a
suitable collection of statistics f and a collection of constants m so that

Pg = M(m, f).

Natural candidates for the statistics {f;}jex are the Dirac functions (indi-
cators)
DV = {5wv }mvEXV,VEV
but these are apparently linearly dependent. Thus, we have to choose a reason-
able basis.
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Let us fix a configuration 0g € Xg. For V C S we denote X) = @,y (X \
{0,}). Further, we denote

V={WcCS;0#WCV forsomeV €V}

Now, we set

D% = {5$W}xWeX3V,WeV'
Proposition 4. We have
i) {1, DY} linearly independent,
ii) Dy C Lin(1, D).
Proof.

We shall omit the tedious calculations of the general proof. Let us only
illustrate the terms for the special case of S = {1,2}, V = {{1,2}}. Then

V= {{1}7 {2}7 {17 2}} and D% = {51175127 51112}111262(

0 .
{1,2}

Suppose
a+ E Opy 03y + E gy Oy + E gy 202,00 = 0.
21€X)y 72€X0y) T122E€XY, 5)

Then by substituting (01,02) we obtain o = 0, by substituting (01, y2) we
obtain ay, = 0 for every y; € X{O2}, etc. This proves i).

In order to prove ii) we observe

00,00 = Oy — Z Op,2, for every mo€ X{OQ},
TLEX
symmetrically for d,,0,, and

G000 =1— > Gui— Y. Ot D Oum

0 0 0
xleX{l} $2€X{2} mlmQGX{l‘Q}

L]

From now,we shall understand f = {f;}jex = D% with £ = Uy p XY,
and consequently, we set

m = {mww }zwéX‘?V,WEV

where mg,, = Qv w(zw) for some V'O W,V € V. Obviously, due to the
(strong) consistency of Q the above terms are well defined since Qv, ;w = Qv, /w

if W cCcVvins.
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Then, providing the crucial condition m € ri of is satisfied, we obtain by
the MAXENT the exponential representative Pg = P§ in the form

PS(ys) ocexp{ > TuyOuy (yw)}-

TwEXY, WEV

If we denote U, = Yo ex, Oaw Oxyy, We have U € Fw and we may write
PZ(ys) < exp{ Y Uiy (yw)}.
wev
Thus, P§ is the Gibbs distribution with the potential U™ = {Ug, },; o (see,

e.g., [14] for detailed treatment). Moreover, since

Py isvisy Wisylusvgsy) ocexp{ > Ufr(uw)},
Wev,Wa{s}

Pg is also Markovian with the neighborhood system & = {0(s)}scs given by
ted(s) iff {t,s} CcW forsome W €V.

Hence, the form and the structure of the solution Pg is known, and it only
“remains” to identify the unknown parameters @.

8 Parameter identification

Let us recall that the collection of parameters @ is given implicitly as a solution
to the system of equations

/ fdP% =m.
or, equivalently, as

a= argm}icn {c(ar) = (@, m)}.
a€ER

where m and f are specified in the preceding section. Thus, for real computing
we need a convenient numerical method. Any version of the most common
Newton’s method yields an iterative procedure in the form

al"t) = a4 p, (m B /fdpa(ﬂ)>

where p,, should be, in the optimal case, inverse to the Hessian matrix of the
function c(a) at o™, It could be, if needed, substituted by some more simple
term but, anyhow, each step of the procedure involves evaluating the expectation

/ f£dpe"
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which is numerically hardly feasible for large S. Hence, the stochastic gradient
method (cf. [15] or [14], Section 15.4) was introduced, consisting in substituting
the “theoretical” term by its empirical counterpart

o L
[rape =135 )
=1

|

) (L)
S

where z¢’,...,zg” is a long enough sequence simulated with the distribution

pe,

The Markov Chain Monte Carlo (MCMC) — or some similar method — can
be used for the simulation (cf., e.g., [5] for a survey).

With an appropriate choice of p,, (cf. [15]) the procedure converges in the
a.s. sense but, obviously, it is tedious, time consuming, and it may be unstable.
On the other hand, let us emphasize that the exponential form distribution with
local statistics is extremely well suited for the MCMC type simulations.

9 Maximum pseudo-likelihood

In principle, the above way of identifying the parameters « agrees with the sta-
tistical parameter estimation, namely the maximum likelihood (ML), or, equiv-
alently, the minimum I-divergence method. The only difference consists in the
fact that within the statistical estimation the collection of constants m is given
as the "evidence” obtained from observed data, in particular m,, = ]55 yw (Tw)
for every zw € X3, W € V where Pg is the empirical distribution. In order to
avoid computational problems as indicated in the previous section, the ML ap-
proach is sometimes exchanged with the maximum pseudo-likelihood (MPL)
one. The MPL estimate of the parameter « is given by the following formula:

& € argmax,e px Z/log P&}‘S\{s}(y{s}\ys\{s})dps(ys) =
seS

= argminaeRK Z I(P{s}|5\{s} |Pﬁs}|5’\{5})
seS

Evidently, the MPL estimate can be also understood as the minimum con-
ditional I-divergence estimate.

Since every P§, a € RF | is Markov with the neighborhood system 9 =
{0(8)}ses, for solving the above optimization problem we actually need to have
marginal distributions

{PS/é(s) }SES

where 0(s) = d(s) U {s}.

Let us illustrate how the MPL idea could be applied to our marginal problem.
We still assume to have a strongly consistent system Q = {Qv }vey so that
Pg € Pg for some @ € RX. Now, let us suppose we are able to extend the
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system Q consistently to a system Q7 = {Qé(s)}ses so that P§ € Pgo as well.
Then, following the MPL approach, we can obtain the unknown parameter
@< RF as

@ = argmax,c g Z/lOgP{ }a(s) (yis3lyacs)) dQz S)( (s ))
seS

The statement is worth to be proved.

Proposition 5. Let P € Pg N Pgs. Then

Q= argmax,c pc Z/logp{ Ha(s) (y{ }|y6 s)) an(é ( (5))
sesS

Proof. Let o* be the maximizer. Since

ZI (Q{S}IB(S)‘PFS}\{)(S)) >0

ses

with the equality iff Q. j9¢5) = P{‘);}la(() for every s € S, and P Qa(s

by the assumption, we have
P{O;}\a(s) = Pf’:}‘a(s) for every s € S.

Then Pg* = P& by the Hammersley—Clifford identity:

Prsyjacs) (x{s}loa(s)ﬂxa(s)—)

Ps(xs) = Ps(OS) . H
ses Prsyjo(s) (0{s}|08(s)+ax8(s)_)

where 9(s)” = {t € 9(s);t < s} with some fixed linear ordering <.
Thus o = @ finally by the identifiability condition. ]

The main advantage of the MPL approach consists in dealing with the local
characteristics P{C‘SH a(s) which can be easily evaluated, and, whenever the size
of the neighborhoods {9(s)}scs is reasonable, the problem can be numerically
solved rather directly, without any stochastic algorithm. Moreover, since the
objective function is concave, the maximum can be obtained also as a solution
of the normal equations, i. e.

Mo = IW\ 2 {PQQ}%)/W Tw)
seW
for every zy € ng» W €V, where

a (s) Yol
{P Q}a (s) xa(s) = P00 (ﬂf{s}|$8(s)) 'Qé(s)/a(s) (Ta(s))-

Let us recall that within the ML approach we have simply Pg/w(xw) on the
right hand side.
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10 Mobius formula

Nevertheless, with the information as assumed in the preceding section, there is
much more straightforward method, given by Mébius formula (see, e.g., [14]),
for identifying the parameters. Let us introduce the formula in a general form.
We shall denote S = expS \ {0} and

U ={U = (Ua)aes;Ua € Fa and Ux(za) =0 forevery x4 € Xs\X$}

Then U° is the space of so-called vacuum potentials (see, e.g., [6]). For
our purpose it is important that each Uy, A € S can be written as Uy =
Za:AeXg oy, 04, , see Section 7.

Proposition 6.
i) Let ® € Fg. If we set

Ua(za) = Z (=1)IA\BI [®(zp,05\5) — P(05)] for every A € Sandzy € Xy
BCA

then U € Y° and

b(zg) = P(0g) + Z Ua(zs) for every zg € Xs.
AeS

®(xg) = const. + Z Ua(za) for every zg € Xg
AeS

where U € U° then

Up(za) = Z (—1)M\Bl [ @ (25,05 5) — ®(0s)]  for every A € Sand s € Xa.
BCA

Proof.
The relations can be verified by direct substitutions. ]

Now, let us apply the preceding statement ii) to the function ®(xg) =
log P§(7s) with @ € R* such that again P§ € Pg NPgo. We obtain

T = Y (1A

BCW

= z (=1)IA\Bl

BCW\{s}

log

P§(xp,05\5) _
Pg(0s)

log

P§(xp,0s\5) _
Pg(zpugsy, 0s\{BU{s}})
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= Z (=1)lA\Bl

BCW\{s}

log

Piots) (Otst2Bugsy, Osviugsiy) | _
Piyiacs) @ st lTpugsy Os\(sugsyy)

- Y (s [1 Qs}lacs >(0{ Hrsugs: Os\(Bugs }})}
BT e} ® Qeeyioe) @1y 7500} 05\ (UL}
for every zw € X3, W €V, where s € W is arbitrary fixed.

Thus, whenever we are able to extend the original system of marginals Q
into the system Q?, we can calculate the parameters @ directly from the
Modbius formula. Actually, we do not need to know the complete distributions
Qg(s),s € S, but only Qg(s)(xw,o s)\W) for every W € V,W C 9(s), and
Tw € Xw.

Remark (Concluding)

Obviously, whenever we are not able to calculate the extended marginals,
we still can use some approximation (see, e.g., [10] or [8]) in order to obtain at
least approximative solution &. But the question of approximation is behind
the scope of the present paper. ]
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