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ABSTRACT
The key ideas behind most of the recently proposed Markov
networks based EDAs were to factorise the joint probability
distribution in terms of the cliques in the undirected graph.
As such, they made use of the global Markov property of
the Markov network. Here we presents a Markov Network
based EDA that exploits Gibbs sampling to sample from the
Local Markov property, the Markovianity, and does not di-
rectly model the joint distribution. We call it Markovianity
based Optimisation Algorithm. Some initial results on the
performance of the proposed algorithm shows that it com-
pares well with other Bayesian network based EDAs.

Categories and Subject Descriptors
I.2.8 [Artificial Intelligence]: Problem Solving, Control
Methods, and Search

; G.3 [Probability and statistics]: Probabilistic algo-
rithms, Stochastic processes

General Terms
Algorithms, Performance, Design

Keywords
Estimation of Distribution Algorithms, Probabilistic graph-
ical models, Markov Networks, Evolutionary Computation

1. INTRODUCTION
An EDA regards a solution x = {x1, x2, ..., xn} as a set

of values taken by a set X = {X1,X2, ..., Xn} of random
variables. A Markov network [1] on set X is characterised
in terms of neighbourhood relationship between variables in
X by its local Markov property known as Markovianity [1][2],
which states that the conditional probability of a node Xi

given the rest of the variables can be completely defined in

p(xi|x− {xi}) = p(xi|Ni) (1)

A Markov network is also characterised in terms of cliques1

in the undirected graph by its global property, the joint

1Given an undirected graph G, a clique is a fully connected
subset of the nodes
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probability distribution, and can be written as

p(x) =
1

Z

m∏
i=1

ψi(ci) (2)

Where, ψi(ci) is a potential function on clique Ci ∈ X, m
is the number of cliques in the structure G. Z is the nor-
malising constant known as the partition function given by
Z =

∑
x∈Ω

∏m
i=1 ψi(ci). Here, Ω is the set of all possible

solutions.

2. MOA WORKFLOW
Most of the EDAs based on Markov network, such as

DEUM [5] and MN-EDA [4], use its global property (2) in
one form or another. More precisely, they factorise the joint

Markovianity based Optimisation Algorithm

1. Generate initial (parent) population P of size M

2. Select set D from P consisting of N solutions, where
N <= M

3. Estimate structure of a Markov network from D

4. Estimate local Markov conditional probabilities,
p(xi|Ni), for each variable Xi as defined by the undi-
rected structure and sample them to generate new pop-
ulation

5. Replace old population by new one and go to step 2
until termination criteria are met

Figure 1: The workflow of Markovianity based Op-
timisation Algorithm

probability distribution in terms of the cliques in the undi-
rected graph and sample it to generate new solutions. In
this paper we present Markovianity based Optimisation Al-
gorithm (MOA) (Figure 1) that does not explicitly factorise
the joint probability distribution. Instead, it estimates con-
ditional probabilities (1) in terms of neighbouring nodes in
the undirected graph and samples from them using Gibbs
sampler. MOA incorporates features that have been inde-
pendently employed in previous implementations of EDAs
based on Markov models, but have not been used together.
The resulting algorithm is qualitatively different to its pre-
decessors, easier to understand and simpler to implement.
It does structural learning of the probabilistic model from
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Estimating structure - Step 3 of MOA

1. Create a matrix of mutual information, MI , by
estimating cross entropy for each pair of variables
in the solution. Cross entropy between two random
variables, A and B, is given by

CE(A,B) =
∑
a,b

p(a, b)log

(
p(a, b)

p(a) · p(b)
)

where sum is over all possible combinations of A
and B, and p(a, b) is the joint probability of A = a
and B = b computed from D

2. Create an edge between two variables, if the mutual
information between them is higher than the given
threshold. Here we compute the threshold, TR as
TR = avg(MI) ∗ sig, where avg(MI) is the average
of the elements of the MI matrix and sig is the signif-
icance parameter, which for the purpose of this paper
is set to 1.5.

3. If the number of neighbours to a variable is higher than
the maximum number, MN , allowed, only keep MN
neighbours that have the highest mutual information.

Figure 2: The workflow of an undirected structure
learning algorithm

the data but it can also take advantage of a priori structural
information in a straightforward way. Complex approxima-
tions to the joint probability distribution are avoided and
the temperature parameter is included to balance the ex-
ploration and exploitation of the search space. The use of
Gibbs sampling remains as a key component, allowing MOA
to deal with interactions represented by cycles.

For this work, we implement a mutual information based
approach, described in Figure 2, for leaning a Markov net-
work structure. By its definition, an undirected structure
may contain cycles, therefore, we use Gibbs sampler [5], a
class of MCMC method, as the sampling method in MOA.
Figure 3 describes a version of Gibbs sampler that has been
implemented for the purpose of this work. Note that each
execution of the Gibbs sampler creates a single solution.
Multiple execution of Gibbs sampler should be done in or-
der to create the population of solutions. Also, we set a
linear schedule for the temperature as T = 1

g×CR
, where g

is the current generation of MOA and CR is the cooling rate
parameter. CR can be varied in order to control the con-
vergence of MOA. We set CR to 0.5 for all the experimental
results.

3. RESULTS AND CONCLUSION
Since deceptive functions [3] were shown to be hard prob-

lem for many lower order EDAs and GAs, we test MOA
on two different deceptive functions, trap5 and 3deceptive,
of size up to 360 bits. The results show that MOA scales
well on these problem and the performance is comparable
to that of other Bayesian network based EDAs. This re-
sult is encouraging since the MOA implemented here is very
basic and uses simpler structure learning and sampling tech-

nique. Implementing more efficient structure learning algo-

Gibbs Sampler - Step 4 of MOA

1. Generate a solution x = {x1, x2, .., xn} at random.

2. For r iterations (in this paper we set r = n×ln(n)×IT ,
where IT , the iteration coefficient, is set to 4), do the
following:

(a) Choose a variable xi from x at random.

(b) Using selected set of solutions, D, compute
conditional probabilities p(xi|Ni) for each value
of xi as Gibbs probability,

p(xi|Ni) =
ep(xi,Ni)/T

∑
x
′
i
ep(x

′
i,Ni)/T

where sum is over all possible values of xi.
For example, in binary case, where xi = {0, 1},
probability of xi = 1 given the value of its
neighbours Ni is written as

p(1|Ni) =
ep(1,Ni)/T

ep(1,Ni)/T + ep(0,Ni)/T

Here, T is the temperature coefficient that
controls the convergence of the Gibbs probabil-
ity distribution. Increasing T makes the distri-
bution close to being uniform, and decreasing T
converges it to an extrema.

(c) Sample p(xi|Ni) to get new xi.

3. Terminate with answer x.

Figure 3: The workflow of implemented Gibbs Sam-
pler algorithm

rithm with higher order independency tests, and more effi-
cient versions of the Gibbs sampler, is likely to further im-
prove the performance of MOA. These works are under way
and interesting results are expected in near future.
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