
ABSTRACT

In this thesis, we provide a generalbackground for inferenceand learning,

using Bayesiannetworks and genetic algorithms. We introduce Bayesian Networks

in Java, a Java-basedBayesiannetwork API that we have developed. We describe

our research with structure learning using a genetic algorithm to search the space

of adjacencymatrices for a Bayesian network. We �rst instantiate the population

using one of several methods: pure random sampling, perturbation or re�nement of

a candidatenetwork producedusing the SparseCandidate algorithm of Friedman et

al., and the aggregateoutput of Cooper and Herskovits' K2 algorithm applied to one

or more random node ordering. We evaluate the geneticalgorithm using well-known

networks such asAsia and Alarm, and show that it is an e�ective structure-learning

algorithm.
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CHAPTER ONE

Introduction

Oneof the ever-elusive questionsthat many psychologistsponder is that of how

humans learn. This question drives somecomputer scientists to create arti�cially

intelligent beingsin hopesto further understandhow humans learn. A commonap-

proach to machine learning is that of discovering causalconnectionsand probabilities

between events (Pearl and Verma 1991). Almost everything in life can be broken

down to probabilities and dependencies.For example,we wear certain clothesbased

on the weather forecast - if we hear that the weather will be quite hot, we don't

want to wear sweaterslest we practically kill ourselves from the combined heat. We

know that certain habits lead to bad health - it is known that smokingincreasesthe

likelihood of many health risks. We can predict whether a personposesa terrorist

threat by observingseveral traits commonamongterrorists.

While it is not necessarilyagreedupon that conditional dependenciesare all

there is to knowledge,conditional dependenciesareobviously a major aspect of learn-

ing. When conditional dependenciesare known, we have the power to infer future

events and make `intelligent' decisions.Theseconditional dependenciescanbe shown

pictorially in a graphical model.

1.1 Introduction to BayesianNetworks

1.1.1 Graphical models

A graphical model is a collection of nodesand arcs connectingnodes. Nodes

represent random variablesor the state of a�airs. Arcs represent conditional depen-

dency between two nodes; the lack of an arc represents conditional independence

betweentwo nodes.

Conditional independencebetweennodesA and B occurswhen the probability
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of node A is not a�ected by the state of node B. Simply put, if node A \causes"

node B, then node B is said to be conditionally dependent on node A. Formally, we

say that node A is conditionally independent of node B if P(AjB) = P(A).

1.1.2 Bayes' Theorem

Rev. Thomas Bayes, who was both a mathematician and a theologian, �rst

publishedhis theorem in 1763. It stated that

p(H j E; c) =
P(H j c)P(E j H; c)

P(E j c)
(1.1)

In English, this says that the posterior probability (the probability of hypothe-

sis H given what happensto c given E) can be determinedby multiplying the prior

probability of H given c (P(H j c)) by the overall likelihood that assumesthe hy-

pothesisH and the background information c is true (P(E j H; c)). The product is

then divided by the likelihood P(E j c), which is independent of H , in order to be

normalized.

The main idea behind Bayes' rule is the abilit y to explain mathematically how

your beliefsshould be updated in light of new evidence. This allows us to combine

new information with existing knowledge. For example,considersomeonewho has

never seena lightning storm and has never heard thunder. His initial belief is that

the probability of thunder being linked to lightning is 50%. The �rst time he hears

thunder after seeinglightning, his belief is updated to 66%. The secondtime, to 75%,

and soon until he is very certain that thunder is linked to lightning.

1.1.3 BayesianNetworks

A Bayesiannetwork is a special type of graphical model. Thesenetworks are

called \Ba yesianNetworks" becausethey utilize Bayes' rule for inference. Bayesian

networks represent probabilistic relationships among a set of variables. They are

a directed acyclic graph of dependenciesbetween nodes. An edge from node n1
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Figure 1.1. SampleBayesianNetwork.

to n2 meansthat node n1 directly in
uences node n2. Note that a single edgeis

not a conditional probability table bit is instead just one axis. A Bayesiannetwork

describes a collection of joint probabilities between several nodes. The chain rule

allows us to de�ne joint probabilities in terms of conditional probabilities. We can

determine P(X 1; X 2; : : : ; X n) by computing
Q n

i=1 P(X I j Pai ). For nodes without

parents (sourcenodes),we just look at the prior distribution.

A commonexampleof a Bayesiannetwork is �gure 1.1. This network describes

the following scenario: You have two neighbors - John, who lives to the west, and

Mary, who lives to the east. Being good neighbors, they call your cell phonewhen-

ever your alarm goeso�. If your alarm goes o�, that typically meansthat a small

earthquake just happenedor you're getting robbed.

With this example,supposethat a minor earthquake just occurred. What is

the probability that John is going to call? We take the product of (:29)(:90) to get

:261.

1.1.4 BayesianInference

To infer meansto make a prediction basedon knowledgeand experience.Sup-

posewe have a jug of a million jawbreakers that are either red or blue, but we have

no idea what percentage of jawbreakersare which color. We want to know how likely
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it is that we'll pull out a blue jawbreaker. In order to do that, we have to take several

substantial samplesof jawbreakers and count how many were red versushow many

wereblue. We take 100jawbreakersout, tally the colors,and then repeat the process

19 more times. After all of the counting, we've found that 35% of the jawbreakers

were red while 65%were blue.

Without having to count the other 998,000jawbreakers,we can infer that 35%

of all of the jawbreakers in the jug will be red. We can improve our con�dence by

calculating the standard deviation of the samples,then calculating the sampleerror

and comparingthe \z-test" valueagainstour expectations;we might �nd out that we

needto increaseour samplesizeor run more experiments to improve our con�dence.

With Bayesianinference,we have the luxury of the introduction of prior knowl-

edge.This can often be a useful contribution to the evaluation process.

When we have a Bayesiannetwork with speci�ed CPTs (conditional probability

tables) and observed valuesfor someof the nodes in the network (evidencenodes),

we want the abilit y to infer probabilities of values for query nodes. In the general

case,this problem is NP-hard. However, it can be accomplishedusing one of sev-

eral methods, such asexact inference(Lauritzen-Spiegelhalteralgorithm) and Monte

Carlo, wherewe simulate the network to randomly calculate approximate solutions.

One of the key machine learning issuesis learning this information from data; this

will be discussedin detail in the next chapter.

There are di�erent kinds of inference.Two examplesof inferenceare:

� Diagnosticinference,which goesfrom e�ects to causes(P(Bur glary j JohnCalls)).

� Causalinferences,which goesfrom causesto e�ects (P(JohnCalls j Bur glary)).

Someof the usesof inferenceare with diagnosis(such as medicaldiagnosis),pattern

recognition (such as speech recognition and image identi�cation), prediction (given
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evidenceand by the e�ect of intervention), planning, explanation, and decisionmak-

ing.

1.2 Stochastic Algorithms

In the processof learning structures from data, various stochastic methods are

used. The two we have focusedon are geneticalgorithms and simulated annealing.

1.2.1 Genetic Algorithms

Genetic algorithms are modeled after the natural processof evolution as it

occurs through o�spring. For most geneticalgorithms, the main concept is that the

strongestindividuals survive a generation(survival of the �ttest) and reproducewith

other survivors, producing (hopefully) an evenstrongerchild. The three main aspects

of a geneticalgorithm are:

� Fitness function: This function is usedto evaluate how `�t' an individual is.

� Genetic representation: Each individual is encoded in a manner that allows

the algorithm to easilymanipulate the information represented. This couldbe

a seriesof on/o� bits, arrays, trees,lists, or anything that is able to represent

an individual. Each individual must represent a complete solution to the

problem being optimized.

� Genetic operators: In nature, there are two prominent methods of passing

traits down to the next generation:

crossover: This is wheretwo parents contribute to the geneticmakeup of a

child. For example,half of parent A's traits are copiedover, comprising

half of the child's genetic makeup. Also, half of parent B 's traits are

copiedover, completing the geneticmakeup of the child.

mutation: This is wherea trait or a seriesof traits randomly change. This
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does not happen all that frequently in nature. Mutation yields some

unpredictable results - sometimesproducing a more �t o�spring, but

usually producing a less�t o�spring.

In most geneticalgorithms, crossover and mutation are the predominant operators.

Crossover simply choosesa point in both parents and copiesthe left half from one

and the right half from the other, combining the two halves to create a new child.

Mutation usually involvesrandomly rotating oneor more traits.

The main algorithm for most geneticalgorithms is as follows:

generate initial population

do{

evaluate fitness for all individuals;

select best individuals;

generate next generation from best indivudals;

increment currentGeneration

} until (currentGeneration = maxGenerations);

1.2.2 Simulated Annealing

Simulated Annealing getsits origin from the annealingprocessof heatedsolids.

This is the processin which a solid is melted and then cooled o� to form a new

(optimal) shape. The basic idea of simulated annealing in computer scienceis very

similar: by allowing the 'solid' (search process)to sometimesform an unappealing

shape (proceedin an unfavorable direction), we might be able to get out of a local

optima and eventually reach a global optima. The main danger is over-shooting the

global optima or passingright through it. In order to balancethesedangersout, a

sophisticatedset of rules controls the occasionalacceptanceof ascents.

For example,supposethat an iteration of the search processproducesa di�er-

enceof � in the score(or performancevalue). The acceptancecriterion (often called
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the \Metrop olis Criterion"), would be de�ned as:

If � is favorable, accept.

Otherwise, accept with a probability exp(� � =T), where T is the an-

nealing temperature that is gradually reduced over time k

This technique allows a simple local search algorithm to escape from a local

optima and increasethe chancesto �nd a better solution with a typical local search.

Obviously, T plays a vital role in the acceptancecriterion. At the beginning of the

search process,whenT is the largest,more unfavorable resultswill be accepted,thus

escapingthe trap of local optima. As the procedureprogresses,though, T decreases

in sizeand fewer unfavorable results will be acceptedwhile the algorithm converges

on the global optima (if the parametershave been properly selected). The main

algorithm is as follows:

k = 0

do{

do L(k) times{

perform search

evaluate delta

if delta is `good', accept

else if exp(-delta/T(k)) > rand(), accept

else reject

}

increment k

} until halting condition has been met

1.3 Structure Learning

Bayesiannetworks are very useful for a number of things. Medical diagnosis,

equipment failure, imageand speech recognitionarejust a fewof the usesfor Bayesian
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networks. With the knowledge of a Bayesian network, we can make `intelligent'

decisions. There are times when we would like to know what the correlations are

betweenrandom variablesbut we don't have the luxury of a Bayesiannetwork. All

we might have is a databaseof events (or node instantiations). What we would like

to do, then, is somehow comeup with the model that generatedthe observed data.

This is what structure learning is all about - trying to �nd (`learn') the model that

matchesthe data. The rest of this thesis is devoted to doing just that.
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CHAPTER TWO

Structure Learning background

2.1 Introduction to Structure Learning

One of the main usesof Bayesiannetworks is inference;speci�cally prediction,

diagnosis,planning, decisionmaking, explanation, etc. Oncewe know the structure

of the Bayesiannetwork, we can answer a lot of questions.However, we often do not

know what the CPTs are. Often, all we know about the network is the collection of

nodes. Supposethat all we have to deal with is a collection of samples,or a series

of observable variable instantiations. We want to have the power of inferenceby

learning the structure that most likely created the samples. Our challenge,then, is

to �ll in the edges.We want to know which nodesare parents of which other nodes.

The set of parents and the range of each node tells us what the target conditional

probabilities are.

The problem statement is:

� Given:

� A set of random variablesX 1; X 2; : : : ; X n .

� A datasetof completecasesthat weregeneratedby somejoint probabil-

it y distribution P(X 1; X 2; : : : ; X n).

� Return: the Bayesiannetwork that most likely generatedthe observed data.

(expressingtarget CPTs)

This problem has beenshown to be NP-hard (Heckerman, Geiger,and Chick-

ering 1995).
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2.2 Model Selection

In order to learn a network from data, somecriterion is used that measures

how well a network �ts the prior knowledgeand the given data. Once we have this

criterion, wecanutilize a search algorithm to �nd an equivalenceclassthat maximizes

this score(Heckerman 1996). Example criterion include computing the log of the

relative posterior probability and local criteria, such as a variation of the sequential

log-marginal-likelihood criterion (Spiegelhalter,Dawid, Lauritzen, and Cowell 1993).

We have also tried using inferential loss (Lauritzen and Spiegelhalter 1988) as a

criterion. One of the more common criterion is the BDE score, or the Bayesian

Descriptor,which is equivalent to the MDL score,or the `Minimum DescriptorLength'

score. The main idea behind the MDL scoreis to maximize the �nal scoreoutput

while minimizing the complexity of the structure. This is basedo� of the famous

`Occam'sRazor', wherethe simpler explanation is favored over the morecomplicated

explanation if they both cometo the sameconclusion.

2.3 Search Methods

When learning a network from data, we typically limit each node to having

k parents. If k > 1, then this problem is still NP-hard (chickering, Geiger, and

Heckerman 1995). In order to reduce the search space,many heuristic approaches

have been taken; greedy search, greedy search with restarts, best-�rst search, and

Monte-Carlo methods (Heckerman 1996).

Most approaches�rst make a changeto the adjacencymatrix and then evaluate

how much improvement was made with the change. For example,an edgemay be

added,deleted,or reversed. (Adding and reversing are tricky; cyclesmust be taken

into consideration.)

Greedy search: The main idea with a greedy search is to add edgesin an order

that maximizesa scoreand then stop adding when no improvement to the
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scoreis made. To start this algorithm, the graph may be empty, randomly

generated,or otherwisegeneratedby an algorithm. Perhapsthe biggestissue

in dealingwith greedysearch algorithms is that they are proneto falling into

a local optima. The only hope to overcomethis in a greedyalgorithm is to

perturb the structure somehow and hope for the best.

Simulated annealing: As discussedearlier,simulated annealingis usefulfor a gradient-

basedsearch process.Changesto the adjacencymatrix dependon the current

`temperature'- as the algorithm progresses,this temperature decreasesand

stabilizesthe network structure.

Best-�rst: Best-�rst search is another way for escapinglocal maxima (Korf 1993).

The main idea here is to go in whatever direction is the best by measuring

a heuristic. It has been shown that a greedy search with random restarts

performsbetter than simulated annealingor best-�rst.

In learning Bayesiannetworks, the search spaceis typically huge. Somesearch

methods try to search through only an equivalenceclass,or a smaller subsetof the

possiblestructures. There are pros and consto this; the most obvious bene�t is that

the search spaceis reduced (but is still probably very large). One of the cons is

sustainingan addedcost in moving from onestructure to the next.

2.4 Score-basedvs. Constraint-based

2.4.1 Score-based

The main idea behind score-basedlearning is to optimize the degreeof match

betweenthe generatednetwork and the observations. It couplesthe construction of

a network with �nding the direction of causality. In other words, we are utilizing

a function that evaluates how well the independenceor dependencein a structure

matchesthe actual data. We are thereforesearching for the structure that maximizes
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this score. This is basedon statistics and information theory. We get the structure

that gives us the most information from the parents. Basically, we search for the

structure that maximizesthe score.This approach can make compromisesand takes

the structure of conditional probabilities into account.

Someof the score-basedsearch algorithms, such asSparseCandidate(discussed

below), develop somecriterion for including or excluding an edgein the adjacency

matrix. Others usesomeheuristic-basedapproach to search over the spaceof adding,

deleting, or reversingan edge.What ever decisionthat maximizesthe scoreis chosen.

2.4.2 Constraint-based

Constraint-based techniquesactually look at the network and seeif the cause

is going in the right direction. Determining this is somewhatdi�cult. We can use

the common-senseidea - observing two things happening simultaneously implies a

correlation. That's a necessarycondition for inferring that one is causingthe other,

but it is not a su�cien t condition for determining in which direction. We get around

this by forcing a consistency. Supposewe know that three nodes,a;b; and c, are all

related somehow. We arbitrarily pick the direction and then considerevidenceabout

band c to seehow accuratelythe model predicts the data, thus inferring the direction

of causality. We want to search for a network that is consistent with the observed

dependencies.This is very intuitiv e with Bayesiannetworks becauseit follows the

de�nition of Bayesiannetworks in terms of the chain rule property of inference. It

also separatesstructure learning from the form of the independencetests. However,

it is sensitive to errors in independencetests. Unlike score-basedapproaches,this is

not basedon statistics.
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2.4.3 Similarities

Constraint-based and score-basedsharesomecommonproperties. Given suf-

�cient data and computation, both approaches are sound. They can learn the cor-

rect structure. They both learn from observations and can incorporate knowledge.

Constraint-based learning incorporates knowledge in the form of hard-constraints,

whereasscore-basedlearning can build the network in a greedy form and useprior

knowledgeto skew the prior values.

2.5 Existing structure-learning algorithms

Several algorithms exist today that attempt to learn Bayesiannetworks from

data. The BNJ toolkit has two structure-learning implementations: K2 and Sparse

Candidate.

2.5.1 K2

K2 is a score-basedgreedy search algorithm for learning Bayesian networks

from data (Cooper and Herskovits 1992). It is a Bayesianmethod for the induction

of probabilistic networks from data. K2 usesa Bayesian score,P(Bs, D), to rank

di�erent structures and usesa greedy search algorithm to maxmize P(Bs, D). The

algorithm assumesan ordering of the nodessuch that if X i comesbeforeX j , then X j

cannot be a parent of X i . The candidate parents PA i for node X i is initially set to

nothing. The algorithm visits each node X i and `greedily' addsto PA i the node that

maximizesscoreB (d;X i ; PA) until the maximum number of parents hasbeenreached,

no more parents are legal to add, or no parent addition improvesscoreB (d;X i ; PA).

There are four primary assumptionswith the K2 algorithm:

(1) The databasevariablesare discrete.

(2) Casesoccur independently, given a Bayesnetwork model.

(3) There are no missingvaluesin the database.

13



(4) The density function f (Bp j Bs) is uniform. Bp is a vector whosevalues

denotethe conditional-probability assignment associated with structure B s.

K2 usesa scoringheuristic g to build the network.

g(i; � i ) =
Q qi

j =1
(r i � 1)!

(N ij + r i � 1)!

Q r i
k=1 N ij k !

N ij and N ij k are frequencycounts of how many times a certain node con�gu-

ration occurs in data. � i is the set of parents for node i .

There are a few problemswith K2. It is a greedysearch algorithm, thus it may

fall into a local maxima. The algorithm is highly dependent on the node ordering.

To get an accurate network, an optimal ordering must be given. The ordering is

usually not known except for rare situations. For example, if we have extensive

domain knowledgeand the ordering might be related to a sequenceof events, then

we might be able to provide a node ordering. In most cases,if the ordering is already

known, it is likely that an expert could already construct the network. The number

of orderingsconsistent with directed acyclic graphsis exponential. It is unfeasibleto

iterate through every singlepossibleordering.

2.5.2 SparseCandidate

SparseCandidate is an iterativ e algorithm that attempts to restrict the search

spaceof Bayesiannetworks. It achieves this by selectingfor each node a small set

of candidate parents and then searching for a network that satis�es the constraints.

The majorit y of structure-learning algorithms do not useany knowledgeabout the

expectedstructure of the network; however, the SparseCandidatealgorithm measures

the `distance'betweeneach node to selectthe candidateparents.

The algorithm 
o ws like this:

Loop until no improvements or iteration limit exceeds:
For each node, select top k parent candidates

(mutual information or m_disc) [restrict phase]

Build a network by manipulating parents (add, remove,

14



reverse edges from node to parent) [maximize phase]

During the maximize phase,cyclesmust be taken into consideration. Adding

an edgeor reversing an edgemay introduce a cycle in the network. This is fairly

expensive to �nd out. K2 givesus this for free; sincethe algorithm imposesa node

ordering and only allows parents whoseindex comesbefore the child's index, cycles

cannot be introducedin K2.

The authors of the SparseCandidate algorithm have described a divide-and-

conquerapproach to the maximize phase,but we have not beenable to implement

that at the time of this writing.

Our initial experiments using a hill-climbing approach in the maximize phase

produced unfavorable results. This is either due to a faulty implementation or the

poor performanceof the maximize phase.
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CHAPTER THREE

GASLEAK

3.1 Rationale

The main problem with K2 is that it is a greedyalgorithm; K2 must be given

a good node ordering in order to perform well. K2 cannot backtrack bad decisions

and it cannot considerany joint e�ects of adding multiple parents. K2 adds nodes

\upstream", meaningthat only nodesof higher index canbeconsideredfor parents. If

a true parent is not upstreamof its child, the parent will never beadded;furthermore,

many false parents will be added, causingunexplainedcorrelations. Unfortunately,

when we know very little about the domain of the network we're trying to learn,

the true node ordering is not known. Thus, although K2 can be a good learning

algorithm at times, it is typically uselesswhen we know nothing about the domain.

Both the optimal network and optimal ordering are intractable (Heckerman, Geiger,

and Chickering 1995).

Enter GASLEAK: Genetic Algorithm for Structure Learning with Evidence us-

ing Adaptive-importance-samplingand K2. The main idea is to search through the

di�erent permutations of nodeorderingsin hopesof �nding the right one(or oneclose

to it). GASLEAK wraps around the K2 (Kohavi and John 1997) (Raymer, Punch,

Goodman, Sanschagrin, and Kuhn 1997) and manipulates the hyperparametersfor

K2 (the node ordering). See�gure 3.1 for an overview.

The looming statistic that GASLEAK facesis the exponential nature of the

search space-n!; however, this is much better than the search spacefor all possible

adjacencymatrices of a network, which is somewherealong the lines of 2(n2 ) . To

further help our search space,many orderingsmay make K2 producethe exact same

network, sothe optimal network might be generatedby morethan onenodeordering.
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Figure 3.1. GASLEAK overview

3.2 Design

For the geneticalgorithm backbone,weextendedthe GAJIT framework (Faupel

2000). Each chromosomeis a node ordering. If there are three nodes in a network,

onesamplechromosomemight look like [2 1 3]. The initial population for GASLEAK

is generatedby shu�ing the node ordering for each chromosome.

The crossover technique for GASLEAK is order crossover (Haupt and Haupt

1998). Order crossover exchangessubsequencesof two permutations, displacing du-

plicate indices with holes. It then shifts the holes to one side, possibly displacing

someindices, and replacesthe original subsequencein these holes. If two parents

p1 = [3 4 6 2 1 5] and p2 = [4 1 5 3 2 6] arerecombined usingorder crossover, with the

crossover maskunderlined,the resulting intermediaterepresentation is i 1 = [x x 5 3 1 4]

and i2 = [x x 6 2 4 1], and the o�spring are o1 = [6 2 5 3 1 4] and o2 = [5 3 6 2 4 1].

Mutation is implemented by swapping uniformly selectedindices. Catastrophic mu-

tation can easily be implemented using a shu�e operator, but we did not �nd this

necessary.
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The �tness function usedfor GASLEAK is measuredby inferential loss(Lau-

ritzen and Spiegelhalter1988;Neapolitan 1990). We determinehow well the learned

network performsby using a holdout validation set.

The GASLEAK algorithm readsin a training �le and instantiates the popula-

tion. Each chromosomeis then fed to K2 and the resulting network is scoredusing

inferential loss. After all of the chromosomeshave beenevaluated, the top 20% of

the chromosomesare then automatically copied to the next generation. The rest of

the population is �lled in with chromosomesthat have beenprocessedby either the

order crossover operator or the mutator operator. This processis repeateduntil the

maximum number of generationshas been reached. The best network of the �nal

generationis chosenas the learnednetwork.

3.3 Results

The resultswerenot entirely favorable. The mechanicsof the geneticalgorithm

itself actually work �ne. The initial population of shu�ed orderings is usually im-

proved throughout the courseof the algorithm, if even just by a little bit. The main

result that we found, albeit negative, is that the �tness function of comparing the

inferential lossagainstholdout data is not an e�ective �tness function and is instead

very misleadingat times.

We �rst tested the e�ectivenessof our genetic algorithm by trying to learn

the small Asia network. The Asia network is comprisedof only eight nodes,which

meansthat there are 40,320possiblepermutations of node orderings. We decidedto

calculateevery possiblepermutation's �tness value for Asia network in order to keep

an eye on the genetic algorithm's progress. Figure 3.2 shows the histogram of the

number of permutations that sharea certain scorerange.

We discoveredthat over 40%of the permutations produceda �tness value that

di�ered very little from the gold standard network. This probably meansthat many
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Figure 3.2: Histogram of GASLEAK �tness valuesfor all order permutations of the
Asia network

networks have the sameinferential capability asthe gold standard,even though many

correlationsare super
uous. However, this may also meanthat we are using a `bad'

evidencebit vector. Part of the future work for the GASLEAK project is to try

modulating the evidencebit vector (or simply discard the evidencebit vector) and to

try using di�erent �tness functions.

The best networks from GASLEAK usually had several graph errors; in several

trial runs through GASLEAK, the small `Asia' network wasnever successfullylearned.

The accuracyof the learnednetworks is very problematic; there aremany super
uous

edges,reversededges,and deletededges.All three graph error typesare commonin

GASLEAK, which is very discouraging.

We found that GASLEAK is not very scalableas of yet. It is very computa-

tionally expensive- K2 is executedat most g� n, whereg is the number of generations

and n is the number of individuals in the population. In order to alleviate someof
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the computational burden, we have designeda job farm that handsout orderingsto

slavesfor them to run the K2 algorithm and return a �nal �tness to the slave. While

this helpsreducethe amount of time the geneticalgorithm takesto execute,it is not

feasibleto keepadding slavesasnetworks becomemore complicatedand the number

of individuals in a population grows in size.

As networks becomelarger, the search spaceblows up, making it even harder to

�nd the optimal ordering. Sincethe search spacemushrooms to unimaginablesizes,

the genetic algorithm parameterswill have to be tweaked to help diversify what is

being searched. For example, the population sizemight have to grow at a fraction

of the exponential pace,or the number of generationsmight needto be considerably

lengthened.For networksof thousandsof nodes,this is simply not a feasiblealgorithm

as of yet.
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CHAPTER FOUR

SLAM GA

4.1 Design

After having limited successwith GASLEAK, we consideredimprovements to

the system. Many of the improvements discussedwererelated to the parametersand

behaviors of the genetic algorithm itself. It was during thesediscussionswhen the

ideaof usinga geneticalgorithm to manipulate the adjacencymatrix wasconsidered.

For my Master's thesis,wedesignedthe SLAM GA. SLAM GA standsfor Struc-

ture Learning Adjacency Matrix Genetic Algorithm. The main idea is to manipulate

the adjacencymatrix via a geneticalgorithm in order to maximizethe structure score.

The search spaceis astronomicallyhuge;it is at most 2(n2 ) . A geneticalgorithm comes

to the rescue. Networks that scorewell in previous generationssurvive to produce

better networks in future generations.

A few peoplehave already designedgeneticalgorithms to learn Bayesiannet-

works (Larranaga, Murga, Poza, and Kuijp ers 1995; Habrant 1999) with varying

results. The di�erences with our geneticalgorithm are how the initial population is

built and how the crossover and mutation operators are designed.

During the lifetime of this experiment, we have tried several approaches to

generatethe initial population. The �rst approach was to generatepurely random

edgematrices. This would createnumerousillegal structures, so we had to write an

algorithm that �xes thesecyclic structures. This algorithm locatesa cycleand knocks

out a random edgein the cycleuntil no more cyclesare found. The number of cycles

dependedlargely on the complexity allowed for the graph; for a moderately-complex

graph, approximately 22% of the networks generatedwith this random adjacency

matrix generatorwere cyclic.

We implemented the Box-Muller random number generatorto selecthow many

21



parents would be chosenfor each individual node. The Box-Muller algorithm takesas

parametersthe desiredaverageand standard deviation and then generatesa number

that �ts the distribution. The `average' for this speci�c algorithm is the average

number of parents. After much tweaking, we found that the best averagewas 1.0

with a standard deviation of 0.7. The typical network that was randomly generated

scoredvery low.

The next approach for building the initial population wasto limit the selectionof

candidateseach node could have for a parent. We usedthe `restrict' phasedescribed

by the SparseCandidate paper to select which nodes could be parents of certain

children. We then usedthe Box-Muller algorithm to selecthow many parents would

be chosen,and randomly added a candidate parent. Cycleshad to be �xed by this

approach aswell. Networks generatedthis way scoreda little better than the purely-

random networks, but still scoredlow.

The third approach wasmodeledafter the secondapproach. Insteadof choosing

a random number of parents, we addedparents using the g function from K2 until no

improvements were made to the g score. Networks generatedin this manner scored

slightly better than the previousattempts, but still scoredmuch lower than the gold

standard network.

The last approach was to supply random permutations of node orderings to

the K2 algorithm one or more times and createan individual chromosomefrom the

aggregateof the learnednetworks. Cycleshad to be checked for and eliminated. See

�gure 4.1 for a pictorial explanation.

We found that the optimal number of networks to aggregateper individual was

1 for small networks and 2 for larger networks. Small networks (lessthan 10 nodes)

comprisedof more than one subnetwork performed no better at the conclusionof

the GA than networks comprisedof only one subnetwork. The initial generation,

however, does tend to scorebetter for multiple subnetworks, regardlessof network
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Figure 4.1. The aggregatealgorithm

size.

For the crossover operator, two chromosomesare chosen.From thosetwo chro-

mosomes,a node index i is randomly chosen. The i th node is selectedfrom both

chromosomes- we'll call them node A and node B. A and B represent the same

attribute, but the parents and children of the chosennodes may di�er drastically.

Nodes A and B swap parents. Speci�cally, node A removes all of its parents and

adds to its parent vector all of the parents of node B. Likewise,node B removes

all of its parents and adds the original parents of node A. Becausethis processmay

introducecycles,we check for and eliminate cycles.See�gure 4.2 for an example.

The mutator operator randomly picks a node and either adds, removes, or

reversesan edge.For additions or reversals,cyclesmust be �xed.

To determine how `�t' a chromosomeis, the network is scoredusing the BDE

score(BayesianDescriptor). For somelarger networks, we have found that the gold

standard network scoreslower than someof the candidate networks. However, the

networks that do scorebetter than the gold standard network generally di�er by a

small number of graph errors. Graph errorsare de�ned to be an addition, a deletion,

or a reversalof an edge.
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Figure 4.2. Crossover applied on node C4

For the training data, we used synthetic data generatedby a data generator

sampling from known networks of varying sizesand complexities. See �gure 4.3

for the networks used. We usedknown networks in order to evaluate how well the

algorithm might perform when the actual network is not known. The data generator

generatesrandom samplesbasedo� a known Bayesian network's joint probability

distribution table. The data generator sorts nodes topologically, picks a value for

each root node using the probability distribution, and then generatesvaluesfor each

child node according to its parents' values in the joint probability table. The root

mean squareerror (RMSE) of the data generatedcomparedto the network it was

generatedfrom is approximately 0. This meansthat the data is being generated

correctly.

When the algorithm is launched, the SLAM GA parsesan `options' �le to deter-

mine the method of instantiation, the samples�le to load, and other GA parameters.

Onceall of the parametersareset, the training samplesare loadedinto memory. This

might not be possibledepending on how many samplesare usedand how complex

the network is; if this is the case,then the samplesmust be continuously read from a

disk, which considerablyslows down the executiontime. We experimented with the

number of samplesand found that 1,000sampleswere su�cien t for most networks.
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Figure 4.3. Networks usedin experiments
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For our experiments, we used100generationsand 100population size. Smaller

networks typically only neededa population sizeof 10 to correctly learn the network;

having a population sizeof 100madethe smallernetworks learn a little faster. Larger

and more complex networks typically require larger population sizes. To keep our

experiments standardized,we decidedto use100 for all networks.

The initial population is generatedby the method speci�ed in the parameter

�le. The instantiater is createdby a classfactory, making the codemodular in nature.

For our experiments, weusedthe randominstantiater, the K2-Aggregatorwith n = 1,

and the K2-Aggregator with n = 2. Here, n meansthe number of networks that are

aggregatedtogether.

For the geneticalgorithm backbone, we again extendedthe GAJIT framework

(Faupel 2000). In the SLAM GA, each chromosomeis a bit-string that represents the

adjacencymatrix. The bit-string has n2 bits, wheren is the number of nodesin the

Bayesiannetwork. Each bit represents an edgebetween two nodes. The bit-string

can be thought of as a 
attened two-dimensionalarray. The �rst n bits represent

edgesto the �rst node in the network; speci�cally, the �rst bit represents an edge

from node 1 to node 1 (obviously, this bit would never be set - a node can't be a child

of itself). The secondbit represents an edgefrom node 2 to node 1. In general,bits

n � i through n � (i + 1) � 1 represent edgesto node i . The conversion to and from

a bit-string and a Bayesiannetwork is trivial.

After the initialization process,the genetic algorithm simply runs its course.

Each individual is scoredand sorted accordingto �tness. The top 20% of the indi-

viduals are automatically copiedto the next generation. The rest of the generationis

populated by either the crossover operation or the mutation operation. After a lot of

tweaking,we found that the best ratio of crossover operationsto mutation operations

is 1:1. Thus, approximately 2
3 of the leftover population are generatedby crossover

sincecrossover is a binary operation, and the last 1
3 is generatedby mutation. This
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processcontinuesfor each new generationuntil 100generationshave passed.At the

completionof the 100th generation,the chromosomewith the highest �tness is chosen

as the learnednetwork.

Our experiments were set up as follows:

For each network, do:
10 runs of 100pop/100gen with RandomInstantiater
10 runs of 100 pop/100gen with K2Instantiater with agg=1
10 runs of 100pop/100gen with K2Instantiater with agg=2

done

pop = population, gen= generation,agg= number of networks to aggregate

The best networks of both the initial generationand the last generationwere

recorded.The average�tness and the best �tness for each generationwere recorded.

4.2 Results

Resultsfrom the SLAM GA werevery encouraging.We have shown signi�cant

improvement over the GASLEAK algorithm and have overcomesomeof K2's weak-

nesses.Over the courseof the geneticalgorithm, the best �tness for each generation

improved by as much as 600% over the initial population, which is an immediate

indicator that the geneticalgorithm is making excellent progress.This also suggests

that the search spacefor the best structures is not deceptive.

With GASLEAK, the gold standard was rarely recoveredafter 100generations

with a population sizeof 100. However, with the SLAM GA, smaller networks have

beensuccessfullylearnedusing the samepopulation sizeand number of generations,

even when the initial population is randomly generated. Figures 4.4, 4.5, and 4.6

show how the SLAM GA performs very well with smaller networks. These �gures

wererandomly picked from the variousexperiment trials. Sometrials actually learned

the correct network.

Figures 4.7 and 4.8 show how the �tness curve improves for larger networks.

The most interesting result is the improvement madeby the 2-aggregate-instantiated
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Table 4.1. Averagebest �tness of all networks with all instantiation methods

Table 4.2. Varianceof all ten runs for each network with each instantiation method

populations over their respective random or single-K2 populations. The �nal graph

for the Boerlage92network had 22graph errorswhereasthe �nal graph for Alarm had

19. Thesenumbersare very encouraging,even though they appear high. Considering

the sizeof the search space,relatively few networks in the search spacewill perform

this well. There is room for improvement, however. Wefound that the largernetworks

such as Alarm and Boerlage92gave scoresthat were better than the gold standard

to structures that were more complex than the gold standard. This indicates that

our �tness function needsto be improved even though it producesgood results for

smaller networks like Asia.
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Figure 4.4. Resultswith the Asia network

29



Figure 4.5. Resultswith the Poker network
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Figure 4.6. Resultswith the Golf network
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Figure 4.7. Resultswith the Alarm network

Figure 4.8. Resultswith the Boerlage92network
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CHAPTER FIVE

Conclusion

5.1 Rami�cations

In creating the SLAM GA, we have contributed another e�ective structure-

learningalgorithm. Consideringhow largethe search spaceis (2(n2 )), the �nal network

generatedby the SLAM GA is outstanding, particularly for smaller networks. For

example,a network with just 8 nodeshasat most 264 possiblestructures!! Obviously,

a signi�cant percentageof the possiblestructures is illegal (cyclic); even after weeding

out the illegal structures, the search spaceis still astronomically huge. To �nd the

correct network out of all of the possiblestructures is incredibly good, especially

given the relatively few computations. Once the initial population is generated,the

only processthat is computationally expensive is the actual scoringof each network.

When running 100 generationsof 100 individuals per generation, at most 10,000

unique individual networks are evaluated. 10,000is minuscule comparedto size of

the search space.

Since the SLAM GA is successfullylearning the correct structure of smaller

networks (overcomingthe astronomical search space),we can say with somedegree

of certainty that the SLAM GA works, at least for smaller networks. The abilit y

to start from completely random networks and arrive at the gold standard network

in less than 10,000evaluations is incredibly good and is a clear indicator that the

algorithm works.

There are four main reasonswhy we believe the SLAM GA performssowell for

thesesmaller networks.

(1) The search spacefor structures is not overwhelmingly deceptive.

By this, we meanthat changing a few edgesis not going to catastrophically
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alter the �tness score. Notice in �gures 4.4 through 4.7 that there are very

few generationswherethe �tness value jumps up dramatically. Furthermore,

changesthat improve the score tend to stick with future generationsand

eventually contribute to the �nal network.

(2) The BDE scoreis very good for smaller networks.

(3) The actual search spacethat we deal with is a tiny fraction of the entire

search space.

Since K2 limits the number of parents to someconstant K (which is 5 in

our implementation), and the random instantiation method has an average

of 1 parent with a standard deviation of 0:7, the search spaceis immediately

reducedin size. Furthermore, even though the operators we usedo not limit

the number of parents a node can have, a very complicatednetwork is rarely

seenthroughout the life of the geneticalgorithm.

(4) The parent-swapping crossover technique is very e�ective in a coupleaspects.

By swapping parents with a parallel node, networks maintain most of their

past knowledge. Only one node is a�ected directly (which then a�ects its

children) while the rest of the network is kept intact. The parent-swapping

crossover technique is alsomanagesto explore the search spacediversely.

We believe that the SLAM GA is generalizable.We have shown with at least

three very di�erent networks (with nodesthat di�er greatly in arity, number of par-

ents, etc) that the SLAM GA is able to recover the gold standard. As long as the

�tness function is generalizable,the SLAM GA will be generalizable.

The SLAM GA does moderately well with larger networks. The main issue

at hand is that the scoring function we are using scoresmany non-gold standard

networksbetter than the goldstandardnetwork. However, the �nal network produced
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is still relatively closeto the gold standard. We believe that with an improved �tness

function, the SLAM GA will perform well with larger networks as well.

Sincethe number of parents are limited and the only computationally expensive

parts of the algorithm are the initial population creation (which is very fast with the

random generator,but slow with K2) and the scoringfunction, we project that this

is reasonablyscalable. As networks grow to hundreds or thousandsof nodes, the

parametersof the genetic algorithm will likely needto be tweaked. As long as the

scoringfunction is not unreasonablycomputationally expensive, this shouldnot be a

major issue.

The SLAM GA performsmuch better than GASLEAK in several aspects,even

though both geneticalgorithms usethe sameparameters,such aspopulation sizeand

number of generations.The most notable aspect is in the �nal network. GASLEAK

producesa network that has many graph errors comparedto the SLAM GA, which

often produces the gold standard network for small networks. GASLEAK takes

much longer to execute; GASLEAK must run the K2 algorithm on every individ-

ual in each generationand then scoreeach individual. For the SLAM GA, the most

computationally-expensive aspect is the creation of the initial population. This takes

about the sameamount of time asa singlegenerationevaluation in GASLEAK. The

actual genetic operators require very little time for both GASLEAK and SLAM.

In general, the SLAM GA performs signi�cantly faster and more accurately than

GASLEAK.

Using the aggregateof multiple K2 networks producesa better initial popula-

tion, which tends to reach the best scorein fewer generations. The causefor this

might simply be due to the network having more edgesthan otherwise generated

networks have. One aspect of the future work would be to investigate this matter

by increasingthe averagenumber of parents in the random generationinstantiation

method and comparingthe outputs.

35



The SLAM GA is an improvement on K2. K2 relies on a good ordering to

producea good network. However, an optimal ordering is often not known. Without

the known ordering, K2 is rendereduselesssinceit is infeasibleto explore the entire

search spacefor the best ordering without the help of a wrapper like GASLEAK. If

K2 is given a bad ordering, the �nal network is usually hopeless.However, the SLAM

GA hasshown that with a few edgemanipulations on bad networks, a good network

can be produced. Furthermore, even a bad network producedby K2 is often better

than a randomly generatednetwork. This gives us a better initial population than

pure random adjacencymatrices.

5.2 Future work

At the time of this writing, the SLAM GA is in a good state to be continued.

The SLAM GA is a completely functioning genetic algorithm that is designedin a

modular fashion. Anyone who would decideto continue with the SLAM GA would

easily be able to insert their own instantiater or �tness function and easily tweak

the geneticparameters{ all without even touching a line of code in the SLAM GA

project. A simple modi�cation to the variables �le (or supplying a new one at the

commandline) givesthe researcher completecontrol over the behavior of the genetic

algorithm. We have provided a simple interface to the instantiater and scoreclasses

so that anyone can write their own and plug it in the variables �le. The framework

and supporting code is alreadythere sothat the researcher can focusjust on research-

oriented work. (Seethe appendix for speci�cs.)

The main immediateareaof future research with the SLAM GA is in the scoring

function. As stated earlier, some structures score better than the gold standard

network even though they have many graph errors comparedto the gold standard.

The SLAM GA will happily selectthe better-scoringnetwork eventhough the selected

structure is worsethan the gold standard. A better �tness function will alleviate this
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and learn more complex networks with better accuracy, making the SLAM GA be

able to take on hundredsor thousandsof nodeson a larger scheme.

The mutation operator could be designeda little more intelligently. Currently,

the edgemanipulations are just random accordingto a presetdistribution that favors

deletingan edgeover addingand reversing. The 'add' option of the mutation operator

has the most room for improvement. Right now, it just addsan edgerandomly from

the network. However, it could be designedso that it only adds an edge that is

preselectedin the `restrict' phase of the SparseCandidate algorithm rather than

randomly adding any edge.

The SLAM GA could be tested with several more instantiation methods. Per-

hapsonenewinstantiation method could to utilize GASLEAK. After GASLEAK runs

its course,its �nal generationwould beusedasthe �rst generationfor the SLAM GA.

Other instantiation methods might utilize other structure learning algorithms. We

envision the SLAM GA as being a useful tool for assistingother learning algorithms

at the completion of their executions.

The scalability could be improved by parallelizing the geneticalgorithm. There

areonly two computationally-expensive aspectsof the SLAM GA: initializing the �rst

generationand evaluating each chromosome's�tness. The �tness evaluations could

be farmed out to slavesin parallel, which will shave a lot of time o� the �nal running

time.
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APPENDIX

.1 BayesianNetworks in Java

In order to experiment with Bayesiannetworks, the KDD groupat KansasState

University has createdBayesianNetworks in Java. BNJ is an open-sourcecollection

of software tools for research and development usingBayesiannetworks. This package

has undergoneat least three rewrites; most of my e�ort was spent in the �rst two

rewrites. The latest versionof the BNJ toolkit can be found at bndev.sourceforge.net

and is freely available to the public under the GNU license.

.1.1 Why Java?

We choseJava asthe programminglanguageprimarily becauseit is a platform-

independent programminglanguage.Java is alsothe programminglanguageof choice

for most undergraduateprogramming coursesat KansasState University. The most

common complaint about Java is that it is too slow. However, with processorsin-

creasingin speedso rapidly, speedis becominglessof an issue. In fact, the average

processorspeedhas increasedmore than six-fold sincethe time BNJ was in its early

stagesof development.

.1.2 BNJ Packages

The main BNJ modulesare:

� Exact Inference:

ls: Lauritzen-Spiegelhalterinferencealgorithm.

elim bel: Elimbel, a variable elimination inferencealgorithm.

pearl: Pearl's inferencealgorithm for singly connectednetworks

� Approximate Inference:
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ss: Simple samplingonly for inference.

logicsampling: Logic sampling for both inferenceand data generation.

lw: Likelihood weighting for both inferenceand data generation.

sis: Self importance sampling for both inferenceand data generation.

pearlmcmc: Pearl MCMC method for both inferenceand data generation.

chavez: Chavez MCMC for both inferenceand data generation.

� Structure Learning:

k2: K2 structure learning.

gawk: Genetic Algorithm Wrapper for K2 [EXPERIMENT AL].

� Data Generator:

logicsampling = Logic sampling for both inferenceand data generation.

lw: Likelihood weighting for both inferenceand data generation.

sis: Self importance sampling for both inferenceand data generation.

pearlmcmc: Pearl MCMC method for both inferenceand data generation.

chavez: Chavez MCMC for both inferenceand data generation.

� Analysis:

robustness: Robustnessanalysisfor structure learning.

� Utilities:

converter: BayesianNetwork �le format converter.

datacon verter: Data �le format converter.
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