ABSTRACT

In this thesis, we provide a generalbadkground for inferenceand learning,
using Bayesian networks and genetic algorithms. We introduce Bayesian Networks
in Java, a Java-basedBayesiannetwork API that we have dewloped. We descrile
our researt with structure learning using a genetic algorithm to seard the space
of adjacencymatrices for a Bayesian network. We rst instantiate the population
using one of seweral methods: pure random sampling, perturbation or re nement of
a candidate network produced using 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 sud as Asia and Alarm, and show that it is an e ectiv e structure-learning

algorithm.
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CHAPTER ONE

Introduction

One of the ewver-elusiwe questionsthat many psydiologistsponderis that of how
humans learn. This question drives some computer scierists to create arti cially
intelligent beingsin hopesto further understandhow humanslearn. A commonap-
proad to madine learningis that of discovering causalconnectionsand probabilities
between ewverts (Pearl and Verma 1991). Almost ewerything 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 ourselesfrom the conmbined heat. We
know that certain habits lead to bad health - it is known that smokingincreasegshe
likelihood of many health risks. We can predict whether a personposesa terrorist
threat by observingse\eral traits commonamongterrorists.

While it is not necessarilyagreedupon that conditional dependenciesare all
thereis to knowledge,conditional dependenciesare obviously a major aspect of learn-
ing. When conditional dependenciesare known, we have the power to infer future
ewverts and make “intelligent’ decisions.Theseconditional dependenciesan be shavn

pictorially in a graphical model.

1.1 Introduction to BayesianNetworks
1.1.1 Graphical models
A graphical model is a collection of nodes and arcs connectingnodes. Nodes
represeh random variablesor the state of a airs. Arcs represen conditional depen-
dency between two nodes; the lack of an arc represets conditional independence
betweentwo nodes.

Conditional independencebetweennodesA and B occurswhenthe 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 saidto be conditionally dependert on node A. Formally, we

s& that node A is conditionally independert 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

published his theoremin 1763. 1t stated that

P(HjoP(E|jH:q

p(HjE;c) = PEQ

(1.1)

In English, this says that the posterior prokability (the probability of hypothe-
sisH given what happensto c given E) can be determined by multiplying the prior
probability of H givenc (P(H | ¢)) by the overall likelihood that assumeshe hy-
pothesisH and the badkground information c is true (P(E j H;c)). The product is
then divided by the likelihood P (E j ¢), which is independen of H, in order to be
normalized.

The main idea behind Bayes'rule is the ability to explain mathematically how
your beliefs should be updated in light of new evidence. This allows us to combine
new information with existing knowledge. For example, considersomeonewho has
newer seena lightning storm and has newer 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 beliefis updated to 66%. The secondtiime, 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 \BayesianNetworks" becausethey utilize Bayes' rule for inference. Bayesian
networks represen probabilistic relationships among a set of variables. They are

a directed acyclic graph of dependenciesbetween nodes. An edge from node n;
2
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Figure 1.1. SampleBayesian Network.

to n, meansthat node n; directly in uences node n,. Note that a single edgeis
not a conditional probability table bit is instead just one axis. A Bayesiannetwork
descrikes a collection of joint probabilities between seweral nodes. The chain rule
allows us to de ne joint probabilities in terms of conditional probabilities. We can
determine P (X ;X 5;:::; Xyn) by computing Qi”:l P(X, j P&). For nodes without
parerts (sourcenodes), we just look at the prior distribution.

A commonexampleof a Bayesiannetwork is gure 1.1. This network descrikes
the following scenario: You have two neighbors - John, who livesto the west, and
Mary, who livesto the east. Being good neighbors, they call your cell phone when-
ewer your alarm goeso . If your alarm goeso, that typically meansthat a small
earthqualke just happenedor you're getting robbed.

With this example, supposethat a minor earthquake just occurred. What is
the probability that John is goingto 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 jawbrealersthat are either red or blue, but we have

no ideawhat percerage of jawbreakers are which color. We want to know how likely

3



it is that we'll pull out a blue jawbrealer. In orderto do that, we have to take se\eral

substantial samplesof jawbreakers and court 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 courting, we've found that 35% of the jawbrealers
were red while 65% were blue.

Without having to court the other 998,000jawbreakers, we can infer that 35%
of all of the jawbreakersin 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" value againstour expectations;we might nd out that we
needto increaseour samplesizeor run more experimerts to improve our con dence.

With Bayesianinference we have the luxury of the introduction of prior knowl-
edge. This can often be a useful cortribution to the ewaluation process.

When we have a Bayesiannetwork with speci ed CPTs (conditional probability
tables) and obsened valuesfor someof the nodesin the network (evidencenodes),
we want the ability to infer probabilities of valuesfor query nodes. In the general
case,this problem is NP-hard. Howewer, it can be accomplishedusing one of sev-
eral methods, sud as exact inference(Lauritzen-Spiegelhalteralgorithm) and Monte
Carlo, where we simulate the network to randomly calculate approximate solutions.
One of the key madine learning issuesis learning this information from data; this
will be discussedn detail in the next chapter.

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

Diagnosticinference which goesfrom e ects to causegP (B urglary j JohnCalls)).

Causalinferenceswhich goesfrom causego e ects (P (JohnCalls j Burglary)).

Someof the usesof inferenceare with diagnosis(sudch as medical diagnosis),pattern

recognition (such as speet recognition and image identi cation), prediction (given



evidenceand by the e ect of interverntion), 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 ewlution as it
occursthrough o spring. For most geneticalgorithms, the main conceptis that the
strongestindividuals survive a generation(survival of the ttest) and reproducewith
other survivors, producing (hopefully) an even strongerchild. The three main aspects

of a geneticalgorithm are:
Fitness function: This function is usedto ewaluate how "~ t' an individual is.

Genetic representation: Eacd individual is encaled in a mannerthat allows
the algorithm to easilymanipulate the information represetted. This couldbe
a seriesof on/o bits, arrays, trees, lists, or anything that is ableto represen
an individual. Eadh individual must represeh a complete solution to the

problem being optimized.

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

traits down to the next generation:

crossover: This is wheretwo parerts cortribute to the geneticmakeup of a
child. For example,half of parert A's traits are copiedover, comprising
half of the child's genetic makeup. Also, half of parert 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 frequertly in nature. Mutation yields some
unpredictable results - sometimesproducing a more t o spring, but

usually producing a less t o spring.

In most genetic algorithms, crosseer and mutation are the predominart operators.
Crosswaer simply choosesa point in both parerts and copiesthe left half from one
and the right half from the other, conmbining the two halvesto create a new child.
Mutation usually involvesrandomly rotating one or 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 basicidea of simulated annealingin computer scienceis very
similar: by allowing the 'solid" (seart process)to sometimesform an unappealing
shape (proceedin an unfavorable direction), we might be able to get out of a local
optima and ewertually reat a global optima. The main dangeris over-shating the
global optima or passingright through it. In order to balancethesedangersout, a
sophisticatedset of rules cortrols the occasionalacceptanceof ascets.

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

enceof in the score(or performancevalue). The acceptancecriterion (often called
6



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 seart algorithm to escag from a local
optima and increasethe chancesto nd a better solution with a typical local seard.
Obviously, T plays a vital role in the acceptancecriterion. At the beginning of the
seart processwhenT is the largest, more unfavorable results will be accepted,thus
escapingthe trap of local optima. As the procedureprogressesthough, 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 asfollows:

k=0
dof
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
Bayesian networks are very useful for a number of things. Medical diagnosis,

equipmen failure, imageand speed recognitionarejust a few of 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 evernts (or node instantiations). What we would like
to do, then, is somehav comeup with the model that generatedthe obsened data.
This is what structure learning is all about - trying to nd (‘learn’) the model that

matchesthe data. The rest of this thesisis dewted to doing just that.



CHAPTER TWO

Structure Learning badkground

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. Howeer, 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 obsenable variable instantiations. We want to have the power of inference by
learning the structure that most likely createdthe samples. Our challenge,then, is
to Il in the edges.We want to know which nodesare parerts of which other nodes.
The set of parerts and the range of eat node tells us what the target conditional
probabilities are.

The problem statemert is:

Given:

Return: the Bayesiannetwork that most likely generatedthe obsened data.

(expressingtarget CPTS)

This problem has beenshavn to be NP-hard (Hedkerman, Geiger, and Chick-
ering 1995).



2.2 Model Selection

In order to learn a network from data, somecriterion is usedthat measures
how well a network ts the prior knowledgeand the given data. Once we have this
criterion, we canutilize a seard algorithm to nd an equivalenceclassthat maximizes
this score (Hedkerman 1996). Example criterion include computing the log of the
relative posterior probability and local criteria, sud as a variation of the sequetial
log-marginal-likelihood criterion (Spiegelhalter,Dawid, Lauritzen, and Cowell 1993).
We have also tried using inferertial loss (Lauritzen and Spiegelhalter 1988) as a
criterion. One of the more common criterion is the BDE score, or the Bayesian
Descriptor, which is equivalert to the MDL score,or the "Minimum Descriptor Length'
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 explanationis favored over the more complicated

explanationif they both cometo the sameconclusion.

2.3 Seardt Methods

When learning a network from data, we typically limit ead node to having
k parerts. If k > 1, then this problem is still NP-hard (chickering, Geiger, and
Hedkerman 1995). In order to reducethe seart space,many heuristic approathes
have beentaken; greedy seart), greedy searty with restarts, best- rst seart, and
Monte-Carlo methods (Hedkerman 1996).

Most approadies rst make a changeto the adjacencymatrix and then evaluate
how much improvemen 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 seart is to add edgesin an order

that maximizesa scoreand then stop adding when no improvemen 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 greedyseart 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: Asdiscussecearlier, simulated annealingis usefulfor a gradier-
basedseart process.Changedo the adjacencymatrix dependon the currert
‘temperature'- as the algorithm progressesthis temperature decreasesand

stabilizesthe network structure.

Best- rst:  Best- rst seart is another way for escapinglocal maxima (Korf 1993).
The main idea hereis to go in whatewer direction is the best by measuring
a heuristic. It has beenshaovn that a greedyseard with random restarts

performsbetter than simulated annealingor best- rst.

In learning Bayesiannetworks, the seart spaceis typically huge. Someseart
methods try to seart through only an equivalenceclass,or a smaller subsetof the
possiblestructures. There are pros and consto this; the most obvious bene t is that
the seart spaceis reduced (but is still probably very large). One of the consis

sustaining an added costin moving from one structure to the next.

2.4 Score-baseds. Constraint-based
2.4.1 Score-based
The main idea behind score-basedearning is to optimize the degreeof match
betweenthe generatednetwork and the obsenations. It couplesthe construction of
a network with nding the direction of causality. In other words, we are utilizing
a function that ewaluates how well the independenceor dependencein a structure

matchesthe actual data. We are thereforesearding 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 parerts. Basically, we seart for the
structure that maximizesthe score. This approat can make compromisesand takes
the structure of conditional probabilities into accour.

Someof the score-basedeard algorithms, sut as SparseCandidate (discussed
below), dewelop somecriterion for including or excluding an edgein the adjacency
matrix. Others usesomeheuristic-basedapproad to seart over the spaceof adding,

deleting, or reversingan edge. What ewer 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-senseadea - observingtwo things happening simultaneously implies a
correlation. That's a necessarycondition for inferring that oneis causingthe other,
but it is not a su cient 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 somehav. We arbitrarily pick the direction and then considerevidenceabout
band cto seehow accuratelythe model predicts the data, thusinferring the direction
of causality. We want to seard for a network that is consisten with the obsened
dependencies. This is very intuitiv e with Bayesian networks 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. Howeer,
it is sensitive to errorsin independencetests. Unlike score-basedpproadies,this is

not basedon statistics.
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2.4.3 Similarities

Constraint-based and score-basedshare somecommon properties. Given suf-
cient data and computation, both approadesare sound. They can learn the cor-
rect structure. They both learn from obsenations and can incorporate knowledge.
Constraint-based learning incorporates knowledge in the form of hard-constrairts,
whereasscore-basedearning can build the network in a greedyform and use prior

knowledgeto skew the prior values.

2.5 Existing structure-learning algorithms
Se\eral algorithms exist today that attempt to learn Bayesian networks from
data. The BNJ toolkit hastwo structure-learning implemenations: K2 and Sparse

Candidate.

251 K2

K2 is a score-basedyreedy seart algorithm for learning Bayesian networks
from data (Cooper and Herslovits 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 seart algorithm to maxmize P(Bs, D). The
algorithm assumesan ordering of the nodessud that if X; comesbeforeX;, then X;
cannot be a parert of X;. The candidate parerts PA; for node X; is initially setto
nothing. The algorithm visits ead node X; and “greedily' addsto P A; the node that
maximizesscoreg (d; X;; PA) until the maximum number of parerts hasbeenreaded,
no more parerts are legalto add, or no parert addition improvesscoreg (d; X;; PA).

There are four primary assumptionswith the K2 algorithm:

(1) The databasevariablesare discrete.
(2) Casesoccur independertly, given a Bayesnetwork model.

(3) There are no missingvaluesin the database.
13



(4) The density function f (B, j Bs) is uniform. B, is a vector whose values

denotethe conditional-probability assignmeh assaiated with structure Bg.

K2 usesa scoring heuristic g to build the network.

a(i; )= quizl (Nﬁrﬂ,iril)!l)!QLizl Nij !

N; and Nj « are frequencycourts of how marny times a certain node con gu-
ration occursin data. ; is the setof parerts for nodei.

There are a few problemswith K2. It is a greedyseart algorithm, thusit may
fall into a local maxima. The algorithm is highly dependert 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 extensiwe
domain knowledge and the ordering might be related to a sequenceof events, then
we might be able to provide a node ordering. In most casesjf the ordering s already
known, it is likely that an expert could already construct the network. The number

of orderingsconsisten with directed acyclic graphsis exponertial. It is unfeasibleto

iterate through ewery single possibleordering.

2.5.2 SparseCandidate

SparseCandidate is an iterativ e algorithm that attempts to restrict the seart
spaceof Bayesian networks. It adievesthis by selectingfor eat node a small set
of candidate parerts and then searting for a network that satis es the constrairts.
The majority of structure-learning algorithms do not useany knowledgeabout the
expectedstructure of the network; howeer, the SparseCandidatealgorithm measures
the “distance'betweenead node to selectthe candidate parerts.

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 parerts whoseindex comesbeforethe child's index, cycles
cannot be introducedin K2.

The authors of the SparseCandidate algorithm have described a divide-and-
conquerapproad to the maximize phase,but we have not beenable to implemert
that at the time of this writing.

Our initial experimerts using a hill-climbing approad in the maximize phase
produced unfavorable results. This is either due to a faulty implemertation 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 badtrack bad decisions
and it cannot considerany joint e ects of adding multiple parerts. K2 adds nodes
\upstream"”, meaningthat only nodesof higherindex canbe consideredor parerts. If
atrue parent is not upstreamofits child, the parert will never be added;furthermore,
marny false parerts will be added, causingunexplained correlations. 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 uselessvhen we know nothing about the domain.
Both the optimal network and optimal ordering are intractable (Hedkerman, Geiger,
and Chickering 1995).

Enter GASLEAK: Genetic Algorithm for Structure Learning with Evidence us-
ing Adaptive-imprtance-samplingand K2. The main idea s to seart through the
di erent permutations of node orderingsin hopesof nding the right one(or oneclose
to it). GASLEAK wraps around the K2 (Kohavi and John 1997) (Raymer, Punch,
Goodman, Sansbagrin, 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 exponertial nature of the
searh space-n!; howeer, this is much better than the seart spacefor all possible
adjacency matrices of a network, which is somewherealong the lines of 20", To
further help our seart space,many orderingsmay make K2 producethe exact same

network, sothe optimal network might be generatedoy morethan onenode ordering.
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Figure 3.1. GASLEAK overview

3.2 Design

For the geneticalgorithm badkbone,we extendedthe GAJIT framework (Faupel
2000). Each chromosomeis a node ordering. If there are three nodesin a network,
onesamplechromosomemight look like[2 1 3]. The initial population for GASLEAK
is generatedby shu ing the node ordering for ead chromosome.

The crosseer technique for GASLEAK is order crossoer (Haupt and Haupt
1998). Order cross@er exdangessubsequencesf two permutations, displacing du-
plicate indices with holes. It then shifts the holesto one side, possibly displacing
someindices, and replacesthe original subsequencen theseholes. If two parerts
p.=[346215]andp, = [4 15 32 6] arereconbined using order crosseer, with the
crossoer maskunderlined, the resulting intermediaterepresetation isi; = [x x5 3 14]
andi, = [xx 624 1],andthe ospring areo;, = [625314]Jando, = [536241].
Mutation is implemerted by swapping uniformly selectedindices. Catastrophic mu-
tation can easily be implemerted using a shu e operator, but we did not nd this

necessary

17



The tness function usedfor GASLEAK is measuredby inferertial loss(Lau-
ritzen and Spiegelhalter1988;Neapolitan 1990). We determine how 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
inferertial loss. After all of the chromosomeshave been ewaluated, the top 20% of
the chromosomesare then automatically copiedto the next generation. The rest of
the population is lled in with chromosomeghat have beenprocesseduy either the
order cross@er operator or the mutator operator. This processis repeated until the
maximum number of generationshas beenreaded. The best network of the nal

generationis chosenasthe learnednetwork.

3.3 Results

The resultswerenot ertirely favorable. The medanicsof the geneticalgorithm
itself actually work ne. The initial population of shued orderingsis usually im-
proved throughout the courseof the algorithm, if even just by a little bit. The main
result that we found, albeit negatiwe, is that the tness function of comparingthe
inferertial 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
calculate every 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 sameinferertial capability asthe gold standard, eventhough many
correlations are super uous. However, this may also meanthat we are usinga "bad'
evidencebit vector. Part of the future work for the GASLEAK project is to try
modulating the evidencebit vector (or simply discardthe evidencebit vector) and to
try usingdi erent tness functions.

The best networks from GASLEAK usually had se\eral graph errors;in seeral
trial runsthrough GASLEAK, the small "Asia’ network wasnewer successfullyearned.
The accuracyof the learnednetworks is very problematic; there are many super uous
edgesreversededges,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 mostg 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 amourt of time the geneticalgorithm takesto execute,it is not
feasibleto keepadding slavesas networks becomemore complicatedand the number
of individuals in a population grows in size.

As networks becomelarger, the seard spaceblows up, making it even harderto
nd the optimal ordering. Sincethe sear®r spacemushroomsto unimaginablesizes,
the genetic algorithm parameterswill have to be tweaked to help diversify what is
being seardied. For example,the population size might have to grow at a fraction
of the exponertial pace,or the number of generationsmight needto be considerably
lengthened. For networks of 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 successwvith GASLEAK, we consideredimprovemerts to
the system. Many of the improvemers discussedwvererelated to the parametersand
behaviors of the genetic algorithm itself. It was during these discussionswhen the
idea of using a geneticalgorithm to manipulate the adjacencymatrix wasconsidered.

For my Master'sthesis,we designedhe SLAM GA. SLAM GA standsfor Struc-
ture Learning Adjacency Matrix Genetic Algorithm. The main ideais to manipulate
the adjacencymatrix via a geneticalgorithm in orderto maximizethe structure score.
The seart spaces astronomicallyhuge;it is at most2(">). A geneticalgorithm comes
to the rescue. Networks that scorewell in previous generationssurvive to produce
better networks in future generations.

A few peoplehave already designedgenetic algorithms 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 crosseer and mutation operators are designed.

During the lifetime of this experimert, we have tried seweral approades to
generatethe initial population. The rst approad was to generatepurely random
edgematrices. This would create numerousillegal structures, sowe 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 implemernted the Box-Muller random number generatorto selecthow many
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parerts would be chosenfor ead individual node. The Box-Muller algorithm takesas
parametersthe desiredaverageand standard deviation and then generatesa number
that ts the distribution. The “average'for this specic algorithm is the average
number of parerts. 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 approad for building the initial population wasto limit the selectionof
candidatesead node could have for a parert. We usedthe ‘restrict' phasedescriked
by the SparseCandidate paper to selectwhich nodes could be parerts of certain
children. We then usedthe Box-Muller algorithm to selecthow many parerts would
be chosen,and randomly added a candidate parernt. Cycleshad to be xed by this
approad aswell. Networks generatedthis way scoreda little better than the purely-
random networks, but still scoredlow.

The third approad wasmodeledafter the secondapproad. Instead of choosing
a random number of parerts, we added parerts usingthe g function from K2 until no
improvemens were madeto the g score. Networks generatedin this manner scored
slightly better than the previousattempts, but still scoredmuch lower than the gold
standard network.

The last approad was to supply random permutations of node orderings to
the K2 algorithm one or more times and create an individual chromosomefrom the
aggregateof the learnednetworks. Cycleshad to be chedked 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)
comprised of more than one subnetvork performed no better at the conclusionof
the GA than networks comprisedof only one subnetvork. The initial generation,

howewer, doestend to scorebetter for multiple subnetvorks, regardlessof network

22



Training Data

K2 Manager E

'BEN
Random Order; K2 ¢ I
i

Random Order , 2

Aggregator Aggregate BBN -

|

i

| BBI
=l

N
N

= Bl
K2 I
BBN

=1

Random Order,

Figure 4.1. The aggregatealgorithm

size.

For the crosseer operator, two chromosomesre chosen. From thosetwo chro-
mosomes,a node index i is randomly chosen. The i node is selectedfrom both
chromosomes- we'll call them node A and node B. A and B represeh the same
attribute, but the parernts and children of the chosennodes may di er drastically.
Nodes A and B swap parerts. Speci cally, node A removes all of its parerts and
addsto its parert vector all of the parerts of node B. Likewise,node B removes
all of its parerts and addsthe original parerts of node A. Becausethis processmay
introduce cycles,we ched 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 determinehow "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. Howeer, the
networks that do scorebetter than the gold standard network generallydier by a
small number of graph errors. Graph errors are de ned to be an addition, a deletion,

or a reversal of an edge.

23



Child 1 Child 2

Figure 4.2. Crosswer 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 whenthe 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
ead root node using the probability distribution, and then generatesvaluesfor eath
child node accordingto its parens' valuesin the joint probability table. The root
mean squareerror (RMSE) of the data generatedcomparedto the network it was
generatedfrom is appraximately 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 samplesle to load, and other GA parameters.
Onceall of the parametersare set, the training samplesareloadedinto 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 cortinuously read from a
disk, which considerablyslovs down the executiontime. We experimerted with the

number of samplesand found that 1,000sampleswere su cient for most networks.
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25



For our experimerts, we used100generationsand 100 population size. Smaller
networks typically only neededa population sizeof 10to 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
experimerts standardized,we decidedto use 100for all networks.

The initial population is generatedby the method speci ed in the parameter
le. The instantiater is createdby a classfactory, making the code modular in nature.
For our experimerts, we usedthe random instantiater, the K2-Aggregatorwith n = 1,
and the K2-Aggregatorwith n = 2. Here, n meansthe number of networks that are
aggregatedtogether.

For the geneticalgorithm badkbone, we again extendedthe GAJIT framework
(Faupel 2000). In the SLAM GA, ead chromosomes a bit-string that represets the
adjacencymatrix. The bit-string hasn? bits, wheren is the number of nodesin the
Bayesian network. Eadh bit represeits an edgebetweentwo nodes. The bit-string
can be thought of asa attened two-dimensionalarray. The rst n bits represen
edgesto the rst node in the network; speci cally, the rst bit represeits an edge
from node 1 to node 1 (obviously, this bit would newer be set- a node can't be a child
of itself). The secondbit represets an edgefrom node 2 to node 1. In general,bits
n ithroughn (i+ 1) 1 represeh edgesto nodei. The corversionto and from
a bit-string and a Bayesiannetwork is trivial.

After the initialization process,the genetic algorithm simply runs its course.
Ead 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 crosseer operation or the mutation operation. After a lot of
tweaking, we found that the bestratio of cross@er operationsto mutation operations
is 1:1. Thus, approximately % of the leftover population are generatedby crosseer

sincecrosseer is a binary operation, and the last % is generatedby mutation. This
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processcortinuesfor eat new generationuntil 100 generationshave passed.At the
completion of the 100" generation,the chromosomewith the highest tness is chosen
asthe learnednetwork.

Our experimerts were set up as follows:

For each network, do:
10 runs of 100pop/100gen with Randomlinstantiater
10 runs of 100 pop/100gen with KZ2Instantiater 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 ead generationwererecorded.

4.2 Results

Resultsfrom the SLAM GA were very encouraging.We have shavn signi cant
improvemen over the GASLEAK algorithm and have overcomesomeof K2's weak-
nessesOver the courseof the geneticalgorithm, the best tness for ead generation
improved by as much as 600% over the initial population, which is an immediate
indicator that the geneticalgorithm is making excellet progress.This also suggests
that the seart spacefor the best structures is not deceptie.

With GASLEAK, the gold standard wasrarely recovered after 100 generations
with a population sizeof 100. Howewer, 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
shov how the SLAM GA performs very well with smaller networks. These gures
wererandomly picked from the variousexperimert trials. Sometrials actually learned
the correct network.

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

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

Alarm
468.7004

274.143
685.3574

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

populations over their respective random or single-K2 populations. The nal graph
for the Boerlage92network had 22 graph errorswhereashe nal graphfor Alarm had
19. Thesenumbersare very encouraging,even though they appear high. Considering
the sizeof the seart space,relatively few networks in the seard spacewill perform
this well. Thereisroomforimprovemen, howewer. Wefound that the larger networks
sud as Alarm and Boerlage92gave scoresthat were better than the gold standard
to structures that were more complexthan 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 4.5. 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 cortributed another e ective structure-
learningalgorithm. Consideringhow largethe seart spaces (2("), 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 percenage of the possiblestructuresis illegal (cyclic); even after weeding
out the illegal structures, the seard spaceis still astronomically huge. To nd the
correct network out of all of the possible structures is incredibly good, especially
given the relatively few computations. Oncethe initial population is generated,the
only processthat is computationally expensiwe is the actual scoringof eat 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 seart space.

Sincethe SLAM GA is successfullylearning the correct structure of smaller
networks (overcomingthe astronomical sear® space),we can say with somedegree
of certainty that the SLAM GA works, at least for smaller networks. The ability
to start from completely random networks and arrive at the gold standard network
in lessthan 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 seart spacefor structures is not overwhelmingly deceptiwe.

By this, we meanthat changing a few edgesis not goingto catastrophically
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(2)

3)

(4)

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 scoretend to stick with future generationsand

ewvertually cortribute to the nal network.
The BDE scoreis very good for smaller networks.

The actual searth spacethat we deal with is a tiny fraction of the ertire

seard space.

Since K2 limits the number of parerts to someconstart K (which is 5 in
our implemenation), and the random instantiation method has an average
of 1 parert with a standard deviation of 0:7, the seart spaceis immediately
reducedin size. Furthermore, even though the operators we usedo not limit
the number of parerts a node can have, a very complicated network is rarely

seenthroughout the life of the geneticalgorithm.

The parert-swapping crosseer techniqueis very e ective in a coupleaspects.
By swapping parerts 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 parern-swapping

crosseer technique is also manageso explorethe sear® spacediversely

We beliewe that the SLAM GA is generalizable.We have shovn with at least

three very di erent networks (with nodesthat di er greatly in arity, number of par-
erns, etc) that the SLAM GA is able to recover the gold standard. As long as the

tness function is generalizablethe 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 scoresmarny non-gold standard

networks better than the gold standard network. However, the nal network produced
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is still relatively closeto the gold standard. We beliewe that with an improved tness
function, the SLAM GA will perform well with larger networks as well.

Sincethe number of parerts arelimited 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 geneticalgorithm will likely needto be tweaked. As long as the
scoringfunction is not unreasonablycomputationally expensiw, this should not be a
major issue.

The SLAM GA performsmuch better than GASLEAK in se\eral aspects, even
though both geneticalgorithms usethe sameparameters,sud 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 producesthe gold standard network for small networks. GASLEAK takes
much longer to execute; GASLEAK must run the K2 algorithm on ewery individ-
ual in eat generationand then scoreead individual. For the SLAM GA, the most
computationally-expensiwe aspect is the creation of the initial population. This takes
about the sameamourt of time asa single generationevaluation 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 read 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 parerts in the random generationinstantiation

method and comparingthe outputs.
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The SLAM GA is an improvemer on K2. K2 relies on a good ordering to
producea good network. Howewer, an optimal orderingis often not known. Without
the known ordering, K2 is rendereduselesssinceit is infeasibleto explorethe ertire
seard spacefor the best ordering without the help of a wrapper like GASLEAK. If
K2 is givena bad ordering, the nal network is usually hopeless.Howewer, the SLAM
GA hasshawn 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 givesus 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 cortinued.
The SLAM GA is a completely functioning genetic algorithm that is designedin a
modular fashion. Anyone who would decideto cortinue with the SLAM GA would
easily be able to insert their own instantiater or tness function and easily tweak
the genetic parameters{ all without ewen 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 researber completecortrol over the behavior of the genetic
algorithm. We have provided a simple interfaceto the instantiater and scoreclasses
sothat anyone can write their own and plug it in the variables le. The framework
and supporting codeis alreadythere sothat the researber canfocusjust on researb-
oriented work. (Seethe appendix for speci cs.)

The main immediate areaof future researt with the SLAM GA isin 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. Currenrtly,
the edgemanipulations are just random accordingto a presetdistribution that favors
deleting an edgeover adding and reversing. The ‘add’ option of the mutation operator
hasthe most room for improvemern. Right now, it just addsan edgerandomly from
the network. Howewer, it could be designedso that it only adds an edgethat is
preselectedin the ‘restrict' phase of the SparseCandidate algorithm rather than
randomly adding any edge.

The SLAM GA could be tested with seeral more instantiation methods. Per-
hapsonenewinstantiation method couldto utilize GASLEAK. After GASLEAK runs
its course,its nal generationwould be usedasthe rst generationfor the SLAM GA.
Other instantiation methods might utilize other structure learning algorithms. We
ervision the SLAM GA asbeing a usefultool for assistingother learning algorithms
at the completion of their executions.

The scalability could be improved by parallelizing the geneticalgorithm. There
are only two computationally-expensiwe aspectsof the SLAM GA: initializing the rst
generationand ewaluating ead chromosome'stness. The tness ewaluations 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 orderto experimert with Bayesiannetworks, the KDD group at KansasState
University has created BayesianNetworks in Java. BNJ is an open-sourcecollection
of software toolsfor researt and developmert using Bayesiannetworks. This padkage
has undergoneat least three rewrites; most of my e ort was spert in the rst two
rewrites. The latest versionof the BNJ toolkit canbe found at bndev.sourceforge.net

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

1.1 Why Java?

We choseJava asthe programminglanguageprimarily becausat is a platform-
independen programminglanguage.Java is alsothe programminglanguageof choice
for most undergraduateprogramming coursesat KansasState University. The most
common complairnt about Java is that it is too slov. Howewer, with processorsn-
creasingin speedso rapidly, speedis becominglessof an issue. In fact, the average
processorspeedhasincreasedmore than six-fold sincethe time BNJ wasin its early

stagesof dewelopmert.

1.2 BNJ Padkages

The main BNJ modules are:
Exact Inference:

Is: Lauritzen-Spiegelhalterinferencealgorithm.
elimbel: Elimbel, a variable elimination inferencealgorithm.

pearl: Pearl's inferencealgorithm for singly connectednetworks

Approximate Inference:
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ss: Simple sampling only for inference.

logicsampling: Logic samplingfor both inferenceand data generation.

lw: Likelihood weighting for both inferenceand data generation.

sis: Selfimportance 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 samplingfor both inferenceand data generation.
Iw: Likelihood weighting for both inferenceand data generation.

sis: Selfimportance 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 corverter.

datacon verter: Data le format converter.
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