A Survey on Inductive Learning

A RESEARCH PROFICIENCY EXAM PRESENTED
BY

JALAL MAHMUD
DEPARTMENT OF COMPUTER SCIENCE
STONY BROOK UNIVERSITY

Dec 21, 2005



Abstract of the RPE
A Survey on Inductive Learning

by
Jalal Mahmud
Stony Brook University

Dec 21, 2005

Inductive learning is the method of learning from observatilmakictive learning has important
applications over a wide range of area including pattern reamgnianguage acquisition, bio-
informatics and intelligent agent design. Because of divgrse applicability, inductive learning
methods including automata learning, grammar induction, hidagrkov model learning and
symbolic statistical modeling have attracted the attentb researchers for several decades.
Consequently, inductive learning continues to be amfagus of research. This report surveys
some of the key results in automata learning, grammar tiodudidden markov model learning
and symbolic statistical modeling. Different learning peold are critically compared to
emphasize their usability for various applications. Liegyrirom example sequences has been
illustrated by implementing automata learning techniquegdonla process model to capture
users browsing behavior in Web transactions. Experimengliaion of the learned model is
also reported. Possible future research is to incampogeammar induction and symbolic
statistical learning in rule based systems.
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1. Introduction

Inductive learning is a particular instance of machine legrrts goal is to find general
law from examples. This is a sub problem of theoreticahprger science, artificial
intelligence or pattern recognition. Grammatical infeeer& a special case of inductive
learning which aims to construct models of some underlyistesybased on sets of positive
and negative classifications. This problem can also bsidenmred as a special instance of the
problem of system identification where some target sysseinferred based on input/output
data. Itis an important machine learning problem with several egjpdins in pattern
recognition, language acquisition, bioinformatics and inteltiggyent designExamples of
grammar induction can be speech, chronological series, sivecastions of a Web user,
successive moves during a chess game. Grammatical infeneBé&A induction from finite
set of labeled examples has substantial application inaedemains including syntactic
pattern recognition, intelligent autonomous agents and languagesiion. We can also
consider the case of a robot navigating in an unknown environarhtattempting to
construct an accurate map of that environment. From the examples of the robot, it is
possible to learn the rules for robot navigation. Reseancinstructional robots and
conversational interfaces is based on the design of leargergsa which can be learned by
inductive inference techniques. Above example applicationsivatet the study and
comparative analysis of different aspects of autonmataction and grammar inference. This
work not only presents a detailed survey of learning automagjmammmar and Hidden
Markov Model (HMM) from examples, but it also presents thplémentation as well as
experimental evaluation of automata learning techniques fodetielopment of a process
model for Web transactions.

This survey also addresses the problem of parameter ¢ggafrivgic programs. There
are significant attempts to incorporate parameter legrimto computer programs. The
reason is twofold. First, it is desirable to add the abdit learning to computer programs,
which is believed as a necessary step toward building iggetl systems. Second, it is
possible to model complex phenomena such as gene inheritaorsumer behavior, natural
language processing by adding learning ability of computer programs.

Following section discusses basics of automata learning antmgr induction. In
section 3 and 4, non-probabilistic and probabilistic autoneatianing methods are discussed.
Symbolic statistical modeling with a focus on parametamieg for logic program has been
discussed in section 5. Preliminary work on the implememtadf automata learning for
development of a process model from Web transactional sequsrdescribed in section 6.
Finally, conclusion is drawn in section 7.

2. Automata L earning
2.1 Automata Preliminaries

Finite Automaton.
Finite automaton is an ordered 5-tuple M = ¥Q3, qo, F), where
* Qs a finite set of states.




* X is a finite set of acceptable input symbols.

* J is a transition mapping of a set Qxxinto a set P(Q)d defines the behavior of the
driving devices is often called a transition function.

* 0,0Q is an initial state of the driving device.

* F OQ is a set of final states.
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Fig 2.1: An Example Finite Automation

Deterministic Finite Automation.
Automata is calledleterministicjf 6(qg, 8 contains no more than one state for gayda

Non-Deterministic Finite Automaton.
Automata is calleshon-deterministicif 6(q, 8 contains more than one state for grgnda

Automaton Acceptance

A word is simply a finite sequence of symbols over saiphabet. Word w =,...a over an
alphabet is accepted by the finite automaton M = g, qo, F) if there exists a sequengg
O2,--,Gh Such thatq, = q, q,0Fand Uilj:1<i<n,1<j<k 9J(q,a;)=0.- A finite

automatorrecognizesa language L if the automaton accepts any word of the lgadua

State Equivalence
Two statesq and g in a DFAM = (Q, S, d,q0, F ) are said to besquivalent (or
indistinguishable) if they generate the same strings over an alpl2abet

Automaton Equivalence

Two finite automataM; = (Q1, 2, d1, Gho, F1) and M, = (Qa, 2, d2, o, F2), are called
equivalent if they recognize the same language over an alphiabet

State M erging

In many applications of automata modeling, a critical gobin the use of deterministic
finite state automata (DFA) is that the number of st&e®o large to implement many
practical problems of a normal size. State merging islaasical idea for automata
minimization [1,2]. Precondition of applying state merging operstéo have a method to
construct an initial model from the data, a way to identéydidates for merging, merge
states based on satisfaction of certain criteria and to &averror measure to compare
goodness for the resultant merge. Each step of state peygimeralizes the automaton,




because strings, which are not member of the training seysbengenerated as a result of
state merging.

Fig 2.2 State M erging Example

Automata Minimization

Classical automata theory [1,2,3] characterizes the unique faitomaton with minimal
number of states that is equivalent to a given finite aatom The Myhil-Nerode theorem
[4,5] states that, among the many automata that accept a lgivgumage, there is a unigue
automaton that has a minimal number of states. This is dakadinimal automaton of the
language. It is well known how to efficiently minimize aeteatinistic finite-state automaton
(DFA), in the sense of constructing another DFA that reizeg the same language as the
original but with as few states as possible [1,3].

2.2 Regular Grammar Induction and Automata L ear ning

Grammar induction is a particular case of inductive learnihg. general law is represented
by a formal grammar or an equivalent machine. The prolEgrammatical inference can
be stated informally as follows. Given a finite set ofngs along with a label indicating
whether or not a string is a member of the language, find ke which define the language.
This is a popular machine learning problem that has widacapgity in both computational
linguistics and related fields. For regular grammar infegerthe task is to identify target
grammar from finite set of positive examples and finge &f negative examples. Regular
grammars can be equivalently represented by a set of production rulesaa eggugssion, a
deterministic finite state automata (DFA) or a non-detestifinite state automata (NFA).



Most work on the regular grammar inference has choseh &-the representation of the
target regular grammar.

This is attributed to the following characteristics of aADREhey are simple and easy to
understand, there exists a unique minimum size DFA corresgptalithe regular grammar,
there exists polynomial time algorithm for several DFA openati

Data
—— - Induction -y Grammar
aaabbl SE= aﬁSI:r
ab S=> A

Fig 2.3 Grammar Induction from Examples

Since regular grammars represent a widely used subsetrrofilfdanguage grammars,
considerable research has focused on regular grammar oder@r equivalently,

identification of the corresponding DFA). An understandingtie issues and problems
encountered in learning regular languages (or equivalentgntification of the

corresponding DFA) are therefore likely to provide insight® the problem of learning
more general classes of languages.

2.3 Complexity-Result for DFA Learning

Efficient learning of DFA is an important research probl&uoal is to learn the smallest
automaton, which is compatible with the input. The problem ohieg the minimum state
DFA that is consistent with a given sample has betinedy studied for over two decades.
Exact learning of the target DFA from an arbitrary prestén of labeled examples is a NP-
hard problem [6,7,8,21]. Gold showed that the problem of identifyingrimemum state
DFA consistent with a presentation S comprising of aefimbn-empty set of positive
examples S+ and possibly a finite nonempty set of negativepesa S- is NP-hard. Gold
[21] also showed that it is not possible to exactly ifigrt language L, even in the limit of
infinite data, given only positive examples. But it is poiesio identify a stochastic regular
language from only positive examples.

2.4 Training Pattern for Learning

Once the sample data has been generated and labeleehdefés then conducted. It is assumed
that the training data is collected using some knowleddbkeofarget system to be inferréiche
set of examples, known as the positive sample, is usuatlg wiastrings or sequences over a
specific alphabet A negative sample, i.e. a set of stringbedonging to the target language,
can sometimes help the induction process. Efficient algasitton DFA learning assumes
that some additional information be provided to the learner.[Ri{t Porat and Feldman
[25], Dupont [22] and Lang et al. [15] assume a randomly-selected sainplie data. Parekh
and Honavar [23] assume a structurally complete set. Onessmry criterion for a
structurally complete set of training data is that it cowarsry state transition of a DFA
[22,23]. This requires that the algorithm which generatesréiieirig data knows something
about the structure of the DFA, namely its state tramsti Angulin [6,7,8] assumes a live



complete set. If L is a regular set and A = (Q®),ks its canonical acceptor, then a live
complete set for L is any finite set of strings P suchftiraevery live state q of A there exist
a string uJP such thad(g,u) = g. In other words, live complete set contains a septative
string for each live state of the target DFA. Oncina [Huases a characteristics set of
samples. A characteristics set S=[$8- is such that S+ is structurally complete with respect
to the target and S- prevents merging of any two states thadtaequivalent.

Fig 2.4 A DFA which has structurally complete set S+ = {b,aa,aaaa}
2.5 Active and Passive L ear ning

Regular grammatical inference methods that employ DFAael®s can be divided into two

broad classes: passive and active learning methods. In passiveds, a set of training data
is supplied to the algorithm. In active learning approadhesalgorithm has some influence
over which training data is labeled by the target DFA for @hadnstruction. Active learning

approaches are typically iterative, in which membership gsi@rie proposed periodically. In
these iterative active approaches, the amount of trainingadaitable for inference grows

over time, unlike passive approaches, in which a fixed setioirig data are used for model
construction. Active learning approaches are supervised but @dsaming approaches are
unsupervised.

3. Non Probabilistic Automata L ear ning

3.1 Learning with a Teacher: Active Learning

There are problem instances where only positive exangrke available. Negative examples
might not be available or are heavily biased or absurd exani@esuch instances, solution
is to learn with the help of a teacher.

Active Learning: L* Algorithm

Angulin [6,7,8] showed that DFA can be exactly learned in polyniaiimi@ with the help of

a minimally adequate teach®fAT (Minimally Adequate Teacher) capable of answering
membership and equivalence queries. Such a minimally adeqaeateitealso known as an
oracle, against which the learner asks questions. Thisascalled learning with queries.
Angulin showed that the learner must be able to answerbersimp queries (is x in the
language) and equivalence queries (is M’ equivalent to M, if then give me a

counterexample).




Angulin gives a polynomial-time algorithm [6] for learnindeterministic finite state

acceptors using membership and equivalence queries. Théhaigdknown as L* learns an

unknown regular language and generates a minimal DFA thaptacthe regular language.
The algorithm infers the structure of the DFA by askingaxher, who knows the unknown
language, two types of questions: membership queries and equévaleades. So this is

supervised learning. On a membership query, the learner &ethewr a string s is accepted
by the unknown language, and the teacher answers true or falsee@uiaience query, the

learner conjectures that the machine it has constructedjusaéent to the unknown

language. The teacher replies that the conjecture is eithertaariacorrect, and in the latter
case gives a counter-example, which is a string accépgteshe but not the other. In some
instances, active learning assumes that the oracle knomettsng about the structure of the
target DFA.

Drawback

This algorithm requires an external agent (an oratha}, can answer equivalence queries.
The oracle indicates whether the current model is etpnvéo the target DFA. If it is not,
then it returns new training data that belongs to the targgtitege but does not belong to the
language encoded by the candidate model. Once again, thisessshat the oracle knows
something about the structure of the target DFA.

Grammar L earning by Neural Networ k

In the last years neural network models [39] were usexdder to identify regular languages
and they have been applied to stochastic samples. Rulegdéhe learned grammar was
extracted from a neural network in the form of a DFA. sehenethods of regular language
identification share the serious drawback of having long compngttime. Moreover
training neural network requires a large number of trainingmgMes. Neural network is
essentially a Black Box that cannot explain the inherentnileg process. Lack of
understanding of the rules that underlie neural networfoppeance has limited their use in
some application domains.

3.2 Learning without Teacher

Non-Stochastic DFA |nduction: RPNI

The regular positive and negative inferen@@PNI) algorithm [13] is a polynomial time
algorithm for identification of a DFA consistent with a givehSe= S+ S-. Here S+

Uniiversal DFA

Set of general autonata

Target DEA
Zat of Spﬁﬂlﬁﬂ avtormata

FTA(S }

Fig 3.1. Search Spacefor DFA learning
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denotes the set of positive examples and S- denotes the sepative examples. A is
consistent with ssampleS = S+ U S- if it accepts all positive examples andcts all
negative examples. RPNI algorithm is guaranteed to ideat®FA that is consistent with
the set of positive examples and the set of negative dganfgurther if S happens to be a
superset of a characteristic set for the target DFA ttierlgorithm is guaranteed to return a
canonical representation of the target DFA. A labeled sampfrovided as input to the
algorithm. It constructs a prefix tree acceptor PTA(S+) aatarand numbers its states in the
standard order. PTA(S+) is a DFA that contains a path ft@rstart state to an accepting
state for each string in S+ modulo common prefixes. Tiegstof PTA(S+) are sorted in
lexicographic order and each state is numbered by ®igquoof its corresponding string in
the sorted list. Then it performs an ordered search in the sppagitibns of the set of states
of PTA, under the control of the set of negative examplks. dlgorithm iterates to find a
more general hypothesis by systematically merging tates of the PTA in order. The
derived automaton obtained by merging two states is testedrisistency with the set S-. If
the derived automaton accepts any string from S- then thgeme rejected and the
remaining states are considered for merging in order. r@iges the derived automaton that
is consistent with S- is treated as the new hypothesis astitieemerging continues with the
states of the new hypothesis. The algorithm terminateesnwno further state merges results
in a derived automaton that is consistent with S-. TBe dansistent hypothesis is then
returned as the learned DFA.

x a f
o

@)

}é S—a x(‘i@\ f"“f - “)/

Fig 3.2. A Prefix Tree Automataand Merged Automata
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4. Probabilistic Automata L earning

4.1 Stochastic Automata L ear ning Algorithm

Carrasco and Oncina [9] proposed ALERGIA, a stochastionatéolearning algorithm
that learns a regular language given the strings belongitigetlanguage. No information
regarding the strings not belonging to the language is neededjuites stochastic samples
of the input strings (That means samples consisting oftiysexamples that appear
repeatedly). Nevertheless, repeated occurrence of posititee compensates for lack of
negative examples. This algorithm develops a prefix treepaac (PTA) from the sample
and evaluates at every node the relative probabilitieseofransitions coming out from that
node. They merge the nodes of prefix tree acceptor following ladefhed order. During
the merging process, lexicographic orders of the nodes @serped. Merging is performed
if the resultant automaton is within some statisticaleutainty. When further merging is not
possible, the process ends. For merging states they hatéoa of equivalence. Two states
are equivalent if they have same number of outgoing aaose ®utgoing arc frequency on
each alphabet symbol and equivalent successors.

Advantages

Experimentally the algorithm needs very short time and compalgasmall samples in order
to identify the regular set. It is suitable for recommittasks where noisy samples or random
samples are common. The algorithm has been shown taypéase even for a large sample
set. Its performance is comparable to that of a recurrent netwadrke

O—=—)
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Fig4.1 A Stochastic Prefix Tree Automata (PTA)

Drawbacks

Two kinds of errors are possible: rejection of compatibitietween two equivalent nodes
and acceptance of compatibility between two non-equivaledesnoALERGIA tends to
merge too many states, even at a high confidence limitinigao an over-general grammar.
The resulting automaton frequently has loops in it, cpoeds to regular expressions like a
(b*)c. Real data is seldom described by such repeated structures.

4.2 HMM Learning

Hidden Markov M odel
An HMM [14] consists of the following components:

12



o Alphabet:Z ={by, by, ..., bu}
 Setof State) ={1, ...,K}

« Transition Probabilitiesa; for all states i and j
Ingeneral, @+ ... + & =1, forallstatesj=1...K
« Start Probabilities:ag; for all states |
These are the probability of starting with a particular gtate
Ingeneral,@ + ... +ax =1, forallstatesj=1...K
« Emission ProbabilitiesFor each stata, g(b) = P(x=b | = k)
These are the probability of emitting a certain letter wihile certain state.
e(by) + ... +glbw) =1, forallstatesi=1...K

In a HMM, probability of a sequence depends on the underlying sémjuence. When the
state sequence is known: (states=ss.. §)
P(S)=P(as)P(sls)P(2l2)P(sls)...P(sls-1)P(als)

When the state sequence is not known, usual approach is yo\aggpbi Algorithm [14 ] to
get the best state sequence corresponding to the obsersedioence. State sequence with
maximum a prior probability is considered as best stedaence by Viterbi algorithm [14].
Such state sequence is assumed to the true state sequdrm@rasponding probability is
computed according to the above equation. When the bessstatence (MAP sequence) is
not wanted, every possible state sequence corresponding tbsanvation sequence is
computed and probability of the observation sequence in thaélns computed by taking
the sum over all possible paths. For efficient computatiba, forward and backward
algorithm useful to compute the above formula in polynomiag {ibd].

0.8 0.5
|’/ Sunny ' Foogy
." Rai n}?

0.6

Fig4.2 An ExampleHidden Markov Model

Thel earning or Estimation Problem for HMM.

The learning problem is how to adjust the HMM parametessthat the given set of
observations (training set) is represented by the modéhenbest way for the intended
application. The quantity to be optimized during the learning peod#fers from application
to application.

13



Parameter L earning

Baum-Welch algorithm is used to find the unknown parameters of a HMM. It is also known
as theforward-backward algorithm. The Baum-Welch algorithm is an EM (expectation-
maximization) algorithm. It can compute maximum likelihootineates and posterior mode
estimates for the parameters (transition and emission lglitiea) of a HMM, when given
only emissions as training data. The algorithm has two :s{épscalculating the forward
probability and the backward probability for each HMM eta2) on the basis of this,
determining the frequency of the transition-emission paiuesmland dividing it by the
probability of the entire string. This amounts to calculatthg expected count of the
particular transition-emission pair.

Structure L earning

Baum-Welch algorithm can also be used to learn the structure oH¥®&. Baum Welch
estimation method assumes a certain topology and adjugtarthmeters so as to maximize
the likelihood of the model on the given data. If the strucisirenly minimally specified,
then this method can find HMM structures by setting a subdsieqgparameters to zero (or
close enough to zero so that pruning is justified).

4.3 Bayesian M odel M erging

Model merging has been proposed as an efficient, robust, and cogniplaakgible method
for building probabilistic models in a variety of cognitidemains [10,11,12]. Stolke and
Omuhondru described Bayesian model merging approach [10,11]. Theystfatditates
learning both the structure and the parameter of the mautal diven set of examples. The
process begins with a maximum likelihood model that diremiyodes the data. The method
can be characterized as follows:

Data incorporation: Given a body of data X, an initial model M is built lexplicitly
accommodating each data point individually such that M miaesnthe likelihood P(X|M).
The size of the initial model grows with the amount ofadand will usually not exhibit
significant generalization.

Structure merging: A sequence of new models are built, obtaining Mi+1 from ki
applying ageneralizationor mergingoperator. The merging operation is dependent on the
type of model at hand. But it generally has the property tlada points previously
‘explained’ by a separate model substructures come to beraedofor by a single, shared
structure. The merging process thereby gradually moves frompéesimstance-based model
toward one that expresses structural generalizations dimutata. To guide the search for
suitable merging operations a criterion is needed thdédraff the goodness of fit the data
against the desire for ‘simpler,” and therefore more generdéls.0As a formalization of this
tradeoff, they use theosterior probability of the model given the data. Posterior is
proportional to the product of the prior probability and liketd. The likelihood is defined
by the model semantics, whereas the prior has to be chosexpress the bias, or prior
expectation, as to what the likely models are. This choiaisain-dependent. A search
strategy is needed to find models with high (maximal,oggible) posterior probability. A
simple approach here Best-first search. Starting with the initial model (which maximizes
the likelihood, but usually has a very low prior probabilityxplores all possible merging
steps, and successively chooses the one (greedy searchy dbeme search) that give the

14



greatest immediate increase in posterior. Merging miteted when no further increase is
possible.

HMM Structurelnduction by Bayesian Model Merging

An initial HMM is constructed as a disjunction of all thbserved samples. Each sample is
represented by dedicated HMM states such that entire modeltages all and only the
observed strings. This is similar to the PTA constructedheyALERGIA algorithm for
learning SFA. The initial probabilities are assigned asvi@. The probability of entering a
path according to each string from the start state feumiy distributed. (if there are k paths
corresponding to k strings in S+ , then probability dégng each path is 1/k). Within each
path probability of observing a particular symbol at eaatestnd probability of taking the
outgoing arc from the state are both set to 1. The neeggps combine individual HMM
states and gives the combined states emission anditamsibbabilities which are weighted
average of the corresponding distributions for the stabtéstvhave been merged. Successive
merging of states generalizes the model. The merging taperahich is repeatedly applied
to a pair of HMM states, preserves the ability to gaweea#l the samples observed by the
initial model. But after merging of states, unobserved stringg also be generated by the
HMM. That means the merging operation actually generalizessample data. Bayesian
posterior probability is used to decide which states to merge andtaiséop.

Given the current model with n states, Stolcke and Omubogénerated a set of n
candidate new models. Each candidate contains a sing@geroéa pair of states from the
current model. The likelihood of each candidate model is ctedpusing the forward
algorithm. When generalization is done, the likelihood decresises now the model will
accept more strings than the ones in the data set. Td@late model with the least decrease
in likelihood is selected. The intuition is to generalizditle as possible at each step. If at a
step, the likelihood of all candidate models decreases beythmdshold then the merging is
stopped. At each step of model merging, Stolcke and Omohundraatgehevery possible
pair of candidate merging and calculated corresponding mddettise and posterior
probability of training data for that model. The number of potentexges calculated in each
step is a potential factor for their algorithm. Sometimes dosyecific constraints are useful
for reducing number of potential merges, but usually is €)(|@here |Q| is the cardinality
of the states of the model. |Q| grows linearly with nunalbsamples observed, which makes
such merging approach practically impossible. Theretriade off between model likelihood
and a bias towards simpler model. For expressing prefegenoeg alternate models, it is
required to have a notion of prior probability distribution for eacteho

Advantages
For most applications, it is not possible to specifyMily hand. Instead HMM needs to be

at least partly estimated from available sample data. Apptéeious HMM induction method
specifies only learning parameter of the model once the steuufixed. The Bayesian
model merging approach can adjust the model topology with. &tructure induction
methodology by model merging experimentally outperformeditiomal methodology like
Baum Welch. It produces models, which are more general and/or compact.

15
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Fig 4.3. Model Merging for HMM

Drawbacks

Their heuristic is not guaranteed to find the appropriate seque#rmerges and may result in
a model which is not equivalent to the generating model. @mlee major shortcomings of

the model merging method is its inability to back off franmerging step, that is an
overgeneralization for the new data. Bayesian model ngergiproach requires the use of
priors. Sometimes calculation of prior is difficult. Expegmmation with large range of priors

as well as application specific ones is time consuming.

Stochastic Context-Free Grammar L earning by Bayesian Model Merding

Based on the model merging approach to HMM induction, Stolke@muhondru have
extended the algorithm to apply to stochastic context-fgeggmmars (SCFGs), the
probabilistic generalization of CFGs.

Data incorporation. To incorporate a new sample string into a SCFG dewegl production
(for the start non-terminal) is added that covers the Eaprnecisely. One non-terminal for
each observed terminal is also created.

16



Merging. The obvious analog of merging HMM states is the mergingoofterminals in a
SCFG. This is indeed one of the strategies used to gereaatjzen SCFG by generating a
grammar that generates more than its predecessor, while reducsietioé the grammar.

Comparison of Bayesian Approach with ALERGIA

ALERGIA uses a depth first merging of states and runsria polynomial in the size of S+.
It is guaranteed to converge to the target deterministmnaatt in the limit. On the other
hand Bayesian model merging procedure considers all possthle merge at each step
before merging two states and is thus computationally mgrensive. Additionally there is
a need to appropriately chosen priors in the Bayesiamlemanerging procedure.
Experimental results shows that relativey uninformed pip@rforms well. Although there is
no guarantee to converge to the target HMM, the Bayesian muelgiing procedure has
been successfully applied in various practical applicatibngher Bayesian model merging
procedure has been used to learn class based n grams amdtgtamntext free grammars
which are more general in terms of their descriptive lodipas than the deterministic finite
automata returned by ALERGIA.

5. Symbolic Statistical Learning

5.1 Statistical Learning Preliminaries

Maximum Likelihood (ML) criterion

In ML we try to maximize the probability of a given sequeié observations O with respect
to the parameters of the model M. This probability istttal likelihood of the observations
and can be expressed mathematically as, L = P (O|M) Howiese is no known way to

analytically solve for the model, which maximize the qitgnt But using an iterative

procedure we can choose model parameters such that it is loeaityized.

EM Algorithm

In statistical computing, aexpectation-maximization (EM) algorithm is an algorithm for

finding maximum likelihood estimates of parameters in priiséib models, where the
model depends on unobserved latent variables. EM alternate®elne performing an
expectation (E) step, which computes the expected value of tinat ariables, and a
maximization (M) step, which computes the maximum likelihood estsnat the parameters
given the data and setting the latent variables to their exjpectat

Let the observed variables be knowryasd the latent variables asTogethery andz form
the complete data. Assume tpas a joint model of the complete data with parameters

P (y, z|6). An EM algorithm will then iteratively improve an iratiestimateéd, and construct
new estimate8; throughfy. An individual re-estimation step that derivigs ; from 6, takes
the following form:

On+1 = AIgMEAX Y p(z]y,6,)logp (y,2|6)
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In other wordsf, - 1 is the value that maximizes (M) the expectation (Ehefdomplete data
log-likelihood with respect to the conditional distribution of ient data under the previous
parameter value. This expectation is usually denot€(@s

Q)= p(z|y,bn)logp(y,z]6)

What is calculated in the first step are the fixed, data-depepdeameters of the functi@n
Once the parameters Qfare known, it is fully determined and is maximized in ¢keond
(M) step of an EM algorithm. It can be shown that an Eation does not decrease the
observed data likelihood function, and that the only stationaintgof the iteration are the
stationary points of the observed data likelihood functiompréatice, this means that an EM
algorithm will converge to a local maximum of the observed ti¢élihood function. EM is
particularly useful when maximum likelihood estimation of anptete data model is easy.
"Expectation-maximization” is a description of a classedhted algorithms, not a specific
algorithm; The Baum-Welch algorithm is an example oEdh algorithm applied to hidden
Markov models.

5.2 Logic Programming Preliminaries

In logic programming, a program DB is a set of definiteisés and the execution is search
for an SLD refutation of a given goal G. The top-down interpreteursively selects the next
goal and unfolds it into sub-goals using a non-deterministicalbsen clause. The computed
result by the SLD refutation is an answer substitutiari@ble binding). Usually there are
more than one refutation for G, and the search spacdl frefatations is described by an
SLD tree which may be infinite depending on the program lamdjoal More often than not,
applications require all solutions. In natural language prowg$sr instance, a parser must
be able to find all possible parse trees for a giventesice, as every one of them is
syntactically correct. Similarly in statistical abduatiave need to examine all explanations
to determine the most likely one. All solutions are obtaineddarching the entire SLD tree,
and there is a choice of the search strategy. In Prologstédmelard logic programming
language, backtracking is used to search for all solutions inradign with a fixed search
order for goals (textually from left-to-right) and clasqgextually top-to-bottom) due to the
ease and simplicity of implementation. The problem wvi#itktracking is that it forgets
everything until up to the previous choice point, and hence it is lijetg to prove the same
goal again and again, resulting in exponential search timeafsweer to avoid this problem
is to store computed results and reuse them whenever necessailyisiiah an instance of
memoizing scheme. Reuse of proved sub-goals in OLDT searah dfistically reduces
search time for all solutions, especially when refutatiohghe top goal include many
common subrefutations. Take as an example a logic progrdimgcof a HMM. For a given
string s, there exist exponentially many transition paths that cait@itDT search applied to
the program however only takes time linear in the length wf 8nd all of them unlike
exponential time by Prolog's backtracking search. It is reduat programming level a
tabulation mechanism for structure sharing of partial explanationeéetsubgoals.
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5.3 Parameter Learning of Logic Programs

Parameter learning is common in various fields from nenedorks to reinforcement
learning to statistics. It is used to tune up systemstHteir best performance, be they
classifiers for statistical models. The work done by %atd Kameya [26,27] for parameter
learning of logic programs has been studied. Sato and Kanueysek on statistical
parameter learning of parameterized logic programs, i.e. eéilduse programs containing
probabilistic facts with a parameterized distribution. Thesuaned that facts (unit clauses) in
a program are probabilistically true and have a parametemlistribution. Other clauses,
non-unit definite clauses, are always true as they encodedaeh as if one has a pair of
blood type genes a and b, one's blood type is AB. To learmptaes in a program, they
applied ML (maximum likelihood) estimation to observed dataameter learning in 2
phases: Search for all explanations for the observati®edundancy is eliminated by
tabulating partial explanations using OLDT search.) This eohraturns a support graph
representing the discovered explanations. Run the graphicahlgddithm on the support
graph, and learn the parameters of the distribution associatethepinogram.

The main contribution of Sato and Kameya for parametenitgaiof logic program are the
following:

» Distribution semantics for parameterized logic programs.

» The graphical EM algorithm (combined with tabulated search), aaeretrefficient EM
algorithm that runs on support graphs

» Comparable experimental performance with traditional learrppgoaches for statistical
models.

5.4 Symbolic Statistical M odeling L anguage (PRISM)

Sato and Kameya developed a symbolic statistical modeliggdae, PRISM. The language
is intented for modeling complex symbolic-statistical phesoan such as discourse
interpretation in natural language processing, stochastic Bluisumer behavior and gene
inheritance interacting with social rules. PRISM providesd¢ modes of execution. The
sampling execution corresponds to a random sampling drawntherdistribution defined
by the modeling part. The second one computes the probatfildygiven atom. The third
one returns the support set for a given goal. These exeacutides are available through
built-in predicates.

5.5 Graphical EM

Sato and Kameya proposed a new EM algorithm, the gragbidalgorithm, that runs for a
class of parameterized logic programs representing sequegtialon processes where each
decision is exclusive and independent. Graphical EM is deriwad distribution semantics
[28]. It runs on a new data structure called support graplusiloieg the logical relationship
between observations and their explanations, and learns parsuig computing inside and
outside probability generalized for logic programs.
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Data Structure Used

Graphical EM uses explanation graph and support graph asniherlying data structure.

Explanation graph for G is obtainable by searching foregfilanations of G using tabling.

Tabling remembers successful goals and reuses them toravodnputation of the same goal.
Probabilities are computed using explanation graphs which arempact representation of
statistical-logical dependency among events. In an exptengtaph, sub-graphs are partially
ordered and shared by super-graphs. Sharing of sub-graples caging of computations by
dynamic programming. Thus efficient computation is achievallsupport graph consists of
totally ordered disconnected sub-graphs. Sub-graph labeled isemptart node, end node and
explanation graphs with table nodes, switch nodes. Datangharachieved through the distinct
table nodes referring to the same sub-graph.

mewiinit, onos, gl) bmm{l,80, [a,b.a])
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Fig 5.1. Example of a Support Graph
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Assumptions
Graphical EM algorithm assumes: unigueness condition(one caelds ghe effect), finite

support condition (finite number of explanations for an obsemat acyclic support

condition (explanations must not be cyclic), exclusivenessliton (explanations must be
mutually exclusive) and independence condition (events in anareg@n must be

independent). Graphical EM achieves the same time caitypés BW and 10 when OLDT

search is used in explanation graph construction. OLDT setnatlegy applied to graphical
EM algorithm gives a better EM algorithm, called fast EM.

5.6 Advantage of Symbolic Statistical M odeling

The complexity analysis shows that when combined witibDkearch for all explanations
for observations, the graphical EM algorithm has theesaime complexity as existing EM
algorithms, i.e. the Baum-Welch algorithm for HMMs and bh&ide-Outside algorithm for
PCFG. Learning experiments with PCFGs indicated that taphgral EM algorithm can
significantly outperform the Inside-Outside algorithms@\distribution semantics proposed
in the paper enabled to derive an EM algorithm for thrarpater learning of logic programs
for the first time.

5.7 Future Directions for Symbolic Statistical M odeling

Learning ability can be further improved by introducing primtead of ML estimation to
cope with data sparseness. Current parameter estimati@sesl on estimation only from
positive examples. Use of negative examples for learning paanfdbgic programs can be
an interesting area for research. Also it is wortls¢e the result of relaxing some of the
applicability conditions. Symbolic statistical modeling ¢@nincorporated in other research
fields.

6. Preliminary Work

Preliminary work on application of automata learning haen done. An automata-based
process model to capture users Web transactional behavioremaed. The model was
realized by coupling techniques from content analysis of Wehndents, automata learning
and statistical classification. The process model andcagted techniques have been
incorporated into Guide-O [37], a prototype system that fat@k online transactions using
speech/keyboard interface (Guide-O-Speech), or with lilkdisplay size handhelds (Guide-
O-Mobile).

6.1 Process M odel as Automaton

Formally, the process model is defined as follows: Let {€,,¢;....} be a set of concepts,
and I(c) denote the set of concept instances. Let Q =¢{q....} be a set of states. With
every stategy we associate a s& /7 C of concepts. Let O = {g0y,...... } be a set of
operations. An operatiom can take parameters. A transitidrs a functionQ X O - Q, and
a concept operationis also a functio© — O. Operations label transitionse. if J(q;, 0) =
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g theno is the label on this transition. An operatior J (C) is enabled in statg whenever
the user selects an instancecaf/ § and when it is enabled a transition is made faprto

stateq; = (g, 0).

show item detail add_tc__cart add_to_caﬂ

item_select item_select check_out
select_item_jcategory . submit_searchfgrm
item_select |sybmit_searchform vi

(¢

theck_out
searchform add_to_cart - check_out

9‘nit_sea l’CthI’D

view_shoppingcart,
update_shoppingcart

select _item_catégen

continue_shopping

Fig 6.1. Learned Process M odel for Web Transactions

Figure 6.1 illustrates a process model. The concepts associgtedstate 1 are “ltem
Taxonomy", “Item List", and “Search Form". This means th#tese concept instances are
present in the Web page given to 1 as its input then théyeviéxtracted and presented to
the user. The user can select any of these three conceptay\tats the user chooses “ltem
Taxonomy" concept whenever she selects a particular cgtefjdem in the taxonomy and
upon selection the corresponding operaselect item categong invoked. This amounts to
fetching a new Web page corresponding to the selectedocatagd a transition is made to
state 1. When the user selects the “Search Form" corfees sequired to supply the form
input upon which theubmit searchformperation is invoked. This amounts to submitting the
form with the user-supplied form input. A Web page consistinghef search results is
generated and a transition is made to 3. Lastly a user cahaeiem from a list of items in
the “Item List" concept. This will result in a Web pageatidsng the item selected and the
transition labeledtem selecis made to state 2. The state transitions of other statebe
similarly described. In the figure, state 6 is deemed as the final stat
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6.2 Learning from Web Transactions

select_item_category

€ (b)

Fig 6.2. A Prefix Tree Automata and Learned DFA

For a process model, training sequences are logs of usatiegtiluring web transactions.
Each training sequence we used for learning the process nmussts of strings whose
elements are operations on conce@gy.<submit_searchformitem_select add_to_cart
check _out > Each of the training sequence is labeled as either poggirecessful
transactional sequence) or negative (unsuccessfubttamsal sequence). From the training
transactional sequences, we constructed the set S+ (by tkihe transactional sequences
labeled as positive). We also constructed the set S- (imgtaK the transactional sequences
labeled as negative). We first construct a prefix tree autofRdi&) as shown in 6.2(a) using
only the examples in the positive $&t. In 6.2(a), the sequence of operations along each
root-to-leaf path constitutes a string3n. For this example the negative Setonsists of the
strings: {check out> <submit_searchform, add_to_cart><submit searchform, check
out>,<submit_searchform, select_item_category, add_to_cart, check_.olibg prefix of
every string inSt+ is associated with a unique state in the prefix tree pféikxes are ordered
and each state in the prefix tree automata is numberédelyosition of its corresponding
prefix string in this lexicographic order. Next we generatize prefix tree automata by state
merging. We choose state pair§), i <] as candidates for merging. The candidate ipgis
merged if it results in a consistent automata. For examplging the pair (1,2) is consistent
whereas (3,4) is not merged as the resulting automataaedkpt the string<submit
searchform,check outin S- Figure 6.2 (b) shows the final DFA returned by the algorithm
which is consistent with S+ and S-. Since we do at r@3sttate merging, wher@® is the
cardinality ofSt, the time complexity is polynomial. In the next subsecticpesamental
evaluation of the performance of the learned process model is f@eksen
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6.3 Evaluation of the M odel

Experimental Setup

We choose three different domains — books, electroniceféind supplies. We collected
approximately 200 traces from 30 web sites over those 3 dem@ihese were labeled
sequences whose elements are concept operations. A nun®8rgraduate students were
enlisted for this purpose. Each subject was manually tramedentify concept instances
from web pages. To assist in labeling web pages with contsginces and operations, a
user interface was provided to each subject during tracectolie Specifically each student
was told to do around 5 to 6 transactions with a Web broaséd the sequences were
generated by monitoring their browsing activities. They kdbaach transactional sequence
as either successful transaction (which became a \mosékample) or unsuccessful
transaction (which became a negative example).

Performance M etrics for Evaluation

We evaluated our model learning scheme quantitatively. We hsddates collected by
the subjects to measure the accuracy of our model learning. Twvareslivided in two parts:
training and testingFor testing the performance of the learned process m@&g@el,
transactional sequences were udegzhrning accuracy of the process model in terms of
recall and precision has been measured. Recall for a proodss$ imthe ratio of the number
of successful transactions accepted by the model ovemumaber of such transactions. For
precision, denominator is the total number of accepted actinas (either labeled as
successful or unsuccessful).

L earning Accuracy for Different Domains

098 4
0896 A
094 4
o092 4

0.9 4
088 4
086
054 4
082

0.8 4
0.7s

oarecall

@precision

Recall Precision

Books Electranics OfficeSupplies

Dom ains

Fig 6.3. Recall/Precision Characteristics of L earned Process M odel
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As the above figure displays, recall precision charatiesisvere 90% and 96% for books
domain, 88% and 84% for electronics domain, 84% and 92% for office suppliesndomai

Failure Analysis

100

% Failure
i
Q

1 = =

S hortest Path Hop Count froem Final State

Fig 6.4. Failure Analysis of the L earned Model

Failure analysis was performed from the experimentailteesTest traces that were not accepted
by our model were denoted as failure traces. We identifiedstate, which is reached until a
failure is accounted and measured the hop count fronstie to the accepting state. Analysis of
failure curve indicates that almost half of the failuseés ends one hop away from the final state
of the model. And only 10% failure ends three or more hopyafnom final state. This result
emphasizes the power of our model that can direct theagselose as to the final state even for
failure scenario.

7. Discusson and Future Research

This work addresses the comparative analysis, problemsadutibns to different aspects of
automata learning, grammar induction and symbolic statisticalelimg. This study is
motivated by partly to better understand the processdeiciive inference and partly by the
numerous applications of such learning. Application of autorfesning is described to
learn a process model from example transactional seqgidbgeerimental evaluation is also
reported. Possible future directions are application of piliktah automata learning for
modeling of proteins, application to text categorization at teining. A future area of
research is to learn deductive spread- sheet (DSS) [38¢stpns from given examples.
Thus grammar induction can be efficiently applied to a hased system. The study on
symbolic statistical learning for parameterized logicgpam also motivates to incorporate
similar statistical modeling into XSB system, which istabled logic- programming
environment [34,35,36]. Incorporation of learning ability into XSH i beneficial to the
users interested in Program Analysis, Model-checking and datiag. Finally, addition of
parameter learning ability from DSS expressions is a possitieefresearch.
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