Proceedings of the 6th WSEAS Int. Conf. on EVOLUTIONARY COMPUTING, Lisbon, Portugal, June 16-18, 2005 (pp65-69)

Cooperative evolutive concept learning: an
empirical study

Filippo Neri
University of Piemonte Orientale
Dipartimento di Scienze e Tecnologie Avanzate
Piazza Ambrosoli 5,
15100 Alessandria AL, Italy

Abstract - An investigation of the results produced by two cooperative learning strategies exploited in the system REGAL
is reported. The objective is to produce a more efficient learning system. An extensive description about how to setup
suitable experiments is included. It is worthwhile to note that, in principle, these cooperative
learning strategies could be applied to a pool of different learning systems.
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I. INTRODUCTION learning includes also approaches like: boosting [22] and

_ ) o ~bagging [2]. These techniques combines a pool of classifiers

‘Concept learning [3] is the task of finding a rule (in &, order to improve their separate classification performances.
wide sense) that discriminates between positive and negaigygnerally they exploit re-sampling or weighting of the learning
instances of a given concept. The relevance of concept learjRgiances in order to acquire different classifiers to be com-

is well characterized by the variety of its fielded applicationgineq and they are independent from the specific used learning
like prediction of mutagenetic compounds [12], and managgiethod.

ment of computer systems and networks [1:,)’]' [16]. Learning y,q paper organization follows. In Section 2, REGAL and
concepts means searching large hypothesis spaces. So.\fR€ cooperative learning strategies are briefly described. In
capability to take advantage of effective search becomes a pldgtion 3, the experimental context is analyzed. In Section 4,

Approaches based on Genetic Algorithms [8], [5] provege results are reported. The conclusion ends the work.
their potentialities on a variety of concept learning tasks [1],

[11], [4], [6].

From these efforts it emerged that the main disadvantage
of using GAs, with respect to alternative approaches, stays inREGAL [4], [15] learns relational disjunctive concept de-
their high user waiting time and in their high computationaicriptions in a restricted form of First Order Logic by using
cost. A possible way of reducing GA computational cost is teooperative evolution. In REGAL an individual is a conjunc-
use distributed computation efficiently: possibly by promotingive formula (encoded as a fixed length bitstring) and a subset
cooperation or competition among the simultaneous evolving the individuals in the populations has to be determined to
populations. This approach is known as cooperative evolutifgrm a disjunctive description for the target concept. For the
or co-evolution [10], [7], [18], [15], [24]. scope of this work, we concentrate on REGAL's cooperative

Hillis [7] studied a host-parasite coevolutive system to derchitecture as a description of the system’s other components
velop sorting network. Other researchers exploit co-evolutidrave already been published.
to decompose complex problem into simpler subproblems atREGAL's architecture is a network of N processes
runtime, and then the evolution of several species, each afi@ Learners, coordinated by aSupervisor that imposes
oriented to a subproblem’s solution, is promoted. Periodicallypoperation among the evolving populations. Metaphorically
a candidate solution for the problem is assembled from tBpeaking, eaciGALearner realizes a niche, defined by a
species’ best individuals and evaluated. Finally, the solutismbset of the learning instances, where some species lives.
evaluation is backpropagated to the existing species througkach G ALearner,, tries to find a description for a subset
new problem decomposition that affects their further evolutiast the learning instancesS,, by evolving its population. In
[10], [18], [15], [24]. addition, theG A Learners may perform migration (exchange)

In the past, we investigated how the adoption of cooperatieé individuals. The Supervisor coordinates the distributed
learning into the GA-based system REGAL [15] could produdearning activity by periodically assigning different subsets of
a more efficient learning system. Research on cooperatihe learning instances to th@ALearners. The composition

Il. THE SYSTEMREGAL
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of these subsets depends on the specific cooperative policy* N is the number of availabl€& ALearners */

used. Two policies of cooperation will be investigated. LS=FuC
NotCovered = E Uycconcept POSCoOVE, LS, w)
[1l. Two COOPERATIVELEARNING STRATEGIES for n=1to N

LS, = C U NotCovered

REGAL's results depend on the emergence of an effectieadfor
cooperative behavior among its learning processes. As sa'r&Stl= < sorty €Concept by decreasing values of, LS, w) >
beforg, in the system, cooperatlo'n is achieved by perlodlca\fll\x]"e not emptyé-list) do
adjusting the Iearnl_ng sets _a35|gned to eaéhLearn_er. ¢ = FirstElemé-list)
Thus, the cooperative learning strategy that determines ther_jist = r-list - ¢
composition of these learning sets becomes the very responisS, = LS,U PosCov{,LSw)
sible for a successful outcome. As no a priori information n = (n + 1) mod N
is available on what is a successful assignment of learnifi while
instances, we decided to develop two cooperative Iearnihgum({LS"})
strategies based on different assumptions. The procedureCoopL Sy sk first determines which learning

First, we analyzed the methods used by well known learnifigstances are not covered by the current concept description
systems (like: AQ [14], C4.5 [20], FOIL [19]) to deal with Concept; these instances will be included into every new
a large set of instances that cannot be covered by a singiehe definition. Afterwards, the extension of one or more
conjunctive formula. They all exploit a "divide et impera”conjuncts in Concept is added to a generic niche definition.
policy (also known as “learn one conjunct at a time”): learn8oughly speaking, th€'oopLSr s Strategy assigns to each
a description, remove the instances covered by it from théALearner the task of extending (generalizing) the extension
learning set, and restart the learning on the remaining iof a found description to include the uncovered instances.
stances. So we decided to implement a similar policy as aThe name "Let Seeds Expand” derives from the way the
cooperative learning strategy, named Let Seed Expand, thancept description appears: first, some formulas, describing
works as follows: when a learner find a descriptiozytemove subsets of the learning instances, are found and, then,
from its learning set all the instances covered by other alreaif\gir extensions grow to include the uncovered instances.
found descriptions and not coveredbyand letyy improve. In  Considering the extension of the found concept description,
some sense, this policy realizes a pool of "divide et imperdhis form of cooperation favors the discovery of formulas
learners evolving in parallel. A drawback of the “divide ehaving overlapping extensions because a number of the same
impera” approach is that it causes the learning of a numdearning instances appears into several niche definitions.
of descriptions covering few instances (the "small disjuncts”
problem) that are usually not very predictive [9]. The reason The Cooperative Learning StrategyDescribe Those Still
for such behavior is the sharp reduction of data available foincovered

learning in the latest rounds of application of the policy. A diff ff ¢ tiorCoonL.S © i
: ; ; ifferent form of cooperatiorCoopLSprsy, (Describe
We also defined an alternative form of cooperation, namq.%ose Still Uncovered), has been designed to help the dis-

Describe Those Still Uncovered, that forces the leamers d8yery of descriptions covering the "difficult” instances. As
dealing as soon as possible with the instances difficult &gon as a promising concept description appears the instances
cover. Essentially, as soon as a promising concept descriptit covered can be identified as difficult ones. Thus they get
emerges, the instances not covered by it are included into igfluded into all the learning sets to increase their probability
the learning sets, whereas each covered instance is inseﬂteﬁe'ng covered, whereas the covered ones are inserted into
. . . nly one learning set. The policy definition is:

into only one learning set. This approach should reduce e

probability that "small disjuncts” appear. CoopLSprsu(Concept, E, Cw, {LS,}, N)

; P ; . I* Concept is the current concept description */
The detailed description of the cooperative learning ', £50 thg ot of the SRl C%ncept irl?stances y

strategies follows. I* C is the set of the available non concept instances */
[* w is the class of the concept instances */
The Cooperative Learning StrategylLet Seeds Expand I* {LS,} is the set of niches’ definitions */
/* N is the number of availablé€s A Learners */

The cooperative learning strategy Let Seeds Expardy, LS=FEUC
has been explicitly designed to allow a parallel |eamingotCovered = E Uypeconcept POSCov{, LS, w)
activity based on the "divide et impera” philosophy: remov®" N=1t0 N
the covered instances and learn a description for the remainin%Lfgrn = C U NotCovered

ones. Its definition follows: endi
Assigned =0
CoopLSLse(Concept, E, Cw, {LS,}, N) m-list = < sorty €Concept by decreasing value #{y, LS, w) >
/* Concept is the current concept description */ n=1
/* E is the set of the available concept instances */ while not emptyfr-list) do
/* C is the set of the available non concept instances */ o = FirstElem(r-list)
/* w is the class of the concept instances */ m-list = w-list - ¢

* {LS,} is the set of niches definitions */ LS, = LS,U {e|e € PosCov{,LSw) ande ¢ Assigned}
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Assigned = Assigned/LS, parameters’ values, under which to run the learning system.
(;‘ T”(n +1) mod N We now discuss issues 2) and 3) in more details.
enawnie o . . . .
return({ LS, }) Characteristics of the Selected ApplicationAs applicative

domain, we selected a known concept learning dataset: the
First, the procedur€oopLSprsy includes the learning in- "Mushrooms® [23] one. This problem is characterized by
stances not covered by the current concept description ithe absence in its hypothesis spaces of a purely conjunctive
each new niche definition. After, th€oopLSprsy Strategy concept description and by the existence in its hypothesis
orders the formulas in the current concept description Conceypiaces of at least a disjunctive concept description. The
according to theirr value. Then, the i-thGALearner get knowledge about this hypothesis space comes from results
the task of learning a description covering the instances ragpeared in the literature.
covered by the first i-1 formulas in-list, plus the instances From previous experiments, we know that the Mushrooms
not covered by Concept. application admits as good description for the poisonous
According to this policy, the learning instances covered bypushrooms concept that requires 15 conditions to be tested.
Concept are included into only one niche definition. Instead, Three randomly selected sets of 4000 instances (2000 edible
those instances not covered by any formula appear in plus 2000 poisonous) have been used as learning sets, while
the niche definitions. As soon as an instance is covered, the remaining 4124 instances have been used for testing.
number of niches, containing it, drops to one. Considerirghoosing Proper Experimental Configurationsin order to
the extensions of the found concept description, this form afn a GA-based system, a set of parameters such as the
cooperation biases the learning activity towards descriptiopspulation size, the number of generations to be accomplished
that do not cover the same instances, i.e., they tend to hdwe short, the generation number), the crossover probability,

almost non overlapping extensions. the mutation rate, etc. have to be fixed [5]. In general, the
results obtained by any GA-based system are sensitive to the
IV. EMPIRICAL QUALITATIVE EVALUATION chosen values. A system is robust to the parameter variation if

a little variation in its parameters values corresponds to a little
The effectiveness of any concept learning system is pghift in the "quality” of its results. We analyzed and discussed
marily evaluated on the basis of its averaged prediction erREGAL’s parameter sensitivity in [4].
estimate. However, in order to provide a closer insight in |n this work, we used our usual parameter setting as reported
a system behavior, additional measures may be used, sitrable I. The population size and the generation number
as, for instance, measures accounting for the structure of {here chosen after some exploratory runs which allowed to
acquired concept description. The comparison of REGAL&etermine a sufficiently small value. A migration rate of 0.5

performances in terms of its average prediction error hgseans that half of one population migrates toward other GAs.
already been analyzed [17]. We are here interested in the

qualitative evaluation of how cooperation affects the structureV. REGAL WITH OR WITHOUT USING A COOPERATIVE
of the found concept descriptions. Consequently, we will study STRATEGY
REGAL's behavior with and without a cooperative strategy at

work and considering the effect of migration. Given all the. dof d inti | t and what tational ti
previous, setting up a suitable experimental context involv {d of descriptions are learnt and what computational cost IS

dealing with the following three issues: involved when no cooperation or some cooperation policy is

1) The selection of what characteristics of concept descriptigﬁplo'tedt‘) A sl_et otrkr)]asflc”cor?ﬂguratlﬁns hf?‘s been selectedq to
should be measured. We chose the following ones: (a) At as a baseline. The following configurations, corresponding

average prediction erroe) evaluated on a independent set oﬁ‘%r]t?iie?:g_imeter settings appearing in Table |, have been
instances; (b) its complexity (C); (c) the number of conjunc . _ o

(NC) in Concept; (d) the maximum (MXC), average (AVC){éONFl é.lfi@GjleLarners angd —h0.0) - A Ibgsm d'smb:ﬁe.d
and minimum (SMC) number of positive examples cover Fir(;)g(_: vidual esmem’ each one evolving a pog)_u atlonh
by any conjunct in Concept; (e) and the user waiting time (T), In _:_Vr'] uals. No cr?operatlve lstrategy to IC‘?Or ;]nater: ?
i.e. cpu time of the slowest learners to complete its task. T rners. This means that every learner exploits the whole

1 . . . 1 t.
complexity (C) of a concept description has been defined 4rning se ~
the number of conditions (i.e. its number of constants) to ts&2'NF2 (16 GA learners ang = 0.5) - As CONF1 plus
tested in order to verify it. migration of individuals among th& A_learners.

2) The selection of the learning problem. In order to be abFeJus CONF1 and CONF2 exploiting one cooperative policy.

to compare the learned concept descriptions with respect t
P P P P QThe problem consists in recognizing mushrooms from the Agaricus and

reasonable tqrget ones, we ChOSg a.n appllcauye_domam Whl_%%ta families as Edible (the firsts) and Poisonous (the seconds). The dataset
(near to) optimal concept descriptions aepriori known. contains 8124 instances, 4208 of edible mushrooms and 3916 of poisonous

These target concept descriptions are characterized by a ﬁp(ﬁs. Each instance is described by a vector of 22 discrete attributes, each
of whi

dicti db | lexit | ch can assume from 2 to more than 6 different values. By defining
predictive error an y a low compiexity value. a predicate for eackcattribute, valug- pair, the language template for this

3) The selection of a set of operative conditions, includingpplication could be coded as a bitstring of 126 bits.

The experiments reported in this section aims to study what
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TABLE |

, Of course, additional study is needed in order to confirm or
REGAL’'S CONFIGURATIONS USED IN THIS WORK

discard these latter conclusions.

Parameter Value
- - TABLE Il
Population size 1600 .,
Number of GA learner 16 REGAL LEARNING THE "POISONOUS MUSHROOMS CONCEPT
Crossover probability. 0.6 ii Coopls 1 i T i c i ND i VXD i VD i G i ] i Cons & ii
Mutation probabilityp.,, 0.0001 Compl
i 1 CONF1
MIgI’a’[IOI’l rate‘u oo or 05 None 0.0 76 7 2 1946 1139 1542 2 No
Generation limit 200 [ LSE 00 72 [ 21| 4 | 19% | &2 946 0 Yes
Generat|0n gap 0 9 DTSU 0.0 73 63 5 1946 329 1064 0 Yes
. ) CONF2
Cooperation None/LSE/DTSU None 05| 97 | 14 | 2 | 1946 | 1161 | 1553 | 4 No
LSE 0.5 103 16 3 1946 414 1089 0 Yes
DTSU 0.5 99 42 4 1946 317 1063 0 Yes
[[_Target [ - [ 15 ] 3 [ 1946 [ 197 [ 109% | 0 [ Yes ]|

In Table I, the results obtained are reported. The leftmost
column of the table shows the configuration’s identifier. The V1. CONCLUSION

other columns of the table contains the parameters already,ogiigations of two cooperative learning strategies has
described plus the "Cons & Compl® field that summarize§eqn, reported. We believe that a distributed genetic base
whether the learned concept description is complete ajdiher aple to exploit these two cooperative strategies may
consistent on the learning set. Finally, the rows, with the Val"é%quire satisfactory concept descriptions across a range of

"Target’, report the features of the target concept. For eaghyjications, Additional experimentation, required to confirm
configuration settings three runs have been performed. T&ediscard this claims, is in progress

reported error rate is an average over the three runs. Instead
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