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ABSTRACT

We describe a collaborative agent-based learning model suit-
able for environments with limited data exchange and pro-
vide an overview of its empirical evaluation.
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1. INTRODUCTION

In many application domains, distributed and open en-
vironments are increasingly becoming the norm rather than
the exception, and distributed data mining is a prolific active
research area where new, efficient and effective techniques
are being developed and continuously improved.

More specifically, for the distributed classification prob-
lem, one of the most widely used approaches is to gather
all the data from different local nodes in a central reposi-
tory and then apply traditional data mining techniques to
the entire data. However, in many domains the exchange
and sharing of data is not allowed or feasible, because local
data may be too costly to communicate, or it may not be
possible to reveal all information for security reasons, due to
legal restrictions or to avoid loss of competitive advantage.
A domain example where these types of restrictions apply
is the distributed medical care environment, where patient
information is used and sharing this data with other cen-
ters is legally restricted or prohibited (e.g. in brain tumour
classification [1]).

Learning predictive models in distributed environments
has been recently addressed by using multiagent systems
(MAS) techniques in combination with data mining (DM)
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techniques since MAS can contribute a number of crucial
capabilities that may be useful for solving DDM problems.
While different approaches exist in the literature, a recent
Multiagent Learning Framework (MALEF) [4] attempts to
ensure adherence to agency aspects like collaboration be-
tween heterogeneous classifiers, decentralised learning con-
trol, and the autonomy of self-directed learning processes.
This abstract framework uses communication and collabora-
tion among the different local classification learning agents.
The learning agents perform a series of consecutive learning
steps using two functions: classifier training and measure-
ment of the resulting classifier quality. They may addition-
ally perform integration operations using different parts of
the knowledge received from other learning agents. Also, a
number of very generic categories of integration operations
are proposed in the framework.

2. MALEF & LIMITED DATA EXCHANGE

Building on the abstract MALEF learning framework we
propose a concrete, workable instantiation for classification
domains with limited data sharing. We maintain the iter-
ative notion of learning steps described in the framework,
but re-interpret the learning step as a completion of four
different stages(fig.1):
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Figure 1: Learning step of collaborative model for
the learner agent [;
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Initially a learner (I;) performs a neighbour selection oper-
ation, Sp;(L), in which another learner (I;) is selected (e.g.
randomly or using a greedy in accuracy search strategy)
among all learners (L). Then a knowledge integration step is
performed, In;(l;,1j), using some part of the learning infor-
mation of the current (I;) with the selected learner (1), thus
obtaining a modified learning process (I;/). Performance
evaluation, g = Pf(lyy, D;), of the integrated knowledge is
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performed using a local data set (D;). Finally, the learner is
updated l;+1 if the performance has increased g;; compared
to its previous value g;.

Focusing on knowledge integration between two learners,
we proposed a number of operations suitable for heteroge-
neous scenarios (i.e. societies in which agents use heteroge-
neous learning algorithms). For these scenarios three differ-
ent types of learning knowledge to be integrated were consid-
ered: training data, classification outputs, and hypothesis.

Regarding the integration of training data, we proposed
an operation based on merging small portions of local data
sets. As far as output integration is concerned, we analysed
voting and the arithmetic merging of posterior estimated dis-
tributions[3]. Finally, for the integration of hypothesis, we
proposed a new method for merging classifiers represented as
trees. This last type of operation was of particular interest
since the predictive models are not viewed as black boxes
to be combined depending on the quality of some output
combination operation. Instead, hypothesis merging aims
to modify the integrator learner’s model producing a new,
richer model than that available before collaboration.

3. TREE MERGING TECHNIQUE

We have proposed a method for unifying heterogeneous
hypotheses based on tree representations. Although this
not cover all possible classifier representations, it is generic
enough to allow some degree of heterogeneity among learn-
ers. We chose the tree classifiers because they are easy to
use computationally and offer good understandability and
readability for humans.

Our method attempts to increase the knowledge of h; by
integrating those branches (rules) from h; which h; does
not consider or where h; fails. Bearing this idea in mind,
and assuming that each classifier belongs to different learn-
ers (I;/1;), the following algorithm outlines the tree merging
technique:

1. Send h; from [; to [;

2. In l; classify using D; (training set of [;) and comparing
the results obtained by h; and h;

3. For each instance ¢ of Dy, if h;(c) predicts the output
correctly and h;(c) fails then select branches from h; which
predict correctly

4. Add these branches to h;

5. Send h; to ;

This method raises a number of issues. Firstly, the pos-
sibility of activating two or more rules (tree branches) for
the classification of an instance (contradictions/redundan-
cies in verdicts). This was solved by means of the selec-
tion of that class whose rules were more frequently pre-
dicted, settled via voting (since this is most commonly used
in distributed /multi-strategy machine learning for resolving
conflicts). Finally, we dealt with the redundancy of branches
inside the merged classifier, by filtering repeatedly occurring
branches and conditions absorbed by another condition in-
side a branch, retaining the more general rule. For example,
a a < 1 condition would be absorbed by a < 2 condition.

4. EXPERIMENTAL EVALUATION

Our collaborative learning system was evaluated with dif-
ferent learning experiments using the methods proposed for
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each of the stages described above. These experiments were
conducted using datasets from the UCI repository|2].

A summary of the evaluation is shown in figure 2, where
the best collaborative learning configuration (tree merging
method with greedy accuracy-based neighbour selection strat-
egy) is compared to two alternative learning setups: cen-
tralised and distributed isolated learning. These simulate
the best and worst possible classification accuracy, i.e. col-
laborating agents should not be able to do any better than
a centralised agent (in possession of all training data) or
any worse than isolated agents which have no means of im-
proving their initial, locally obtained result. The impressive
results of collaborative learning (e.g. 20% better than iso-
lated learning for the Letters dataset) is caused by the tree
merging operation which enables learners always to identify
the useful parts of the selected peer learner’s model and to
modify their own current models accordingly.
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Figure 2: Learning strategies comparison in hetero-
geneous scenario for different agent configurations

5. CONCLUSIONS

Although more sophisticated search and integration tech-
niques are envisaged for our collaborative model, the empir-
ical investigation indicates the significant potential of our
method. For most of the configurations that were investi-
gated, the individual learners improve their initial classifi-
cation accuracy and performance approaches that of a (hy-
pothetical) centralised solution. This is more effective with
a suggested tree-based model merging operation which al-
lows for merging hypothesis across heterogeneous learners,
which, to our knowledge, has not been attempted before.
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