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ABSTRACT
Multiagen t learning di�ers from standard mac hine learn-

ing in that most existing learning metho ds assume that all

kno wledge is a v ailable lo cally in a single agen t. In m ultia-

gen t systems, this assumption do es not hold b ecause rele-

v an t kno wledge is distributed among the agen ts within the

system. W e describ e t w o decen tralized learning algorithms

for distribute d classi�c ation tasks , i.e. classi�cation when

the attributes are distributed among a set of agen ts and

cannot b e gathered in to a cen tral agen t. Our main con tri-

bution is to in tro duce and formalize the distributed clas-

si�cation task, sho w that existing classi�cation algorithms

are not satisfactory for distributed classi�cation tasks, and

�nally , to sho w that our collab orativ e learning algorithms

p erform w ell at distributed classi�cation.

1. INTRODUCTION
Multiagen t learning has b een de�ned as \learning that

relies on or ev en requires the in teraction among sev eral in-

telligen t agen ts"[5]. It is a new and exciting �eld that has

recen tly emerged as w e attempt to build complex m ultiagen t

systems that op erate in dynamic en vironmen ts. Multiagen t

systems are extremely di�cult to design robustly in adv ance

and th us, w e are naturally led to building systems that adapt

and learn through exp erience. Ho w ev er, m ultiagen t learning

di�ers from standard mac hine learning in that most exist-

ing learning metho ds assume that all relev an t kno wledge is

a v ailable lo cally in a single agen t. In m ultiagen t systems,

this assumption do es not hold b ecause relev an t kno wledge,

suc h as training exp erience and bac kground information, is

distributed among the agen ts within the system. F urther-

more, domain constrain ts (suc h as priv acy and cost) ma y

prev en t cen tralization of data.

W e formalize our problem b y i n tro ducing the distribute d

classi�c ation task . A distributed classi�cation task is a clas-

si�cation task where the attributes of eac h instance are dis-

tributed among a set of agen ts. If all information can b e

gathered within a single agen t, the problem can b e trivially
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solv ed using existing classi�cation metho ds. Ho w ev er, in

man y applications, cen tralization of data is not p ossible or

feasible. F or example, lo cal data ma y b e quic kly c hanging,

to o complex to comm unicate, to o massiv e to comm unicate

or agen ts ma y not b e willing to rev eal priv ate data ev en

though they are collab orativ e. It is generally accepted that

cen tralization of all data is undesireable in most m ultiagen t

systems. (See for instance [13] and [8]) In this pap er, w e will

assume that cen tralization of data is not p ossible. So giv en

a distributed situation, our goal is for the agen ts to learn in

a decen tralized manner and as accurately as p ossible.

W e address the distributed classi�cation task b y fo cusing

on a sp ecial case of m ultiagen t learning: collab orativ e m ul-

tiagen t learning, i.e. the agen ts w ork together as a group to

impro v e their accuracy at a giv en learning task. Since the

agen ts are collab orativ e, they are willing to comm unicate

with one another during the learning pro cess. W e will sho w

ho w agen ts are able to learn accurately while nev er rev eal-

ing their lo cal attributes to a cen tral agen t. W e will presen t

t w o algorithms, D VS and DDT, for collab orativ e m ultiagen t

learning. D VS is an algorithm that p erforms a distribute d

sp eci�c-to-general searc h through a conjunctiv e h yp othesis

space. DDT is inspired b y decision tree algorithms and can

b e applied to more general distributed classi�cation tasks.

W e pro v e the correctness of D VS, while DDT is sho wn to

p erform w ell through empirical ev aluation.

It is imp ortan t to realize that collab orativ e m ultiagen t

learning is fundamen tally di�eren t from ensem ble learning

metho ds suc h as bagging and b o osting [2]. In ensem ble

learning, the metho dology is to com bine the predictions of

N indep endent learners via v oting so as to impro v e o v erall

accuracy b y taking adv an tage of the v ariance across learn-

ers. This approac h will fail when the target concept is

not expressible b y a n individual learner. In con trast, col-

lab orativ e learning allo ws a group of agen ts to learn con-

cepts that no agen t can express individually , let alone learn.

Collab orativ e learning for distributed classi�cation tasks is

also fundamen tally di�eren t from previous w ork on paral-

lel/distributed pro cessing for classi�cation [9]. The primary

motiv ation there is to sp eed up learning when dealing with

massiv e datasets b y dividing the training set on to a set of

pro cessors and allo wing them to learn concurren tly . In con-

trast, collab orativ e learning assumes a distributed situation

is giv en and m ust b e dealt with b y a n y learning algorithm.

Although e�ciency is certainly imp ortan t, this is not our

main goal.



2. PROBLEM DEFINITION
In an attempt to answ er the general question of ho w agen ts

can learn when relev an t kno wledge is distributed among

them, �rst w e m ust adopt some metho d of kno wledge rep-

resen tation. One common metho d of kno wledge represen ta-

tion in mac hine learning is the attribute-v alue formalism for

classi�cation tasks. The input to a classi�cation task con-

sists of a set of pre-classi�ed training examples E , with eac h

example describ ed b y (the v alue of ) a v ector of attributes A .

The goal is to construct a mapping from attribute v alues to

classes. W e adopt and mo dify this kno wledge represen tation

sc heme for our w ork b ecause it has t w o distinct adv an tages;

First, it has b een sho wn that the attribute-v alue formal-

ism is an extremely general w a y of represen ting kno wledge

and can b e applied to a v ariet y of domains; Second, there

are wide v arieties of existing ML tec hniques and algorithms

that apply to this t yp e of represen tation. This allo ws us to

tak e adv an tage of these existing tec hniques when devising

algorithms for m ultiagen t learning.

W e form ulate the distribute d classi�c ation task as follo ws:

Giv en a collection � of n agen ts, w e assume the attribute

v ector A is divided in to (not necessarily disjoin t) subsets,

A

i

� A ( [ A

i

= A ) ; i 2 1 ::: n. Eac h ag ent

i

2 � kno ws the

classi�cation of ev ery training example, but has access only

to A

i

from eac h training example. W e will use the notation

E

i

to denote the pro jection of training examples E on to A

i

.

In this w a y , eac h agen t has only a lo cal, partial view of the

training exp erience. W e can immediately see that if the

target concept in v olv es attributes that are not allo cated to

the same agen t, no agen t can individually learn the concept.

W e will assume that eac h training example has a unique id

kno wn to all. This is so agen ts can comm unicate ab out in-

dividual training examples b y id only . This is a reasonable

assumption for man y domains including those w e will de-

scrib e in the Motiv ating Domains section. F urthermore, w e

assume that agen ts are not able to share the v alues of their

lo cal attributes with other agen ts. This restriction can arise

for a v ariet y of reasons: lo cal data ma y b e to o massiv e t o

comm unicate or agen ts ma y not b e willing to rev eal priv ate

data ev en though they are collab orativ e. The goal of the

agen ts is the same as in the cen tralized task: to construct a

mapping from attribute v alues to classes.

3. MOTIVATING DOMAINS
Due to the exploratory nature of this w ork, it is imp ortan t

to sho w that the problem w e h a v e i n tro duced arises in real-

w orld domains. In this section, w e describ e t w o applications

in whic h the distributed classi�cation task arises. F urther-

more, collab orativ e learning is useful in these applications

b ecause agen ts are willing to w ork together to impro v e their

accuracy at the giv en learning task. Ho w ev er, decen traliza-

tion of the learning pro cess is necessary b ecause agen ts are

not willing or able to comm unicate all their lo cal data to

others.

3.1 Agentized Organizations
Within a h uman organization suc h as a researc h insti-

tution, agen t-based tec hnology can facilitate collab orativ e

activities. Eac h p erson in the organization is represen ted b y

an agen t pro xy; the agen t pro xies team together to manage

resources, monitor organizational goals and execute actions

when goals are threatened [10]. The agen ts are able to au-

tomate routine tasks for the organization, allo wing h umans

to dev ote their time to more imp ortan t tasks. This t yp e

of system clearly op erates in a complex and dynamic en-

vironmen t, one in whic h learning is a k ey asset. Ho w ev er,

an agen t pro xy has access to highly p ersonal information

ab out a particular individual. Although this agen t is willing

to w ork with other agen t pro xies to further organizational

goals, it is not willing to rev eal this p ersonal information.

F or example, one t yp e of organizational goal that the

agen ts automate is meeting sc heduling. The agen t pro xies

consult their resp ectiv e h umans' sc hedule to �nd lo cally ac-

ceptable meeting times and comm unicate with one another

to �nd globally acceptable meeting times. In distributed

classi�cation terms, w e can see that eac h meeting to b e

sc heduled is a training example consisting of attributes rel-

ev an t to eac h attendee. All agen ts kno w ab out a particular

meeting and can comm unicate ab out it via a unique id. The

classi�cation to b e made is whether the meeting is success-

fully held or not. A learning algorithm could help the agen ts

predict whether a particular meeting will b e cancelled, al-

lo wing them to b etter an ticipate the organization's needs.

Ho w ev er, the relev an t training data is distributed among the

pro xies and it is priv ate and so cannot b e comm unicated to a

single agen t. (W ould y ou w an t y our pro xy to rev eal y ou miss

meetings at 1 pm b ecause y ou tend to tak e 2 hr lunc hes?)

A learning algorithm that impro v es the pro cess of meeting

sc heduling m ust b e distributed and cannot assume that the

data ab out ev ery h uman's preferences, w ork hours, etc. is

a v ailable in one agen t.

3.2 Distributed Sensor Network
Another motiv ation for decen tralized collab orativ e learn-

ing algorithms comes from a distributed sensor domain [1].

This domain consists of stationary 360 degree sensors and

targets mo ving through their sensing range. Eac h sensor

consists of three sectors, eac h sector is capable of co v ering

120 degrees. Only one sector of a sensor can b e activ e a t

a giv en time. Activ ation of a particular sector on a sensor

at a particular time is under con trol of an agen t. A global

c on�gur ation simply states the sector eac h agen t should ac-

tiv ate. The goal for a set of agen ts, eac h con trolling one

sensor, is to c ho ose a con�guration so as to co op erativ ely

trac k all targets. An RF transceiv er is used b y an agen t t o

comm unicate with the other agen ts but bandwidth is v ery

lo w. Therefore, it is infeasible for agen ts to comm unicate

large amoun ts of training exp erience to a cen tral agen t who

can then use it to learn.

A trac king episo de corresp onds to the presence of some

set of targets. Eac h trac king episo de is describ ed b y an

attribute v ector, where eac h attribute corresp onds to some

sensory data lo cal to a sensor. Therefore, no agen t kno ws

the en tire attribute v ector but the correct con�guration de-

p ends on the v alues of the attributes at eac h agen t. Giv en

the en tire attribute v ector, it is easy to see whic h global con-

�guration the sensors should adopt. In this w a y , w e lab el

eac h trac king episo de with the correct con�guration (or in

classi�cation terms, the correct class). No w w e can apply

a collab orativ e learning algorithm for distributed classi�ca-

tion tasks so that agen ts can learn to select sector heads in a

more co ordinated fashion. Ho w ev er since bandwith is lo w, it

is necessary to devise a decen tralized algorithm that allo ws

agen ts to comm unicate small amoun ts of information while

nev er ha ving to transfer h uge data sets of lo cal exp erience.



4. ALGORITHMS
W e describ e t w o decen tralized learning algorithms for the

distributed classi�cation task. The �rst metho d, D VS, p er-

forms a distributed sp eci�c-to-general searc h through a con-

junctiv e h yp othesis space to learn b o olean concepts. W e will

pro v e it to b e correct. The second, DDT, is inspired b y de-

cision tree algorithms and can b e applied to more general

classi�cation tasks. In the next section, w e will sho w that it

p erforms w ell through empirical ev aluation.

4.1 DVS
W e �rst simplify the problem b y assuming a limited h y-

p othesis space represen tation and a b o olean classi�cation

(concept learning). In particular, w e consider simple con-

junctions of constrain ts on attribute v alues. If all the data

is cen tralized, one can use the FIND-S algorithm [6]; start-

ing with the most sp eci�c h yp othesis, generalize it as needed

to co v er the p ositiv e examples but none of the negativ e ones.

This will determine the most sp eci�c h yp othesis (MSH) that

is consisten t with the training data. W e will call this h y-

p othesis the glob al MSH. D VS is an algorithm that allo ws a

group of agen ts to learn b o olean concepts from distributed

examples using a similar, but decen tralized, approac h.

The D VS algorithm pro ceeds in t w o stages: eac h agen t

�rst learns a lo c al MSH; then agen ts comm unicate to ensure

that the group prediction is consisten t with the training ex-

amples. W e de�ne group prediction as follo ws: If all the

agen ts' lo cal MSH agree that a new example is a mem b e r o f

the target concept, then the group predicts p ositiv e; Oth-

erwise, they predict negativ e. W e will call this the joint

hyp othesis . The reason for de�ning the join t h yp othesis in

this w a y dep ends crucially on the global h yp othesis space

represen tation, whic h is a simple conjunction of attributes.

This has the adv an tage that it is easily decomp osable in to

lo cal h yp otheses. In fact, w e will see that eac h agen ts' lo cal

MSH is the pro jection of the global MSH on to the set of

attributes a v ailable to that agen t.

In the �rst learning stage of D VS, eac h agen t p erforms a

lo cal searc h through its o wn v ersion space. It b egins with

the most sp eci�c h yp othesis (the n ull h yp othesis) and gen-

eralizes as necessary to �nd the (lo cal) MSH consisten t with

the p ositiv e examples. Since an agen t do es not ha v e access

to the en tire dataset (remem b er, it only can see the v alues

for a subset of the attributes), it most lik ely will not b e able

to p erfectly distinguish b e t w een the p ositiv e and negativ e

examples. In suc h cases, the agen t is allo w ed to general-

ize its lo cal h yp othesis to co v er the negativ e example. In

this w a y , the agen t searc hs for an MSH that co v ers all the

p ositiv e examples and as few of the negativ e examples as

p ossible. During this pro cess, the ids of the false p ositiv es

are k ept in a list. Eac h agen t is guaran teed to form some lo-

cal MSH since in the w orst case, the most general h yp othesis

(\alw a ys predict y es") will su�ce.

In the second stage, the agen ts m ust comm unicate to de-

termine that their lo cal MSHs, when tak en together, yield

a correct join t h yp othesis. The join t h yp othesis will b e in-

correct only when all agen ts predict p ositiv e for a training

example that is actually negativ e. T o a v oid this, they m ust

collectiv ely rule out the false p ositiv es. This can b e done

in an async hronous, decen tralized manner as follo ws: Let

L = f l

1

; l

2

::: l

n

g b e the set of sets con taining the example

ids of the false p ositiv es of eac h agen t's lo cal MSH. It is the

task of the agen ts to determine that no example id exists

in ev ery set (

T

n

i =1

l

i

= � ). In other w ords, they need to

determine that the follo wing statemen t � holds

� : 8 l

i

2 L ; 8 e 2 l

i

; 9 l

j

2 L s : t : e = 2 l

j

Eac h ag ent

i

broadcasts its l

i

to others. A receiving ag ent

j

compares l

i

with l

j

and replies to ag ent

i

with the list of ex-

ample ids that are in l

i

but not in l

j

. ag ent

i

remo v es those

example ids from l

i

. All agen ts p erform this pro cedure asyn-

c hronously . E v ery agen t terminates with empt y l

i

if and only

if � is true. If � is false, then the agen ts are able to sa y that

the target concept is not learnable giv en a conjunctiv e h y-

p othesis represen tation b ecause some example is predicted

to b e p ositiv e b y all agen ts ev en though it is not a mem b e r

of the target concept. In suc h cases, the cen tralized learner

will also fail due to a v ersion space \collapse".

More in tuitiv ely , w e can see that the agen ts are p erform-

ing a sp eci�c-to-general distributed searc h through a join t

h yp othesis space. Figure 1 sho ws the lo cal MSH of four

agen ts as h yp erplanes through (a 2-d pro jection of ) a m-

dimensional feature space. Ev en though no single agen t i s

able to individually learn the concept, the join t h yp othesis,

denoted b y the dark area in Figure 1, is able to p erfectly

distinguish the p ositiv e and negativ e training examples. Al-

though a v oting mec hanism is used to de�ne the join t h y-

p othesis, it is imp ortan t to realize that the collab oration

during learning w as more sophisticated than just v oting. In

particular, the agen ts ha v e to collab orate to ensure that all

(and only) the p ositiv e examples are co v ered b y the join t h y-

p othesis. This w as done b y determining the truth v alue of

statemen t � . W e n o w sho w that this algorithm is equiv alen t

to a cen tralized algorithm that �nds the global MSH.

Theorem I : If the target concept is learnable, the join t

h yp othesis learned b y D VS is equiv alen t to the global MSH.

pr oof : Let E b e a set of preclassi�ed examples with attribute

v ector A , h

cent

b e the global MSH learned b y an agen t with

access to the en tire set E , h

dv s

b e the join t h yp othesis learned b y

a group of agen ts using D VS, where E is distributed among them

in the manner describ ed, and e is a unclassi�ed example that is

to b e lab eled.

Assume h

dv s

predicts negativ e for e . W e sho w that h

cent

m ust

also predict negativ e. Since h

dv s

predicts negativ e, there is some

ag ent

i

whose lo cal h yp othesis predicts negativ e. Let A

i

� A b e

the set of attributes lo cal to ag ent

i

. A s ag ent

i

predicted negativ e,

the v alues in e for the attributes A

i

cannot ha v e app eared in

an y p ositiv e example from E . F urthermore, since h

cent

w as also

learned from E and is the MSH, it follo ws that it will also predict

negativ e for e .

Con v ersely , assume h

cent

predicts negativ e for e . Let a

1

2 A b e

a attribute constrained b y h

cent

and resp onsible for the negativ e

classi�cation. (remem b er, w e assumed a conjunctiv e h yp othesis

space represen tation.) Let v

1

b e the v alue of a

1

in e . Then, it

m ust b e the case that a

1

nev er has the v alue v

1

in an y p ositiv e

example from E . Assuming a

1

2 A

i

(whic h m ust b e true for some

i), ag ent

i

m ust also predict negativ e for (its partial view of ) e . I t

follo ws that h

dv s

will also predict negativ e. 2

The D VS algorithm op erates on a easily decomp osable,

conjunctiv e h yp othesis space and can b e used for learning

b o olean concepts. What happ ens when the h yp othesis space

is in�nite and not so decomp osable? Is decen tralized, col-

lab orativ e learning still p ossible? W e n o w explore learning

for general classi�cation tasks in whic h the h yp othesis space

can represen t a n y function of the input attributes. The fol-

lo wing algorithm is based on decision tree learners.



Figure 1: A m-dimensional fe atur e sp ac e p artitione d by

e ach agent's lo c al MSH. No individual agent is able to clas-

sify the examples alone, but agent A and C to gether, ar e able

to p erfe ctly classify the tr aining examples.

4.2 DDT
Decision tree learning is one of the most practical meth-

o d s for appro ximating discrete-v alued functions. It is robust

to noisy data and is capable of learning disjunctiv e expres-

sions. W e giv e a brief in tro duction to decision tree learning

and refer the reader to [11] for a more detailed explana-

tion. Decision tree learners p erform a searc h through the

space of decision trees b y recursiv ely c ho osing an attribute

on whic h to partition the training examples. The \b est" at-

tribute on whic h to partition the examples is judged b y the

one that pro vides maxim um information gain. One w a y t o

de�ne information gain is the reduction in en trop y of a set

of examples, E , when split on a giv en attribute a . En trop y

is giv en b y

E ntr opy ( E ) =

c

X

i =1

� p

i

l o g

2

p

i

where p

i

is the prop ortion of E b elonging to class i. Infor-

mation gain, the reduction in en trop y , is then giv en b y

Gain ( E ; a ) =

E ntr opy ( E ) �

P

v 2 v alues ( a )

( j E

v

j = j E j ) E ntr opy ( E

v

)

By recursiv ely c ho osing the attribute with maxim um infor-

mation gain at eac h stage, the learner p erforms a greedy

searc h for the b est decision tree. W e desire a group of agen ts

to p erform this searc h in a distributed, async hronous man-

ner without ha ving to share their en tire lo cal dataset with

one another.

The k ey idea b ehind the DDT algorithm is to realize that

information gain of a particular attribute can b e computed

b y the agen t who has access to the v alues of that attribute;

the v alues of the rest of the attributes are not needed. F ur-

thermore, the information gain measure is a highly compact

summarization of eac h agen t's lo cal view of the training set.

Agen ts can use this measure to comm unicate ab out their

lo cal data in an indirect w a y and th us p erform a distributed

searc h for the b est decision tree.

DDT is a lazy learning algorithm in that eac h agen t stores

its training data for prediction. There is no training stage

and no explicit h yp othesis is learned. A t prediction time,

the agen ts collectiv ely and async hronously determine a path

through an implicit decision tree. The path is determined

using the training data and the attribute v alues of the test

example. The leaf of this path is used to classify the test

Given:

- E

i

, training examples with attribute v ector A

i

- e, unclassi�ed example to b e lab eled

- Q , an empt y data structure for holding a sorted

list of T reeP aths

initialize

a  attribute with max info gain o v er E

i

gain  info gain of a o v er E

i

v  v alue of a in e

[ids]  list of examples in E

i

with v alue v for a

insert in order(Q, T reeP ath:([gain], [ids])

when receiv ed (T reeP ath T))

insert in order(Q, T))

pro cedure mak e prediction ()

T reeP ath:([infogains], [ids])  p op(Q)

a  attribute with max info gain o v er [ids]

gain  info gain of a o v er [ids]

v  v alue of a in e

if gain == 0

return the most common class in [ids]

else

[new ids]  list of examples in

[ids] with v alue v for a

broadcast T reeP ath:([infogains,gain], [new ids])

to all agen ts

mak e prediction()

Figure 2: DDT algorithm

example. The b ene�ts of lazy decision tree learning are de-

scrib ed in [4]. The DDT algorithm is depicted in Figure 2

and is describ ed next.

Let a set of training examples E and an unclassi�ed test

example e , b e giv en. Eac h ag ent

i

2 � b egins b y c ho osing

the lo cal attribute with maxim um information gain o v er E

i

.

F rom its lo cal p oin t of view, this is the b est c hoice for the

ro ot of the tree. It then partitions E

i

on this attribute and

then creates a tuple w e call a T r e ePath . A T reeP ath has

t w o �elds, a list of real n um b ers and a set of example ids.

In tuitiv ely , it is called a T reeP ath b ecause it holds the in-

formation corresp onding to a particular path through some

decision tree. Eac h real n um b er in the �rst �eld corresp onds

to the information gain of the attribute that w as used to par-

tition the examples at a particular no de along the path. The

second �eld holds the set of example ids at the leaf of this

path. F or example, supp ose ag ent

i

c ho oses the attribute

a

1

2 A

i

b ecause it has maxim um information gain o v er E

i

,

equal to sa y , 0.24 (see Figure 3). Supp ose a

1

tak es on the

v alue v

1

in e , and ag ent

i

�nds that the examples 1,2,8,9

and 11 in E

i

are the ones that ha v e v alue v

1

for a

1

. It then

creates the follo wing T reeP ath: ((0.24) (1,2,8,9,11)). This

is a path of depth one, since the examples w ere separated

on only one attribute. Figure 3 sho ws that as additional at-

tributes are used to further partition the examples, the list

of information gains b ecomes longer and the set of example

ids b ecomes smaller.

Ev ery agen t g o e s through the ab o v e pro cess and broad-

casts their T reeP ath to the rest of the agen ts. As agen ts

receiv e T reeP aths from others, they order them according

to a greedy \b est info gain �rst" heuristic. This ordering

is sho wn in Figure 4. The b est T reeP ath receiv ed b y eac h

agen t is then deep ened b y one lev el in the same manner as



Figure 3: A p ath thr ough a d e cision tr e e.

ab o v e, except instead of computing information gain o v er all

the examples in E

i

, it is computed o v er the list of example

ids in the T reeP ath. This new T reeP ath is then broadcast to

all agen ts and the pro cess rep eats. The pro cess terminates

whenev er the b est T reeP ath a v ailable to an agen t cannot

b e extended b ecause no attribute a v ailable to it pro vides

p ositiv e information gain. Since the set of example ids for

a T reeP ath is alw a ys getting smaller as the T reeP ath is ex-

tended and no T reeP ath is ev er made shorter, it follo ws that

eac h agen t will ev en tually terminate. Notice that the ter-

mination criterion is sp eci�c to an agen t's lo cal view. This

means that all the agen ts ma y not alw a ys terminate with

the same prediction. Therefore, the agen ts emplo y a sim-

ple v oting pro cedure to decide the group's prediction. This

v oting pro cedure requires some sync hronization b et w een the

agen ts. In situations where this sync hronization is undesire-

able, our ev aluation sho ws that simply c ho osing some agen t

in adv ance as the designated predictor has comparable re-

sults.

In tuitiv ely , DDT is p erforming a parallelized, breadth-

�rst searc h for the b est path through some decision tree.

This is in con trast to the depth-�rst greedy strategy of most

cen tralized decision tree learners. Ho w ev er, the inductiv e

bias of DDT is similar in that it prefers shorter paths with

higher information gain attributes at the top. W e n o w high-

ligh t some of the imp ortan t prop erties of this algorithm.

� Agen ts nev er share their lo cal attribute v alues. In fact,

agen ts nev er ev en rev eal the iden tities of their lo cal

attributes. This satis�es our requiremen t of decen tral-

ization. In addition, this prop ert y pro vides a great

deal of 
exibilit y to an agen t and the learning system

as a whole. F or example, an agen t can lo cally , au-

tonomously decide what attributes are relev an t for a

giv en learning task.

� DDT is async hronous. This means that if an y agen t

w ere to crash or b ecome una v ailable or an y messages

are lost, the group prediction still con tin ues. In other

w ords, the prediction accuracy of the group will de-

grade gracefully as agen ts or messages are lost. This

is imp ortan t when agen ts are op erating in complex,

dynamic en vironmen ts where p erfect comm unication

cannot b e assured. Ho w ev er, agen ts do need to syn-

c hronize at the start of a prediction episo de and during

v oting.

5. EMPIRICAL EVALUATION
W e n o w aim to sho w that existing classi�cation algorithms

are not satisfactory for distributed classi�cation tasks, and

// This pr o c e dur e c omp ar es two T r e ePaths.

// R eturns true if T1 is b etter than T2.

pro cedure b est info gain �rst (T1,T2)

gains1  list of information gains in T1

gains2  list of information gains in T2

for i in 1 to min(length of gains1, length of gains2)

if gains1[i] > gains2[i]

return TR UE

else if gains2[i] > gains1[i]

return F ALSE

if length of gains1 < length of gains2

return TR UE

else if length of gains2 < length of gains1

return F ALSE

else return EQUAL

Figure 4: Heuristic for or dering T r e ePaths.

that the DDT algorithm p erforms w ell at distributed classi-

�cation.

T able 1 sho ws the results of exp erimen ts on t w o UCI do-

mains, con tact-lenses and so yb ean . W e w ere limited in

our c hoice of domains b ecause our DDT implemen tation

do es not y et deal with real-v alued attributes, although this

is a straigh tforw ard extension. con tact-lenses has four

attributes, 24 instances and three classes and so yb ean has

35 attributes, 683 instances and 19 classes. T o create a dis-

tributed classi�cation task, the attribute v ector w as ev enly

divided in to four disjoin t groups and distributed among four

agen ts. F our �fths of the instances w ere used for training.

T est results on the remaining one �fth are rep orted. W e

a v erage the results of three runs.

W e compare the accuracy of non-collab orativ e learning,

collab oration via simple v oting, collab oration using DDT,

and collab oration using DDT plus v oting. In non-collab orativ e

learning, the agen ts used ID3 [11] to learn a decision tree

using only their lo cal attributes, A

i

. This indicates eac h

agen t's accuracy when learning individually . W e can see

that they p erform quite p o orly . The column lab elled \V ote"

sho ws the group accuracy when the agen ts learn individu-

ally , but are able to collab orate using v oting only . Although

accuracy is somewhat impro v ed, it is still p o or. The sec-

tion lab elled DDT sho ws the accuracy of the agen ts when

they collab orate. W e see that they p erform quite w ell and

the p erformance is quite impro v ed o v er learning individu-

ally . Finally , the column lab elled \V ote" sho ws the group

accuracy when the agen ts learn collab orativ ely and also col-

lab orate via v oting. As sho wn, the accuracy is 100% and

90% on the con tact-lenses and so yb ean domain, resp ec-

tiv ely . In summary , the results justify our theoretical ar-

gumen t that when the target h yp othesis in v olv es attributes

lo cal to di�eren t agen ts, individual learning will p erform

p o orly . F uthermore, DDT p erforms w ell ev en though agen ts

nev er comm unicate their lo cal attributes.

T able 2 sho ws the a v erage n um b er of messages transmit-

ted during one prediction episo de is sho wn. A message

\sen t" refers to a particular p oin t-to-p oin t data transfer and

ev ery message is broadcast. It is in teresting to notice that

some agen ts tend to receiv e more messages than they send,

and in the so yb ean domain, it is correlated with p o orer ac-

curacy . W e conjecture that these agen ts tended to terminate



T able 1: Comparison of collab orativ e vs. non-

collab orativ e learning

D ata set Ag1 Ag2 Ag3 Ag4 V ote

con tact

ID3 %correct 25 75 75 100

ID3+V ote %correct { { { { 75

DDT %correct 100 100 100 100

DDT+V ote %correct { { { { 100

so yb ean

ID3 %correct 43 64 69 49

ID3+V ote %correct { { { { 76

DDT %correct 89 91 84 86

DDT+V ote %correct { { { { 90

T able 2: Amoun t of messages and data comm uni-

cated in DDT

D ata set Ag1 Ag2 Ag3 Ag4

con tact

n um msgs

sen t/rcvd 5.75/4.5 5.75/4.0 4.75/4.0 3.8/4.0

b ytes

sen t/rcvd 456/403 537/358 446/361 354/361

so yb ean

n um msgs

sen t/rcvd 18/18 18/18 14/18 16/18

Kb ytes

sen t/rcvd 5.5/10.5 12.6/10.5 11/10.5 13/10.5

their searc h earlier than the others, whic h w ould result in

their con tin uing to receiv e messages, but stop sending them.

This w ould indicate that they had access to the less im-

p ortan t attributes of the domain, causing their termination

criterion to b e satis�ed prematurely , and hence resulting in

p o orer accuracy .

Lastly , w e i n v estigate the amoun t o f r a w data b eing com-

m unicated. Ho w m uc h data is comm unicated b et w een agen ts

compared to the size of the en tire data set? T able 2 also

sho ws the a v erage amoun t o f data comm unicated b y eac h

agen t p er prediction o v er the test set. In the so yb ean do-

main the amoun t of data comm unicated during one predic-

tion is reduced b y a factor of 5 compared to the size of the

en tire data set, whic h is 200 Kb. In con trast, the size of

the en tire con tact-lenses data set is only 1132 b ytes. This

is so small that the amoun t of data transmitted b e t w een

agen ts is not reduced. Ho w ev er, w e also men tion that no

e�ort w as made to e�cien tly represen t the T reeP ath data

structure. Most of the data is accoun ted for b y long lists of

example ids whic h can b e easily compressed b y represen ting

consecutiv e ids as ranges. In summary , w e can see that if

the n um b er of predictions to b e made are few and the size of

the data set is large, DDT pro vides a sa vings in the amoun t

of ra w data comm unicated b y agen ts.

6. RELATED WORK
Muc h of the existing w ork on m ultiagen t learning has fo-

cused on reinforcemen t learning sc hemes. Most relev an t t o

our w ork is the subset of these approac hes that allo w the

agen ts to collab orate during the learning pro cess or view

other agen ts' actions. In these approac hes, eac h agen t has

a lo cal view of the state. This lo cal p ersp ectiv e problem is

solv ed b y either comm unicating lo cal information (via bid-

ding as in [12]) or learning mo dels of other agen ts's b eha v-

ior (as in [3]). Ho w ev er, the w ork presen ted here di�ers in

that w e assume a sup ervised learning task whereas these

reinforcemen t learning approac hes exp ect some measure of

rew ard from the en vironmen t.

W e men tion one notable co op erativ e m ultiagen t learning

w ork that do es not use reinforcemen t learning. [8] discuss

the problem of co op erativ e learning in a m ultiagen t system

for parametric design. A set of agen ts m ust co op erativ ely

searc h through a comp osite searc h space, where eac h agen t

has lo cal access to constraining information. The goal is

to �nd globally acceptable solutions. Unlik e the w ork pre-

sen ted here, they address the lo cal p ersp ectiv e problem b y

allo wing agen ts to simply rev eal their lo cal data to others as

necessary when con
icts arise. This non-lo cal information

is stored in a case-base b y eac h agen t for use during future

searc h episo des. This approac h has dra wbac ks if lo cal infor-

mation is c hanging o v er time or is di�cult to comm unicate

to others.

All of the previous w ork on distributed classi�cation has

as its primary motiv ation to sp eed up learning when dealing

with massiv e datasets b y dividing the training set on to a set

of pro cessors and allo wing them to learn concurren tly . One

suc h example is [9] who in v estigate distributed learning for

classi�cation tasks where the training examples are divided

among pro cessors horizon tally . Although it has not b een our

primary motiv ation, whether our metho d for dividing the

training set in a v ertical manner ma y also b e used for dealing

with massiv e datasets is unclear. Ho w ev er, it is certainly

true that the pro cessing required b y an agen t is decreased

as the n um b er of attributes a v ailable to it is reduced.

Finally , [7] address learning for classi�cation tasks with

redundan t views. A view of a giv en classi�cation problem

consists of an attribute v ector from whic h the target concept

can b e learned. Tw o views are r e dundant if they are disjoin t

and either of them can b e used to learn the target concept.

They sho w that when t w o redundan t views of a problem

are a v ailable, t w o learners, eac h op erating on one view, can

co op erate to impro v e learning. Our w ork di�ers in that w e

do not assume the agen ts' views are redundan t and w e are

able to learn concepts that span the t w o views.

7. CONCLUSION
This pap er in tro duced the distributed classi�cation task

for learning in m ultiagen t systems. In this problem, a set of

agen ts m ust learn to classify training examples when eac h

agen t has access to only some of the features. This is an

extremely general w a y of form ulating m ultiagen t learning.

W e describ e t w o algorithms for solving this problem in a

decen tralized, collab orativ e manner b y a set of agen ts who

nev er share their lo cal features. W e sho w ed that collab ora-

tiv e learning is a useful tec hnique b ecause it allo ws agen ts

to learn more accurately as a group than an y one of them

could learn individually .
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