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ABSTRACT

The dominant existing routing strategies employed in peer-
to-peer(P2P) based information retrieval(IR) systems are
similarit y-based approaches. In these approaches, agerts

depend on the content similarit y betweenincoming queries
and their direct neighboring agerts to direct the distributed

seard sessions.However, such a heuristic is myopic in that

the neighboring agerts may not be connected to more rele-
vant agens. In this paper, an online reinforcemert-learning

based approach is developed to take advantage of the dy-

namic run-time characteristics of P2P IR systemsas repre-
serted by information about past seard sessions. Speci -

cally, agerts maintain estimates on the downstream agerts'

abilities to provide relevant documents for incoming queries.
These estimates are updated gradually by learning from the
feedbad information returned from previous seard sessions.
Based on this information, the agerts derive corresponding

routing policies. Thereafter, these agerts route the queries
basedon the learned policies and update the estimates based
on the new routing policies. Experimental results demon-
strate that the learning algorithm improvesconsiderably the
routing performance on two test collection sets that have
beenusedin a variety of distributed IR studies.

Categoriesand Subject Descriptors

1.2.11 [Distributed
Systems

Arti cial Intelligence ]: Multiagent

General Terms
Algorithms, Performance, Exp erimentation

Keywords

peer-to-peerinformation retrieval, multi-agent learning, dis-
tributed seard control

Permissionto make digital or hard copiesof all or part of this work for
personalor classroomuseis grantedwithout fee provided that copiesare
not madeor distributedfor pro t or commercialadwantageandthatcopies
bearthis noticeandthefull citationonthe rst page.To copy otherwiseto
republisho poston senersor to redistrituteto lists, requiresprior speci ¢
permissiorand/orafee.

AAMAS'07May 14-182007,Honolulu,Hawai'i, USA.

Copyright 2007ACM 1-59593-164-3/05/0011.$5.00.

Victor Lesser
Department of Computer Science
University Of Massachusetts
Amherst, MA 01003

lesser@cs.umass.edu

1. INTRODUCTION

Over the last few years there have been increasing in-
terests in studying how to control the seard processesin
peer-to-peer(P2P) based information retrieval(IR) systems
[6, 13, 14, 15]. In this line of researd, one of the core prob-
lems that concerns researders is to e cien tly route user
queries in the network to agerts that are in possessionof
appropriate documents. In the absenceof global informa-
tion, the dominant strategies in addressingthis problem are
content-similarit y based approaches [6, 13, 14, 15]. While
the content similarity between queries and local nodes ap-
pears to be a creditable indicator for the number of rel-
evant documents residing on eac node, these approaches
are limited by a number of factors. First of all, similarit y-
based metrics can be myopic since locally relevant nodes
may not be connectedto other relevant nodes. Second, the
similarit y-based approaches do not take into accourt the
run-time characteristics of the P2P IR systems, including
environmental parameters, bandwidth usage, and the his-
torical information of the past seard sessionsthat provide
valuable information for the query routing algorithms.

In this paper, we develop a reinforcemert learning based
IR approach for improving the performance of distributed
IR searth algorithms. Agents can acquire better search
strategies by collecting and analyzing feedbad information
from previous seard sessions. Particularly , agerts main-
tain estimates, namely expected utility , on the downstream
agens' capabilities of providing relevant documents for spe-
cic types of incoming queries. These estimates are up-
dated gradually by learning from the feedbad information
returned from previous seard sessions. Based on the up-
dated expected utility information, the agerts derive corre-
sponding routing policies. Thereafter, these agerts route
the queries based on the learned policies and update the
estimates on the expected utility based on the new routing
policies. This processis conducted in an iterativ e manner.
The goal of the learning algorithm, eventhough it consumes
some network bandwidth, is to shorten the routing time so
that more queries are processedper time unit while at the
sametime nding more relevant documents. This contrasts
with the content-similarit y based approaches where similar
operations are repeated for every incoming query and the
processingtime keepslargely constant over time.

Another way of viewing this paper is that our basic ap-
proach to distributed IR seard is to construct a hierarchical



overlay network(agent organization) basedon the content-
similarit y measureamong agerts' document collections in a
bottom-up fashion. In the past work, we have shown that
this organization improvesseard performance signi cantly.
However, this organizational structure does not take into
accourt the arrival patterns of queries, including their fre-
quency, types, and where they enter the system, nor the
available communication bandwidth of the network and pro-
cessing capabilities of individual agerts. The intention of
the reinforcement learning is to adapt the agens' routing
decisionsto the dynamic network situations and learn from
past seard sessions. Speci cally , the contributions of this
paper include: (1) a reinforcemert learning based approach
for agerts to acquire satisfactory routing policies based on
estimates of the potential contribution of their neighboring
agerts; (2) two strategies to speed up the learning process.
To our best knowledge, this is one of the rst reinforcement
learning applications in addressingdistributed content shar-
ing problems and it is indicativ e of some of the issuesin
applying reinforcement in a complex application.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews the hierarchical content sharing systems and
the two-phaseseard algorithm basedon such topology. Sec-
tion 3 describesa reinforcement learning based approach to
direct the routing process;Section 4 details the experimental
settings and analyze the results. Section 5 discussesrelated
studies and Section 6 concludesthe paper.

2. SEARCH IN HIERARCHICAL
P2PIR SYSTEMS

This section briey reviews our basic approaches to hi-
erarchical P2P IR systems. In a hierarchical P2P IR sys-
tem illustrated in Fig.1, agerts are connectedto eac other
through three typesof links: upward links, downward links,
and lateral links. In the following sections, we denote the
set of agents that are directly connected to agert A; as
Dir ectConn(Ai), which is de ned as

DirectConn(A;i) = NEI(Ai)[ PAR(A;)[ CHL(A})

, where NEI (A;) is the set of neighboring agerts connected
to Ai through lateral links; PAR(A;) is the set of agerts
whom agert A; is connected to through upward links and
CHL(Ai) is the set of agerts that agert A; connects to
through downward links. Theselinks are establishedthrough
a bottom-up content-similarit y based distributed clustering
process[15]. These links are then used by agerts to locate
other agerts that contain documernts relevant to the given
queries.

A typical agert A; in our system usestwo queues: a local
seard queue, LS;, and a messageforwarding queue M F;.
The states of the two queuesconstitute the internal states of
an agert. The local seard queuelS; stores seard sessions
that are scheduled for local processing. It is a priorit y queue
and agert A; always selectsthe most promising queries to
processin order to maximize the global utilit y. M F; con-
sists of a set of queries to forward on and is processedin
a FIFO (rst in rst out) fashion. For the rst query in
M Fi, agert A; determines which subset of its neighboring
agens to forward it to based on the agert's routing policy

i. These routing decisions determine how the seard pro-
cessis conducted in the network. In this paper, we call A;
asAj's upstream agert and A; asA;'s downstream agert if

NEI( Ap)= fA3g
PAR( Ap)=fA1g
CHL( A)= fA4,A5g

Figure 1: A fraction of a hierarc hical P2PIR system

an agert A; routes a query to agert A;.

The distributed seard protocol of our hierarchical agert
organization is composedof two steps. In the rst step, upon
receipt of a query g at time t; from a user, agert A; ini-
tiates a seard sessions; by probing its neighboring agerts
Aj 2 NEI(Aj) with the messagePROBE for the similarit y
value Sim (o; Aj) betweenge and Aj. Here, A is de ned as
the query initiator of seard sessions;. In the secondstep,
Ai selects a group of the most promising agerts to start
the actual seard processwith the messageSEARCH. These
SEARCH messagesontain a TTL (Time To Live) parame-
ter in addition to the query. The TTL value decreaseshy 1
after each hop. In the seard process,agerts discard those
queriesthat either have been previously processedor whose
TTL drops to 0, which prevents queries from looping in the
system forever. The seard sessionendswhen all the agerts
that receive the query drop it or TTL decreasedo 0. Upon
receipt of SEARCH messagesfor gc, agerts schedule local
activities including local searding, forwarding g« to their
neighbors, and returning seard results to the query initia-
tor. This processand related algorithms are detailed in [15,
14].

3. ABASIC REINFORCEMENT LEARNING
BASED SEARCH APPROACH

In the aforemertioned distributed seard algorithm, the
routing decisionsof an agert A; rely on the similarity com-
parison betweenincoming queriesand A;'s neighboring agerts
in order to forward those queries to relevant agerts with-
out o oding the network with unnecessaryquery messages.
However, this heuristic is myopic because a relevant di-
rect neighbor is not necessarily connectedto other relevant
agens. In this section, we proposea more general approach
by framing this problem as a reinforcemert learning task.
In pursuit of greater exibilit y, agerts can switch between
two modes: learning mode and non-learning mode. In the
non-learning mode, agerts operate in the sameway as they
do in the normal distributed seard processesdescribed in
[14, 15]. On the other hand, in the learning mode, in paral-
lel with distributed seard sessions,agerts also participate
in a learning processwhich will be detailed in this section.
Note that in the learning proto col, the learning processdoes
not interfere with the distributed searc process.Agents can
chooseto initiate and stop learning processeswithout a ect-
ing the system performance. In particular, sincethe learning
processconsumesnetwork resources(especially bandwidth),
agerts can chooseto initiate learning only when the network
load is relativ ely low, thus minimizing the extra communi-
cation costsincurred by the learning algorithm.

The section is structured as follows, Section 3.1 describes



a reinforcemernt learning basedmodel. Section 3.2 describes
a protocol to deploy the learning algorithm in the network.
Section 3.3 discussesthe convergenceof the learning algo-
rithm.

3.1 The Model

An agert's routing policy takesthe state of a search ses-
sion asinput and output the routing actions for that query.
In our work, the state of a searcd sessions; is stipulated as:

QSj = (ok:ttlj)

where ttl; is the number of hops that remains for the
searc sessions;, G is the speci c query. Q. is an attribute
of g« that indicates which type of queries gk most likely
belong to. The set of Q. can be generated by running a
simple online classi cation algorithm on all the queries that
have beenprocessedby the agerts, or an o ine algorithm on
a pre-designated training set. The assumption here is that
the set of query typesis learned aheadof time and belongsto
the common knowledge of the agerts in the network. Future
work includes exploring how learning can be accomplished
when this assumption doesnot hold. Given the query types
set, an incoming query g can be classi ed to one query class
Q(g) by the formula:

Q(g) = argmax P(aiQi) )

where P (G;jQ; ) indicates the likelihood that the query g is
generated by the query classQ; [8].

The set of atomic routing actions of an agert A; is denoted
asf ig,wheref jgisdened as i =f i;; ;555 a0 AN
elemert i, represerts an action to route a given query to
the neighboring agert Aj; 2 Dir ectConn(A;). The routing
policy ; of agert A; is stochastic and its outcome for a
searcdh sessionwith state QS; is de ned as:

i(QS;) = f( ios 1(QSi; io):( i1y i(QSiy i,))::g (2)

Note that operator ; is overloadedto represen either the
probabilistic policy for a seard sessionwith state QS;, de-
noted as (QS;); or the probabilit y of forwarding the query
to a specic neighboring agert A;, 2 Dir ectConn(A;) un-
der the policy (QSj), denoted as i(QS;; i.). There-
fore, equation (2) means that the probability of forward-
ing the seard sessionto agert Ai, is i(QSi; i,) and so
on. Under this stochastic policy, the routing action is non-
deterministic. The advantage of such a strategy is that
the best neighboring agerts will not be selectedrepeatedly,
thereby mitigating the potential \hot spots" situations.

The expected utility , U" (QS;j), is usedto estimate the po-
tential utilit y gain of routing query type QS; to agert A;
under policy {'. The superscript n indicates the value at the
nth iteration in an iterativ e learning process. The expected
utility provides routing guidance for future seard sessions.

In the seard process,each agert Ai maintains partial ob-
senations of its neighbors' states, as shown in Fig. 2. The
partial obsenation includes non-local information such as
the potential utilit y estimation of its neighbor A, for query
state QS;, denoted as Un (QS;j), as well as the load infor-
mation, Ln. These obsenations are updated periodically
by the neighbors. The estimated utilit y information will be
used to update A;'s expected utilit y for its routing policy.

Expected Utility For Different Query Types
gen Load Informatiof
QS o QS 1
Ao ug(Qs o) ug(Qs 1) L
n n n
A ul(Qs o) U7 (Qs 1) Ly
n n n
A U2 (Qs o) ug(Qs 1) L3
Asg ug(Qs o) ug(Qs 1) L3

Figure 2: Agent A;'s Partial Observ ation about its

neigh bors( Ao, A1...)

The load information of A, Lm, is de ned as

_ IMFnj
m = Cm

, where jM Fn,j is the length of the message-forvard queue
and Cy, is the service rate of agert An's message-forvard
queue. Therefore L characterizes the utilization of an
agert's communication channel, and thus provide non-local
information for An's neighbors to adjust the parameters of
their routing policy to avoid inundating their downstream
agerts. Note that basedon the characteristics of the queries
entering the system and agerts' capabilities, the loading of
agerts may not be uniform. After collecting the utilization

rate information from all its neighbors, agert A; computes
Lio as a single measurefor assessinghe averageload condi-
tion of its neighborhood:

p
0 « Lk

Li= jDir ectConn(A;)j

Agents exploit L? value in determining the routing proba-
bilit y in its routing policy.

Note that, asdescribed in Section 3.2, information about
neighboring agerts is piggybacked with the query message
propagated among the agernts whenewer possible to reduce
the trac overhead.

3.1.1 UpdatethePolicy

An iterativ e update processis introduced for agerts to
learn a satisfactory stochastic routing policy. In this itera-
tiv e process,agerts update their estimates on the potential
utilit y of their current routing policies and then propagate
the updated estimates to their neighbors. Their neighbors
then generate a new routing policy based on the updated
obsenation and in turn they calculate the expected utilit y
basedon the new policies and contin ue this iterativ e process.

In particular, at time n, given a set of expected util-
ity, an agert A;, whose directly connected agerts set is
Dir ectConn(Ai) = fAi,; i Ai, g, determinesits correspond-
ing stochastic routing policy for a seard sessionof state QS;
basedon the following steps:

(1) Ai rst selects a subset of agerts as the potential
downstream agerts from set Dir ectConn(A;), denoted as
PDn (Ai; QS;j). The sizeof the potential downstream agert
is specied as

JPDn(Ai;QS))j = min(jNEI (Ai); d + K)j

where k is a constant and is set to 3 in this paper; d,
the forward width, is de ned as the expected number of



neighboring agerts that agert A; can forward to at time
n. This formula species that the potential downstream
agert set PDn(Ai; QS;j) is either the subset of neighboring
agerts with d' + k highest expected utilit y value for state
QS; among all the agerts in Dir ectConn(A;), or all their
neighboring agerts. The k is intro duced based on the idea
of a stochastic routing policy and it makes the forwarding
probabilit y of the d' + k highest agert lessthan 100%. Note
that if we want to limit the number of downstream agerts
for seard sessions; as5, the probabilit y of forwarding the
query to all neighboring agerts should add up to 5. Set-
ting up d' value properly can improve the utilization rate
of the network bandwidth when much of the network is idle
while mitigating the trac load when the network is highly
loaded. The din+1 value is updated basedon df', the previ-
ous and current obsenations on the trac situation in the
neighborhood. Speci cally , the update formula for din+1 is

1L

jDir ectConn(A;)j

In this formula, the forward width is updated basedon the
trac conditions of agert Ai's neighborhood, i.e Lio, and its
previous value.

(2) For eah agert A;, in the PDn(Ai;QS;j), the proba-
bility of forwarding the query to A;, is determined in the
following way in order to assignhigher forwarding probabil-

ity to the neighboring agerts with higher expected utilit y
value:

gt =dl 1+

)

n+1l . = dP+1
QS W)= mpanas
o,  PDU(A;QS))
Ui S PP (A -OS i
Q) B5.(A:08) ©

where

0
Uo(QS;)
02PDn (A;QS ;)

0
PDUn(A;QS)) =

and QSJ-O is the subsequert state of agert A;, after agert
A; forwards the seard sessionwith state QS; to its neigh-
boring agert A;, ; If QS; = (g;ttl o), then QSJ-0 = (;ttlo
1).

In formula 3, the rst term on the right of the equation,
d:‘|+1

JPDn(AiQS )]’
ability by equally distributing the forward width, di”+1 , to
the agerts in PDn (Ai; QSj) set. The secondterm is usedto
adjust the probabilit y of being chosen so that agerts with

is usedto to determine the forwarding prob-

higher expected utilit y values will be favored. is deter-
mined according to:
m d
= min ' —
M Umax  PDUn(Ai;QS))
drt
—— oo : 4
PDUn (A|'QS]) m Um|n
wherem = jPD, (Ai; QS;)j,
0
Umax = max )UO(QSJ)

02P D (A0iQS

and

0
Umin = min Uo(QS;
M 02PDn(A0QS)) °(QS))
This formula guaranteesthat the nal i”"l (QS;; i) value
is well de ned, i.e,

0 M@S; o) 1
and
in+1 (Qsj; ik): din+l

|

However, such a solution does not explore all the possi-
bilities. In order to balance betweenexploitation and explo-
ration, a -Greedy approach is taken. In the -Greedy ap-
proach, in addition to assigning higher probabilit y to those
agerts with higher expected utilit y value, asin the equation
(3). Agents that appear to be \not-so-good" choices will
also be sert queries basedon a dynamic exploration rate.

In particular, for agerts in the setP D, (Ai; QS;), {‘1"1 (QS))
is determined in the sameway as the above, with the only
dierence being that d’** is replacedwith d'*™* (1 n).
The remaining seard bandwidth is used for learning by
assigning probability . evenly to agerts Ai, in the set

Dir ectConn(Ai) PDn(Ai;QS)).
n 1 (QS . ) _ d:ﬁ' +1 n (5)
i2 I /7 iDirectConn(Ai) PD,(Ai;QS;)j

where PD,(Ai;QSj) DirectConn(Ai). Note that the
exploration rate is not a constant and it decreasesover-
time. The s determined according to the following equa-
tion:

ne1 = o e " (6)

where o is the initial exploration rate, which is a con-
stant; c; is also a constant to adjust the decreasingrate of
the exploration rate; n is the current time unit.

3.1.2 UpdateExpectedJtility

Oncethe routing policy at stepn+ 1, {‘*1 , is determined
basedon the above formula, agert A; can update its own ex-
pected utilit y, U "1 (QS;), basedon the the updated routing
policy resulted from the formula 5 and the updated U values
of its neighboring agerts. Under the assumption that after a
query is forwarded to Ai's neighbors the subsequen searct
sessionsare independert, the update formula is similar to
the Bellman update formula in Q-Learning:

i) UM (QSs;) +

Ut Qs = @
QS IUNQS) ()

i (R (QS)) +
k

where QSJ-0 = (Qj;ttl 1) is the next state of QS; =
(Qj;ttl); R (QS)) is the expected local reward for query
classQy at agert A; under the routing policy i’”l; i isthe
coe cien t for deciding how much weight is given to the old
value during the update process:the smaller ; value is, the
faster the agert is expectedto learn the real value, while the
greater volatilit y of the algorithm, and vice versa. R"*2 (s)

is updated according to the following equation:



R'™ (QS)) = R1(QS))
+ i (r(QS)) R{(QS)) P(giQ;) (8)

wherer (QS;) is the local reward assaiated with the seart
session. P (g jQj) indicates how relevant the query ¢ is to
the query type Qj, and ; is the learning rate for agert A;.
Depending on the similarit y betweena specic query g and
its corresponding query type Qi, the local reward assaiated
with the seard sessionhasdi eren t impact on the R (QS;)
estimation. In the above formula, this impact is re ected by
the coe cien t, the P(q jQ;j) value.

3.1.3 Reward function

After a seard sessionstops whenits TTL values expires,
all seard results are returned back to the userand are com-
pared against the relevance judgment. Assuming the set of
seard results is SR, the reward Rew(SR) is de ned as:

if jRel(SR)j > ¢

Rew(SR) = otherwise:

jRel (SR)j
Cc

where SR is the set of returned seard results, Rel(SR)
is the set of relevant documernts in the seard results. This
equation speci es that usersgive 1:0 reward if the number
of returned relevant documents reachesa prede ned number
c. Otherwise, the reward is in proportion to the number of
relevant documents returned. This rationale for setting up
such a cut-o value is that the importance of recall ratio
decreaseswith the abundance of relevant documernts in real
world, therefore userstend to focuson only alimited number
of searded results.

The details of the actual routing protocol will be intro-
duced in Section 3.2 when we intro duce how the learning
algorithm is deployed in real systems.

3.2 Deploymentof the Learning algorithm

This section describes how the learning algorithm can be
usedin either a single-phaseor a two-phase seard process.
In the single-phase seard algorithm, search sessionsstart
from the initiators of the queries. In contrast, in the two-step
seard algorithm, the query initiator rst attempts to seeka
more appropriate starting point for the query by intro ducing
an exploratory step as described in Section 2. Despite the
di erence in the quality of starting points, the major part
of the learning processfor the two algorithms is largely the
same as described in the following paragraphs.

Before learning starts, eac agert initializes the expected
utility value for all possible states as 0. Thereafter, upon
receipt of a query, in addition to the normal operations de-
scribed in the previous section, an agert A; also setsup a
timer to wait for the seard results returned from its down-
stream agerts. Once the timer expires or it has received
responsefrom all its downstream agerts, A;i mergesand for-
wards the seard results accrued from its downstream agerts
to its upstream agert. Setting up the timer speedsup the
learning becauseagerts can avoid waiting too long for the
downstream agerts to return seard results. Note that these
detailed results and corresponding agert information will
still be stored at A; until the feedbad information is passed
from its upstream agert and the performance of its down-
stream agerts can be evaluated. The duration of the timer
is related to the TTL value. In this paper, we set the timer

to
timer = ttli 2+ tf

, where ttl; 2 is the sum of the travel time of the queriesin
the network, and t; is the expected time period that users
would like to wait.

The seard results will eventually bereturned to the search
sessioninitiator Ag. They will be compared to the relevance
judgment that is provided by the nal users (as described
in the experiment section, the relevance judgement for the
query set is provided along with the data collections). The
reward will be calculated and propagated backward to the
agerts along the way that seard results were passed. This
is a reverseprocessof the seard results propagation. In the
processof propagating reward backward, agerns update es-
timates of their own potential utilit y value, generate an up-
to-dated policy and passtheir updated results to the neigh-
boring agerts basedon the algorithm described in Section 3.
Upon change of expected utilit y value, agert A; sendsout its
updated utilit y estimation to its neighbors so that they can
act upon the changed expected utilit y and corresponding
state. This update messageincludes the potential reward
as well as the corresponding state QS; = (o«;ttl|) of agert
Ai. Each neighboring agert, A;j, reacts to this kind of up-
date messageby updating the expected utilit y value for state
QS; (g; ttl | + 1) according to the newly-announced changed
expected utilit y value. Once they complete the update, the
agerts would again in turn inform related neighbors to up-
date their values. This processgoeson until the TTL value
in the update messageincreasesto the TTL limit.

To speed up the learning process,while updating the ex-
pected utilit y valuesof an agent A;'s neighboring agerts we
specify that

Um (Qk;ttl o) >= Um (Qx;ttl1) i ttlo > ttly

Thus, when agert A; receives an updated expected utilit y
value with ttl,, it also updates the expected utilit y values
with any ttl o > ttl 1 if Uy (Qk;ttlo) < Um (Qx;ttl1) to speed
up cornvergence. This heuristic is based on the fact that
the utilit y of a search sessionis a non-decreasingfunction of
time t.

3.3 Discussion

In formalizing the content routing system as a learning
task, many assumptions are made. In real systems, these
assumptions may not hold, and thus the learning algorithm
may not converge. Two problems are of particular note,

(1) This content routing problem does not have Mark ov
properties. In contrast to IP-level basedpacket routing, the
routing decision of eath agert for a particular seard ses-
sion s; depends on the routing history of s;. Therefore,
the assumption that all subsequen seard sessionsare in-
dependert doesnot hold in reality. This may lead to \dou-
ble counting" problem that the relevant documents of some
agerts will be counted more than once for the state where
the TTL value is more than 1. However, in the context
of the hierarchical agert organizations, two factors mitigate
this problems: rst, the agerts in each content group form
a tree-like structure. With the absenseof the cycles, the es-
timates inside the tree would be closeto the accurate value.
Secondly, the stochastic nature of the routing policy partly
remediesthis problem.



(2) Ancther challenge for this learning algorithm is that
in a real network environment obsenations on neighboring
agerts may not be able to be updated in time due to the
communication delay or other situations. In addition, when
neighboring agerts update their estimates at the sametime,
oscillation may arise during the learning process[1].

This paper explores sewral approaches to speed up the
learning process. Besides the aforemertioned strategy of
updating the expected utilit y values, we also employ an
\activ e update" strategy where agerts notify their neigh-
bors whenewer its expected utility is updated. Thus a faster
convergencespeed can be achieved. This strategy contrasts
to the \Lazy update”, where agerts only echo their neigh-
boring agerts with their expected utilit y change when they
exchange information. The trade o between the two ap-
proachesis the network load versuslearning speed.

The advantage of this learning algorithm is that once a
routing policy is learned, agerts do not have to repeatedly
compare the similarity of queries as long as the network
topology remains unchanged. Instead, agert just have to
determine the classi cation of the query properly and follow
the learned policies. The disadvantage of this learning-based
approach is that the learning processneedsto be conducted
whenever the network structure changes. There are many
potential extensionsfor this learning model. For example, a
single measureis currently usedto indicate the trac load
for an agert's neighborhood. A simple extension would beto
keeptrack of individual load for each neighbor of the agert.

4. EXPERIMENTS SETTINGS AND RESULTS

The experiments are conducted on TRANO simulation
toolkit with two setsof datasets, TREC-VLC-921 and TREC-
123-100 The following sub-sectionsintro duce the TRANO
testbed, the datasets, and the experimental results.

4.1 TRANO Testbed

TRANO (Task Routing on Agent Network Organization)
is a multi-agent based network based information retrieval
testbed. TRANO is built on top of the Farm [4], a time
based distributed simulator that provides a data dissemi-
nation framework for large scale distributed agert network
basedorganizations. TRANO supports importation and ex-
portation of agert organization pro les including topological
connections and other features. Each TRANO agert is com-
posedof an agert view structure and a control unit. In sim-
ulation, ead agert is pulsed regularly and the agert checks
the incoming messagequeues,performs local operations and
then forwards messagedo other agerts .

4.2 Experimental Settings

In our experiment, we usetwo standard datasets, TREC-
VLC-921 and TREC-123-100 datasets, to simulate the col-
lections hosted on agerts. The TREC-VLC-921 and TREC-
123-100 datasetswere created by the U.S. National Institute
for Standard Technology(NIST) for its TREC conferences.
In distributed information retrieval domain, the two data
collections are split to 921 and 100 sub-collections. It is ob-
served that dataset TREC-VLC-921 is more heterogeneous
than TREC-123-100 in terms of source, document length,
and relevant document distribution from the statistics of the
two data collections listed in [13]. Hence, TREC-VLC-921 is
much closerto real document distributions in P2P environ-
ments. Furthermore, TREC-123-100 is split into two sets of
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Figure 4: ARSS(Av erage reward per search ses-
sion) versus the num ber of search sessions for 2phase
search in TREC-VLC-921

sub-collections in two ways: randomly and by source. The
two partitions are denoted as TREC-123-100-Random and
TREC-123-100-Source respectively. The documents in each
subcollection in dataset TREC-123-100-Source are more co-
herent than those in TREC-123-100-Random. The two dif-
ferent sets of partitions allow us to observe how the dis-
tributed learning algorithm is a ected by the homogeneity
of the collections.

The hierarchical agert organization is generated by the
algorithm described in our previous algorithm [15]. During
the topology generation process,degreeinformation of eac
agert is estimated by the algorithm introduced by Palmer
et al. [9] with parameters = 0:5and = 0:6. In our
experiments, we estimate the upward limit and downward
degree limit using linear discount factors 0.5, 0.8 and 1.0.
Once the topology is built, queries randomly selected from
the query set301 3500n TREC-VLC-921 and query setl
50 on TREC-123-100-Random and TREC-123-100-Source
are injected to the system basedon a Poisson distribution

P(N() = n) = (tn!)ne




Cumulative utility over the number of incoming queries
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Figure 5: The cum ulativ e utilit y versus the number
of search sessions TREC-VLC-921

In addition, we assumethat all agerts have an equal chance
of getting queries from the environment, i.e, is the same
for every agert. In our experiments, is set as 0:0543 so
that the mean of the incoming queriesfrom the environment
to the agert network is 50 per time unit. The service time
for the communication queueand local sear queue, i.e tq,

and t;s, is set as 0:01 time unit and 0:05 time units respec-
tively. In our experiments, there are ten types of queries
acquired by clustering the query set301 350and 1 50.

4.3 Resultsanalysisand evaluation

Figure 3 demonstrates the ARSS(Average Reward per
Seard Session)versusthe number of incoming queries over
time for the the Single-Step based Non-learning Algorithm
(SSNA), and the Single-StepLearning Algorithm(SSLA) for
data collection TREC-VLC-921 . It shows that the average
reward for SSNA algorithm rangesfrom 0:02 0:06 and the
performance changeslittle over time. The average reward
for SSLA approach starts at the samelevel with the SSNA
algorithm. But the performance increasesover time and
the average performance gain stabilizes at about 25% after
guery range 2000 3000.

Figure 4 shows the ARSS(Av erageReward per Seart Ses-
sion) versusthe number of incoming queriesover time for the
the Two-Step based Non-learning Algorithm(TSNA), and
the Two-Step Learning Algorithm(TSLA) for data collec-
tion TREC-VLC-921 . The TSNA approach has a relativ ely
consistert performance with the averagereward rangesfrom
0:05 0:15. The averagereward for TSLA approach, where
learning algorithm is exploited, starts at the samelevel with
the TSNA algorithm and improvesthe averagereward over
time until 2000 2500queriesjoining the system. The results
show that the averageperformance gain for TSLA approach
over TNLA approach is 35% after stabilization.

Figure 5 shows the cumulativ e utilit y versusthe number
of incoming queries over time for SSNA, SSLA, TSNA, and
TSLA respectively. It illustrates that the cumulativ e util-
ity of non-learning algorithms increaseslargely linearly over
time, while the gains of learning-based algorithms acceler-
ate when more queriesenter the system. These experimental
results demonstrate that learning-based approaches consis-
tently perform better than non-learning based routing al-

gorithm. Moreover, two-phase learning based algorithm is
better than single-phasebased learning algorithm because
the maximal reward an agent can receive from searding its

neighborhood within TTL hops is related to the total num-

ber of the relevant documents in that area. Thus, even the

optimal routing policy can do little beyond reaching these
relevant documents faster. On the contrary, the two-step-
based learning algorithm can relocate the seard sessionto

a neighborhood with more relevant documents. The TSLA

combines the merits of both approaches and outp erforms
them.

Table 1 lists the cumulativ e utilit y for datasets TREC-
123-100-Random and TREC-123-100-Source with hierarchi-
cal organizations. The v e columns show the results for four
dieren t approaches. In particular, column TSNA-R andom
shows the results for dataset TREC-123-100-Random with
the TSNA approach. The column TSLA-R andom shows the
results for dataset TREC-123-100-Random with the TSLA
approach. There are two numbers in ead cell in the col-
umn TSLA-Random. The rst number is the actual cu-
mulativ e utilit y while the secondnumber is the percertage
gain in terms of the utilit y over TSNA approach. Columns
TSNA-Source and TSLA-Sour ce show the results for dataset
TREC-123-100-Source with  TSNA and TSLA approaches
respectively. Table 1 shows that the performance improve-
ment for TREC-123-100-Random is not assigni cant asthe
other datasets. This is becausethat the documents in the
sub-collection of TREC-123-100-Random are selected ran-
domly which makes the collection model, the signature of
the collection, less meaningful. Since both algorithms are
designedbasedon the assumption that document collections
can be well represented by their collection model, this result
is not surprising.

Overall, Figures 4, 5, and Table 1 demonstrate that the
reinforcement learning basedapproach can considerably en-
hance the system performance for both data collections.
However, it remains as future work to discover the corre-
lation betweenthe magnitude of the performance gains and
the size of the data collection and/or the extent of the het-
erogeneily betweenthe sub-collections.

5. RELATED WORK

The content routing problem diers from the network-
level routing in packet-switched communication networks in
that content-based routing occurs in application-lev el net-
works. In addition, the destination agerts in our content-
routing algorithms are multiple and the addressesare not
known in the routing process. IP-level Routing problems
have been attacked from the reinforcement learning per-
spective[2, 5, 11, 12]. These studies have explored fully
distributed algorithms that are able, without central coor-
dination to disseminate knowledge about the network, to
nd the shortest paths robustly and e cien tly in the face of
changing network topologiesand changing link costs. There
are two major classesof adaptive, distributed packet rout-
ing algorithms in the literature: distance-vector algorithms
and link-state algorithms. While this line of studies carry a
certain similarity with our work, it has mainly focused on
packet-switched communication networks. In this domain,
the destination of a packet is deterministic and unique. Each
agert maintains estimations, probabilistically or determin-
istically, on the distance to a certain destination through its
neighbors. A variant of Q-Learning techniques is deployed



Table 1: Cum ulativ e Utilit y for Datasets TREC-123-100-R andom and TREC-123-100-Sour ce with Hierarc hical

Organization;

The percentage numbers in the columns \TSLA-Random"

and \TSLA-Source" demonstrate

the performance gain over the algorithm without learning

Query number | TSNA-Random | TSLA-Random | TSNA-Source | TSLA-Source
500 25.15 28.4513% 24.00 21.05-13%
1000 104.99 126.7420% 93.95 96.442.6%
1250 149.79 168.4012% 122.64 134.059.3%
1500 188.94 211.0512% 155.30 189.6022%
1750 235.49 261.6011% 189.14 243.9028%
2000 275.09 319.2516% 219.0 278.8026%

to update the estimations to convergeto the real distances.

It hasbeendiscoveredthat the locality property is an im-
portant feature of information retrieval systemsin usermod-
eling studies[3]. In P2P basedcontent sharing systems, this
property is exempli ed by the phenomenonthat userstend
to send queriesthat represert only a limited number of top-
ics and conversely, usersin the sameneighborhood are likely
to sharecommon interests and sendsimilar queries[10]. The
learning based approach is perceived to be more bene cial
for real distributed information retrieval systemswhich ex-
hibit locality property. This is becausethe users'trac and
query patterns can reduce the state spaceand speedup the
learning process. Related work in taking advantage of this
property include [7], where the authors attempted to address
this problem by user modeling techniques.

6. CONCLUSIONS

In this paper, a reinforcement-learning based approach
is developed to improve the performance of distributed IR
seard algorithms. Particularly , agerts maintain estimates,
namely expected utility , on the downstream agerts' ability to
provide relevant documernts for incoming queries. These es-
timates are updated gradually by learning from the feedbad
information returned from previous seard sessions. Based
on the updated expected utility information, the agerts mod-
ify their routing policies. Thereafter, these agerts route the
queries based on the learned policies and update the es-
timates on the expected utility based on the new routing
policies. The experiments on two dierent distributed IR
datasetsillustrates that the reinforcemert learning approach
improves considerably the cumulativ e utilit y over time.
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