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ABSTRACT

Federated search links multiple search engines an&ingle,
virtual search system. Most prior research of fetket search
focused on selecting search engines that have tse relevant
contents, but ignored the retrieval effectivenessndividual
search engines. This omission can cause seriob¢epts when
federating search engines of different qualities.

This paper proposes a federated search technicate udes
utility maximization to model the retrieval effeatness of each
search engine in a federated search environmerd. Adw
algorithm ranks the available resources by expfi@stimating
the amount of relevant material that each resoaarereturn,
instead of the amount of relevant material thatheasource

contains An extensive set of experiments demonstrates the

effectiveness of the new algorithm.

Categories & Subject Descriptors:
H.3.3 [Information Search and Retrievall:

General Terms: Algorithms
Keywords:Model Search Engine Effectiveness

1. INTRODUCTION

Federated Searchalso known asdistributed information
retrieval [3,6,14] searches information that cannot be astbs
by conventional search engines such as Google tavta by
linking search engines of resources that contais type of
information. Federate search includes three subhpnus: i)
information about the contents of each resource t nes
acquired fesource description[3,9,16]; ii) a set of resources
must be selected for seardleqource selection[7,8,15,16,18];
and iii) after results have been returned fromcietéresources,
the results must be merged into a single ranked(fésults
merging [3,17].

The solution of federated search is highly influeshchy
different environment characteristics. In this papee focus on
uncooperative environments such as Web or wide reztaork,
which contain multiple types of independent, nopgerative
resources. Many applications fall into this typeeofvironment
such as the QProber [10] system which supports sirgvand
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searching of hidden Web resources, or the federagsich
solution for FedStats portal [5] which providesiragte interface
to multiple Web sites of government agencies.

One practical problem that should be addressecederfited
search solution of uncooperative environment ist tearch
engines of some resources may not be effectiveretudn very
few of their relevant documents. These search esgnay use
ineffective retrieval methods such as the Booleatriaval
algorithm [1]. They may choose good retrieval aittpons but
still suffer from bad retrieval parameter settingcls as bad
smoothing parameter in the language model retrialgadrithm
[19]. Even if they use effective retrieval algorite and choose
good parameters at the early stage of system dawelat, these
parameters may become worse and worse when mormaired
documents with different characteristics are add®d the
system. Ineffective search engines exist in realrldvo
applications like the Boolean retrieval engine foé PubMed
Web site. Some other examples are the ineffectivarch
engines linked by FedStats portal [5] that return
unranked/(randomly ranked) results, or return mdoguments
that do not exist, as in the case of broken links.

In this paper we propose a new algorithm to incaapm the
factor of retrieval effectiveness of search enginés federated

search framework. Our new algorithm measures the

effectiveness of search engines by: i) sendingallstamber of
training queries to retrieve documents from avéddaesources;
and ii) investigating the consistency between #rked lists of
individual search engines and the lists generagednbeffective
centralized retrieval algorithm on the returned woents. The
behavior of how each search engine ranks its dostsm@n be
learned from the above steps. Then, in the resosetection
phase, resources are ranked by both considering rmamy

relevant documents they may contain and how effelgtieach
search engine has ranked its returned documentseirpast.
This is accomplished by formalizing the resourcéect®mn

procedure as an optimization problem that maximities

amount of relevant documents to return.

Empirical study was conducted on several testbedssaveral
search algorithms with different characteristics sioow the
advantage of the new research over prior resedahdid not
consider retrieval effectiveness of search engitteprovides
more accurate results than the state-of-the-adritihgns when
some search engines are not effective, and isst &s effective
as the prior solutions when all the search engameseffective.
Detailed analysis shows that the advantage of &éve nesearch
comes from the explicit consideration of the reftale
effectiveness of individual search engines.
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The next section discusses related work. Sectides8ribes our
new approach to model search engine retrieval tffatess.
Section 4 explains our experimental methodologyctiSe 5

presents the experimental results and the correépgn
discussion. Section 6 concludes.

2. PRIOR RESEARCH

There has been considerable research on the sidmplmf
federated search. We only survey the most relate#t with the
new research in this paper.

Our research interest is uncooperative environmseoth as
Web where resources provide basic services (eumning
queries and returning documents), but do not peowither type
of cooperation. In uncooperative environments, yibased
sampling (QBS) [3] has been shown to acquire atewnaigram
resource descriptions using a small number of gagg.g., 75)
and a small number of documents (e.g., 300). Astiree time,
the acquired documents by query-based samplingpearsed to
build a centralized sample database, which playsrgortant
factor in estimating resource sizes [16], makingotgce
selection decision [15,16,18] and merging the teqdl7].

There is a large body of prior research on resogadection
[3,7,8,15,16,18]. The CORI [3] and KL-divergence0]2
resource selection algorithms have been the sfdteeeart for a
long time. They model resources as big documemtd, rank
resources using the similarities between thosedoiguments
and user queries. Recent studies [16,18] have shbainthe
“big document” resource selection algorithms aré dioectly
designed to select resources that contain thedargenber of
relevant documents, and they do not work well ire th
environments of skewed resource sizes.

The decision-theoretic framework (DTF) [8,15] andified
utility maximization (UUM) algorithm [18] turn awafrom the
“big document” approach by explicitly maximizingetmumber
of relevant documents contained in the selecteduress. DTF
requires a large amount of training data to bugidasate models
for each resource to estimate the number of retedacuments
that each resource contains. UUM is more practitah DTF
because it builds a single model on the centraligathple
database to estimate the probabilities of relevafckcuments,
and makes the single model serve as a bridge tmecon
individual resources in order to estimate the amadfimelevant
documents that each resource contains.

Furthermore, the UUM algorithm shows that high Biea (i.e.,
high precision of top ranked documents in the first) should
be the goal of resource selection for federateduhent
retrieval systems. This is because that federatecurdent
retrieval systems only retrieve part of relevantutoents (high-
Precision) from each selected resource and mergeaesults
into a single final list. UUM algorithm assumes ttheach
resource is effective to return the documents #rat most
probable to be relevant. Empirical study [18] hasven that
UUM algorithm acquires more accurate results thamesal
other algorithms in the case when all search esgifieesources
are effective to return their relevant documents.

The last step of federated search is to merge dadists
returned by selected resources. The results mertisk of
federated search is different from that of Metarcleaas very

little or even no overlap can be found among irdiial ranked
lists. It is usually treated as a problem of transiing resource-
specific document scores into comparable resourdepiendent
document scores. The Semi-Supervised Learning ($$L)
results merging algorithm uses the documents aedulyy
query-based sampling as training data and usear lnegression
to learn the resource-specific, query-specific rmgrgmodel.
Prior study has shown SSL to be effective to prevédcurate
merged list [17]. It is used as a part of the Ultahfiework [18]
and also the new search in this paper.

Very little prior research addressed the issueeairch engine
retrieval effectiveness in federated search. Liu,ak, [13]

showed how to estimate the parameters of simildubctions
used by different search engines, but they assuthed

similarity functions were of a known form (e.g., tgwoduct
functions); many search engines don't satisfy teguirement.
Neither did their work address the issue of howntmdel search
engine retrieval effectiveness in resource selectio

It might be possible to model search engine retfiev
effectiveness within the decision-theoretic framawdDTF)
[8,15], but no work has been conducted yet. Funtoee, the
attempt in this framework may also be hinderedhgygossible
excessive requirement of human judgment data imat the
amount of relevant documents that each resourcéaiosn
which has been discussed before.

The research of unified utility maximization [18jafmework
made an unrealistic assumption for real world agpibns that
individual search engines are always effective dtum their
relevant documents. When such an assumption isaliat, it

claims that the semi-supervised learning resultsrging

algorithm can detect irrelevant documents returnieg

ineffective search engines so that the those sestdn be
discarded and do not hurt the final ranked listwigleer, the key
point is that the failure to consider the retriegtfectiveness of
search engines has already damaged the overalaagcin the
resource selection phrase. If better method has bgkzed in

resource selection, it is possible to choose ressuthat can
return more relevant documents for better finakeahlist.

3. RETURNED UTILITY MAXIMIZATION
METHOD

Federated search can be viewed as trying to magithiz utility

of selected resources. Most prior research defirdity as the
amount of relevant materiabntainedin a resource. However,
the utility required by users is defined by the amtoof relevant
material returned by the resource. If retrieval effectiveness of
search engines is not considered, the utility mattegs not
match the user’s expectations. This motivates ew research:
The returned utility maximization method.

This section first presents how to measure seamfine
effectiveness; then briefly describes how to edéméhe
probabilities of relevance of all documents in feded search
environments; and finally shows the optimizatioanfiework of
returned utility maximization method to select tesources.

3.1 Measuring the Retrieval Effectiveness of
Search Engines



There is no direct way to measure the retrievaatifeness of
search engines in uncooperative federated searitoements.
One could estimate the parameters of ranking fanstiwhen
these functions can be assumed to have specials f¢13].
However, this assumption is rarely true in real ldor
applications, so we do not consider it here.

In this work, a new method is proposed to modetcteangine
effectiveness in federated search by investigdtmg consistent
are the ranked lists returned from the search esgwith the
lists generated by an effective centralized resdi@igorithm on
the same set of documents. The intuition is thaa iearch
engine tends to generate ranked lists which arsisimt with
those of a centralized retrieval algorithm, thiarsd engine is
probable to be effective, and vice versa.

One may argue that it is more appropriate to meashe

effectiveness of search engines by evaluating thetinrned
results with human relevance judgment. Howeves thguires
human efforts to provide relevance judgment datdtfe search
engine of each resource, which is an excessive anafuvork

when there are many search engines in the fedessarth
environment. Instead, the results of an effectiemt@lized

retrieval algorithm in the federated search envitent can be a
reasonably good surrogate for the human relevadgnjent
data. The comparison between the results from iiddal search
engines and the results generated by centralizédeva

algorithm can be conducted automatically withougquigng

human efforts. Similar idea of taking advantage @entralized
retrieval algorithm in federated search has beertessfully
utilized for resource selection [18] and resultsgimey [17].

The retrieval effectiveness profiles of search eegiare built
during the resource representation phase. Theatieett sample
database is created by all the sampled documents duery-
based sampling. At the same time, an effective ralkred
retrieval algorithm (e.g., INQUERY [4]) is appliedn the
centralized sample database with a small numberaifing
queries. The training queries are also sent tockeavailable
resources. For each resource, some documents indivéual
ranked lists (e.g., every fifth documents in the t850
documents) are downloaded. Note that only some Ilgamp
documents (e.g., one sample document for the amk of 5)
are downloaded to reduce the communication coses&h
documents are ranked by the centralized retridgakighm with
the corpus statistics on the centralized samplabdae. For a
particular ith search engine, a mapping is learfoedeach jth
training query, which transforms the document rankhe list
from this search engine to the document rank in lise
generated by the centralized retrieval algorithornkally as:

@ - ddbii(rl) - dy(ry) Q)
where @, is the ranked list transformation of the jth trampi

query for the ith resource,, (r,) represents thgth document

in the ranked list from the ith resource an(tdl represents the
rth document in the ranked list generated by cené@l
retrieval algorithm. Equation (1) means that tite document in
the ranked list of jth training query from the ithsource is
mapped to the,th document in the corresponding ranked list
generated by the centralized retrieval algorithns. & single
sample document is used to represent a block ofbpea
documents in the ranked list, all the documentthiis block are
mapped to similar ranks by the centralized rettialgorithm.

All the learned transformations of different traigiqueries for
each search engine are collected together to thédetrieval
effectiveness profile for this search engine. Fdiymdor a
particular search engine of the ith resource, thefile
is:{@g.1< j<J}, where there are altogether J transformations
learned for the search engine. Those profiles béllutilized in

the resource selection phase to estimate how maleyant
documents in each resource are probable to benegtuyy the
corresponding search engine.

3.2 Learning Probabilities of Relevance

As well as the retrieval effectiveness measuresafch engines,
the probabilities of relevance of all the documeatsoss
available resources should also be estimated toculedé¢ the
number of relevant documents that can be returAesimilar
approach as that of unified utility maximizationM) [18] is
used here. In resource representation, this megistichates a
logistic model, which maps the centralized docunszotes (on
centralized sample database) to the correspondiniggpilities
of relevance. In resource selection, for each qaer resource
this method first estimates the centralized docurseores for
all the documents in this resource, then maps #mralized
document scores into the probabilities of relevaiée roughly
describe this method; more detail can be refeddg].

In resource representation, a logistic model idt baitransform
the normalized centralized document scores (doctrsesres
divided by the maximum centralized document scoreefich
query) to the probabilities of relevance. This c@nplished
with a small number of training queries (e.g., 8@t require
small amount of human relevant judgment (e.g., d®@€uments
for each query). The model can be expressed foyraall

expa, +b, S, (d))

R(d) = P(rel |d)= )

1+exp(a, +b, S, (d))
where R(d) represents the probabilities of relegafior a

particular document,éc(d) is the normalized centralized

document score for this document, andaad kR are the two
parameters of the logistic model. Note that hunaginent data
is only required to build a single model on the trcaized

sample database, which is in contrast to the exeeasount of
training data required by DTF to build separate e®dor

different resources.

In resource selection, the centralized documentescéor all
documents in available resources are estimatectifigpdy, for
each resource, it is assumed that each of its sahgdcuments
in the centralized sample database represents rmasgen
documents in the resource, which have similar etingd
document scores. A non-parametric linear interpmtamethod
is used to estimate the centralized document scfmesll
documents in the resource. Finally, by normalizialyy the
centralized document scores and applying the liegisbdel in
Equation (2), a list of probabilities of relevander all
documents in this resource can be estimated as:

{R(a( D), rop, Ndh]} (where lqldlq is the estimated source size by

Sample-Resample method [16] for the resource). Wwiethis
list of probabilities is ranked in a decreasing mamof the
centralized document scores. The documents, whiehmere
probable to be relevant, are ranked at the top paese steps



are conducted for all resources and the probadslif relevance
of all documents across resources are acquired.

3.3 Returned Utility Maximization Method

For federated document retrieval systems, selgewalrces are
searched and individual ranked lists are mergeal anfinal list.

Users hope to acquire the largest number of retedacuments
in the final list. Therefore, the utility for fed#ed document
retrieval systems should be the amount of reledamuments
returned from selected resources. Letlénote the number of
documents will be retrieved from the ith resourced a

d ={d,,d,,....} as the resource selection decision for all
resources. Formally, the returned utility can beregsed by:

ZI(di)i R(d,, (1) ®

where the indicator function Ijdrepresents whether the ith
resource is selected or now(d, (n) is the probability of

relevance of the top-rth document returned fromda@base. It
can be seen from Equation (3) that in order touate the
returned utility, the probabilities of relevance flocuments in
the top part of ranked lists of individual resowcghould be
provided, which it is not known. Section 3.2 delses a method
to estimate the probabilities of relevance for doeunts in the
ranked list on the centralized sample database., (i.e

{R(a( D), rop, IA\ldh]} ), which is generated by the centralized
retrieval algorithm. There is a gap between them.

To bridge the gap, we take advantage of the retriev
effectiveness profile built for each search engimdich is
described in Section 3.1. Specifically, in resowekection, it is
assumed for the ith resource, the current useryghas a
probability R() to have the same rank pattern from the
individual search engine and the centralized nadfi@lgorithm

as the jth training query. Then, the top rankedudwents from
the individual search engines can be mapped tor thei
corresponding ranks from the centralized retriesgiorithm.
This step is conducted for all resources withralining queries,
and the returned utility can be estimated as:

Zl(d.)i R(i)iR(q(oLb,.m) @)

This can be calculated with the lists of probaietitof relevance
for all documents derived in Section 3.2. It iswased that the
rank behavior of each training query is equallybatde. Two
constraints are added that only a small numbeg,)XNof
resources should be selected to retrieve a fixaabeun (Ngoo) of
documents. Then, the resource selection optimizgimblem
can be formally expressed as:

d’ =argma Z I ¢ )i“%zd: R@ @ ()
subject tozz Q)= Ny ®)

if d#0
This problem can be easily solved by calculating elstimated
returned utility from top ranked documents of eeetource as:

RU, :Z%Z R(g (g, (D) ©)

d =N

i rdoc?

Tablel: Testbed statistics.

Size | Number of documents Size (MB)

Testbed
(GB) | Min | Avg | Max |Min |Avg |Max

Trecl23| 3.2 | 752 10782 39713 2B 32 42

WT10g 7.8 300f 1169] 2650p 0B 84 141

Finally, the selection decision is made by selgctan few
resources that contribute the largest amount ofmet utility,
and their returned results are merged with the i®8thod [17].

4. EXPERIMENTAL METHODOLOGY

It is most desirable to evaluate federated sedgdrithms with

real world applications. However, real world apations are
usually short of relevance judgment data and difcult to

obtain full control of different components of thgstems (e.g.,
varying the retrieval algorithm of each resourc&hese
difficulties prevent us to do thorough study witbak world
applications. Instead, an extensive set of expetisnevas
designed in research environments to closely sieuéal world
applications such as [5].

4.1 Testbed

Two types of data were used in this paper: TREC web
collections and TREC news/government collectionsthBof
them have advantages and disadvantages to simeédtevorld
federated search applications.

TREC Web collection WT10g [6,12] provides a wayptotition
documents by different Web servers, which is caestswith
that of Web resources. A relatively large numberasfources
(i.e., about 1,000)) can be created, which makisstéstbed a
good candidate to simulate large-scale federatedrclse
applications. However, two weakness of this testheet i)
many resources contain small number of documebtsufatwo
thirds of resources contain less than 1,000 doctshei) the
contents of WT10g are built by arbitrarily crawlivgeb data.
The characteristics are not consistent with thdseed from
the FedLemur (i.e., FedStats) project [5], wherestmesources
contain reasonable amount of documents (more tifeDLwith
valuable topic-oriented contents (government agstatystics).

Another collection is the TREC news/government data
[3,15,17,18]. TREC news/government data are muchemo
similar to the contents provided by valuable tomient
resources than an arbitrary web page. By averagesaarce in
this collection contains thousands of documentschvis more
realistic than that of the TREC Web collection. 3de
characteristics make the TREC news/government adiatter
candidate to simulate the environment of domaircifipe
hidden Web or enterprise search. However, the TREC
news/government collection is usually split inttatieely small
number (i.e., about 100) of resources by publicasource and
date, which does not well simulate federated search
environments with large number of resources.

Specifically, three testbeds were used in this work

Trec123-100col-bysource (Trec123):100 collections were
created from TREC CDs 1, 2 and 3. They are orgdnine
source and publication date, and are somewhatdgeteeous.
The sizes of the databases are not skewed.



Table 2.Precision on the trec123-100col-bysource testbezhvitresources were selected. All search engirtee itestbed were
assigned a single type of retrieval algorithm a@BRY, Language Model (LM) with good smoothing pagten, SMART with ltc
weighting, INQUERY with random noise, Language Modligh bad smoothing parameter or Extended Bookgarithm.

Precision at INQUERY LM Bad Extended
Doc Rank INQUERY LM SMART RAND Parameter Boolear
5 doct 0.446( 0.492( 0.440( 0.320( 0.300( 0.260C
10 doc 0.434( 0.452( 0.408( 0.290( 0.272( 0.244(
15 doc 0.405¢ 0.404( 0.373¢ 0.268( 0.256( 0.232(
20 doc 0.375( 0.380( 0.359( 0.248( 0.254( 0.217(
30 doc 0.340( 0.3521 0.333¢ 0.224( 0.237: 0.192(
Table 3.Precision on the WT10g testbed when 20 resourcess setected. The same retrieval algorithms destiib@able 2 were used.

Precision at INQUERY LM Bad Extended
Doc Rank INQUERY LM SMART RAND Parameter Boolear
5 doct 0.224% 0.214¢ 0.191¢ 0.129¢ 0.115¢ 0.119¢
10 doc 0.193¢ 0.181 0.185 0.120¢ 0.1247 0.109:
15 doc 0.171¢ 0.168¢ 0.163¢ 0.103: 0.113¢ 0.094:
20 doc 0.153¢ 0.157: 0.154¢ 0.091¢ 0.103¢ 0.087:
30 doc 0.127: 0.127¢ 0.131¢ 0.074¢ 0.084¢ 0.078(

Trec123-2ldb-62col (“representative”): In order to reflect the
skewed source size distribution of some real waggdlications
such as FedLemur Projects [5], two large resouneee created
by merging 20 small resources with round-robin rodth
Therefore, these two large resources tend to comadre
relevant documents than the small resources.

These two testbeds were created from TREC newsfgmest
data. The detailed statistics of Trec123-100Col strewn in
Table 1. In order to make comparison with previoesearch
[3,15,16,18], fifty TREC title queries (101-150) mweused as
training queries and another 50 queries (51-100kwsed as
test data. Specifically, in order to build the imtal

effectiveness profile for each search engine, itrgirgueries
were sent to resources and the ranked lists obufdtqueries
(queries that return more than 250 documents) wéheed.

This means that sample documents (every fifth) were

downloaded and the centralized retrieval algorithas applied
on them to compare with the resource ranked listsgenerate
the retrieval effectiveness profiles as describe@éction 3.2.
The retrieval effectiveness profiles were used @source
selection, then the selected resources were sebeatied each
selected resource returned 50 documents.

WT10g-934col (“WT10g"): 934 resources were obtained by
dividing WT10g data into 11,485 collections by théRLs and
selecting those that contain more than 300 docusn@®tail is
in Table 1. The WT10g testbed was created from TR
data. TREC Web queries 451-550 were used on titiseeé. The
first set of fifty queries and the second set fif fiqueries were
used as training data and test data alternatielyg, the final
results were averaged by the two fold evaluaticnmfst of the
resources on WT10g return short ranked lists becafisheir
small sizes, the training queries that were usexigate retrieval
effectiveness profiles were only required to regie50
documents. During testing, all selected resouredsrred 30
documents.

4.2 Search Engines

Multiple types of search engines were used in dpeements to
reflect the characteristic of uncooperative envinents. Three
types of effective search engines used were: INQUER, a

unigram statistical language mode with linear siningt (the
smooth parameter is set to be 0.5) [19] and a THi@Ffeval
algorithm [2] with “Itc” weighting [2,11].

Three types of ineffective retrieval algorithms éntroduced
in the experiments. Specifically, an extended Bawlectrieval
algorithm [1], which adds up the term frequenciésnatched
query terms without considering idf factor; a uaigrlanguage
model with bad linear smoothing parameter [19],clhs set to
be 0.99 that bias towards the corpus language madel an
INQUERY retrieval algorithm [4] with added randoroise to
the original retrieval scores, where the randonmseéaianges
from 0 to 0.3 and the original scores range frofnt6.1.

To give more insight of how effective are theseriegtl

algorithms, two sets of federated search expersnemtre
conducted on the Trec123 and WT10g testbeds. Allstarch
engines were assigned a single type of retrievgorighm. 5

resources and 20 resources were selected by UUbfitalg.

The results are shown in Tables 2 and 3. It caselea that the
three effective retrieval algorithms acquire muobrenaccurate
results than the three ineffective algorithms ornthbowo

testbeds. The extended Boolean retrieval algorgkems to be
even less effective than the other two ineffectilgorithms.

5. EXPERIMENT RESULTS

An extensive set of experiments were conducteditvesss the
following three questions:

1) How does the new returned utility maximizatidRUM)

method work in the federated search environmeritdbatains
ineffective search engines? Experiments were cdaduto
compare the RUM method with the state-of-the-artRC@nd
unified utility maximization (UUM) methods that doot

consider retrieval effectiveness of search enginethe case
when one third of search engines are ineffective.

2) What is the behavior of the RUM method in fetkmlasearch
environments with different proportions of ineffieet search
engines? Experiments were conducted to show thavimhof

the RUM method in the case when all search engares
effective and in the case when two third of seabines are
ineffective.



Table 4.Precision on the trec123-100col-bysource testbezhwh
5 resources were selected. One third of the sesugimes among
all resources were assigned with ineffective reti@lgorithms.

Precision 5 Resources Select:
at Doc UUM CORI RUM

5 doct 0.380( | 0.3400-10.5% [ 0.4400 (+15.8%

10 doc 0.340( 0.3200 -5.9% 0.3860 (+13.%)

15 doc 0.317: 0.3067 -3.3% 0.3680 (+16.%)

20 doc 0.305C 0.2990 -2.0% 0.3520 (+15.%)

30 doc 0.284( 0.2733 -3.8% 0.3240 (+14.%)

Table 5. Precision on the representative testbed when hirese
were selected. One third of the search engines gnadh
resources were assigned with ineffective retrialgdrithms.

Precision 5 Resources Selecti
at Doc UuM CORI RUM

5 doc 0.388( | 0.3400-12.4% | 0.4280 (+10.3¥%

10 doc 0.358( 0.3280 -8.4%' 0.3880 (+8.4%

15 doc: 0.337: 0.3240 -3.9% 0.3600 (+6.7%

20 doc: 0.315¢( 0.3030 -3.8% 0.3280 (+4.39)

30 doc: 0.286" 0.2827 -1.4% 0.2867 (+0.0%

Table 6. Precision on the WT10g testbed when 20 resources
were selected. One third of the search engines gnadh
resources were assigned with ineffective retrialgdrithms.

Precision 20 Reswources Selecte
at Doc UuM CORI RUM

5 doc 0.175: 0.1649 -5.9% 0.1918 (+9.3%
10 doc 0.159¢ | 0.1371-14.2% | 0.1784 (+11.6%

15 doc: 0.140: | 0.1127 -19.6% 0.1505 (+7.4%

20 doc: 0.1217 | 0.0974 -19.6% 0.1320 (+9.0%

30 doc: 0.104: | 0.0804 -22.8% 0.111° (+7.2%

3) Does the RUM method really favor the effectivwargh
engines and disfavor ineffective search engineg®efiixents
were conducted to study how often the resourcds aifferent
types of retrieval algorithm are selected.

5.1 Retrieval Results with One Third
Ineffective Search Engines

One third of the resources on the three testbedSrexf123,
representative and WT10g were assigned ineffectwarch
engines with a round-robin manner. Particularlye darge
source of representative testbed was assigned xtemded
Boolean retrieval algorithm, while the other largmurce was
assigned SMART search engine. The results on these
testbeds are shown in Tables 4, 5 and 6 respectiRekults of
RUM method in bold typeface are significantly betthan
corresponding UUM method (paired Wilcoxon test=0.05).

It can be seen from Table 4 that the RUM methodiiaed a
substantial improvement than the UUM method onTilez123
testbed. For the representative testbed, the sesulfable 5
show that RUM method is still better than UUM. Haee the
advantage of the RUM method on the representatistbed is
smaller than that on the Trec123 testbed. Moreilddtanalysis
shows that as the two large resources on the mpsdwve
testbed contain more relevant documents than sesdlurces,
RUM method still favors the two large resourcesnttaher
small resources as the same behavior with UUM. &fbee,
when relatively more resources (e.g., 5) were tadecthe
overlap in the resources selected by RUM and UUM geiting
larger and larger and these two methods tend tergensimilar

results. When fewer resources (e.g., 3) were sgleoh the
representative testbed, which was not shown dspdoe limit,
the advantage of RUM over UUM is larger (about 10%)

The results on WT10g testbed are shown in Tabkhé.results
of the RUM method are better than those of the Utdbthod,
which is satisfactory. One observation that cansken by
comparing Tables 4 and 6 is that by average tharddge of the
RUM method over UUM is lower on the WT10g testbldnt
that on the Trecl123 testbed. This can be attributedhe
different characteristics of the two testbeds. WJ Hontains
much more small size resources (totally 625 out98#
resources contain less than 1,000 documents) theeild3 (3
out of 100 resources contain less than 1,000 docisneSmall
resources tend to return shorter ranked lists dr@e resources.

In RUM, resources are ranked by their estimatedirmed

utilities of Equation (6). To calculate the retuingility of a top

ranked document in each resource, its estimatettatiend

ranks are first obtained from the rank patternstrafning

queries; then the utility of this document is céted by

averaging the probabilities of relevance of docuimerith the

estimated centralized ranks. For most training igeesmall size
resources return short ranked lists and the ramstormations
always map top ranked documents in the resourcesigio

centralized ranks. Therefore, the rank transforomatinay be
less effective in estimating the retrieval effeetiess of search
engines for small resources than large resourcesiektr, in

real world applications, most resources can be aggeto

contain reasonable amount of documents (e.g., &ever
thousands) as observed in [5]. So more notablecwgonent by
RUM over UUM can be expected like that on the Tl
testbed.

5.2 Retrieval Results with Different Amount
of Ineffective Search Engines

To further investigate the behavior of the RUM noethand
other algorithms, experiments were conducted topeoenthe
algorithms in the federated search environmenth ditferent
amount of ineffective search engines.

The first set of experiments was conducted whethallsearch
engines are the three types of effective retriealgbrithms

(INQUERY, LM and SMART). The three search enginesev
assigned to the resources on different testbeds avitound-
robin manner. This is exactly the same settinghas in prior

research [16,18]. The results are shown in Tabl@sl7can be
seen that the CORI algorithm was not as effectsvéha UUM

algorithm, which is consistent with previous resbgrl8]. The
advantage of the UUM algorithm over the CORI altdjoni is

larger on this set of experiments than those wloenessearch
engines are not effective (Tables 4-6, Tables 10-dAich is

also consistent with our expectation that the apsiom of the
UUM algorithm is correct in this case as the seampines are
relatively effective to return their relevant do@mis. It can be
seen that the RUM method is at least as good as WuUMI

cases of this set of experiments. This demonstrates
effectiveness of the RUM method when all searchinersgin

federated search environment are relatively effecti

The second set of experiments was designed to tnakéhirds
of search engines choose ineffective retrievalrétyos. All the
search engines were assigned ineffective retrialgdrithms



Table 7. Precision on the trec123-100col-bysource testbeghwh
5 resources were selected. All the search engiees assigned
with relatively effective retrieval algorithms.

Precision 5 Resources Selectt
at Doc UuM CORI RUM

5 doc 04720 | 0.4000 -15.3% 0.4720 (-0.C%)

10doc. | 0.4260 | 0.3800 -10.8% 0.4300 (-0.9%)

15doc | 0.3960 | 0.3560 -10.1% 0.4120 (-4.0%)

20doc. | 0.3740 | 0.3430-8.3% 0.3890 (+40%)

30doc. | 0.3520 | 0.3227 -8.3% 0.3647 (-3.6%)

Table 8.Precision on the representative testbed when birese
were selected. All the search engines were assigmital
relatively effective retrieval algorithms.

Precision 5 Resources Selectt
at Doc UUM CORI RUM

5 doct 0.428( 0.396( (-7.0% 0.4400 (+2.8%

10 doc 0.446( | 0.390((-12.6% 0.4520 (+1.3%

15 doc 0.444( | 0.353%(-20.4% 0.4440 (+0.09)

20 doc 0.431(C | 0.334((-22.5% 0.4280 -0.7%

30 doc 0.399¢ | 0.296 (-25.7% 0.3973 -0.5%

Table 9. Precision on the WT10g testbed when 20 resources
were selected. All the search engines were assigmita
relatively effective retrieval algorithms.

Precision 20 Resources Select
at Doc UUM CORI RUM

5 doct 0.200(¢ 0.1812 -9.0% 0.2201 (+10.1¥%

10 doc 0.176% | 0.1427 -19.1% 0.1901 (+7.8%

15 doc 0.154¢ | 0.1264 -18.2% 0.1601 (+4.3%

20 doc 0.142¢ | 0.1104 -22.7% 0.1475 (+3.3%

30 doc 0.122% | 0.0913 -25.4% 0.1286 (+5.2%

with a round-robin manner. The results are showhables 10-
12. It can be observed that the RUM method outpeéd the
UUM method substantially on all the three testbetdke
advantage of the RUM method over the UUM metholadnger
than that when one third search engines are irieféeavhich is
consistent with our imagination as the power of RtdMletect
ineffective search engines is more substantial where exist
more and more ineffective search engines.

5.3 Study the Search Engines Selected by
RUM Method

One interesting set of experiment, which providesarinsight
of the behavior of RUM method, is to study the patage of
selected resources with different retrieval aldonis.

Two sets of experiments were conducted on TREC d28
WT10g, where one third of the search engines wssigiaed
ineffective retrieval algorithms and 5 or 20 resesr were
selected respectively. The results are shown inegal8 and 14.
As the effective search engines were assignedite &s many
resources as ineffective search engines, the UUjdrighm

selects effective search engines roughly twiceragquent as
ineffective search engines (not exactly due to #gatance). It
can be observed from the results that the RUM naetieally

favors the effective search engines and disfavoeffactive

search engines than the UUM method, which is ex#iodl same
as what we have expected. At the same time, ibeamoted that
the UUM method is more powerful to detect ineffeetsearch
engines on the Trec123 testbed than on the WTXiige®. The
analysis of this behavior is discussed in Sectidn 5

Table 10.Precision on the trec123-100col-bysource testhezhwh
5 resources were selected. Two third of the seamgines among
all resources were assigned with ineffective resdi@lgorithms

Precision 5 Resources Selectt
at Doc UuUM CORI RUM
5 doc: 0.340( 0.3120 -8.2% 0.4240 (+24.7%
10 doc 0.304( 0.3120 +2.6% | 0.3740 (+23.0%
15 doc 0.289: 0.2880 -0.5% 0.3413 (+18.0%
20 doc 0.268( 0.2680 (+0.0% | 0.3170 (+18.2%
30 doc 0.241: 0.2467 (+2.2% 0.2780 (+15.2%

Table 11. Precision on the representative testbed when 5
resources were selected. Two third of the seargines among
all resources were assigned with ineffective retti@lgorithms.

Precision 5 Resources Select:
at Doc UuM CORI RUM
5 doc: 0.372( | 0.3240-12.9% | 0.4160 (+11.8%
10 doc: 0.336( 0.3040 -9.5% 0.3680 (+9.5%
15 doc: 0.305¢ 0.2867 -6.1% 0.3360 (+10.0%
20 doc: 0.269( 0.2600 -3.4%' 0.3100 (+15.2%
30 doc: 0.232( 0.2300 -0.9%' 0.2727 (+17.5%

Table 12. Precision on the WT10g testbed when 20 resources
were selected. Two third of the search engines gmalh
resources were assigned with ineffective retrialgdrithms.

Precision 20 Resources Select
at Doc UuM CORI RUM
5 doc: 0.146¢ 0.1320 -9.8%' 0.1629 (+11.3%
10 doc: 0.121¢ | 0.1082-11.0% | 0.1361 (+11.9%
15 doc: 0.110° 0.1003 -9.4%' 0.1223 (+10.5%
20 doc: 0.099( 0.0871-12.0% | 0.1129 (+140%)
30 doc: 0.088: 0.0739-16.3% | 0.0959 (+8.6%

6. CONCLUSION

Federated search has been a hot research togicdiecade. As
more and more real world applications appear, faddrsearch
is turning from a cool research topic to a prattical. One
important problem exists in operational federateshreh

applications is the existence of ineffective seaetigines in
federated search environments. This problem is seripus as
the selected resources with ineffective searchnesgusually
return much fewer relevant documents than what Hzeen
expected. This problem has been observed in previesearch
[5,13,18]. However, only partial solutions have mekscussed
to detect retrieval effectiveness of search engiofesimited

types [13] or to alleviate the damage of selectagpurces with
ineffective search engines by disfavoring their ume¢d

documents in results merging [18].

This paper proposes a new algorithm to detect #teeval
effectiveness of search engines and incorporatee tetatistics
into a resource selection optimization frameworkaximize
the amount of returned utility. This is differentnflamentally
from all previous federated research which triethtximize the
utility that is contained in selected resourcesfaksas we know,
this is the first work to incorporate the factor wdtrieval
effectiveness of search engines into the taskderéged search.

Specifically, this paper proposes to measure tfeetdfeness of
search engines by investigating how consistentttaeranked
lists returned from the search engines with thisde generated
by an effective centralized retrieval algorithm. ush the
retrieval effectiveness profiles of search enginas be built



Table 13.The Percentage of selected resources with diffeegriéval algorithms on Trec123 testbed. 5 ressaimere selected while
one third of the search engines were assigneceictafé retrieval algorithms. The retrieval algomith have been described in Table 2.

. INQUERY LM Bad Extended
Algorithms INQUERY LM SMART RAND Parameter Boolear
UUM 0.17¢ 0.24¢ 0.23: 0.10Z 0.10¢ 0.13¢
RUM 0.24¢ 0.35¢ 0.261 0.057 0.04¢ 0.02¢
Table 14.The Percentage of selected resources with diffeetrieval algorithms on WT10g testbed. 20 resaweere selected while
one third of the search engines were assigneceictafé retrieval algorithms. The retrieval algomith have been described in Table 2.
: INQUERY LM Bad Extended
Algorithms INQUERY LM SMART RAND Parameter Boolear
UUM 0.19¢ 0.23¢ 0.211 0.13¢ 0.117 0.10¢
RUM 0.22¢ 0.27¢ 0.23( 0.10¢ 0.09¢ 0.07¢
automatically without requiring large amount of fanrefforts. [8] N. Fuhr. (1999). A Decision-Theoretic approach to

Then, the probabilities of relevance of all docuteeacross
resources can be estimated and the returned uiigimization
method is used to select the desired set of ressuftat can
return the largest amount of relevant documents.

Extensive sets of empirical study have been coeduacn
several testbeds that closely simulate real wopglieations.
The results have shown the new RUM method is alveeyter
than the well-known CORI method. It provides moceurate
results than the unified utility maximization methwhen some
search engines are not effective, and is at lsagbad as UUM
when all the search engines are effective. Caeafalysis shows
that the power of the RUM method comes from fawprin
resources with effective search engines and disfayo
resources with ineffective search engines.

The research problem of studying retrieval effemiass of
search engines in federated search is a very pahttipic. The
work reported in this paper detects retrieval éffeness of
search engines with automatic and efficient methdid.
incorporates retrieval effectiveness of search re@wiinto a
formalized returned utility maximization framewodnd can
acquire good empirical results. This work represehe first
step in this direction, which is very importantarder to apply
federated search research into real world appbicati
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