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ABSTRACT

This paper addresses the problem of merging results obtained from
different databases and search engines in a distributed information
retrieva environment. The prior research on this problem either
assumed the exchange of statistics necessary for normalizing scores
(cooperative solutions) or is heurigtic. Both approaches have
disadvantages.

We show that the problem in uncooperative environments is
simpler when viewed as a component of a distributed IR system
that uses query-based sampling to create resource descriptions.
Documents sampled for creating resource descriptions can aso be
used to create a sample centralized index, and thisindex is a source
of training data for adaptive results merging algorithms. A variety
of experiments demonstrate that this new approach is more
effective than a well-known dternative, and that it allows query-
by-query tuning of the results merging function.

Categories & Subject Descriptors:
H.3.3 [Information Search and Retrieval]: Distributed
Information Retrieval, Results Merging

General Terms;
Algorithms

Keywords:
Distributed Information Retrieval, Results Merging, Regression

1. INTRODUCTION

The proliferation of online searchable databases on loca area
networks and the Internet creates a problem of finding information
that may be distributed among many text databases (distributed
information retrieval) [1]. Distributed information retrieva
includes three sub-problems. First, information about the contents
of each individud database must be acquired. This task is called
resource description [2,3,4]. Second, a set of text databases must
be sdlected for search [5,8,9]. Thistask is caled resource selection
or collection selection. Third, after results are returned from
selected databases, they must be merged into a single ranked list.
This task is called results merging [1,7,8,10, 11,12,15]. All three
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tasks are important and interrel ated.

Environmental characteristics can simplify or complicate the
solution of these problems. In a smal local area network the
individual search engines might all be of the same type; we call this
the single engine type case. In a large organization there may be a
small number of search engine types, and it may be known which
databases use which types of search engine. This knowledge can
simplify resource description and results merging. In a very large
network or on the Internet there may be many search engine types,
and it may not be known which type of engine is associated with
each database.

There is dso variation in the extent to which search engines
cooperate in distributed information retrieval. Varying degrees of
cooperation have been assumed in prior research, for example
assuming that search engines would provide complete and partial
resource descriptions [3,10], normalizing statistics [11], normalized
document scores [20], or training data [23].

In this paper, we focus on environments containing multiple types
of independent, uncooperative search engines. We assume that
search engines will run queries and return documents, but they do
not provide other information about themselves or their databases.
Our goal is solutions that can be applied on wide-area, multi-party,
multi-vendor networks where resource providers may not
cooperate or may have an incentive to cheat.

The state of the art in distributed IR research is that reasonably
good solutions exist for acquiring resource descriptions and for
selecting which databases to search, but only weak solutions exist
for merging results. Most of the prior research on data fusion and
meta-search does not apply, because it assumes considerable
overlap in the contents of the databases searched, and hence
considerable overlap in the documents returned. But in distributed
IR environments, it is more likely that different databases contain,
and return, different documents.

The results merging problem is difficult because each engine may
use a different ranking algorithm, and may base its ranking on
corpus satistics (e.g., idf, average document length) that vary
widely. Merging based upon unnormalized (“raw”) document
scores or document ranks works well when search engines and
corpora are very similar, but can be very inaccurate when they
differ. Merging based upon weighted document scores [1,2] or
ranks [8] has been the state-of-the-art for merging quickly, but is
heuristic and prone to unexpected failure. The aternative solution
is to download the contents of the retrieved documents and then to
rerank them a the search client [11,12], which produces a
consistent ranking but can be very time-consuming.

In this paper we present a fast and effective new solution to the
results merging problem. Our new solution uses three different
types of information to normalize the document scores produced by



individual databases. Information about the database contents
(from the resource description), information about how well the
database is thought to satisfy the query (the database score), and
the document score returned by the database. No cooperation is
assumed, and there are no assumptions about the type(s) of search
engines used. That information is used to build functions that
transform document scores from different search engines into a
normalized form suitable for merging.

We also present experiments comparing the new approach to the
results merging agorithm usually used with the well-known CORI
resource sdection algorithm [1]. We demonstrate that the new
approach is more effective on two distributed IR testbeds,
particularly a subject-oriented testbed with skewed vocabulary
patterns [20]. We demongtrate its effectiveness in both single
search engine type and multiple engine types environments.

The next section discusses related work. Section 3 describes our
new approach to merging results. Section 4 explains our
experimental methodology. Sections 5, 6, and 7 present our
experimental results for the single search engine type and multiple
search engine type cases. Section 8 concludes.

2. PRIOR RESEARCH

There has been considerable research on acquiring resource
descriptions, ranking resources, and merging results. We survey
related work in this section to provide an overview of the state of
the art, focusing on the research that is the most relevant or most
closdly related to the new research presented in this paper.

The STARTS protocol is one solution for acquiring resource
descriptions [3]. It requires every resource provider to provide
accurate resource descriptions to a resource ranking agorithm upon
request. It is a cooperative protocol, because it only works when
every resource provider supplies accurate vocabulary, frequency,
and corpus information. STARTS is a good solution in
environments where cooperation can be guaranteed. However, in
multi-party environments some resource providers may choose not
to cooperate; when they do cooperate, it is impossible to know
whether they provide accurate information.

Query-based sampling [4] is an dternative approach to acquiring
resource descriptions that does not require explicit cooperation
from resource providers. The database selection service constructs
its own resource descriptions by sampling individua databases
contents via the normal process of running queries and retrieving
documents. This solution has been shown to acquire rather
accurate resource descriptions using a relatively small number of
randomly-generated queries (e.g., 75) to retrieve a relatively small
number of documents (e.g., 300).

There are many resource ranking agorithms; we cannot survey all
of them here. gGIOSS[6], CORI [4,1] and CVV [8] arethree of the
best-known resource ranking agorithms. gGIOSS, is based on the
vector space model. It represents a database by the document
frequency of each word in the database, and the sum of the term
weights in each document in the database. The CVV resource
ranking agorithm uses a combination of document frequency and
cue vdidity variance information. The variability of the fraction of
documents in a database that contains a specific word is
characterized by the cue vdidity variance. The CORI resource
ranking algorithm represents each database by its terms, their
document frequencies, and summary corpus statistics such as total
word count.

Different researchers using different datasets have shown the CORI
agorithm to be the most stable and effective of the three algorithms
[9,13]. CVV is often nearly as effective as CORI, but can fall
dramatically when its underlying assumptions are violated. CORI
and gGIOSS are compatible with resource descriptions acquired by
query-based sampling; CVV isnot.

We use the CORI algorithm in the research reported here, so we
sketch it briefly. The belief p(r, | diy) in database db according

to the query term r, isdetermined [1,2] by:
df

T= @
df +50+150* cw/avg _cw
DB| +0.5
log(w)
log(|DB| +1.0)
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where:

df isthe number of documentsin db; that containsther,
cf  isthe number of databases that contain ry

[DB| isthe number of databases to be ranked

cw  isthe number of wordsin db;

avg_cw isthe average cw of the databases to be ranked

b  isthedefault belief, usualy 0.4.

The combination of belief values depends on the query structure. In
the simple case relevant to our research, it is the average of the
beliefs of the query terms. Generdly the 5 or 10 databases with
highest belief are selected [1,4,9].

In general, the results merging task is difficult because different
databases may have different types of search engines and different
corpus statistics. The most accurate solution is to normalize the
scores of documents retrieved from different databases, either by
using global corpus statistics [10,7], which requires cooperation, or
by recomputing document scores at the search client [11], which
has high communications costs. A less costly solution is to
download only parts of documents [12].

A related approach used for meta-search is to heuristically combine
the outputs of search engines, for example, Lee’s COMBSUM and
COMBMNZ algorithms [14]. The main drawback of these
techniques is that they rely on a lot of overlap among the results
from different search engines. Javed’s Bayesian model is
theoretically solid, but it also relies on overlap among the results
and also needs relevance information about some queries [21].
Manmatha proposed that a score modeling method might also work
well for results merging in distributed IR [15], but our experience is
that the modeling technique assumes the presence of many relevant
documents in each database, which is often not satisfied in our
experiments.

The CORI merging algorithm is a linear combination of the score
of the database and the score of the document. It makes no
assumption about the number of overlap documents or the number
of relevant documents in each database. The intuition is to favor
documents from databases with high scores and to enable high-
scoring documents from low-scoring databases to be ranked highly.
This algorithm has been very effective, but it has not been applied
to search engines other than INQUERY.



The CORI results merging agorithm serves as a basdline later in
this paper, so we provide its agorithm here. A “normalized” score
suitable for merging is calculated as shown below.

ci’:m @)
(Rrax = Ruin)
D '= (D _Dmin) 5
- (Dmax - Dmin) ( )
_D+04*D*C
- 1.4 ©)

If T in Equation 1 is set to 1.0 for each query term, a score Ry can
be computed for each query. If T is set to 0.0 for each query term, a
score Ryin can be computed for each query. These are the highest
and lowest scores that the resource ranking algorithm could
potentially assign to a database. So Equation 4 is the normalized
database weighting score that can be calculated only from
information in the resource selection index. Equation 5 tries to
normalize document score from individual search engines to the
range between 0 and 1. It needs the individual search engines to
cooperate by providing Dy and Dy, In the absence of
cooperation, D iS set to the maximum document score returned
by the search engine and Dy, is set to the minimum. Equation 6
calculates the final document scores that can be compared directly.

The research most similar to what we propose in the following
sections is based on building logistic regression models for results
merging [16]. A key difference is that in the prior research
relevance information from additional queries was used to train the
models, whereas our new method does not need relevance
information. Another is that the same regression model was used
for all queries to a given database, but we build different regression
models for each query to each database.

3. REGRESSION MODEL

Distributed IR algorithms are often evaluated by comparing them
to centralized solutions, in which all documents are stored in a
single search engine. Indeed, solutions that rely upon exchanging
corpus statistics are in effect replacing engine-specific document
scores with the scores those documents would have gotten if they
had been in a single, centralized database.

Results merging is a difficult problem when viewed in isolation,
because little information is available for estimating centralized
document scores. The CORI results merging algorithm views the
problem in the context of the database ranking algorithm,
producing “normalized” document scores as a linear combination
of database-specific document scores and the scores of the
databases they were retrieved from. It is effective, but it is not a
general solution because the weighting of database scores and
document scores is determined by a constant tuned to produce good
average case performance for the CORI database ranking algorithm
and the INQUERY search engine.

We can enlarge our view of the distributed IR environment further
still, by defining how resource descriptions are obtained. Query-
based sampling is a technique in which resource descriptions are
created by submitting queries to a search engine and observing the
contents of the documents that are returned. Several studies have
shown that query-based sampling produces accurate resource
descriptions [1,4], but that is not our concern here. The central
insight in the research presented here is that results merging is an

easier problem if we assume that resource descriptions are created
by query-based sampling.

Ordinarily the documents obtained by query-based sampling are
discarded after resource descriptions are created, but that need not
be the case. Instead, the documents sampled from the various
databases can be combined into a single, centralized sample
database. This centralized sample database is a subset, perhaps a
very small subset, of the complete centralized database often used
as a baseline in distributed IR experiments. However, it provides an
important source of additional information for results merging.

After the query is sent to the N best databases and different ranked
lists are returned, the same query can be used to search the
centralized sample database. The result is a set of database-specific
document rankings, and a single centralized sample document
ranking. Our first hypothesis is that some documents will appear in
a database-specific ranking and the centralized sample document
ranking. This hypothesis might seem unlikely, but recall that
resource descriptions are created from the documents in the
centralized sample database; a database is only selected for search
when its resource description (and hence some documents in the
centralized database) matches the query closely. Our second
hypothesis is that the scores of documents that appear in both lists
can be used to find a function that will map all database-specific
document scores into their corresponding centralized document
Scores.

Regression is an efficient and effective mathematical tool for this
kind of problem. First we assume the kind of function that is
suitable for this problem. Then we try to find the parameter values
that can best fit the training data under some criterion. It can be
formalized as follows:

A= f(A,x)-v)?
arg;naxZ( (A%x)- V) 0

Here, A is the parameter set, f (A, %) is some kind of function, and
(%, ¥;) is the ith training data point.

What form of merging function should we choose? Linear
functions are simple, can be fit with a small amount of data, and
can be solved efficiently. Because we may have only a limited
amount of training data for each database, and because the CORI
algorithm is evidence that a linear function can be successful, we
chose simple linear models for our experiments.

If it is known that all search engines are of the same type (single
engine type case), then one regression model can be calculated with
all the training data. If the search engine types differ or are not
known (multiple engine types case), different regression models
must be learned for each database. Our interest is primarily in the
second case, so we describe it first.

3.1 Multiple Search Engine Types

The training data for linear regression are pairs of “overlap”
document scores (Ddj, Dc;) obtained from the distributed and
centralized sample databases. We assume that a simple linear
model Dd;" = & « Dd;+ by relates the scores, where Dd;" is an

approximation of Dg;. Regression over all training data from a
given database i is expressed in matrix representation as:

[Dd,l 1[I mqlm
] 539 2D (8)
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Figure 1. Thelinear model adjustment.

wherea, and b; are the parametersin the linear formula. Call these
matrices X (database-specific scores and constants), W (parameters)
and Y (centralized sample scores). Simple agebraic manipulation
alowsthis problem to be expressed as:
w = (xTx) v Tx) ©)

Equation 9 is the solution with a Minimum Square Error (MSE)
criterion. The result is a set of constants (a;, by) for each database i
that dlow all database-specific document scores to be mapped to
close approximations of their corresponding scores in the
centraized sample database. These approximations of centralized
scores are comparable across databases, and can be used for
merging ranked lists returned by different databases.

3.1.1 Model Adjustment

Data sparseness can cause an anomaly in the linear models learned.
The mode learned from “overlap” training data might produce a
document score greater than 1 for unseen documents. A score
above 1 is not itself a problem, but it signas that the model is
biased high, i.e., has too large a S ope, which gives an advantage to
documents returned by that database (Figure 1).

We address this case by finding the nearest line that intersects (1,1).
If the original line is expressed as y=ax+b and the adjusted line is
y=a x+b’, then the problem can be expressed as:

1

(a',b’) = argmin ‘!’ [(@-a)* x + (b—b)]?dx (10)
a\b’
By simple mathemeatical modification, we get:
_37a7® L pogea (1)

2
This modification gives dightly better accuracy.

)

3.1.2 Training Data Requirements

For the multiple search engine types case, as different kinds of
search engines have different searching agorithms, a regression
model should be calculated for each different database. At least two
training data per database are required to fit a linear model, but
more data produces a more accurate model. We call a database
“bad” if it has less than 3 overlap documents, because we assume
that a database with many relevant documents should aso have a
pretty large number of overlap documents.

If the number of bad databases is less than a threshold, the results
from those databases are just discarded. The threshold is assigned
empiricaly as 3. If the number of bad databases exceeds the
threshold, there isinsufficient data to train the models, so the CORI
results merging algorithm is used.

We aso must choose how many data points to use in learning the
linear regression model for each database. We believe that it is
more important to be precise at the top of the merged ranking, so
our solution is to limit training to the top 10 “overlap” documents
from each database. If a database has fewer than 10 “overlap”

documents, all are used. This vaue was set empiricaly.
Preliminary experiments suggested that it is a reasonable choice.

3.2 Single Search Engine Type

In some environments it is known that a single engine is used for
all databases. In this environment it might be possible to combine
training data from different databases, which might be sufficient to
learn adightly more complex model.

The CORI results merging adgorithm is a reatively successful
single-engine heuristic that combines the database score C; and the
database-specific document score Dd; viathe mode!:

, Ddij +O'4Ddij Ci
o 14
This model uses one parameter to control the impact of the
database score. Our hypothesis is that training data and linear

regression will alow this parameter to be adjusted on a query-by-
query basis, which will improve results merging accuracy.

Dd

(12)

As with the multi-engine type solution, training data are based on
pairs of “overlap” document scores (Dd;, Dc;) obtained from the
distributed and centralized sample databases. The database score C;
is dso included, as shown above. Regression over the training data
from dl databasesis expressed as:

EDdll C]_Ddll O DDC]_]_ O

0 0
dp C;Ddyp _ 53012 0 (13
.................. il =g 5
0 0
Eann CnDdm 5 B’Cm B8
We call these matrices, X, W, and Y, as in the multi-engine type
case (Section 3, Equation 8), and solve as described in Equation 9.
The result is a pair of constants (a, b) that dlow all database-
specific document scores to be mapped to close gpproximations of
their corresponding scoresin the centralized sample database.

D’ =a* D+h* C"*D’ (14)
These gpproximations of centralized scores are comparable across

databases, and can be used for merging ranked lists returned by
different databases.

The mode adjustment required for the multi-engine type case
(Section 3.1.1) is not required for the single-engine type case. Even
if the learned model is biased, there is only one model (as opposed
to one per database), so it affects al documents equaly.

3.2.1 Training Data Requirements

In the single search engine type case only one regression model is
built because al the databases use the same search agorithm.
Because the training data from different databases are merged, it is
more likely that there will be sufficient training data. One can back
off to the CORI results merging algorithm if there is not sufficient
training data, as in the multi-engine type case, but that was never
necessary in our experiments.

For the single search engine type case, we use only the 20 top
documents to build the regression mode for dl the databases. This
value was determined empirically.

4. Experimental M ethodology
4.1 Testbeds



Tablel: Testbed statistics.

Size | Number of documents Size (MB)

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

Trecl23 | 3.2 | 752 | 10782 | 39713 | 28 32 42

Trec4 20 | 301 | 5675 | 82727 4 20 | 249

Testbed characteristics have been shown to highly influence the
peformance of distributed retrieval systems. Two different
testbeds were used in our experiments (Tables 1 and 2). Our goa
was to test our solutions with testbeds that have different degrees of
heterogeneity and different types of queries.

Trec123-100col-bysour ce: 100 databases crested from TREC CDs
1, 2 and 3. They are organized by source and publication date [1, 4,
17], and are somewhat heterogeneous. 50 queries were created
from the Title fields of TREC topics 51-100.

Trecd-kmeans. 100 databases created from TREC 4 data. A k-
means clustering algorithm was used to organize the databases by
topic [18], so the databases are homogenous and the word
distributions are very skewed. 50 queries were created from the
Description fields of TREC topics 201-250.

4.2 Search Engines

We used three different search engines in our experiments:
INQUERY, the Lemur toolkit unigram language mode [22], and
an in-house version of SMART using “Itc” weighting [19]. These
three search engines were selected because they are esch effective,
but based on very different retrieval models. INQUERY and
SMART are each well-known and have been described many times
in the research literature, so we do not describe them in detail.
Language models are a somewhat newer approach to retrieval, so
we sketch the details briefly and refer the reader elsewhere for
more information.

The basic idea is to estimate a language model for each document
and to rank documents by the likelihood of the query according to
the language model:

PQ|d) = |‘| P |d) (15)
i=1

where Q isthe query, d is a specific document, and t; tiisi'th word
in the query. Jdinek-Mercer smoothing was used to generate the
document language modéd. It is just a linear combination of the
maximum likelihood (p., (w|d)) and collection (p. (wc)) language
models. A coefficient A controls the influence of each model.

P(w[d) = (1-A)pm (w]d) +Ap.(w]c) (16)

In our experiments, Aissetto0.5.

5. Results: “Overlap” Documents

Our first hypothesis was that a sufficient number of documents
would appear in both the centraized and database-specific
rankings. These “overlap” documents are crucia to our second
hypothesis, because the pairs of centralized and database-specific
document scores (Ds;, Cs;) are training data. We know that some
minimum amount of training data is required to caculate the
regression model accurately. Are there enough?

Table2: Query set statistics.

TREC TREC Average Length
Name | Topic Set | TopicField (Words)
Trec123 | 51-100 Title 3
Trecd 201-250 | Description 7.2

Many factors influence the number of data points, such as the
number of documents obtained by query-based sampling and the
characteristics of the query and the databases. Generdly, the
number of overlap documents increases based on i) the number of
documents sampled from each database; ii) the length of the query;
andiii) the degree of topic homogeneity in each database.

A set of experiments with two testbeds investigated the average
number of “overlap” documents. Experiments were conducted with
two 100-database testheds: trec123 (organized by source and date)
and trec4_kmeans (organized by topic). In each testbed databases
were assigned randomly to INQUERY, SMART, and Language
Modeling search engines. Database resource descriptions were
obtained as described in [4], by repeatedly submitting one-word
random queries to a database and examining the top 4 documents
returned until 300 unique documents were seen. During overlap
evaluation, the CORI resource-ranking algorithm ranked databases,
and the top 10 were considered sdected for search. 1000
documents were retrieved from each selected database. The
INQUERY search engine was aso used to search the centralized
sample database, and all retrieved documents from this database
were used.

Figures 2 and 3 show the average number of overlap documents
per query in each testbed. For most queries on the trec123 testbed
there are more than 50 overlap documents. All of the queries for
the trec4-kmeans testbed have more than 200 overlap documents.
The different numbers of overlap documents in the two testbeds is
not surprising, because the trec4-kmeans testbed has longer queries
and homogenous databases.

Three out of fifty queries on the trec123 testbed backed off to the
default CORI results merging agorithm because there were too
many (4 or more) databases that had too few (less than 4) overlap
documents to be confident of learning accurate models. None of the
trec4_kmeans queries backed off to the CORI results merging
algorithm, i.e,, al had sufficient training data.

These results suggest that there are usualy enough overlap
documents for training alinear regression model.

6. Results: Multiple Engines

A series of multi-engine type experiments was conducted to test the
effectiveness of the new approach to results merging. Two 100-
database testbeds with different document distribution patterns
were used (Section 4.1), and three different types of search engines
were used (Section 4.2) in several different combinations. Our goal
was to determine whether the new approach is robust under a
variety of different conditions.

One test examined an environment in which 100 databases were
randomly assigned to one of three search engines (“three-engine”
test). A second set of tests examined an environment in which 100
databases were randomly assigned to one of two search engines
(“two-enging’ tests’). “Two-enging’ tests were conducted with
each pair of engines, so there are three “two-enging” tests. In each
experiment the CORI dgorithm ranked databases, and the top 10
were considered selected for search
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Figure 2. The distribution of overlap documents for 50
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Tests were aso conducted with the CORI results merging
agorithm, which we consider representative of the state-of-the-art
inthisarea, and it is used as a basdline for comparison in the results
below. Note that the CORI results merging agorithm is tuned to
work well with the INQUERY search engine but would not
necessarily be expected to work well with other search engines, or
when the search engine is not known.

The “two engine” results are summarized in Table 3 (INQUERY
and language model engines), Table 4 (INQUERY and SMART),
and Table 5 (SMART and language model engine). Each table
contains results averaged over 50 queries. Regression results shown
in bold typeface are significantly better than the corresponding
CORI performance (paired Wilcoxon test at p=0.05).

The trec123 testbed was the easiest for the results merging
agorithms, because it has a reatively even distribution of
vocabulary across databases. The regression algorithm was aways
as good as or better than the CORI results merging agorithm, but
the largest difference was about 10%, for the INQUERY and
SMART combination. The trec4_kmeans data was more difficult,
because it has a very skewed vocabulary distribution. The
regression algorithm handled this testbed far more effectively than
the CORI results merging algorithm.

Table 3. Precision in “two search-engine type” environment
(INQUERY and language model). Bold typeface indicates
Regression significantly better than CORI.

Docs Trecl23 Trec4d kmeans
Rank | CORI Regression CORI Regression

5 | 0.3600 | 0.4080 (+13.3%) | 0.2640 | 0.4040 (+53.0%)

10 | 0.3460 | 0.3820(+10.4%) | 0.1900 | 0.3780 (+98.9%)

15 | 0.3480 | 0.3560 (+2.3%) | 0.1840 | 0.3400 (+84.8%)

20 | 0.3400 | 0.3440 (+1.2%) | 0.1800 | 0.3130 (+73.9%)

30 | 0.3247 | 0.3200 (-1.4%) | 0.1647 | 0.2740 (+66.4%)

Table 4. Precisionin “two search-engine type”’ environment
(INQUERY and SMART). Bold typeface indicates Regression
significantly better than CORI.

Docs Trecl23 Trecd kmeans
Rank | CORI Regression CORI Regression

5 | 0.2840 | 0.3280 (+15.5%) | 0.2280 | 0.3360 (+47.3%)

10 | 0.2700 | 0.3040(+12.6%) | 0.1660 | 0.3080 (+85.5%)

15 0.2640 | 0.2947 (+11.6%) | 0.1613 | 0.2760 (+71.1%)

20 | 0.2610 | 0.2820 (+8.0%) | 0.1610 | 0.2620 (+62.7%)

30 | 0.2487 | 0.2867 (+15.3%) | 0.1487 | 0.2240 (+50.6%)

Table 5. Precision in “two search-engine type’ environment
(language model and SMART). Bold typeface indicates
Regression significantly better than CORI.

Docs Trecl23 Trecd kmeans
Rank | CORI Regression CORI Regression

5 | 0.2880 | 0.2960(+2.8%) | 0.2120 | 0.3400 (+60.4%)

10 | 0.2680 | 0.2860(+6.7%) | 0.1800 | 0.3120 (+73.3%)

15 0.2693 | 0.2840(+5.5%) | 0.1680 | 0.2720 (+61.9%)

20 | 0.2680 | 0.2750 (+2.6%) | 0.1620 | 0.2530 (+56.2%)

30 | 0.2620 | 0.2687 (+1.6%) | 0.1507 | 0.2333 (+51.4%)

The “three enging’ results are summarized in Table 6. As in the
“two engine” experiments, the regresson model has a clear
advantage over the CORI results merging agorithm, and that
advantage is more pronounced on the trec4_kmeans testbed.

6.1 Tuning the CORI Parameter

There are two factors in the merging problem: document score and
database weight. The CORI results merging algorithm used as a
basdine assigns a constant value for the database weight for al the
queries. The power of our regresson mode is that it can
automatically adjust the database weight, and the weight can be
different for different queries.

It is an open question how well the CORI basdine could do if it

had a better database weight parameter in the merging formula. The

formula can be expressed as shown below:

»_D+k*D*C
1+k

D 17




Table 6. Precision in “three search-engine type”’ environment
(INQUERY, language model and SMART). Bold typeface
indicates Regression significantly better than CORI.

Docs Trecl23 Trecd kmeans
Rank | CORI Regression CORI Regression
5 0.3240 | 0.3520 (+8.6%) | 0.2560 | 0.3640 (+42.2%)
10 | 0.3020 | 0.3400 (+12.6%) | 0.1920 | 0.2940 (+54.4%)
15 0.3013 | 0.3280 (+8.9%) | 0.1787 | 0.2760 (+43.5%)
20 | 0.2960 | 0.3290(+11.1%) | 0.1770 | 0.2540 (+47.4%)
30 | 0.2947 | 0.3200 (+7.0%) | 0.1560 | 0.2300 (+46.0%)

Table 7. Precision in “one search-engine type” environment
(INQUERY). Bold typeface indicates Regression significantly
better than CORI.

Docs Trecl23 Trecd kmeans
Rank | CORI Regression CORI Regression

5 | 0.4480 | 0.4680 (+4.5%)
10 | 0.4220 | 0.4360 (+3.3%)
15 | 0.4053 | 0.4107 (+1.3%)
20 | 0.3820 | 0.3840 (+0.5%)
30 | 0.3627 | 0.3647 (+0.6%)

0.4240 | 0.4520 (+6.6%)
0.3860 | 0.4060 (+5.2%)
0.3400 | 0.3573 (+4.6%)
0.3140 | 0.3230 (+2.9%)
0.2753 | 0.2913 (+5.8%)

The parameter k controls the effect of the database score in the
results merging formula A series of experiments using two
testbeds was conducted to examine the effects of varying k.

When k was set to a constant value, average precision at rank r
remained relatively constant over a range k vaues (Figures 4 and
5). However, the regression results show that setting k on a query-
by-query basis for different databases provided a large
improvement over any constant value of k. The ahility to tune the
resultsmerging formula on a query-by-query basis is the red
power of the regression approach.

7. Results: Single Engine

A series of single-engine type experiments was conducted to test
the effectiveness of the new approach to results merging. In each
case the search engine was INQUERY, chosen in part because it is
well-tuned for use with the basdine CORI results merging
algorithm. The combination of CORI and INQUERY has been the
state-of-the-art in this research area. Two 100-database testbeds
with different document distribution patterns were used (Section
4.1). As in the multi-engine experiments, the CORI agorithm was
used to rank databases for each query, and the top 10 were
considered selected for search.

The experimentd results are summarized in Table 7. They show
that the regresson model performs about the same as the CORI
results merging agorithm when the vocabulary is distributed
relatively evenly across the testbed (trec123), but that it has a small
advantage when the vocebulary distribution is skewed
(trec4_kmeans). The CORI results merging agorithm is clearly
well-tuned for the INQUERY search engine, but even in a “best
casg” scenario for the CORI results merging agorithm, the new
regression approach to results merging has a small advantage.

8. Conclusion
This paper presents a new solution for merging retrieval results
returned by different databases in a distributed information retrieval
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Figure 4. How varying the k parameter in the CORI results
merging algorithm affects Precision. trec123 testbed.
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Figure 5. How varying the k parameter in the CORI results
merging algorithm affects Precision. trec4_kmeans testbed.

environment. A common approach is to view results-merging in
isolation from the rest of the distributed retrieval system, which
conveniently bounds the problem, but which adso limits the
information available for solving the problem. By viewing it in the
context of a complete distributed retrieval solution, other options
become available. In particular, when resource descriptions for
database selection are constructed by query-based sampling, a set
of documents becomes available that can serve as training data for
adaptive merging methods.

In this paper we present a particular adaptive solution based on
linear regression and simple models for transforming database-
specific scores into approximations of scores that would be
obtained if al of the documents were in a single, centralized
database. This is a more principled approach to normalizing
document scores returned from different databases and different
search engines than most of the prior research on this problem.
Experiments with two rather different 100-database testbeds and in
sngle-engine type and multiple-engine type configurations
demonstrate that this approach is more effective than a well-known
and relatively effective heuristic solution.

Our experiments demonstrate that our particular adaptive solution
is effective in large part because it can tune the transformation on a
query-by-query basis for different databases. There is no single
parameter setting of the models we explored that provides similar
effectiveness. Although one might expect that query-by-query
tuning would be effective, we are not aware of any prior solutions
that enable such tuning automatically.

We make no claims that the particular models and approach to
regression presented here are the best. They are effective, but one
can imagine other models and methods. Exploration of other
models, features, and learning methods is an important topic for
future research. The problem is chdlenging, because the amount of
training data (the number of “overlap” documents) is often very



small for a single query. However some queries produce large
amounts of training data, so it may make sense to use different
algorithms depending on the amount of training data available for a
particular query.

We began this paper by arguing that in many interesting distributed
retrieval  environments one cannot rely upon any kind of
cooperation from search engines beyond their traditional service of
accepting queries and returning documents. Our experiments show
that a results merging agorithm that assumes no cooperation has
better performance than a well-known heuristic agorithm.
Solutions designed for completely cooperative environments will
adways have an advantage, but our results suggest that the
performance difference will begin to shrink, and that partialy
cooperative solutions such as the CORI results merging agorithm
may find limited applicability.

Results-merging in uncooperative environments has been a major
open problem in distributed IR research for seven or eight years. It
is not yet a solved problem, but the research reported here
represents an important step forward in the state-of-the-art.
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