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Query Expansion with the Minimum Judgement

MASAYUKI OKABE' and SEIJI YAMADA't

Query expansion is one of feedback techniques in information retrieval. which needs a cer-
tain amount of relevance information that costs high in terms of human effort. In this paper
we propose a method of query expansion which utilizes human help but with the minimum
cost. Our purpose is to reduce users’ cost when judging the relevancy of documents as much as
possible using Transductive Learning. We describe this learning method is used to predict the
relevancy of documents with no manual judgement based on only a fraction of true relevance
information. We also show the role of the learning in our query expansion procedure. Com-
pared with traditional query expansion methods, our method show the distinct effectiveness

of query expansion, especially in the top 10 or 20 documents.

1. Introduction

Query expansion is a sort of techniques to
help a user re-formulate queries in IR (Informa-
tion Retrieval) systems. Many of query expan-
sion methods use relevance information from
the user to perform expansion well'). For those
methods, the quality of query expansion sig-
nificantly depends on the amount of assessed
documents which are judged relevant or non-
relevant by a user. However such information
is generally too expensive to be elicited a lot
from a user as discussed in many retrieval ex-
periments?)~4) . We consider appling machine
learning techniques to IR systems is one so-
lution of the problem, especially Transductive
Learning™ is well-suited to the situation where
a lot of relevance information cannot be ex-
pected. In contrast to normal inductive learn-
ing, the advantage of this learning method is
to utilize unlabeled data for complementing the
lack of labeled data. In our case, labeled data
corresponds to the relevant documents given by
a user, and unlabeled data corresponds to the
documents whose relevancy is unknown. To
utilize the similarity between labeled and un-
labeled documents, this learning method try to
predict the relevancy of unlabeled documents
with more accuracy even based on a fraction of
true relevance information.

So far, many of query expansion methods are
developed, however they haven’t paid much at-
tention to the cost of relevancy judgement by
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a user. In this paper we present the poten-
tial performance of user feedback with the min-
imum judgement in the case of query expan-
sion. Compared with traditional query expan-
sion methods, our method differs in the proce-
dure of finding relevant documents. Although
traditional ones depend on a user efforts in this
procedure, our method uses transductive learn-
ing and try to reduce much of the user’s effort.
Since our method extends only that procedure,
it can be embedded in the most of query expan-
sion methods.

In practical situation using relevance feed-
back, the initial retrieval documents usually in-
clude few relevant ones, thus effective feedback
is not available in most cases. To cope with
this problem, Onoda et. al® tried to apply
one-class SVM (Support Vector Machine) to rel-
evance feedback. Using one-class SVM, an IR
system is able to utilize non-relevant documents
only to improve accuracy of retrieve. This ap-
proach is similar to ours in terms of appliying a
machine learning method to reduce user’s cost
in IR, however their study does not utilize query
expansion and the minimum judgement.

The reminder of this paper is structured as
follows. In section 2 we describe the two fun-
damental techniques for our query expansion
method. In section 3 we explain the proce-
dure of our method which builds transductive
learning into normal expansion procedure. In
section 4 we compared the effectiveness of our
method with two other traditional query expan-
sion methods. In section 5 we investigate the
result of each topic in detail. In settion 6 we
summarize our findings.
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Fig. 1 Inductive Learning

2. Basic Methods

Our query expansion method is based on two
basic techniques. We explain them in this sec-
tion.

2.1 Query Expansion

While various query expansion techniques are
proposed so far?~9, wpg method is often used
as a standard method 19, We use this method
as our basic query expansion techniques for the
discussion in this paper. It calculates the score
of each term appeared in relevant documents
based on the formula shown in Table 1. The
second term in this formula is called the Re-
bertson/Spark Jones weight!!). As seen in this
formula, score of a term depends on the number
of relevant documents which are usually given
by a user. The quality of those information
affects the quality of terms selected as query
expansion.

2.2 Transductive Learning

The setting of transductive learning is almost
the same as the normal inductive learning. The
learning task is defined on a data set X of n
points (Z1, 79, ..., %y). Each data point has a
disired classification label Y = (y1,y2..... ).
if we assume data points as documents. T, is
a document vector and y; is a relevance judge-
ment. For simplicity, we set the labels y; are
binary, i.e. y; € {+1,—1}. +1 and —1 means
relevant and non-relevant respectively.

Normal inductive learning consists of two
phases, learning phase and inference phase. In
the learning phase, a subset of data points
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Fig. 2 Transductive Learning

Xtyain € X and labels Y3, C Y are given
as training examples. Learner will produce a
model to predict labels for the rest of data
points Xy, (test examples). Using the model
in inference phase, we can finally get those la-
bels Yiesr as shown in Fig.1.

In contrast to the inductive learning, trans-
ductive learning uses not only Xji,4i, but also
Xiest in the learning phase as shown in Fig.2.
More over, inference phase is not separated
from learning. Learning and inference are con-
ducted at the same time in transductive setting.

Transductive learner presume labels of test
examples using some similarity between labeled
and unlabeled data points in order to comple-
ment the lack of training examples. Transduc-
tive learning is well-suited to the setting that
[ Xtrain] 18 very small.

So far, several transductive learning meth-
ods realizing the above concept have been pro-
posed'? . Spectral Graph Transducer is one
of such methods, and showed the best perfor-
mance against k-nearest neighbor and trans-
ductive support vector machine. This learning
method is a transductive version of k nearest-
neighbor classifier, which defines the problem
of labeling unlabeled examples as an optimiza-
tion problem and solves it as normalised graph
cuts with constraints. Since this method pro-
vides good approximation to the solution for
the constrained ratiocut problem, the compu-
tational cost of learning is not so high. We use
SGT as a transductive learner in our query ex-
pansion system.
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Query Expansion Procedure

Fig.3 shows the procedure of our query ex-
pansion system. We explain each step in the
figure.

(1)

(2)

Initial Search: A user gives a query to
Information Retrieval System.

Judgement of Documents in Hit-
List: IR system returns a hit-list indi-
cating the retrieval documents ranked in
the ordering of relevance. A user checks
the contents from the top ranked doc-
ument in the hit-list, judging whether
those documents are positive(relevant) or
negative(non-relevant) until the user will
find one each relevant and non-relevant
example.

While the most of other relevance feed-
back and query expansion systems as-
sumes that a user marks ‘relevant’ or
‘non-relevant’ more than 20 documents,
it is very unrealistic setting because most
of the users are lazy to give a mark to
each document.

Learning to mark unlabeled docu-
ments: Using transductive learning, un-
labeled documents are marked their rel-
evance judgements based on a few cor-
rect markings by the user. Our system
assumes those documents which are orig-
inally unlabeled but finally labeled by
transductive learning documents as cor-
rect documents when the system calcu-
lates the score of terms for expansion.

(4)

(5)

4.

In the hit-list of Fig.3, a dashed circle
of ranked in the 20th document and a
dashed cross ranked in the 50th document
represent judgements by transductive in-
ference.

Select terms to expand initial query:
Based on the formula described in section
2, our system calculates the score of terms
in relevant documents found in the previ-
ous step, and selects a certain number of
expansion terms.

Re-input of expanded query and the
next search: New hit-list are shown to
the user by inputting the expanded query.

In the above procedures, we nat-
urally introduced transductive learning
into query expansion as the effective way
to automatically generate a lot of relevant
documents. Thus we do not need to mod-
ify a basic query expansion procedure and
can fully utilize the potentioal power of
the basic query expansion.

The computational cost of transduc-
tive learning is not so much. Actually
transductive learning takes a few seconds
to label 100 unlabeled documents and
query expansion with all the labeled doc-
uments takes also a few seconds, Thus
our system can expand queries sifficiently
quick in practical application.

Experiments

In this section, we provide empirical evidence
on how our query expansion method can im-
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prove the performance of information retrieval.
We compare our method with some other tra-
ditional methods.

4.1 Settings
Data set and Retrieval system We choose
Okapi!®) as the retrieval system and TREC-814
as a data set. TREC-8 contains about 520,000
documents extracted from the database of “For-
eign Register”, “Financial Times”, “Los An-
gels Times” and “Foreign Broadcast Informa-
tion Service”. As preprocessing, we removed
stopwords and applied stemming for each doc-
ument. We use 50 topics (No.401-450) from
TREC-8 Ad-Hoc track as queries for evalua-
tion. Each topic has a TOPIC field in its de-
scription and we use all of the terms appearing
in that filed as a initial query.

We use BM25 in Okapi for the weight function
in the following

() (k1 Dtf(ks + gt f
D (K + tf)(k3 + gtf)

(1)

TeQ
where Q is a query containing terms T, tf is
the frequency of occurrence of the term within
a specific document, gtf is the frequency of the
term within the topic from which Q was de-
rived, and w(!) is the Robertson/Spark Jones
weight of T' in @ described in section 2. In (2),
K is calculated by

dl

K=k ((1 —-b)+ barudl) (2)
where dl and avdl denote the document length
and the average document length measured in
some suitable unit, such as word or sequence
of words. In our experiments, we set k; =
1.2, k3 = 1000, b = 0.75, and avdl = 135.6.

Relevance Judgements As described before,
we only use the relevance information of one
each top ranked relevant and non-relevant doc-
ument. If we find none of relevant or non-
relevant document within top 10 documents,
we exclude those topics from evaluation because
we cannot apply our proposed method for such
topics. There are 9 exceptive topics in our ex-
periments.

Training and Test data We use top 100 doc-
uments as 1raining and lest data for trans-
ductive learning. Training data is a set of two
documents whose relevance information can be
known manually. Remaining 98 docuemnts are

the test data set whose relevancy is unknowm
beforehand.

Traditional Methods We compared our
query expansion method with two other meth-
ods described below.

Normal : This method simply uses only one
relevant documents judged by hand. This is
sometimes called incremental relevance feed-
back?),

Pseud : This method is called pseud relevance
feedback, which assumes top n documents as rel-
evant ones. we set 30 for n in our experiments.
30 is the best value in our preliminary experi-
ments.

4.2 Results

Table 2 shows the precision of top n(=10~100)
ranked documents obtained after query expan-
sion. Each value is averaged over topics. In this
table, sgt-0.1 represents our proposed method
using spectral graph tranceducer. 0.1 is an es-
timate ratio of the number of true relevant doc-
uments to the whole in training and test data
set. This value is one of the parameters of the
sgt learning machine. We tested 0.1~0.9 for
this parameter and found 0.1 is the best value
in our experiment unless we change this value
for each topic. Actully the optimal values are
different depending on topics and the number
of expansion terms. Although practically it’s
not easy to estimate the optimal value for each
topic before query expansion, we show the re-
sult in the case that we could find the optimal
value for each topic. We represent it sgt-opt.
For comparison, we also show the performance
of initial retrieval(represented as init) in the
table.

The results show that only our method
achieves significant improvements since remain-
ing two methods show few improvements or get
worse than initial retrieval. The numbers {nqe
= 2,4,6,8,10} next to the name of each method
in table 2 are the number of added terms to
the initial query. This number does not have
much effect on the performance of retrieval in
each method. Our method outperformed other
methods through all the cases, especially in the
upper part of top 100 ranking. Since top 10
or 20 ranking is very important in practical re-
trieval situation, this property is useful for ac-
tual IR systems.
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Table 2 Precision of Top n ranking after query expansion

Top n Ranking
nge 10 20 30 40 50 60 70 80 90 100

2 0.393 | 0.332 | 0.281 | 0.251 | 0.239 | 0.226 | 0.214 | 0.203 | 0.191 | 0.182

4 0.383 | 0.312 | 0.271 0237 | 0218 | 0.2I5 | 0.204 | 0.195 | 0.187 | 0.181

normal 6 0.393 | 0304 | 0.267 | 0.241 | 0.216 [ 0.198 | 0.188 | 0.180 | 0.172 | 0.166

8 0.390 [ 0.290 | 0.2564 | 0.227 | 0.209 | 0.195 | 0.182 | 0.173 | 0.166 | 0.162

10 0.407 | 0.307 | 0.2562 | 0.232 | 0.210 | 0.198 | 0.186 | 0.175 | 0.167 | 0.162

2 0.405 0.348 0.308 0.273 0.250 0.236 0.218 0.205 0.198 0.191

4 0.434 0.370 0.324 0.291 0.273 0.253 0.238 0.226 0.212 0.202

pseud 6 0.456 0.373 0.337 0.307 0.280 0.262 0.246 0.231 0.217 0.207

8 0.459 0.387 0.344 0.307 0.285 0.265 0.249 0.234 0.221 0.210

10 0.461 0.376 0.330 0.304 0.287 0.264 0.252 0.239 0.228 0.217

2 0.510 | 0.404 | 0.357 | 0.316 | 0.288 | 0.265 | 0.247 | 0.233 | 0.222 | 0.210

4 0.515 0.413 0.351 0.313 0.282 0.261 0.244 0.227 0.217 0.208

sgt-0.1 6 0.532 0.423 0.352 0.314 0.292 0.270 0.248 0.234 0.219 0.209

8 0.537 | 0.434 | 0.364 | 0.326 | 0.297 | 0.277 | 0.256 | 0.239 | 0.226 | 0.214

10 0.539 | 0422 | 0.366 | 0.328 | 0.302 | 0.271 0.257 | 0.240 | 0.227 | 0.215

2 0.622 0.485 0.414 0.373 0.343 0.322 0.299 0.278 0.262 0.248

4 0.654 0.516 | 0.440 | 0.391 | 0.350 | 0.326 | 0.304 | 0.283 | 0.266 | 0.252

sgt-opt 6 0.661 0.501 0.416 0.370 0.341 0.313 0.285 0.267 0.249 0.238

8 0.661 0.507 0.429 0.387 0.346 0.315 0.287 0.267 0.252 0.240

10 0.673 0.512 | 0.434 | 0.383 0.345 0.316 0.294 0.275 0.256 0.242

init 0.441 0.362 | 0.307 | 0.284 | 0.266 | 0.248 | 0.235 | 0.224 | 0.207 | 0.198

Table 3 The number of documents used as relevant and its accuracy

normal | pseud | sgt-0.1 | sgt-opt(2) [ sgt-opt(4) | sgt-opt(6) | sgt-opt(8) | sgt-opt(10)
Used as relevant 1.00 30.00 8.93 23.81 22.10 23.54 27.49 26.95
True relevant 1.00 9.90 4.90 8.68 8.95 8.98 10.00 10.22
Accuracy 1.00 0.33 0.52 0.47 0.47 0.46 0.47 0.49

In our setting, the performance of query ex-
panasion depends on how to assume unjudged
documents as relevant ones. Obviously that the
amount and the accuracy of true relevant docu-
ments are important factor to make such tenta-
tive relevant documents. Thus we investigated
the number of true relevant documents and cal-
culated its accuracy in each method. We also
count the number of documents used as rele-
vant. Table 3 shows the result(for sgt-opt(n), n
is the number of expanded terms). In the table,
we can see that normal has perfect accuracy,
however its amount of true relevant documents
is only one. In contrast, pseud has enough
amount of true relevant documents, however
its accuracy is low. Compared with those two
methods, our method is not biased one way in
the tradeoff. If we can appropriately estimate
the number of true relevant documents, we can
make query expansion very effective. As shown
in the table, sgt-opt can find twice amount of
true relevant documents with its accuracy keep
about the same as sgt-0.1.

5. Discussion

We investigated the results in detail, espe-
cially how each topic changes its performance
before and after query expansion. Fig.4 shows
the precision improvement in the top 10 docu-
ments against initial retrieval about each topic
(6 terms expanded). Horizontal line in each
graph means nth topic in the TREC-8 dataset.

More than half of topics in normal and
psued get worse by query expansion. Query
expansion works for only a few topics. In case of
sgt, topics can be segmented two groups. One
is a group in which query expansion works very
well, the other is a group in which query ex-
pansion degenerates retrieval performace. This
is because misestimate of the number of true
relevant document is input to the sgt learner.
If we can set appropriate estimate values for the
parameter, much of the second group of topics
decrease as seen in the graph of sgt-opt.

6. Conclusion

In this paper we proposed a new query expan-
sion method which applies transductive learn-
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Fig. 4 Precision improvement in the the top 10 documents against initial

retrieval (6 terms expanded)

ing to predict the relevancy of unlabeled doc-
uments. The experimental results showed our
method outperforms initial retrieval and other
traditional methods. We are now develop-
ping an algorithm to automatically estimate the
number of true relevant documents in learning
data sets, which is very important factor for
the performance of query expansion as shown
in this paper.
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