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Abstract

How to assign appropriate weights to terms is
one of the critical issues in information retrieval.
Many term weighting schemes are unsupervised.
They are either based on the empirical
observation in information retrieval, or based on
generative approaches for language modeling.
As aresult, the existing term weighting schemes
are usudly insufficient in distinguishing
informative words from the uninformative ones,
which is crucid to the performance of
information retrieval. In this paper, we present
supervised term weighting schemes that
automatically learn term weights based on the
correlation between word frequency and
category information of documents. Empirical
studies with the ImageCLEF dataset have
indicated that the proposed methods perform
substantially better than the state-of-the-art
approaches for term weighting and other
alternatives that exploit category information for
information retrieval.

1. Introduction

Previous studies of information retrieval (Croft and
Harper, 1979; Robertson et a., 1981; Salton and Buckley,
1988; Fuhr, 1992; Robertson et al., 1996; Singhal et al.,
1996; Ponte, 1998; Miller et a., 1999; Robertson et al.,
2000; Zhai and Lafferty, 2001) have shown that
appropriate term weights are crucial to the performance of
infformation retrieval systems. Sophisticated term
weighting schemas, such as the Okapi formula, usualy
result in substantially better performance than the simple
method that treats every term occurrence equaly. In
genera, the current state-of-art term weighting methods
can be divided into two categories:
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1) The TF.IDF based term weighting methods
(Robertson et a., 1981; Salton and Buckley, 1988;
Robertson et al., 1996; Singha et a., 1996). Most
methods under this family are based on intuition and
empirical observation. For example, the inverse
document frequency (i.e., idf) weight is based on the
intuition that words appearing infrequently in a
collection tend to be more informative than the words
that appear frequently across many documents.
However, very often, this intuition is violated. For
instance, typos tend to appear rarely across a
collection but they are uninformative to the content
of documents.

2) The language modeling approaches (Ponte, 1998;
Ponte and Croft, 1998; Miller et al., 1999; Lafferty
and Zhai, 2001; Zha and Lafferty, 2001; Jin et a.,
2002; Zhai and Lafferty, 2002). These approaches
assume that documents are generated by simple
statistical language models, which are estimated by
the maximum likelihood estimation (MLE) combined
with smoothing techniques. However, due to the
generative nature of language modeling approaches,
they usualy lack of discriminative power in
distinguishing informative words from uninformative
ones. In fact, their limited discriminative power
comes from the smoothing technique, not from the
generative model itself.

The essential difficulty with determining term weights is
the lack of supervision. Usually, term weights are only
determined by term frequency across documents, which
may not reflect the informativeness of terms. Some
additional information (e.g., category information)
associated with documents, on the other hand, can serve
as “guidance’ in determining which terms are more
informative than the others. In fact, we can find such meta
information along with documents in many collections
(e.g., library collections). How to effectively utilize such
infformation to improve term weighting becomes an
important question. In this paper, we present two novel
approaches that automatically learn term weights by
incorporating the category information of documents. We
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assume that the semantic meaning of a document can be
represented, at least partialy, by the set of categories that
it belongs to. Thus, by measuring the similarity in
category labels assigned to two documents, we will be
able to tell content wise how similar they are. To
distinguish important terms from common terms, we will
search for term weights so that the term-based document
similarities are consistent with the similarities that are
computed from the category information of documents.
Unlike inverse document frequency and language
modeling approaches, where term weights are determined
in an unsupervised manner, our approaches learn term
weights under the guidance of category information.
Notice that our work is different from text categorization
problems, in which term weights are learned to determine
if adocument belongs to a specific category. In particular,
term weights learned in text categorization are category
dependent. A different category can result in a completely
set of term weights. In contrast, term weights in
information retrieval is independent from target categories
and should reflect the overall informativeness of words to
the content of documents.

The rest of this paper is organized as follows: Section 2
discusses the related work; Section 3 describes the
proposed agorithm; Empirical studies are presented in
Section 4; Section 5 concludes this paper with the future
work.

2. Related Work

In the following subsections, we briefly review the two
types of approaches for term weighting, namely the tf.idf
based approaches and the language model based
approaches, separately.

2.1 TF.IDF Based Term Weighting Methods

Most term weighting schemes within this family contain
three factors. the term frequency factor (i.e., tf), the
inverse document frequency factor (i.e., idf), and the term
normalization factor (i.e., norm). The final term weight is
the product of these three factors. Numerous term
weighting schemas have been developed within the
TF.IDF family (Robertson et al., 1981; Saton and
Buckley, 1988; Robertson et al., 1996; Singhal et al.,
1996). Among them, the Okapi formula (Robertson et a.,
1996) is one of the most popular term weighting methods.
It defines the similarity between a document d and a given
query g asfollows:

sim(d, )
~ K (t, d) (N+O.5j
=Y f(t, |
‘Ezq ( q)f(t d) + k| 1-b+pdocten(d) PN
' avg_doclen

where f(t,q) and f(t,d) are the term frequency for word ‘t’
in query g and document d. N is the total number of
documents in the collection, N(t) is the number of
documents in the collection that have word ‘t’. Both k and
b are parameters.

The most noticeable feature of the Okapi term weighting
schema is kf (t,d)/{ f(t,d)+ k(l_b+bdocken(d)j} _

avg _doclen

It is based on the intuition that the first occurrence of a
guery word in a document is usually more important than
other occurrences in determining the relevance of a
document to a given query. Furthermore, the Okapi
formula employs the pivoted normalization factor
1—p4p_doclen(d)

avg _doclen
for information retrieval (Robertson et al., 1996; Singhal
et a., 1996). The two parameters (k, d) in the Okapi
formula are determined empirically. In our experiment,
we set them to be 2 and 0.75, which are the typical values
used in previous studies (Robertson et al., 1996).

2.2 Language Model based Term Weighting Methods

, which has been shown effective

Recently, language modeling approaches have shown
promising performance in information retrieval (Ponte,
1998; Ponte and Croft, 1998; Miller et al., 1999; Lafferty
and Zhai, 2001; Zha and Lafferty, 2001; Jin et a., 2002;
Zhai and Lafferty, 2002). To determine the relevance of a
document d to a given query q, the language modeling
approaches estimate the conditional probability p(q|d),

which is the likelihood of generating query q given the
content of document d. By assuming that each query word
is generated independently, this likelihood is simply
computed as: p(q|d) < HWEq p(w|d) where p(w|d)is

the unigram probability for document d.

The key to language modeling approaches is how to
estimate the unigram probabilities {p(w|d)} for a

document d. A simple approach that estimates unigram
probabilities based on word occurrence will suffer
severely from the sparse data problem. In particular, it
assigns zero probability to any words that do not appear in
a document. Thus, a smoothing technique is usually used
in estimating language models. Smoothing techniques are
critical to information retrieval in that they equip
language modeling approaches with the discriminative
power in distinguishing informative words from
uninformative words. Take the Jelinek-Mercer (IM)
smoothing as an example. Let { p(w|c)} be the unigram

probabilities estimated from a collection of documents.
Using the IM smoothing, p(w]|d) isestimated as:

f (w,d) J

p(w|d) = p(W|C)£l_a+a|d|p(—w|c)
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f(w,d)
|d| p(w|c)
significantly smaller than an uncommon word, the JM
smoothing is able to distinguish common words from
uncommon words. Note that if without using the
smoothing technique, which corresponds to a=1, a
simple language modeling approach will assign large
probabilities to common words and therefore it is unable
to differentiate important words from common words.

Since the ratio for a common word is

3. Discriminative Approaches for Automatic Term
Weighting

In this section, we will discuss how to automatically learn
appropriate term weights using the category labels of
documents through a discriminative analysis. The basic
idea is to find term weights such that the term-based
document similarity is consistent with the similarity
computed based on category labels of documents.

Let T ={d; }i'\:'l be the collection of documents where N is

the total number of documents. Each document d; is
represented by both aterm vector W ={w ;,W ,,...,W .},

and a category vector G ={G1,G »,.-,C n} . W ; isthe

term frequency for the j-th word in the i-th document. ¢ ;

is a binary variable, which is 1 when the i-th document
belongs to the j-th category and zero otherwise. n is the
size of vocabulary, and m is the number of different

categories. Let zi={u}  be the term weights, and

j={n}', be the weights for categories. Let
S.(d,d%7) and S, (d,d" ) be the category-based and
term-based similarities between documents d and d',
respectively. They are defined as weighted dot products:
S:(dhdj;ﬁ):zalnkci,kcj,k
S\N(di!dﬁﬁ):zzzlﬂkw,kwj,k

Since our goal is to find appropriate weights 7 and u
such that two similarity measurements are consistent, it
can be formulated as the following optimization problem:

{7 i} =argmin 3 1(s;(d.d%7),S,(d,d54)) ()

7.u  dzdeT

where I(,,-) measures the difference between the two

similarity measurements. Note that, in the above
discussion, we introduce weights for both words and
categories. This is important because some categories are
more genera than the others. Two documents are more
likely to have similar content when they match in rare
categories than in common categories.

3.1 A Regression Approach

One choice for loss function I(S;,S,) is the Euclidean

distance, i.e, 1(S.,S,) =(5c—5w)2- Thus, the objective
functionin (1) is expressed as:

2
Freg = Zi'\,ljzl(zrzlnkci,kcj,k —Zzzlﬂkwl,kwi,k)

@)
-JeneT-ww,
Where  C=(S,G,nCy) s W= (W, Vib,..., Wiy )T,
n=diag(7) and p=diag(u). Eq. (2) can be further
simplified into the following quadratic form:

~T Qc _PT 77

g )[—P QWJ[ZJ 9

where  [Q] | =(§Tfj)2, [Qc] =(éjiTé;j )2, and
= \2 -

[P]i’j :(§T§j) . Here, &; is the j-th column in matrix

W, and fj isthe j-th column in matrix C. Apparently, the

trivial solution to (3) is 77 = i =0. To remove the trivial

solution, we consider a constraint on the L2 norm of
weights, i.e.,

2 ~12 m 2 n 2
||f7||2+||ﬂ||2=§'7i tau =1 (4)
i= i=!

Then, the optimal solution to (4) is the minimum
Qc _PT
-P QW
solution contains both negative and positive weights, it
could be undesirable since a negative weight indicates
that the corresponding word or category serves as
negative evidence in determining document similarity,
which contradicts our intuition. Thus, we further
introduce positive constraints on weights, i.e.,
7,20Vie[l.m|, g 20,V je[l.n] (5a)

eigenvector for matrix ( J Given that this

To further simplify computation, we replace L2 norm in
(4) withL1 norm, i.e.,

i+ 2t 21 (5b)

Now, given the quadratic objective in (3) and the linear
congtraints in (5a8) and (5b), a standard quadratic
programming technique (Gill et al., 1981) can be applied
to acquire the solution.

Implementation Issues. One computational problem with
the regression approach is that it requires computing the
full matrix Q,, , whose sizeis nxn. When the number of
words (i.e, n) is large (e.g., 20,000 in our case),
computing the full matrix Q,, will be infeasible. In our
experiment, we redize the regression approach by
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iteratively sampling the word space. In particular, for each
iteration, a small number of words are sampled out (e.g..,
2000 in our experiment) and only the weights for the
selected words are updated during the iteration. Let g

and i, be the weights for selected words and unselected
words, respectively. Rewrite matrix P and Q,, into the

form:
Qs usjl
w w
Qv Qu

whereindex ‘U’ and ‘s’ represent parts of matrices related
to selected words and unselected words, respectively.
Using the above notations, F, isrewritten as:

. — Qc _P;r 7
Freg=(r7T ﬂg)(—Ps Q;][/ZJ (6)

~2( B R+ ] QU )+ 1 QU

P =[Pu'Ps]'Qw =[

Since the last part of F isirrelevantto zg and 77, itis

ignored during the computation. Given that Q}, and Q.
are of small size, quadratic programming techniques can
be efficiently applied to (6).

3.2 A Probabilistic Approach

Anocther choice for I(S.,S,) is to first convert the

similarities based on terms and categories into
probabilities and then compare the two probabilities. A
logit function is used to convert a similarity score into a

probability. We define p’; and pY, ie, the

probabilities for two documents to be similar based on
their category and term information, as

c /= 1
pl,‘ )7 =
l( ) 1+exp(—Sc(di,dj;77)+770)
"o 1 (7
P ()=

1+ exp(-S, (ch,d;3 )+ o)

where 7, and u, ae bias terms. Then, we define
I(S.,S,) asthecrossentropy between pf; and p";:

|(S0(dh.9;377). S (1))
=-pi; (7)log i (#) - (- pf; (77)) logL- pi; (4))
The above expression is minimized when the two sets of

probabilities p; and p"; are of similar values and they

are close to either 1 or 0. In other words, I(S;,S,) is

minimized when the two similarity measurements are
consistent and confident in predicting if two documents
are similar. Note that we did not use the KL divergence

for 1(S.,S,). This is because a KL divergence based

objective function can result in atrivia solution, in which
case al weights and bias are assigned to be zeros. In
contrast, the trivial solution will not be optimal solution to

(8).

Using the definition in (7), now the objective function is
written as;

N
Fora = 2 ( PF; (77)10g P () + A= p° (7)) logd— pY' (&)

i#]

1 1

log
N 1+eXp(_zf7kci,kcj,k+770j 1+exp[_2ﬂkwl,kwj,k+:u0]
K K
_E 1 1
M+ log
1+ eXp[Z'lkCi,ij,k —'70]
K

Similar to the consideration in the regression approach,
we congtrain all the weights to be non-negative, i.e,
1,4; = 0. Furthermore, similar to the logistic regression

1+ eXp(Z/lle,ij,k —/loj
P

model used for text categorization (Zhang and Oles,
2001), a Laplacian prior is introduced into the objective
function to prevent weights from being too large. Thus,
the fina optimization problem for the probabilistic
approach becomes:
{77 7 17701/40} = E?I’g max Fprob _aw|ﬁ|l_ac|ﬁ|1
7,470 .o

subject to 77, 4 >0 and 7, 4y = 0

Finding the optimal solution to the above expression is
not easy. One essentia difficulty is in evaluating the

objective function in (9), which requires computing pﬁ i

and p,“fj for any two documents. Given alarge number of

documents (e.g., 40,000 in our experiment), the pair wise
computation can be too expensive. Similar to the
regression approach, we will apply an iterative procedure
to the optimization. In each iteration, only a small humber
of terms are selected and only the weights associated with
the selected terms are updated during the iteration.
However, in the regression approach, the objective
function is quadratic, and therefore weights for selected
terms and for unselected terms can be easily separated in
the objective function. In contrast, the objective function
in (9) israther complicated compared to the onein (3) and
it is not so easy to separate weights for selected terms
from weights for unselected ones. To this end, we use the
bound optimization agorithm (Salakhutdinov and
Roweis, 2003). The main idea is that, although it is
difficult to separate weights in the original function, it
may be easy to do so for a simple function that lower
bounds the original function. Furthermore, since we need
to find weights for both categories and terms, the bound
algorithm will be applied twice in each iteration: one for
finding the optimal term weights given fixed category
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weights, and the other one for finding the optimal weights
for category given fixed term weights. In the following,
we will discuss the steps for optimizing term weights and
category weights, separately.

Learn category weights 77 with fixed term weights /i .
Let {77, u} be the weights of the previous iteration, and
7i'=7+0 be the new category weights for the current
iteration. Probabilities p(, (7)) and Bf;(7) =1~ pf; (7))
can be upper bounded by the following expression:

P @) < s () + P ()P (ﬁ){exp[%ca,cj,@k —50J—1}

P (7)< B () + o (D) P (ﬁ){exp[—%ch,kcsk +50]—1}

Now, the objective function in (9) can be lower bounded
as.

Fprob (ﬁ|’ﬂ)_awlﬂ|1 _a0|77||1 2
Fprob (ﬁ’ﬂ)_awlﬁll_aclﬁll
+2 pc; (7)1 (77) log p"; (ﬂ){eXp[zle,ij,k5k —50J_1}

B3]
+2 p°; (7) B (77)log B (ﬁ){eXp[—Zk:Q,ij,k5k + 50} _1}
i

(10)

Using the Jensen inequality, the exponential term in the
above expression can be upper bounded as:

exD(%Q,ij,kfsk _5oj -1

- Zked’LCq'kq‘k gk _1+Zk| (Ci,kCi,k)

LC LC LC
where L. =2max |G |, +1, and () is an indicator that
|

outputs one for positive value and zero otherwise. Then,
the upper bound in (10) can be further relaxed as:

Fdis(ﬁlrﬁ)_aw_aw‘ﬂ‘l_ac‘ﬁ"l2

{Fois (7. 22) = et = cry 1] = x|, }
1+ I (G C;

-3 bl )P (ﬁ)ZkL(:“’k“)(

i#]

log pY" () +10g B} ()

> o (e ()

7y ~OkLcGi kCj k

iy +log B} (1) e
k L.+1
e % log p"| (f2) ]
L0 N
+e~% log B’
oy 9p,;(4)) 5,
i#] Lc

[Iog B (1) ™51 J

_acé‘k

P (M) P (ﬁ)[

Notice that in the above expression, the interaction
between weights for different categories is removed.
Thus, each category weight can be updated
independently. In fact, there is an analytical solution to

the optimal weight change J that maximizes the above
lower bounds. To avoid computing pf j for al document

pairs, in each iteration, only a subset of categories are
selected in each iteration and their weights are updated.

As aresult, only the probabilities pf; for the documents

that belong to the selected categories are needed to be
computed.

Learn term weights 4 with fixed category weights 7; .
Let #'=ji+J be the new category weights for the
current iteration. First, log T),‘f’j (") can belower bounded
using the Jensen inequality:
e’b‘kLwW\,ij,k el
2k > +
1+ 3! (Wi,ij,k)
) Lu
where L, :Zmiax |W |y +1. By substituting the above

W

log pi'; (42°) > log p; (#) - B (&)

expression for log T)L‘ff\,(ﬁ "), we have a lower bound for
the objective function in (9):

Foron (7, 2") =ty — ot | 1], — atc |77,

2 Fprob(ﬁvﬁ)_aw_aw‘/j‘l_ac‘ﬁ‘l

1 | i j
s ZEWW) (S, (B (2)+ B, () Y ()

i#] w
efdkLwWﬁ,kWI,k
Boc+ 3 o (P () S
i#] W
K LT
2 0mp (M) ———
YA ) Ly
.
pu,j(77)p|,j(/4) L
~hdo-2 ~LyS,
T Y
+p|,j(77)pi,j(ﬂ)T

Again, in the above expression for the low bound, the
correlation among weights for different term is removed,
and thus each term weight can be updated independently.

To avoid estimating p),‘fvj for al document pairs, in each
iteration, we can select a subset of term weights for
updating.

4. Experiment

In this experiment, we examine the effectiveness of the
proposed approaches that automatically learn term



Learn to Weight Terms in Information Retrieval Using Category Information

Using Category Information No Category Information

Regression | Probabilistic ICF CQE Okapi LM
Avg. Prec. 0.45 0.48 0.38 0.42 041 041
Prec@
5doc 0.55 0.56 0.40 0.50 0.47 0.50
10 doc 0.48 0.51 0.40 0.48 0.45 0.48
20 doc 0.46 0.46 0.39 0.42 0.39 0.38
100 doc 0.21 0.21 0.19 0.19 0.20 0.20

Table 1: Retrieval results for aregression approach (Sec. 3.1), a probabilistic approach (Sec. 3.2), ainverse
category frequency (ICF), a category-based query expansion (CQE), the Okapi method, and a language model

(LM).

weighting by incorporating category information of

documents. In particular, we will address the following

research questions:

1) WIll category information be effective in improving
the retrieval performance over the existing term
weighting approaches? We compare the proposed
algorithms to the two state-of-the-art methods that do
not use category information.

2) How effective are our approaches in utilizing
category information for information retrieval
compared to other approaches? We compare the
proposed algorithms to other information retrieval
methods that also exploit category information.

4.1 Experiment Design

We use the document collection from ImageCLEF
(http:/fir.shef.ac.uk/imageclef/). 1t consists of 28,133
documents and each document provides content
description for a historical picture. All the documents in
the collection are categorized into totally 933 different
categories. Each document can be assigned to multiple
categories and the average number of categories assigned
to adocument is about 4.5. In order to tune the parameters
in the proposed method, five queries from ImageCLEF
2003 together with their relevance judgments are used as
training data. 25 queries from ImageCL EF 2004 are used
in our evaluation. Typical information retrieval metrics
are employed in this empirical study, including average
precision across 11 recall points and precision for top
retrieved documents.

In order to see the effectiveness of the proposed
algorithms in utilizing the category information, we
compare it to two baseline models for comparison:

1) Inverse category frequency for term importance. For
each word ‘W', we compute its inverse category
frequency (i.e, icf) value, i.e,
icf (W) =logm-logm.(w) , where m.(w) is the
number of categories that contain word ‘w'. This
factor is then used to replace the idf factor in the
Okapi formula. This approach is based on the
assumption that a word tends to be less informative

when it appears across a large number of categories.
We hypothesize that the category frequency could be
a better indicator for term importance than the
document frequency. Consider an extreme case when
a document is repeated thousands of times in a
collection. A document frequency based approach
would assign low weights to any words in the
document while a category frequency based approach
will not.

2) Category-based query expansion. A typica query
expansion approach expands original queries with the
terms that frequently appear in the top retrieved
documents. With the category information of
documents, we can expand origina queries with the
common categories for the top retrieved documents.
With the expanded queries, documents are required
to match not only the query words but aso the
expanded categories. Let the expanded query denoted

by g={f(w,a),.... f(w,,a); f(c,q),.... f(c, A}
where f(w |g) and f(g |q) isterm frequency and

category frequency for the expanded query g. Then,
thelikelihood p(q|d) iscomputed as:

X" f(w,q)log p(w | d)

log p(q|d) =
Zin=1f(W| ,0)
L(1-A)XT (@G, 9logp(G |d)
> f(e.a)

where g is the smoothing parameter. p(c |d) is

N
f(g.d o f(c.dy)
rplad gy i 165
2iaf(G.d) PIEPIURICH N
f(c,d) is one when document d belongs to the
category ¢ and zero otherwise. y is another

smoothing parameter. Both parameters are tuned
using the training queries.

, where

4.2 Experiment (I): The Effectiveness of Category
Information on Term Weighting
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Figure 2: Average precision of individua queries for alanguage model, the inverse category frequency, and
category-based query expansion, and the proposed probabilistic approach (titled as ‘ discriminative’).

Theretrieval performance of both the regression approach
and the probabilistic approach is summarized in Table 1.
We aso included the performance of both the Okapi
method and the language modeling approach in Tablel.
The precision-recall curves for these four methods are
plotted in Figure 3.

First, both the regression approach and the probabilistic
approach, which utilizes category information,
outperform the Okapi method and the language modeling
approach, which do not utilize the category information.
This is further confirmed by the precision-recall curvesin
Figure 3. Furthermore, the precision result shown in Table
1 indicates that the largest gain of the proposed
algorithms is achieved for the top ranked documents.
When only five documents are retrieved for each query,
the two proposed agorithms are able to achieve precision
around 0.56, while the precision for the Okapi method
and the language modeling approach is no more than
50%. The advantage disappears when 100 documents are
retrieved for each query. Finaly, comparing the two
proposed algorithms, we see that the probabilistic
approach performs dightly better than the regression
approach in all evaluation metrics.

Third, to further examine the difference between the
proposed probabilistic approach and the state-of-the-art
term weighting methods, we computed average precision
of individual queries for the probabilistic approach and
the language modeling approach. The results are shown in
Figure 2. We see that the probabilistic approach
outperforms  the language modeling  approach
substantially over 16 out of 25 queries. Only for 5 queries,
the language modeling approach achieves better accuracy
than the probabilistic approach.

Based on the above observation, we conclude that
category information is effective for determining term
weights for information retrieval.

4.3 Experiment (II): Effectiveness
Category Information for IR

in Exploiting

In order to see how effective the proposed agorithms are
in utilizing category information, we compare the
proposed algorithms to two baseline models that also
exploit category information for information retrieval.
The two baselines are: the inverse category frequency
approach (ICF) and the category-based query expansion
(CQE). The retrieval results of these two baseline models
areincluded in Table 1. The precision-recall curves of the
two baseline models are shown in Figure 3 and their
average precision for individual queries are shown in
Figure 4.

First, according to Table 1, the inverse category frequency
approach performs dlightly worse than the language
modeling approach. A detailed examination of precision
recall curves indicate that, compared to the language
modeling approach, the disadvantage of the inverse
category frequency approach is mainly at the low recall
points. This is further confirmed by the results of
precision for top ranked documents in Table 1. The poor
performance of ICF can be attributed to the fact that the
ICF method treats each category equally when it
computes the ‘importance of terms. Second, the
category-based query expansion performs dlightly better
than the language modeling approach. However, the
overall improvement is rather marginal. Furthermore, the
CQE method does not acquire any noticeable
improvement for the top ranked documents, which is
usually more important than the document ranked at
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bottom. Based on the above observation, we conclude that
athough category information can be useful for
information retrieval, how to incorporate the category
information into the framework of information retrieval is
also critical.

5. Conclusion and Future Work

In this paper, we present novel agorithms for automatic
term  weighting that exploit document category
information. These algorithms learn term weights based
on the correlation between term frequency and category
information of documents. Two strategies have been
examined: a regression approach and a probabilistic
approach. Another important contribution of this paper is
that we propose a bounding algorithm for efficiently
learning both category weights and term weights. As a
future work, we plan to introduce nonlinearity into the
current work by replacing the dot product in the similarity
function with a predefined kernel function. We also plan
to apply the current framework to learn weights for image
features through a collection of annotated images.
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