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ABSTRACT

The languagemodeling approach to retrieval hasbeenshown
to perform well empirically. One advantage of this new ap-
proach is its statistical foundations. However, feedbad, as
one important componert in a retrieval system, has only
beendealt with heuristically in this new retrieval approach:
the original query is usually literally expandedby adding ad-
ditional terms to it. Such expansion-basel feedbadk creates
an inconsistent interpretation of the original and the ex-
panded query. In this paper, we presert a more principled
approach to feedbadk in the language modeling approach.
Speci cally, we treat feedbadk as updating the query lan-
guage model based on the extra evidence carried by the
feedbadk documents. Such a model-basel feedbad strategy
easily ts into an extension of the language modeling ap-
proach. We proposeand evaluate two di eren t approaches
to updating a query language model basedon feedbad doc-
uments, one based on a generative probabilistic model of
feedbadk documents and one based on minimization of the
KL-div ergence over feedbadk documents. Experiment re-
sults show that both approaches are e ectiv e and outper-
form the Rocchio feedbadk approach.

1. INTRODUCTION

The language modeling approach to text retrieval was rst
intro duced by Ponte and Croft in [11] and later explored in
[8, 5, 1, 15]. The relativ e simplicity and e ectiv enessof the
language modeling approach, together with the fact that it
leverages statistical methods that have been developed in
speed recognition and other areas, make it an attractiv e
framework in which to develop new text retrieval methodol-

ogy.

Although the language modeling approach has performed
well empirically, a signicant amount of performance in-
creaseis often due to feedbadk [10, 8, 9]. Unfortunately ,
feedbak has sofar only beendealt with heuristically within
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the language modeling approach. In most existing work, it
has beenincorporated in an unnatural way: by expanding
a query with a set of terms. But such an expansion-based
feedbad strategy is generally not very compatible with the
essenceof the language modeling approach, which is model
estimation. As a result, the expanded query usually has
to be interpreted dierently than the original query. This
is in contrast to the natural way of performing feedbad in
the classicalrelevance-basedprobabilistic model, such asthe
binary independencemodel [12].

In this paper, we propose a model-based approach to feed-
back that can be incorporated into the KL-div ergencere-
trieval framework introduced in [6]. The model-based ap-
proach to feedbad is actually not new; indeed, it is the
essenceof the classical probabilistic model [12]. However,
it has beenunclear how to incorporate model-based meth-
ods into the query-lik elihood ranking function usedin most
existing work on the language modeling approach. We pro-
posetwo di eren t schemesfor reestimating the query model
basedon a set of feedbadk documerts:

1. A genemtive model. Assuming a generative model, we
estimate the query topic model using the observed feedbadk
documents based upon a maximum likelihood or regular-
ized maximum likelihood criterion. The particular gener-
ative model we consider here is a simple mixture model,
using the collection language model as one component, and
the query topic model as the other.

2. Divergene/risk minimization over feedback documents.
Here, rather than maximizing likelihood we estimate the
query model by minimizing the average KL-div ergencebe-
tweenthe model and the feedbad documerts.

In the following section we provide a more detailed accourt
of feedbad techniquesthat have beenusedin previous work.
Section 3 then intro ducesthe KL-div ergenceframework for
text retrieval, and Sections4 and 5 presert the new model-
based frameworks for incorporating feedbadk. Section 6
preserts the results of experiments carried out to evaluate
these methods.

2. PREVIOUS FEEDBACK METHODS IN
THE LM FRAMEW ORK

Se\eral recert papers have preserted techniques for improv-
ing language modeling techniques using relevanceor pseudo-



relevance feedbadk. A ratio approach that selects terms
having high probabilit y in the feedbadk documents, but low
probabilit y according to the collection language model was
proposedin [10]. The approach performs similarly to Roc-
chio [14] when very few relevant documents are used, but is
signi cantly better than Rocchio when using more relevant
documents. The pseudo relevance feedbad results are also
very promising, and signi cantly better than the results of
using the baseline language modeling approach [10]. How-
ever, the ratio approach is conceptually restricted to the
view of a query as a set of terms, and so cannot be nat-
urally applied to the more general case when the query is
considered as a sequene of terms and the frequency infor-
mation of a query term is considered. Also, the number of
terms needsto be determined heuristically .

Miller et al. [8] treat feedbadk as essetially expanding the
original query with all terms in the feedbak documerts.
Terms are pooled into bins by the number of feedbadk doc-
uments in which they occur, and for ead bin, a dierent
transition probabilit y in the HMM s heuristically estimated.
As a result, the smoothing is no longer equivalent to the
simple linear interpolation, as it is in their basic HMM for
smoothing the document language model. Thus, the model
form changesas a result of incorporating feedbadk. Again,
the interpretation of a query both astext (generated by an
HMM) and as a set of terms is conceptually inconsistent. It
also involvesheuristic adjustment of transition probabilities
by incorporating document frequency to lter out the high
frequency words.

In [9], an approach is developed that is based on document
likelihood ratios, and two interesting ideas concerning feed-
back are explored. First, a feedbad criterion basedon the
optimization of the scoresof feedbadk documents is devel-
oped, which turns out to be actually very similar to the ratio
approach used in [10]. Second, a threshold for the number
of selectedterms is derived from the score optimization cri-
terion. This approach is also reported to be e ectiv e [9],
but sharesthe problem of inconsistert interpretation already
mentioned. Other related work is [4], in which feedbadk doc-
uments are used to reestimate the smoothing parameters
in the query-likelihood retrieval function. In e ect, this is
similar to query term reweighting in a traditional retrieval
model, and does not fully take advantage of the feedbadk
documerts (e.g., no new terms are intro duced to enhancea

query).

Recert work has begunto develop model-based approaches
to feedbad, which appearsto be a promising areafor further
development. In [6], an approach to feedbad is developed
that usesMarkov chains to estimate a query model. While
it is preserted as a translation model [1], the Markov chain
query expansion method, when applied to a set of feedbadk
documerts, can be regarded as a model-basedapproach asit
reestimates the query language model. The relevance model
estimation method proposedin [7] can also be used to es-
timate a richer query model based on feedbad documents.
Both approachesrely on the query words to focus the model.
In the methods proposed here, we work with the feedbad
documerts alone, and estimate a query model that can be
usedto update an existing query model.

3. THE KL-DIVERGENCE RETRIEVAL
MODEL

In general, any approach to the retrieval problem is de-
composed into three basic components: (1) query repre-
sertation; (2) document represenation; and (3) matching
of query represertation and document represertation. In
the KL-div ergencemodel, these componerts are realized in
the following probabilistic way. First, we assumethat a
query (or document) can be viewed as an obsenation from
a probabilistic query (or document) model. The represerta-
tion problem is thus equivalent to that of model estimation.
Second, the relevance value of a document with respect to
a query is measuredby the Kullbac k-Leibler divergencebe-
tweenthe query model and document model. The matching
problem is thus equivalent to measuring the similarity or
\distance" between the estimated query model and docu-
ment model. The KL-div ergenceretrieval model was intro-
duced in [6] as a special caseof the more general risk min-
imization retrieval framework. Interestingly, it is similar to
the vector spacemodel, except that we uselanguage models,
rather than ordinary term vectors to represert a document
or a query.

We now presert the model more formally. Given two prob-
ability mass functions p(x) and q(x)the Kullback-Leibler
divergence (or relative entropy) between p and g, denoted
D(pjg), is de ned as

p(x)
P log 55
It is easyto show that D (pjjq) is always non-negative and
is zero if and only if p = g. Even though it is not a true
distance between distributions (becauseit is not symmetric
and does not satisfy the triangle inequality), it is still often
useful to think of the KL-div ergenceasa \distance" between
distributions [2].

D(pja) =

X

Now, assumethat a query q is obtained as a sample from
a generative model p(qj o) with parameters . Similarly,
assumethat a documert d is generatedby amodel p(dj p)
with parameters p. If o and p are the estimated query
and document languagemodels respectively, then, according
to [6], the relevance value of d with respect to q can be
measured by the following KL-div ergencefunction:

D(qi o) = p(wj )logp(wj o) + cons(q)
w
The document-indep endert constant cons(q) (the entropy of
the query model) can be dropped, becauseit doesnot a ect
ranking of documents, soranking basedon the risk is equiv-
alent to ranking basedon the crossentropy of the query lan-
guage model with respect to the document language model.
The minimum value (i.e., query model entropy) is achieved
when p is identical to g, which makes perfect sensefor
retrieval. The popular query-lik elihood ranking function,
used in most of the previous work on the language mod-
eling approach, is easily obtained as a special case of the
KL-div ergencemodel when the query model is estimated as
the empirical distribution of the query.

Although the KL divergencemodel appearsto be similar to
the probabilit y distribution model proposed in [17] (when



the information-theoretic retrieval strategy is used), it is ac-
tually much more generaland exible becauseof its explicit

modeling of the query and documents. In [17], the multi-

nomial term distribution is proposedas primarily an alter-

native representation of documents and query (in the sense
of the vector-spacemodel), not a generative model for doc-
uments or query. Thus, it is not surprising that the issue
of model estimation has not been consideredat all and the
term distribution represenation is naturally assumedto be
best approximated by the relativ e frequency of terms. Thus,
model smoothing has not beenconsideredas a possibility in

this work.

Within the KL-div ergence model, the retrieval problem is
essemially equivalent to the problem of estimating ¢ and

o. In principle, we can use any language model for the
query and document. Such exibilit y makesthe model quite
general and allows us to model a query or document in dif-
ferent ways. For example, if a collection is regarded as a
\do cument," then the model can be used for distributed in-
formation retrieval. Interesting work in this direction by Xu
and Croft [18] estimates a topic model basedon a set of ex-
ample documents and then usesthe KL-div ergenceto select
topic models for a query.

Our approach relies on the estimation of both document and
query language models. The lack of a query model in previ-
ouswork on the languagemodeling approach hasmadeit un-
natural to incorporate feedbadk, a very important retrieval
technique. We view the introduction of a query language
model as a necessarystep toward more powerful retrieval
methods based on language modeling. We assumethat the
user'stopic (information need) may be modeled/represented
by a language model, in the simplest casea unigram model.
As the model is expected to generate text indicating the
user'sinformation need, our task is to estimate the underly-
ing model by exploiting all the information we know about
that information need. In the traditional setup there are
two major pieces of information from the user that may
help us infer the model: the query and the judged rele-
vant documents. In this paper, we explore simple smooth-
ing strategies for combining the relevant set with the query;
the simplest is based on linear interpolation. Speci cally,
let o be the original query model and let ¢ be an esti-
mated feedbadk query model basedon feedbadk documents
F = (di1;d2;:::;dn), which can be the documents judged to
be relevant by a user, or the top documents from an ini-
tial retrieval (as in the caseof pseudo relevance feedbad).

Then, our new query model qo is

=0 )o*t r
where controls the in uence of the feedbadk model. In the

following sections, we describe two very di erent strategies
for estimating ¢ basedon feedbad documents.

4. A GENERATIVE MODEL OF
FEEDBACK DOCUMENTS

A natural way to estimate a feedbadk query model ¢ is
to assumethat the feedbadk documents are generated by a
probabilistic model p(F j ). One of the simplest generative
models is a unigram language model, which generatesead

word in F independertly accordingto . That is,

p(Fj )=

c(w;di)

p(wj )
| w
where c(w; di) is the count of word w in document d;. This
simple model would be reasonable if our feedbadk docu-
ments only contain relevant information. However, most
documents probably also contain background information or
even non-relevant topics. A more reasonable model would
be a mixture model that generates a feedbak document
by mixing the query topic model with a collection language
model. That is, a document is generated by picking a word
using either the query topic model p(wj ) or the collection
language model p(wjC). The collection language model is
a reasonable model of the irrelevant content in a feedbad
documert.

Under this simple mixture model, the log-likelihood of feed-
back documernts is

logp(Fj ) =

c(w;di)log((L  )p(wj )+ p(wjQ)
I w

Note that if both and areto beestimated, then the maxi-
mum likelihood estimate of would be zeroand our mixture
model would reduceto a simple unigram model. Intuitiv ely,
however, we should like to have a non-zero , indicating the
amount of background \noise" when generating a documert.
Thus, we will set to someconstant and estimate only

which can be done by using the EM algorithm [3]. The EM
updatesfor p (wj ) are:

@ )P (wj )

t™(w) =
@ HP™Mwj r)+ pwjo

io o(w;d )t (w)
iy c(wi;dj)tm (wi)

P (wj f) =

Intuitiv ely, when estimating the query model, we are trying
to \purify" the document by eliminating some background
noise. Thus, the estimated query model will generally be
concertrated on words that are common in the feedbad
documert set, but not very common according to the collec-
tion language model p( jC). This is precisely the e ect that
most traditional feedbad methods, such asRocchio [14], try
to capture.

To scorea document d using the estimated query model ¢,
we rst interpolate it with the original query model ¢ to
obtain an updated query model qo, and then compute the

KL-div ergencebetweenp( j qo) and p( j p), where p is
the smoothed empirical word distribution of d.

5. DIVERGENCE MINIMIZA TION OVER
FEEDBACK DOCUMENTS

A dierent strategy for estimating a query model based
on feedbadk documents is to minimize the divergencebe-
tween the model and the feedbak documents. Let F =
(d1;d2;::;dn) be a set of feedbadk documents. We de ne



the empirical KL-div ergencebetweenthe query model over
F and the feedbadk documents as
n

1 .

De( ,F) = — D( I} di)

F1ia

That is, as the average divergence between the smoothed
empirical word distribution of eadh documert ( g, ).

Intuitiv ely, if we estimate the query model by minimizing

this average divergence, we will have a query model that,

when usedto scoredocumernts, will give us the best average
score over the feedbadk documents. The estimated query
model will be closeto eath feedbadk document model; how-
ever, since feedbak documents typically share many com-
mon words due to the language and domain characteristics,
such a query model may be quite general. One way of spe-
cializing the model is to add a regularization term to the
divergencefunction. We do this by preferring a model that

incurs a greater divergence with respect to the collection
model, which is an approximation of the language model for
o -topic or background content.

Incorp orating this condition, we end up with the following
empirical divergencefunction of a feedbadk query model:

n

D(C i a)

i=1

De(iFiQ = = D (ip(:iO)

=]
Here 2 [0;1) is a weighting parameter, and p(wjC) is
the collection language model. Minimizing this divergence
is equivalent to maximizing the entropy of the model un-
der a preference constraint encaded in the second term.
This is very similar to the maximum entropy approach to
parameter estimation. Using this criterion, our estimate
g = argmin De¢( ;F;C) is then given by

p(wj ) /

op —r 1
(T )i

logp(wj ;) logp(wjC)

1
We seethat the resulting model assignsa high probabil-
ity to words that are common in the feedbadk documerts,
but not common according to the collection language model.
The parameter controls the weight on the collection lan-
guage model. Similar to the in the collection mixture
model, when is set to zero, the e ect of the collection
language model is completely ignored, and we then have a
query model that strictly minimizes the divergenceover the
feedbadk documernts. In this casethe model is given by the
geometric mean of the distributions of the feedbadk docu-
ments.

As before,to exploit ¢ in our KL-div ergenceretrieval model,
we rst interpolate it with the original query model ¢ to
obtain an updated model o, and then scorea document d

by D( qoj d).

6. EXPERIMENTS

The KL-div ergenceretrieval framework allows usto combine
any pair of document and query language models; thus, ex-
perimentally there can be many possible combinations to

explore. In this paper, we x the document language model
and focus on di erent ways of estimating the query model
basedon feedbad documents. Speci cally , we use a Diric h-
let prior (with a hyperparameter of 1,000) for estimating
the document language models in all the experiments. In
e ect, this interpolates the maximum lik elihood estimate of
the document language model with the collection language
model using a document-dependert interp olation coe cien t
of 1000=(1000+ jdj) for the collection model. This approach
is described in detail and evaluated experimentally in [19].
An appropriate way of evaluating a feedbadk method would
beto considerboth relevancefeedbad and pseudo(or blind)

feedbad, but asa rst step, we only consider pseudo feed-
back in this paper. In all experiments, we take the top 10
documernts from a setof previously retriev ed results obtained
using the basic query-lik elihood ranking function and Diric h-
let smoothing. We compare the query models estimated us-
ing the collection mixture and the divergenceminimization

methods described in the previous sections, varying both the
interpolation parameter ( ) and the feedbak model estima-
tion parameters ( ).

6.1 TestingCollectionsand Evaluation

We evaluated both feedbad approacheson three TREC col-
lections [16]:

1. AP88&89 with topics 101-150. This is the same as
one of the collections used in [7], and will be labeled
as\AP88-89".

2. TREC Disk 4&5 (minus Congressional Record) with
topics 401-450. This is the ocial TREC8 ad hoc task
collection, and will be labelled as\TRECS8".

3. TREC8 small web collection with topics 401-450. This
is the ocial TREC8 small web task collection, and
will be labelled as \WEB".

In all cases,we use only the titles of the topic description,
since they are closer to the actual queries used in real ap-
plications, and since feedbad is expected to be most useful
for short queries. We have done minimal preprocessing of
documents and queries; the only tokenization performed is
stemming (using a Porter stemmer), and no stopword list
is applied. We believe that with appropriate probabilistic
modeling, stop words can be e ectiv ely down-weighted. In
ead run, the top 1,000 documernts are returned and evalu-
ated, asis commonly done in TREC evaluations.

The following performance measuresare consideredin our
evaluation:

Interpolated precision at di eren t, but xed, recall lev-
els (i.e., the PR curve)

Initial precision; that is, the best precision achievable
at any document cuto

Non-interp olated average precision

Recall at 1,000 documernts
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Collection Simple LM | Mixture FB | Improv. | Div. Min. | Improv.
AP88-89 | AvgPr 0.210 0.296 | +41% 0.295 +40%
InitPr 0.617 0.591 4% 0.617 +0%

Recall 3067/4805 3888/4805 +27% | 3665/4805 +19%

TRECS8 AvgPr 0.256 0.282 +10% 0.269 +5%
InitPr 0.729 0.707 3% 0.705 3%

Recall | 2853/4728 | 3160/4728 +11% | 3129/4728 +10%

WEB AvgPr 0.281 0.306 +9% 0.312 +11%
InitPr 0.742 0.732 1% 0.728 2%

Recall 1755/2279 1758/2279 +0% | 1798/2279 +2%
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Table 1: Comparison

three and v e give the performance using the mixture

The performance over a query set is reported as the aver-
age of the corresponding performance gures for individual
queries(i.e., the so-called\macro" average), exceptthat the
averagerecall is actually the total number of retrieved rel-
evant documernts for all queries divided by the total count
of relevant documernts (i.e., the so-called \micro" average).
We take the average precision as the primary single sum-
mary performance for an experiment, asit re ects the over-
all ranking accuracy well, though we sometimes also report
other measures.

6.2 The Effect of Feedback

In order to seethe e ect of feedbadk, we compare the feed-
back results with the baseline non-feedbad results. In gen-
eral, we nd that, with appropriate parameter settings, both
feedbadk techniques that we propose can be very e ectiv e.
For example, the best feedbad results from ead method
are compared with the baselineperformancein Figure 1 and
Table 1. The average precision and recall are consistertly
improved by performing feedbadk. The increasein average
precision is larger than 10%in most cases.We also note that
the initial precision of feedbad results is slightly decreased
in almost all cases. Given that not all of the top ten doc-
uments may be relevant, this is not very surprising, as the
initial precision is very sensitive to the ranking of one partic-
ular document on the top, while our goal is to improve the
overall ranking of documents. It is interesting that the im-

of the basic language modeling metho d with mo del-based feedbac k metho ds. Column
mo del and div ergence minimization

resp ectiv ely.

provemert on AP88-89 is much greater than that on TREC8
and WEB. This seemsto be true for both approaches and
also true for the Rocchio approach to be discussedbelow,
suggesting that feedbad on AP88-89 is somehav \easier"
than on TREC8 or WEB (e.g., becauseof the homogeneity
of documents). Further experiments and analysis are needed
to understand this better.

In Table 2, we compare our feedbadk results with that of
a tuned Rocchio approach with TF-IDF weighting. The
TF formula used is the one based on the BM25 retrieval
formula with the same parameter settings as preserted in
[13]. We xed the number of documents for feedbadk (top
10), and varied the two main parameters in Rocchio|the
coe cien t and the number of terms. The reported results
are the best results we obtained. Note that these Rocchio
baselineresults are actually very strong when compared with
the published ocial TREC8 and WEB results, especially
when considering that we usedonly title queries[16]. When
compared with the Rocchio results, the two model-based
feedbadk methods both perform better in terms of precision,
though their recall is often slightly worse than Rocchio.

We suspect that the decreasein recall may be becausewe
tuned the number of terms to usein the Rocchio method,
but have not tuned the probabilit y cuto usedin our meth-
ods, which essettially controls the number of terms to in-
tro duce for feedbadk. Indeed, in all of the experiments, we



Collection Rocchio FB | Mixture FB | Improv. | Div. Min. FB | Improv.
AP88-89 | AvgPr 0.291 0.296 +2% 0.295 +1%
InitPr 0.566 0.591 +4% 0.617 +9%

Recall 3729/4805 3888/4805 +4% 3665/4805 3%

TRECS8 AvgPr 0.260 0.282 +8% 0.269 +3%
InitPr 0.657 0.707 +8% 0.705 +7%

Recall 3204/4728 3160/4728 1% 3129/4728 2%

WEB AvgPr 0.271 0.306 +13% 0.312 +15%
InitPr 0.600 0.732 +22% 0.728 +21%

Recall 1826/2279 | 1758/2279 4% 179812279 2%

Table 2: Comparison of the Rocchio feedbac k metho d with model-based feedbac k metho ds. Column three

and v e give the performance of using the mixture model and div ergence minimization resp ectiv ely.
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WEB (righ t). In each plot, the horizon tal
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truncated the estimated query model by ignoring all terms
having a probability lessthan 0.001. It is reasonable to
expect the recall to be improved when using a lower prob-
ability cuto. Note that the precision can be expected to
stay the same or increase as well when more terms are se-
lected, becausethe extra terms generally have a very small
probabilit y, and so will be unlikely to have a great impact
on the ranking of documents with high scores.

The comparisonsmade here are all basedon someof the best
feedbad results. It is therefore important that we also study
how feedbad performance may be a ected by the choice of
parameters in our model. We rst look at the sensitivity to
the parameter in eat feedbak method.

6.3 Sensitvity of Performanceto Feedback
Model Parameter

In the mixture model method, the parameter controls the
amount of \background noise" in the feedbak documerts,
while in the divergenceminimization method, the parame-
ter controls the in uence of the collection language model,
which isincluded in a geometric mean. In both cases, indi-
catesthe extent to which the estimated query model should
be deviate from the collection language model. Although
the two 's play a similar role conceptually, we nd that
they a ect the feedbadk performancein very di erent ways.

in mixture or divergence min.

to feedbac k model parameters
line is the non-feedbac k performance,
corresp ond to the two feedbac k metho ds resp ectiv ely. Note that the x-axis means dieren t
the interp olation coecien t was set to

. . 0.1 . . . .
0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

in mixture or divergence min.

on AP88-89 (left), TREC8 (middle), and
and the other two lines
for dieren t

= 0:5.

This di erence can be seenin Figure 2, in which we show
how the averageprecision changesaccording to di eren t val-
uesof , forthe xed value = 0:5. Speci cally , we seethat
the performance is relativ ely insensitive to the setting of
in the mixture model method, but can be quite sensitive
to the setting of in the divergenceminimization method.
Indeed, with = 0:5, the mixture model performance is
generally above the baseline, no matter which value we set

to. However, the divergenceminimization performance is
only above the baseline when is small. When s large,
the performance is extremely bad and signicantly worse
than the baseline performance.

6.4 In uence of the interpolation coef cient

Recall that we interpolate the estimated feedbadk query
model with the original maximum likelihood model esti-
mated based on the query text. The interpolation is con-
trolled by acoecient . When = 0, weare only using the
original model (i.e., no feedbak), while if = 1, we com-
pletely ignore the original model and useonly the estimated
feedbak model. In the actual experiments, we truncated
the estimated feedbadk model by ignoring all terms with
a probabilit y lower than 0:001, and renormalized it before
interp olating.

Figure 3 shows how the average precision under feedbad
varies according to the value of . Each line represerts a
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Figure 3: Inuence of value on precision. Lines
represent dieren t feedback models on dieren t
testing collections.

speci ¢ feedbadk model (estimated using either the mixture
model or the divergence minimization method) on a par-
ticular test collection. Note that the precisionat = 0 is
actually the baselinenon-feedbad performance and the pre-
cisionat = 1is the performance resulting from using only
the feedbadk model.

We seethat the setting of canaect the performance sig-
nican tly. For example, on AP88-89, the feedbadk model
alone is much better than the original query model, thus
the optimal setting of tendsto be closeto 1. On the other
hand, on both TREC8 and WEB, the feedbak model alone
is much worse than that of the original query model, but
when it is interpolated with the original query model ap-
propriately, it can be much more e ectiv e than either model
alone. This means that the two models complemen ead
other well. The original query model helps focus on the
topic, while the feedbadk model supplemerts it by suggesting
related words. The precision of the mixture model method
appearsto be more sensitive to  than the precision of the
divergenceminimization method is, especially on the WEB
collection. It appearsthat it is usually safeto set to a
value closeto, but smaller than 0:5.

7. CONCLUSIONS

In this paper, we proposetwo model-based methods for per-
forming feedbad in the language modeling approach to in-
formation retrieval. This is in contrast to the expmnsion-
basal feedbak methods used in most existing work. One
advantage of the model-basedapproach is that it maintains
conceptual consistency when interpreting the query in the
retrieval model, and it explicitly treats the use of feedbadk
as a learning process.

In both methods proposed,the feedbad documents are used
to estimate a query model, which is then used to update
the original query model with linear interpolation. The two
methods dier in the way they estimate the query model
basedon the feedbadk documents. The rst method assumes
the feedbadk documents are generated by a mixture model

in which one componernt is the query topic model and the
other is the collection language model. Given the obsened
feedbadk documents, the maximum likelihood criterion is
usedto estimate a query topic model. The second method
usesa completely di eren t estimation criterion, chosing the
query model that has the smallest average KL-div ergence
from the smoothed empirical word distribution of the feed-
back documerts.

The two methods were evaluated on three represertativ e
large retrieval collections. The results shaw that both meth-
ods are e ectiv e for feedbadk and perform better than the
Rocchio method in terms of precision. Analysis of the re-
sults indicates that the performance can be sensitive to the
settings of the interpolation coecient aswell asto the
parameter in ead feedbadk method. The precision of the
mixture model tends to be more sensitive to  than that of
the divergence minimization method. On the other hand,
the precision is relatively insensitive to  in the mixture
model method, but it is very sensitive to in the diver-
genceminimization method. It appearsthat setting to a
value closeto, but smaller than, 0:5, is good in most cases.
A smaller (e.g., = 0:3) is probably appropriate for di-
vergence minimization; while the in the mixture model
method can be setto 0:5.

Although these patterns are observed on feedbad with only

10 documerts, in other experiments that have not beenre-
ported here we found that with more feedbad documents
(e.g., 50), the sensitivity pattern appearsto be basically the

same as what we reported here, and the performance gain
from feedbad is usually even more. Obviously, as we use
more and more documerts, the performance will eventually

decrease.The fact that we have very little control over the

true relevant examplesis a seriousdrawback in experiment-

ing with pseudo feedbadk only; it is often hard to tell if

inferior feedbadk performance is due to poor technique or
just due to errors and noise in the feedbak examples. An

extreme casewould be that the top 10 documents are all

non-relevant becauseof a bad initial ranking. Obviously, we
cannot expect any feedbad technique to gain much in this

case. Thus, an important consideration for future work is
to test the proposedfeedbad techniques for relevane feed-
back, in which we will be able to examine the e ectiv eness
of learning more closely. A related direction is to consider
our con dence in assumingall of the top 10 documerts to be
relevant. We would like to assaiate a relevance probabilit y
with ead feedbadk document, sothat the estimated query
model will be a ected more by those documents having a
higher relevance probabilit y.
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