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1 Intro duction

Information Retrieval (IR) refersto retrieving relevant documerts from alarge
documernt database according to a user-submitted query, and is among the
most usefultechnologiesto overcomeinformation overload. For example, Web
seard enginesare now essetial tools for everyone to nd information on
the Web. Indeed, seard capabilities are becomingmore and more popular in
virtually all kinds of information managemen applications.

Givenaquery, aretrieval systemwould typically estimate a relevancevalue
for each documert w.r.t. this query, and rank the documerts in the descending
order of relevance.Over the decadesmany di erent retrieval modelshavebeen
proposedand tested, including vector spacemodels , probabilistic models ,
and logic-basedmodels [6]. As a special family of probabilistic models, the
languagemodeling approacheshave attracted much attention recerly due to
their statistical foundation and empirical e ectiv enesg[5, 2].

A particular e ectiv e retrieval model basedon statistical language mod-
elsis the Kullback-Leibler (KL) divergenceunigram retrieval model proposed
and studied in [4, 8]. The basic idea of this model is to measurethe rele-
vance value of a documert w.r.t. a query by the Kullback-Leibler divergence
betweenthe corresponding query model and the documert model. Thus the
retrieval task essetially boils down to estimating a query unigram model*
and a set of documert unigram language models. The retrieval accuracy is
largely a ected by how good the estimated query and documert models are.
In this paper, we study how to improve the query model estimation through
tting a mixture model to somenumber of top ranked documerts, which are
retrieved by the original query itself. We presert a new mixture model that
extends and improves an existing mixture feedba& model and addressests
two de ciencies. We study parameter estimation for this mixture model, and
evaluate the model on a documert set with 160, 000 news article documerts
and 50 queries. The results show that using the new mixture model not only

1 A unigram language model is just a multinomial word distribution.
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Fig. 1. The KL-div ergenceRetrieval Model

signi cantly improvesthe retrieval performanceover using the original query
model, but also performs better than the old mixture model.

The rest of the paper is organizedasfollows: First, in Section2, we provide
some details about the KL-div ergenceretrieval formula as badground for
understanding the mixture problem estimation. We then present our mixture
model and its estimation in Section3. Finally, experiment results are preserted
in Section4.

2 The Kullbac k-Leibler divergence retriev al model

The basic idea of the KL-div ergencemodel is to scorea documert w.r.t. a
query based on the KL-div ergencebetween an estimated documert model
and an estimated query model. Given two probability mass functions p(x)
and q(x), the Kullback-Leibler divergence(or relative entropy) betweenp and
g, denoted D (pjjq), is de ned as

Lo X p(x)
D(pija) = ) p(x) Iog@

Now, assumethat a query q is obtained as a samplefrom a unigram lan-
guagemodel (i.e., a multinomial word distribution) p(qj o) with parameters
o. Similarly, assumethat a documert d is generatedby a model p(dj p)
with parameters p. If bQ and B are the estimated query and documert
language models respectively, then the relevance value of d w.r.t. q can be
measuredby D(ijij).

The KL-div ergencemodel contains three independert componerts: (1) the
query model bQ; (2) the documert model by: and (3) the KL-div ergence
function. (SeeFig. 1 for an illustration.). Giventhat we x the KL-div ergence
function, the whole retrieval problem essetially boils down to the problem of
accurately estimating a query model and a set of documert models.

The simplest generative model of a documert is just the unigram language
model p, a multinomial distribution. Usually a smoothing method is applied
to avoid over tting [9]. The simplest generative model for a query is alsojust
a unigram languagemodel, which can be estimated as the relativ e frequency
of the words in the query. Generally, a query is too short to estimate a query
model accurately. A generalheuristic approac usedin information retrieval is
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the so-called\pseudo feedbak". The basicidea is to assumea small number
of top-ranked documerts from an initial retrieval result to be relevant, and
use them to re ne the query model. Presumably, a relevant documert can
provide a lot of information about what a user is interested in, thus can be
expectedto help improve the estimated query model. Eventhough not all the
top-ranked documerts are actually relevant, we can expect someof them to be
relevant and those non-relevant onesare also similar to a relevant documert.
For this reason, pseudofeedbad in generalleadsto improvemen of average
retrieval accuracy

In [8], a generaltwo-step pseudofeedbadk procedureis proposed,in which
we rst estimate a feedbad topic model "t basedon a set of feedbak doc-
umernts (e.g., top 5 documerts) F, and then update the original query model
"o through heuristically interpolating "o with "¢ to obtain a new query
model qo i.e., AQo = (1 ) o+ “c, where 2 [0;1] is a parameter to
control the in uence of feedbadk.

Two speci ¢ methods are proposedin [8] to estimate the feedbak model
£, onebeing basedon a mixture model and one on divergenceminimization.
Although both methods have beenshown to be quite e ectiv e, the separation
of the original query model from the estimation of the feedba& model makes
it hard to automatically tune the feedbak parameters. More speci cally, the
separation causeswo problems: (1) It makesit hard to discriminate the feed-
badk documerts when estimating the feedbad& model. Presumably, we should
trust the top ranked documerts more than the lowly ranked ones.But without
involving the original query model, it is dicult to implemenrt this intuition
in a principled way. Without implementing this intuition, the feedbak per-
formancewill be very sensitive to the number of documerts to usefor pseudo
feedbadk. (2) It is dicult to automatically tune the interpolation coe cien t,
since this parameter is now outside our feedba& model. In this paper, we
extend this work and develop a new mixture model that will incorporate
the original query model as a prior when estimating the feedba& model. In
essencewe perform biasel clustering of words in the feedba& documerts with
one cluster \anchored" to our query model and the other to more generalvo-
cabulary. A key novel feature of the new mixture model is that it does not
assumethat all the feedba& documerts have the sameamount of relevance
information to contribute to the new query model, which presumably helps
addressthe rst problem. In addition, the incorporation of the original query
model as a prior integrates the two steps and makesit possibleto tune the
feedba& parameters automatically with the data. We thus expect the new
mixture model to be more robust than the original mixture model proposed

in [8].

3 A mixture clustering model for pseudo feedback

In this section,we presen our new mixture model in detail. We rst de ne the
following notations. Q is a query. C is the set of all documerts in the whole
collection (i.e., documert database).D = fdj;:::; dkg is a set of documerts as
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feedba&. We usew and d to represert an individual word and documert and
c(w; d) (c(w; Q)) to meanthe count of word w in documert d (query Q).

d

T ——Pwld,)
“d

dy

B————@D——P(w|d,)
1- g

Fig. 2. Mixture model for pseudo feedbad.

Our general idea is to regard the original (current) query model o as
inducing a prior on the true query model 1, p( 1j @), and view the feedbad
documerts D asproviding new evidenceabout the true query model. We then
use Bayesianestimation to obtain a (presumably better) query model .

"r = argmaxp(Dj 1)p( 7] Q) (1)
T
The feedba& documert sampling model is a mixture generative model for
the feedbad documerts, where eadh documert is assumedto be \generated"
from a two-componert unigram mixture model P(wjd;), one being the topic
languagemodel 1 , which intendsto capture the relevanceinformation in the
feedba& documerts, and one being a background languagemodel g captur-
ing the general English usageand any distracting non-relevant information.
Intuitiv ely, we are assumingthat a feedbad& documert is \written" by sam-
pling words in such a way that we sometimesdraw words accordingto  and
sometimesaccordingto g. The document-degndent mixing weight parame-
ter 4 2 [0; 1] determineshow often we would samplea word using the topic
model 1. In e ect, this model allows us to perform a biased clustering of the
words in D where one cluster is anchored to the query model while the other
to generalbadkground vocabuary. The model is illustrated in Fig. 2.
According to this mixture model, the log-likelihood for the feedbak doc-
umens is

L( jD) = c(w;di)log( ¢ p(wj )+ (1 4)p(Wj B))

i=1 w2V

where = ( 1; B; 1;: «) isall the parametersand V is the vocabulary.
To regulate the mixture model, we will x the background model g to
someunigram languagemodel estimated using all the documerts in the col-
lection C, sincemost of them are non-relevant. We thus only needto estimate
T and g¢'s. t ismeart to be our new (presumably improved) query model,



A Mixture Clustering Model for Pseudo feedbad in Information Retrieval 5

and ¢, 's are meart to model the amourt of relevant information in ead doc-
ument and thus allow us to discourt feedbad& documerts appropriately. To
incorporate the original query model, we useit to de ne a Dirichlet conju-
gate prior for 1, and estimate g and g, 's using the Maximum A Posterior
(MAP) estimator. We will also put a conjugate prior (a beta distribution) on
the g¢,'s, which encadesour prior belief of the amourt of relevant information
in eac feedba&k documert.

The MAP estimate can be implemented using the standard EM algorithm
with someslight modi cation to the M-step to incorporate the prior pseudo
courts [3], leading to the following updating formulas:

&P (w 1)

Zyd = _d . (2)
Ppmwg )+ @ pwi s)
(n+1) _ prior +P w2V C(W;d)ZW;d 3)
‘ + w2, C(W;d)
. k i + c(w;d)Z,-
p(n+1) (wj 1) = p(‘eﬂ Q) p d2D ( )Zw:d @)

k+ wo2V ' d2D c(W0, d)Zwog

where 4 ior is the meanof the beta prior for 4, p(wj g) is the original query
model (de ning the Dirichlet prior mean), and and are our con dence
on rior and the original query model prior (i.e., prior equivalert sample
size), respectively. Note that k is the number of feedbadk documerts, and we
parameterize the con dence on the query model prior with k sothat can
be interpreted asthe equivalent samplesizerelative to ead documert.

On the surface,it appearsthat we now have more parametersto setthan
in the old model. However, all the parameterscan be setin a meaningful way,
and with appropriate regulation, we can hope the model not to be sensitive
to the setting of all parameters.

First, encadesour con dence on the original query model, corresponding
to the expected amount of feedbad. It can be interpreted as the \equivalent
sample size" of our prior as compared with one single feedba& documert.
Thusif issetto 10, the original query model would in uence the estimated
query model as much as a completely relevant documert with 10 k words.
This setting is found to be optimal in all our experimernts.

Second, prior correspondsto our prior of how much relevanceinformation
is in eac documert. A smaller o Would causea more discriminativ e topic
model to be estimated, sincewith a very small , only the rarest words in a
documert will be taken as from the topic model. The in uence of this prior
is controlled by the con dence parameter . A larger would causeall the
documerts to have nearly identical 's, whereasa smaller would allow us
to discourt dierent feedba& documerts more aggressiely and di erently.
A smaller would also make the performanceinsensitive to o , Sincethe
prior would be weak. As will be discussedlater, the experiment results do
show that a smaller is indeed bene cial.
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While this model appearsto be similar to the model proposedin [8], there
are two important di erences:

1. In the old mixture model proposedin [8], we pool all the feedbadk doc-
uments together, and have a single mixture model for the \concatenated
feedbad& documert”, whereasin our new model, eadr documert has a
separate mixture model, which allows us to model the di erent amount
of relevant information in ead documer. As a result, we can discourt
documerts with little relevant information in a principled way.

2. In the old mixture model, we do not consider the original query model
when estimating the mixture model parameters, whereasin the new
model, we use a Maximum A Posterior (MAP) estimator and use the
original query model to de ne a conjugate prior for the topic language
model 1. Although, in e ect, this also results in a linear interpolation
betweenthe original query model and the feedba& documert model, the
interpolation coe cien t is dynamic and the query model can regulate
the estimation of the feedba& model, making the estimate more robust
against shifting to a distracting topic in the feedba& documert set.

Thesetwo di erences allow the new model to addressthe above-mertioned
two problems with the old mixture model. Note that if we put an in nitely
strong prior on all the ;'s, and we do not usethe original query model as a
prior, we will recover the old model proposedin [8] as a special case.

4 Exp eriment Results

In this section,we presert someexperimernt results with the proposedmixture
model. Since the purpose of the mixture model is to estimate a potentially
better query model 1 by exploiting biased clustering of words in the feed-
badk documerts, we evaluate the e ectivenessof our model and parameter
estimation basedon the retrieval performancefrom using the estimated query
model 7.

4.1 Exp erimen t Design

We use the Asscciated Press (AP) data available through TREC [7] as our
documernt database, which has 164597 news articles. We use TREC topics
101 150 as our experiment queries[7]. On average, ead topic has about
100 relevant documerts. We use the standard average precision measureto
evaluate retrieval performance [1]; the average precision is a single number
measurefor a ranking result.

4.2 Exp erimen t results

Inuence of

The rst researth question we want to answer is whether the exibilit y of
allowing eac documert to have a dierent relevance parameter actually
leadsto a more accurate estimate of the query model. This question can be
answered by varying the parameter while xing all the other parameters.
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As discussedin Section 3, the parameter is our con dence on the prior
prior - The larger is, the more we trust the prior. When goesto in nit vy,
we essetially x the of ead documert to a constart value prior . On the
other hand, when is setto zero,the model has maximum exibilit y to allow
ead documert to haveadi erent . Therefore, by changingthe value of , we
can seehow sudh exibilit y a ects the retrieval performanceof the estimated
query model. To excludethe in uence of other parameters,weset = 0, which
is equivalent to ignoring the query model prior ertirely, thus the estimated
query model is entirely basedon the feedbad& documerts.

The results are shown in Fig. 3, wherethe x-axis is dierent in log scale
and the y-axis is the mean averageprecision over all the 50 topics. The two
curvesin the gure correspond to using 100 and 300 feedbadk documerts,
respectively.
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Fig. 3. Inuence of

From the results in Fig. 3, we seeclearly that the performancedrops as
increases.Since a larger meansless exibilit y in estimating a di erent
for eadh documert, we can conclude from these results that allowing eath

documert to have a potentially dierent { a feature of our new mixture
model ascomparedwith the old model proposedin [8] { indeed helpsimprove
performance. Intuitiv ely, this also makessensesincewith a small , the EM
algorithm has more exibilit y to estimate a potentially dierent for eath
documernt, which, in e ect, achievesa weighting of each documert when pool-
ing the word courts to estimate the new query model. When s large, we do
not havethis exibilit y, and all feedbad& documerts are treated equally, which
is not reasonablebecausenot all the feedbad& documerts are relevant. This is
especially true when we usea large number of documerts for feedbak. These
results are quite encouraging, as it suggeststhat we can simply set = 0
and the model will be insensitive to the prior o . Compared with the old
mixture model, this is a signi cant advantage, asin the old model, we must
manually tune the parameter to optimize the retrieval performance[8].
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Inuence of query prior

The secondquestionwe want to answer is whether our treatment of the origi-
nal query model asa prior hasany advantagesover the heuristic interpolation
of the original query model with a feedba& model as in [8]. This question
can be answered by varying the parameter while xing (to 0:9 and as
in nit y in our experiments).

Since re ects our con dence on the query model prior, it essetially
controls how much weight we put on the original query model when mixing
it with the new relevance information from the feedbad& documert. Setting

= 0 would ignore the original query model completely, while setting to
a very large number would, in eect, turn o feedba& and our estimated
new query model would be precisely the original query model. One possible
advantage of treating the original query model as a prior is that it allows a
exible interpolation in the sensethat di erent queriesmay have a di erent
interpolation coe cien t, depending on how much relevanceinformation exists
in the feedba& documerts. This meansthat the optimal setting of canbe
expectedto be more stablethan that of the interpolation coe cien t in the old
mixture model.

Fig. 4 (left) shows the results of varying . We seethat: (1) The optimal
performanceis usually achieved when is somewherenot too small and not
too large, suggestingthat a good balance between query prior and feedbak
relevant model is necessaryto achieve optimal performance.(2) The optimal
setting of appearsto be insensitive to the number of documerts used for
feedbad.

We also plotted how the performanceis a ected by the interpolation coef-
cient in the old mixture model in Fig. 4 (right). The two plots have similar
patterns. Theoretically, when goesto 0O, it is equivalent to that goesto 1,
when both methods perform worst. However, our method tends to be more
at/stable when increasesthan the old model when goesto 0.
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Fig. 4. Inuence of for the new mixture model (left) and for the old mixture
model .
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Sensitivit y on the number of feedback documents

Finally, we examinethe sensitivity of performanceto the number of feedbad
documert. For this purpose,we control and and vary the number of
feedbad& documerts. The results are plotted in Fig. 5 (left), where is set
to innit y and is setto 0:9). For comparison,we also plot similar results
from using the old mixture model in Fig. 5(right), where is setto 0:9. We
seethat in both gures, the performance is least sensitive to the number
of documerts when the original query model has the largest weight ( =
50 for the new model and = 0:1 for the old model), but their absolute
retrieval performanceis not good, aswe barely update the query model with
the feedbad documerts. As we do more feedbak, we seethat the sensitivity
pattern appearsto be similar for both our new model and the old model. This
suggeststhat while we allow ead documert to have a dierent , it doesnot
penalizethe low-ranked documerts su cien tly to ensurethe estimated model
to be mainly basedon the top ranked documerts. This can also be seenfrom
the fact that the performancetends to peak around using 50 documerts for
all parameter settings and for both models. That is, the number of documerts
to useis still the major parameter to set empirically.
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Fig. 5. Precision of using di erent number of feedbadk documents for new model
(left) and old model(right)

5 Conclusions and further work

In this paper, we presen a new mixture model for performing pseudofeedbad
for information retrieval. The basicideais to treat the wordsin eat feedbadk
documert asobsenations from a two-componert multinomial mixture model,
where one componert is a topic model anchored to the original query model
through a prior and the other is xed to somebadkground word distribution.
We estimate the topic model based on the feedba& documerts and use it
as a new query model for ranking documerts. This new model extends and
improves a similar existing mixture model in two ways: (1) It allows eadc
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feedba& documert to have a dierent mixing parameter, which is shovn
to improve retrieval performancein our experiments. (2) It incorporates the
original query model into the mixture model as a prior on the topic model,
which is a more principled way of updating the query model than the heuristic
interpolation usedin the old mixture model. Our model can be regarded as
performing a \biased clustering" of words in the feedba& documerts.

There are seweral directions for further extending the work preserted here.
First, we needto test the model with more data setsto seeif the patterns
reported here are general patterns of the model. Second,the high sensitivity
to the number of feedbad& documerts remains an unsolved issue. It is very
important to further improve the mixture model and the estimation meth-
ods to make it more robust against the changein the number of feedbak
documerts. One possibility is to let the EM algorithm start with the original
query model and very conservatively\grow" the topic model by incorporating
the relevance information from the feedba& documerts. As long as we grow
the topic model \slowly" and maintain a discrimination among documerts
basedon relevance, the estimation can be expectedto be more robust against
the number of feedba& documerts. The growth of the topic model can be
controlled by the two prior con dence parameters (for the topic model prior
and the mixing weight prior). So one heuristic way for regulating the EM
algorithm is to dynamically changethese con dence parameters.
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