
A Query Model based on
Normalized Log-Likelihood

task
Use relevance feedback for query modeling:
Improve retrieval performance using relevance 
information provided by the user.
Construct a query model from the relevance 
information available.

approach
Normalized Log-Likelihood (NLLR):
Use information from each judged document, as well as their 
aggregates (the full set of judged documents). 

Estimate the level of relevance of each document in the set: 
Some documents are more central to the relevant set than 
others and are thus more important.

Combined into expanded query model:
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results
TREC Relevance Feedback track:
   31 Topics
   Relevance assessments (159 relevant documents per topic on average)
   .GOV2 document collection
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Figure 1: Bayesian network for our relevance feed-
back model. The dashed line indicates an aggrega-
tion of documents, the arrows indicate conditionals
and the normal lines indicate cross-entropy.

If we were to have an infinite number of relevance judg-
ments from the user and, hence, could fully enumerate the
documents relevant to a query, we could simply use the em-
pirical estimate of the terms in those documents to estimate
θR. Furthermore, given all sources of information available
to the system (query, assessments, and documents in the
collection), the parameters of this language model would
fully describe the information need from the system’s point
of view. Assuming independence between terms, the joint
likelihood of observing the terms given θR under this model
is:

P (t1 , . . . , t|V||θR) =

|V|Y

i=1

P (ti|R), (4)

where R denotes the set of relevant documents. Then, we
can use a simple maximum likelihood estimate to obtain

P (t|R) =

P
D∈R n(t, D)

P
D∈R

P
t! n(t′, D)

. (5)

Later, we will refer to this model as MLE.
In contrast with this approach, however, a typical search

engine user would not provide an infinite amount of data and
only arrive at judgements on the relevance status of a small
number of documents [32]. Even in larger-scale TREC evalu-
ations, the number of assessments per query is still a fraction
of the total number of documents in the collection [7, 8, 31].
So in any realistic scenario, the relevance of all remaining,
non-judged documents is unknown and this fact jeopardizes
the confidence we can put in the model described by Eq. 4
to accurately estimate θR.

Moreover, as we pointed out in the introduction, not ev-
ery document in R is necessarily entirely relevant to the in-
formation need. Ideally, we would like to weigh documents
according to their “relative” level of relevance. As such, each
relevant document should be considered as a separate piece
of evidence towards the estimation of θR, instead of assum-
ing full independence between documents as in Eq. 5.

Let’s consider the following sampling process to substan-
tiate this intuition. We pick a relevant document according
to some probability and then select a term from that docu-
ment. Assuming that each term is generated independently

of θR once we pick a relevant document, the probability of
randomly picking a document and then observing t is

P (t, D|θR) = P (D|θR)P (t|D). (6)

Then, the overall probability of observing all terms can be
expressed as a sum of the marginals:

P (t1 , . . . , t|V||θR) =
X

D∈R

P (D|θR)P (t1 , . . . , t|V||D) (7)

=
X

D∈R

P (D|θR)

|V|Y

i=1

P (ti|θD).

The key term here is P (D|θR); it conveys the level of rele-
vance of D. While we know that every D ∈ R is relevant, we
posit that documents that are more similar to θR are more
topically relevant and should thus receive a higher proba-
bility of being picked. We propose to base the estimate of
P (D|θR) on the divergence between D and θR and we mea-
sure this divergence by determining the log-likelihood ratio
between D and θR, normalized by the collection C:

P (D|θR) ∝ H(θD, θC)−H(θD, θR)

= ZD

X

t∈V

P (t|θD) log
P (t|θR)
P (t|θC)

. (8)

Interpreted loosely, this measure indicates the average sur-
prise of observing document D when we have θR in mind,
normalized using a background collection, C. The measure
has the attractive property that it is high for documents for
which H(θD, θC) is high and H(θD, θR) is low. So, in order
to receive a high score, documents should contain specific
terminology, i.e., they should be dissimilar from the collec-
tion model but similar to the topical model of relevance.
Since we do not know the actual parameters of θR by which
we could calculate this, we use R as a surrogate and linearly
interpolate it with the collection model (viz. Eq. 5):

P (t|θ̂R) = (1− λR)P (t|R) + λRP (t|θC). (9)

This also ensures that the sum in Eq. 8 is over the same
event space for all language models involved and that zero-
frequency issues are avoided. Then, in order to use this dis-
criminative measure as a probability, we define a document-
specific normalization factor ZD = 1/

P
D∈R P (D|θR).

As an aside, other ways of estimating P (D|θR) have been
proposed, such as simply assuming a uniform distribution,
the retrieval score of a document, the inverse thereof, or in-
formation from clustered documents [3, 20]. Our approach is
equivalent to using document cluster information under the
assumption that only a single cluster is used, namely that
which contains all relevant documents. Using the retrieval
scores or, in an LM setting, the likelihood that a document
generated the query, is a much simpler implementation of
the same idea, essentially replacing θR with the initial query.
And, since the initial query is quite sparse compared to θR,
we avoid overfitting and obtain an improved estimate. In
section 4.3 we will revisit this point.

Finally, by putting Eq. 7 and Eq. 8 together, we obtain
an estimate of our expanded query model:

P (t|θR) =

X

D∈R

(
ZD

X

t! ∈V

P (t′|θD) log
P (t′|θ̂R)
P (t′|θC)

)
P (t|θD). (10)

that the sum in Eq. 5 is over the same event space for all
language models involved and that zero-frequency issues are
avoided. Th en, in order to use th is discrim inat ive measure
as a probabil it y, we deÞne a document-speciÞc normali zati on
factor ZD = 1/

P
D∈R P (D|! R).

As an aside, other ways of estimati ng P (D|! R) have been
proposed, such as simply assuming a uniform distrib uti on,
the retri eval score of a document , the inverse thereof, or in-
format ion from clustered documents [2, 9]. Our approach is
equivalent to using document cluster informat ion under the
assumpt ion that only a single cluster is used, namely that
which contains all relevant documents. Using the retri eval
scores or, in an LM setti ng, the li kelihood that a document
generated the query, is a much simpler implementati on of
the same idea, essenti all y replacing ! R with the init ial query.
And, since the initi al query is quite sparse compared to ! R,
we avoid overÞt ti ng.

Finally, by put t ing the earl ier equat ions together, we ob-
tain the esti mate of our expanded query model:

P (t|! R) =

X

D∈R

(
ZD

X

t′∈V

P (t′|! D) log
P (t′|ö! R)
P (t′|! C )

)
P (t|! D). (6)

Th is model, to which we refer as NLLR (normali zed log-
li kelihood), effect ively determinestheexpanded query model
P (t|! R) based on informati on from each individual relevant
document and the most representati ve sample we have of
! R, namely R.

4. EXPERIMENTAL SETUP
We use the test data provided by the TR EC Relevance

Feedback t rack, where the task is to retrieve addit ional rel-
evant documents given a query and an init ial set of assess-
ments [4]. Retri eval is done on the .GOV2 corpus, from
which we remove stopwords and to which we apply Port er
stemming. We use the ti t les of the 31 topics that received
addit ional judgments. For each of thesetopics, a large set of
relevance assessments is provided (159 relevant documents
on average, wit h a minimum of 50 and a maximum of 338).
Part icipati ng systems were to return 2500 documents, from
which the initi all y provided relevant documents are removed.
Th e result ing rankings were then pooled and re-assessed.
Th isyielded 55 new relevant documentson averageper topic,
with a minimum of 4 and a maximum of 177. We follow the
same setup and remove all init ially judged documents from
the Þnal rankings in our experiments.

Below, we report on the following measures; precision at 5
(P5), precision at 10 (P10), mean average precision (M AP),
and the number of retrieved relevant documents (relret).

4.1 Parameter Settings
We Þx the estimati on method of the document models and

useDi richlet smoothing which hasbeenshown to achieve su-
perior performance on a variety of tasks and collect ions [12,
23]. We set µ = 1600 and we keep only the 10 terms wit h
the highest probabil it y for all models. We opt imize the re-
maining parameter sett ings on MAP using a grid search.

4.2 Reference Models
In our experiments, we compare our model with two other

established relevance feedback methods. In parti cular, we
look at Lavrenko and Croft Õs relevance models [11] and Zhai
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Figure 1: Precision-Recall graph.

and LaffertyÕs model-based feedback [22] which are indicated
by RM and MBF respecti vely. For all our experiments we
usethe Lemur toolki t and usethe provided implementat ions
whenever possible.

5. RESULTS
In this secti on we present our main experim ental result s.

Table 1 shows the experimental result s of applying the vari-
ous approachesfor estimati ng P (t|! R). As indicated earl ier,
these results are obtained by using the full set of judged
relevant documents for esti mat ion and subsequentl y remov-
ing these from the rankings. Figure 1 furth er ill ustrates the
differences using a precision-recall graph.

First, we observe that the query-likelihood result s (QL)
are on a par wit h the median of all submitt ed runs for
the TR EC Relevance Feedback t rack [4] and all models de-
scri bed improve over th is baseline. I f we would have sub-
mit ted the result s of the NLL R model, it would have ended
up in the top-3 for th is parti cular category. The RM run
would have been placed at around rank 7.

Since theseresults are obtained by using the full set of rel-
evanceassessments, one might expect that the MLE achieves
high scores since this set should be representat ive of the in-
format ion need and, hence, of the distri but ion of ! R. Con-
t rary to th is intuit ion, however, the MLE approach does not
achieve the highest performance when new relevant docu-
ments are to be retri eved; a Þnding in li ne wit h observat ions
made by Buckley et al. [5]. MBFÑ which re-est imates the
MLE modelÑ mainly has a precision-enhancing effect : re-
call and MAP are hurt using this approach when compared
against MLE.

A precision enhancing effect is also visible when using
NLLR and RM. Indeed, NLLR achieves the highest scores
overal l, except for the number of relevant retrieved docu-
ments (RM retrieves 2 relevant documents more). We fur-
ther observe that NLL R obtains a signiÞcant 63.7% im-
provement in terms of MAP over the baseline. The MAP
score is higher than the one obtained by RM and, moreover,
NLLR obtains a stati stically signiÞcant improvement with
" = 0.001.

Figure 1 shows that NLLR improves over all models on
all recall levels. Th is Þgure also shows that the MBF ap-
proach does not help as compared to MLE. However, MBF
should be equivalent to MLE when the collect ion element

that the sum in Eq. 5 is over the same event space for all
language models involved and that zero-frequency issues are
avoided. Then, in order to use this discriminative measure
as a probability, we define a document-specific normalization
factor ZD = 1/

P
D∈R P (D |θR).

As an aside, other ways of estimating P (D |θR) have been
proposed, such as simply assuming a uniform distribution,
the retrieval score of a document, the inverse thereof, or in-
formation from clustered documents [2, 9]. Our approach is
equivalent to using document cluster information under the
assumption that only a single cluster is used, namely that
which contains all relevant documents. Using the retrieval
scores or, in an LM setting, the likelihood that a document
generated the query, is a much simpler implementation of
the same idea, essentially replacing θR with the initial query.
And, since the initial query is quite sparse compared to θR,
we avoid overfitting.

Finally, by putting the earlier equations together, we ob-
tain the estimate of our expanded query model:

P (t |θR) =

X

D∈R

(
ZD

X

t′∈V

P (t ′|θD) log
P (t ′|θ̂R)
P (t ′|θC)

)
P (t |θD). (6)

This model, to which we refer as NLLR (normalized log-
likelihood), e! ectively determines the expanded query model
P (t |θR) based on information from each individual relevant
document and the most representative sample we have of
θR, namely R.

4. EXPERIMENTAL SETUP
We use the test data provided by the TREC Relevance

Feedback track, where the task is to retrieve additional rel-
evant documents given a query and an initial set of assess-
ments [4]. Retrieval is done on the .GOV2 corpus, from
which we remove stopwords and to which we apply Porter
stemming. We use the titles of the 31 topics that received
additional judgments. For each of these topics, a large set of
relevance assessments is provided (159 relevant documents
on average, with a minimum of 50 and a maximum of 338).
Participating systems were to return 2500 documents, from
which the initially provided relevant documents are removed.
The resulting rankings were then pooled and re-assessed.
This yielded 55 new relevant documents on average per topic,
with a minimum of 4 and a maximum of 177. We follow the
same setup and remove all initially judged documents from
the final rankings in our experiments.

Below, we report on the following measures; precision at 5
(P5), precision at 10 (P10), mean average precision (MAP),
and the number of retrieved relevant documents (relret).

4.1 Parameter Settings
We fix the estimation method of the document models and

use Dirichlet smoothing which has been shown to achieve su-
perior performance on a variety of tasks and collections [12,
23]. We set µ = 1600 and we keep only the 10 terms with
the highest probability for all models. We optimize the re-
maining parameter settings on MAP using a grid search.

4.2 Reference Models
In our experiments, we compare our model with two other

established relevance feedback methods. In particular, we
look at Lavrenko and Croft’s relevance models [11] and Zhai
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Figure 1: Precision-Recall graph.

and La! erty’s model-based feedback [22] which are indicated
by RM and MBF respectively. For all our experiments we
use the Lemur toolkit and use the provided implementations
whenever possible.

5. RESULTS
In this section we present our main experimental results.

Table 1 shows the experimental results of applying the vari-
ous approaches for estimating P (t |θR). As indicated earlier,
these results are obtained by using the full set of judged
relevant documents for estimation and subsequently remov-
ing these from the rankings. Figure 1 further illustrates the
di! erences using a precision-recall graph.

First, we observe that the query-likelihood results (QL)
are on a par with the median of all submitted runs for
the TREC Relevance Feedback track [4] and all models de-
scribed improve over this baseline. If we would have sub-
mitted the results of the NLLR model, it would have ended
up in the top-3 for this particular category. The RM run
would have been placed at around rank 7.

Since these results are obtained by using the full set of rel-
evance assessments, one might expect that the MLE achieves
high scores since this set should be representative of the in-
formation need and, hence, of the distribution of θR. Con-
trary to this intuition, however, the MLE approach does not
achieve the highest performance when new relevant docu-
ments are to be retrieved; a finding in line with observations
made by Buckley et al. [5]. MBF—which re-estimates the
MLE model—mainly has a precision-enhancing e! ect: re-
call and MAP are hurt using this approach when compared
against MLE.

A precision enhancing e! ect is also visible when using
NLLR and RM. Indeed, NLLR achieves the highest scores
overall, except for the number of relevant retrieved docu-
ments (RM retrieves 2 relevant documents more). We fur-
ther observe that NLLR obtains a significant 63.7% im-
provement in terms of MAP over the baseline. The MAP
score is higher than the one obtained by RM and, moreover,
NLLR obtains a statistically significant improvement with
α = 0.001.

Figure 1 shows that NLLR improves over all models on
all recall levels. This figure also shows that the MBF ap-
proach does not help as compared to MLE. However, MBF
should be equivalent to MLE when the collection element

conclusions
We propose a new query modeling method, which:
    Leverages the distance between each relevant document and the set of relevant documents.
    Is more general than previous methods.
    Improves over other established methods on the TREC Relevance Feedback collection.


