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Introduction 
«	
  the	
  user’s	
  own	
  request	
  formula1on	
  is	
  a	
  representa1on	
  of	
  [her]	
  
current	
  cogni1ve	
  state	
  concerned	
  with	
  an	
  informa1on	
  need	
  »	
  

[Ingwersen,	
  SIGIR’94]	
  
	
  
	
  

expressing	
  an	
  informaCon	
  need	
  with	
  2-­‐3	
  keywords	
  is	
  	
  
not	
  a	
  trivial	
  task	
  

	
  
complex	
  informaCon	
  need,	
  lack	
  of	
  vocabulary,	
  lack	
  of	
  

background	
  knowledge	
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Introduction 
dynamically	
  infer	
  the	
  concepts	
  of	
  the	
  query	
  	
  

(unlike	
  faceted	
  search)	
  
	
  
	
  

(ulCmately)	
  full	
  descripCon	
  the	
  informaCon	
  need	
  [Metzler	
  &	
  CroU,	
  
SIGIR’07;	
  Egozi	
  et	
  al.,	
  ACM	
  TOIS’11]	
  

	
  
	
  

human	
  concepts	
  are	
  too	
  complex	
  to	
  be	
  expressed	
  by	
  single	
  
words	
  [Stock,	
  JASIST’10]	
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Introduction 
0.196	
  ➡	
  feathers	
  

0.13	
  ➡	
  birds	
  
0.112	
  ➡	
  evolved	
  

0.102	
  ➡	
  flight	
  
0.093	
  ➡	
  dinosaurs	
  

0.084	
  ➡	
  protopteryx	
  

0.434	
  ➡	
  birds	
  

0.291	
  ➡	
  paleontology	
  

0.175	
  ➡	
  dinosaur	
  
0.125	
  ➡	
  kenya	
  

0.122	
  ➡	
  years	
  
0.087	
  ➡	
  fossils	
  

0.082	
  ➡	
  paleontology	
  
0.072	
  ➡	
  expediCon	
  

0.070	
  ➡	
  discovery	
  
0.254	
  ➡	
  comic	
  

0.257	
  ➡	
  dinosaur	
  
0.180	
  ➡	
  devil	
  

0.095	
  ➡	
  moon-­‐boy	
  

0.054	
  ➡	
  bakker	
  
0.054	
  ➡	
  world	
  

0.049	
  ➡	
  series	
  
0.045	
  ➡	
  marvel	
  

0.021	
  ➡	
  toys	
  

0.370	
  ➡	
  dinosaur	
  
0.165	
  ➡	
  party	
  

0.053	
  ➡	
  birthday	
  
0.039	
  ➡	
  game	
  

0.023	
  ➡	
  toys	
  
0.021	
  ➡	
  t-­‐rex	
  

0.112	
  ➡	
  price	
  

Q	
  =	
  dinosaurs	
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Introduction	
  
pseudo-­‐relevance	
  feedback	
  

	
  
	
  

topic	
  modeling	
  (LDA	
  [Blei,	
  JMLR’03])	
  on	
  feedback	
  documents	
  
	
  
	
  

two	
  problems:	
  which	
  number	
  of	
  concepts?	
  which	
  pseudo-­‐
relevant	
  feedback	
  documents?	
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Estimating the number of concepts 
given	
  a	
  query	
  	
  	
  	
  	
  ,	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  a	
  set	
  of	
  pseudo-­‐relevant	
  feedback	
  

documents	
  retrieved	
  by	
  a	
  state-­‐of-­‐the-­‐art	
  IR	
  system	
  
	
  

probabilisCc	
  topic	
  models	
  need	
  a	
  predefined	
  number	
  of	
  topics	
  
	
  

how	
  much	
  topics	
  in	
  	
  	
  	
  	
  	
  	
  	
  ?	
  
	
  

try	
  several	
  values,	
  and	
  keep	
  the	
  topic	
  model	
  	
  	
  	
  	
  	
  	
  	
  	
  which	
  models	
  
the	
  most	
  scahered	
  topics	
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recherche documentaire, l’utilisation de Wikipédia échoue dans tous les cas. Nous
pensons que ceci est principalement dû au fait que nous n’avons pas de collection de
documents de type encyclopédique à chercher. Au vu des autres résultats, nous pen-
sons en effet que l’utilisation de Wikipédia serait efficace pour identifier des concepts
dans un contexte de recherche encyclopédique, ce que nous vérifierons dans des tra-
vaux futurs.

Nous explorons également les effets d’une combinaison des concepts implicites
provenant des quatre ressources en même temps. Nous adaptons la fonction de classe-
ment des documents (équation 1) pour qu’elle puisse prendre en compte un ensemble
fini de ressources :

s(Q,D) = λ·P (Q|D)+(1−λ)· 1

|S|
�

σ∈S

�

k∈Tσ
K̂(M)

δ̂k
�

w∈Wk

φ̂k,w ·P (w|D) [2]

où Tσ
K̂(M)

est le modèle conceptuel construit par notre approche à partir de la source
d’information σ appartenant à l’ensemble S . Notre approche permet de combiner na-
turellement les ressources, toujours sans aucune étape d’apprentissage.

Les résultats présentés dans le tableau 4 à la ligne Comb ne sont pas surprenants et
supportent les principes de polyreprésentation (Ingwersen, 1994) et de redondance in-
tentionnelle (Jones, 1990). Ceux-ci affirment que combiner des représentations struc-
turellement et cognitivement différentes du besoin d’information permet d’améliorer
les chances de trouver des documents pertinents. Même si la combinaison n’amé-
liore pas les résultats pour toutes les mesures d’évaluation par rapport à la ressource
Web, elle atteint tout de même toujours les plus hauts niveaux de significativité par
rapport aux deux systèmes de base. Les ressources “mineures” obtiennent des perfor-
mances limitées quand elles sont utilisées seules, mais elles jouent un rôle essentiel
dans la combinaison. Elles apportent chacune des concepts uniques et cohérents qui,
ensemble, forment un modèle conceptuel multiple et complet qui couvre les différents
aspects de la requête.

5. Conclusion

Nous avons présenté dans cet article une approche entièrement non supervisée
pour la quantification et l’identification des concepts implicites d’une requête. Ces
concepts sont extraits à partir d’ensembles de documents pseudo-pertinents provenant
de plusieurs sources d’information hétérogènes. Le nombre de concepts implicites et
le nombre de documents de feedback approprié sont automatiquement estimés au mo-
ment de l’exécution de la requête, sans apprentissage supervisé ni étiquetage préalable.
Globalement, notre méthode obtient de bons résultats, significativement supérieurs
aux deux systèmes de base, lorsque les sources d’information sont du même type
que la collection de documents. Les meilleurs résultats sont obtenus en combinant les
concepts implicites identifiés à partir de toutes les sources disponibles, ce qui montre
que notre approche est suffisamment robuste pour traiter des documents hétérogènes
abordant différentes thématiques. Notre méthode présente néanmoins de nombreuses
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La suite de cet article est organisée comme suit. Nous détaillons quelques travaux
connexes de modélisation thématique appliquée à la RI dans la section 2. La section 3
présente rapidement l’allocation de Dirichlet latente, puis détaille l’approche que nous
proposons. La section 4.1 donne un aperçu des sources d’information générales que
nous utilisons pour modéliser les concepts implicites. Nous évaluons notre approche
et discutons les résultats dans la section 4. Pour finir, la section 5 conclut cet article et
offre quelques perspectives.

2. Travaux connexes

Le travail présenté dans cet article est une approche originale de modélisation thé-
matique qui utilise des informations provenant de sources textuelles diverses et ayant
pour but d’améliorer la qualité de la recherche documentaire. La modélisation thé-
matique probabiliste (et notamment l’allocation de Dirichlet latente) pour la RI a été
largement utilisée récemment de diverses manières (Andrzejewski et al., 2011, Lu
et al., 2011, Park et al., 2009, Wei et al., 2006, Yi et al., 2009), et toutes les études
rapportent des amélioration des performances de recherche documentaire. L’idée prin-
cipale est de classifier a priori la collection de documents dans sa totalité, puis ensuite
d’identifier les thèmes (ou concepts) liés à la requête. Le modèle de langue de chaque
document est alors lissé en incorporant les probabilités d’appartenance des mots à ces
thèmes (Lu et al., 2011, Wei et al., 2006, Yi et al., 2009). D’autres approches es-
sayent quant à elles d’enrichir directement la requête avec les mots qui appartiennent
à ces concepts pseudo-pertinents (Andrzejewski et al., 2011, Park et al., 2009). L’idée
d’utiliser des documents de feedback a été explorée par (Andrzejewski et al., 2011), où
des concepts spécifiques à la requête sont extraits des deux premiers documents ren-
voyés par la requête originale. Ces concepts sont identifiés en utilisant les distributions
précédemment calculées par LDA sur la collection entière. La requête est finalement
enrichie avec les mots appartenant aux concepts apparaissant dans les deux premiers
documents de feedback. Seulement, toutes ces approches nécessitent de fixer de nom-
breux paramètres, comme le nombre de concepts ou encore le nombre de documents
utilisés. Nous nous plaçons dans un contexte évolutif et proposons des alternatives
pour estimer automatiquement ces paramètres. À notre connaissance, notre approche
est également la première tentative de modélisation thématique effectuée uniquement
sur des documents de feedback et au moment de la requête, contrairement aux ap-
proches traditionnelles qui utilisent une collection entière.

3. Quantification et identification de concepts implicites

Nous proposons de modéliser les concepts implicites à un besoin d’information et
de les utiliser pour améliorer la représentation de la requête. Soit R une source d’in-
formation textuelle à partir de laquelle les concepts implicites vont être extraits. Un
sous-ensemble initial RQ est formé par les documents de feedback les mieux classés
par rapport à une requête Q lors d’une première étape de recherche. L’algorithme de
RI peut être de n’importe quel type, le point important est que RQ est une collec-
tion réduite qui ne contient qu’un petit nombre de documents traitant de thématiques
communes.
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3.2. Estimer le nombre de concepts

Différents concepts implicites peuvent représenter un besoin d’information, et leur
nombre dépend de la richesse ou de l’ambiguïté de ce besoin. LDA permet de modéli-
ser la distribution thématique d’une collection donnée, mais le nombre de concepts est
un paramètre qui doit être fixé. Seulement on ne peut savoir à l’avance le nombre de
concepts liés à une requête. Nous proposons une méthode qui estime automatiquement
le nombre de concepts implicites.

En partant du principe que les concepts identifiés par LDA sont représentés par les
n mots qui ont les plus fortes probabilités, nous définissons un opérateur argmax[n]
qui produit les n arguments obtenant les plus fortes valeurs pour une fonction don-
née. Nous pouvons ainsi obtenir l’ensemble Wk des n mots qui ont les plus fortes
probabilités P (w|k) = φk,w dans le concept k :

Wk = argmax
w

[n] φk,w

Différents travaux ont été réalisés pour trouver le bon nombre de concepts conte-
nus dans une collection de documents (Arun et al., 2010, Cao et al., 2009). Même
si ils diffèrent sur certains points, ils suivent tous un même principe qui revient à
calculer des similarités (ou des distances) entre toutes les paires de concepts pour dif-
férents modèles obtenus en faisant varier le nombre de concepts. Ainsi, pour le même
ensemble de documents de feedback RQ, différents modèles LDA sont calculés en
faisant varier le nombre de concepts de 1 à 20. Pour chacun de ces modèles, nous
calculons alors la somme des divergences D(ki||kj) entre tous les paires de concepts
(ki, kj) afin de déterminer à quels points les concepts sont correctement délimités. Fi-
nalement, nous ne choisissons que le modèle pour lequel la divergence globale est la
plus forte, car c’est celui qui propose la meilleure démarcation entre les concepts. Le
nombre de concepts K̂ estimé par notre méthode est donné par la formule suivante :

K̂ = argmax
K

1

K(K − 1)

�

(ki,kj)∈TK

D(ki||kj)

où K est le nombre de concepts donné en paramètre à LDA, et TK est l’ensemble
des K concepts. Ainsi, K̂ est le nombre de concepts qui permet d’obtenir la meilleure
démarcation entre les concepts pour l’ensemble de documents RQ : c’est le nombre
de concepts implicites de la requête Q formulée par l’utilisateur. La divergence de
Kullback-Leibler mesure la dissimilarité entre deux distributions de probabilités. Elle
est utilisée en particulier par LDA afin de minimiser la variation thématique entre
deux itérations de l’algorithme d’espérance-maximisation (Blei et al., 2003), ainsi
que dans d’autres domaines pour mesurer des similarités entre des distributions de
mots (AlSumait et al., 2008). Nous utilisons la version symétrique de la divergence de
Kullback-Leibler afin d’éviter des problèmes évidents lors du calcul de divergences
entre toutes les paires de concepts :

D(ki||kj) =
�

w∈Winter

P (w|ki) log
P (w|ki)
P (w|kj)

+
�

w∈Winter

P (w|kj) log
P (w|kj)
P (w|ki)
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0.1	
  

0.12	
  

0.15	
  

0.27	
   0.33	
  

0.25	
  

0.24	
  

0.22	
  

0.26	
  

total	
  =	
  0.2033	
   total	
  =	
  0.24	
  



Estimating the number of concepts 
topics	
  are	
  probability	
  distribuCons	
  

	
  
measuring	
  the	
  average	
  Kullback-­‐Leibler	
  divergence	
  between	
  all	
  

pairs	
  of	
  topics	
  
	
  

number	
  of	
  latent	
  concepts	
  in	
  	
  	
  	
  	
  	
  	
  	
  :	
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Maximizing conceptual coherence	
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  given	
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divergence between all pairs of topics (ki, kj):

K∗
M = argmax

K

1

K(K − 1)

�

(ki,kj)∈TM
K

D(ki||kj)

where D(ki||kj) is the Kullback-Leibler divergence between

topic ki and topic kj . Latent concept modeling thus esti-

mates K∗
values for various values of M .

At this point, M concept models are generated. The esti-

mation of the best model among them is done by computing

similarities between models, and choosing the one that is the

most similar with respect to the others. The underlying as-

sumption is that relevant documents are essentially dealing

with the same topics, regardless of their number. Concepts

that are likely to appear in different models learned from

various amounts of feedback documents are certainly related

to query, while noisy concepts are not. Since concepts are

computed from different documents, their probability distri-

butions are not comparable. They are thus treated as bags

of words and compared using a document frequency-based

similarity measure:

M = argmax
m

�

n,n �=m

�

kj∈Tm
K(m)

�

ki∈Tn
K(n)

|ki ∩ kj |
|ki|

�

w∈ki∩kj

log
N
dfw

where |ki∩kj | is the number of words the two concepts have

in common, dfw is the document frequency of w and N is

the number of documents in the target collection. In other

words, for each query, the concept model that is the most

similar to all other concept models is considered as the final

set of latent concepts related to the user query.

The resulting concept model TM∗
K∗

M∗
represents the latent

concepts of the initial query used to retrieve the top-M∗

feedback documents. In our submissions for the Submining

task, we let K and M vary between 1 and 20. Concepts were

truncated and only the 10 words with highest probabilities

were kept.

2.2 Subtopic labels generation

After having generated a set of latent concepts for the

query, the next step of our approach is to find candidate la-

bels for these concepts and score them. We thoughtWikipedia

could provide interesting entries to user in order to special-

ize or disambiguate their queries, this is the reason why the

candidate labels actually are titles of Wikipedia articles. For

each concept, the 4 words with highest probabilities are con-

sidered as a query. All queries are submitted to a static index

of the May 2012 version of Wikipedia and to the live ver-

sion of Wikipedia through its API
2
. The titles of the articles

that are retrieved from these two searches are considered are

candidate labels. Those that appear in only one of the two

ranked lists are discarded.

We based our scoring function on the work done by Mei et

al. [8] for automatically labeling topic models. We compute

co-occurrence probabilities between concepts words and can-

didate labels in a reference collection C to determine the

score of a label l:

s(l) =
�

k∈TM∗
K∗

M∗

δ̂k
�

w∈k

P (w|k) log P (w, l|C)
P (w|C)P (l|C)

2http://www.mediawiki.org/wiki/API:Main_page

where:

δ̂k =
δk�
k� δk�

and:

δk =

�

D

P (Q|D)P (k|D)

Hence, labels that have the highest probabilities of occur-

rence with respect to words of all latent concepts are given

the highest scores.

3. OFFICIAL EXPERIMENTS

3.1 External collections

In this work we use a set of different data sources from

which the latent concepts are modeled: Wikipedia as an

encyclopedic source, the New York Times and GigaWord

corpora as sources of news data and the category B of the

ClueWeb09
3
collection as a web source. The English Gi-

gaWord LDC corpus consists of 4,111,240 newswire articles

collected from four distinct international sources including

the New York Times [5]. The New York Times LDC cor-

pus contains 1,855,658 news articles published between 1987

and 2007 [9]. The Wikipedia collection is a dump from July

2011 of the online encyclopedia that contains 3,214,014 doc-

uments
4
. We removed the spammed documents from the

category B of the ClueWeb09 according to a standard list of

spams for this collection
5
. We followed authors recommen-

dations [2] and set the ”spamminess” threshold parameter

to 70. The resulting corpus is composed of 29,038,220 web

pages.

All collections were indexed by Indri
6
with the exact same

parameters: tokens were stemmed with the well-known light

Krovetz stemmer, and stopwords were removed using the

standard English stoplist embedded with Indri.

3.2 Runs

LIA-S-E-1A.
In this run, we modeled the concepts from the four exter-

nal collections described above. The subtopics solely contain

titles Wikipedia articles.

LIA-S-E-2A.
This run is similar to the previous one, except that M∗

is

not estimated but fixed at M = 10 for all queries. Concepts

are thus modeled from the top-10 feedback documents.

LIA-S-E-3A.
This run is the same as LIA-S-E-1A, except that we use

the commercial search engines suggestions provided by the

organizers. The query used in this case is the concatenation

of all completions available (without duplicates).

LIA-S-E-4A.
This run is the same as LIA-S-E-1A, except that the orig-

inal query is inserted before each subtopic label.

3http://boston.lti.cs.cmu.edu/clueweb09/
4http://dumps.wikimedia.org/enwiki/20110722/
5http://plg.uwaterloo.ca/~gvcormac/clueweb09spam/
6http://www.lemurproject.org
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Considering that two concept models are generated based on
different number of documents , they do not share the same
probabilistic space. Since their probability distribution are
not comparable, computing their overall similarity can be
done solely by taking concept words into account. We treat
the different concepts as bags of words and use a document
frequency-based similarity measure:

sim(TK̂,m,TK̂,n) =

�

k∈T
K̂,m

�

k�∈T
K̂,n

|ki ∩ k�
j |

|ki|
�

w∈W

log
N
dfw

(2)

where |ki ∩ kj | is the number of words the two concepts
have in common, dfw is the document frequency of w and N
is the number of documents in the target collection. The
initial purpose of this measure was to track novelty (i.e.
minimize similarity) between two sentences [24], which is
precisely our goal, except that we want to track redundancy
(i.e. maximize similarity).

The final sum of similarities between each concept pairs
produces an overall similarity score of the current concept
model compared to all other models. Finally, the concept
model that maximizes this overall similarity is considered as
the best candidate for representing the implicit concepts of
the query. In other words, we consider the top M feedback
documents for modeling the concepts, where:

M = argmax
m

�

n

sim(TK̂,m,TK̂,n) (3)

In other words, for each query, the concept model that is
the most similar to all other concept models is considered
as the final set of latent concepts related to the user query.

Our approach requires to compute many LDA models
since it jointly estimates K̂ and M . A separate number
of concepts K is estimated for each set of the top-m feed-
back documents, and the “best” model is chosen from the
K ×m matrix of models. All models, however, are learned
on a very small number of documents (ranging from 1 to
20) Since the models are computed on small pieces of text
(typically from 500 to 10,000 words), computation is a lot
faster than for complete collections composed of millions of
documents. Since long queries can take up to 5 minutes,
it is clearly not feasible in the context of a live search en-
gine. However we did not optimize the algorithms, neither
did we take advantage of parallel programming. We think
our approach could also benefit from future advances in the
computation and estimation of LDA.

3.4 Concept weighting
User queries can be associated with a number of under-

lying concepts but these concepts do not necessarily have
the same importance. Since our approach only estimates
the best model, it still could yield noisy concepts, and some
concepts may also be barely relevant. Hence it is essential
to emphasize appropriate concepts and to depreciate inap-
propriate ones. One effective way is to rank these concepts
and weigh them accordingly: important concepts will be
weighted higher to reflect their importance. We define the
score of a concept k as δk =

�
D∈RQ

P (Q|D)P (k|D).

δk =
�

D∈RQ

P (Q|D)PTM (k|D)

The underlying intuition is that relevant concepts occur in
top-ranked documents and have high probabilities in these
documents. The probability PTM (k|D) of a concept k ap-
pearing in document D is given by the multinomial distri-
bution θ previously learned by LDA.
Each concept is weighted with respect to its likelihood of

representing the query, but the actual representation of the
concept is still a bag of words. Concept words are the core
components of the concepts and intrinsically do not have
the same importance. The easier way of weighting them is
to use their probability of belonging to a concept k which
are learned by Latent Dirichlet Allocation and given by the
multinomial distribution φk. Probabilities are normalized
across all words, the weight of word w in concept k is thus
computed as follows:

φ̂k,w =
φk,w�

w�∈Wk
φk,w�

(4)

φ̂k,w =
PTM (w|k)�

w�∈Wk
PTM (w�|k)

Finally, a concept learned by our latent concept modeling
approach is a set of weighted words representing a facet of
the information need underlying a user query. Concepts are
also weighted to reflect their relative importance.

3.5 Document ranking
The previous subsections were all about modeling consis-

tent concepts from reliable documents and modeling their
relative influence. Here we detail how these concepts can
be integrated in a retrieval model in order to improve ad-
hoc document ranking. There are several ways of taking
conceptual aspects into account when ranking documents.
Here, the final score of a document D with respect to a
given user query Q is determined by the linear combina-
tion of query word matches (standard retrieval) and latent
concepts matches. It is formally written as follows:

s(Q,D) = λ · P (Q|D)+

(1− λ) ·
�

k∈T
K̂,M

δ̂k
�

w∈Wk

φ̂k,w · P (w|D) (5)

where TK̂,M is the concept model that holds the latent con-

cepts of query Q (see Section 3.4) and δ̂k is the normalized
weight of concept k:

δ̂k =
δk�

k�∈T
K̂
δk�

(6)

The P (Q|D) and P (w|D) probabilities are the likelihood
of document D being observed given the initial query Q (re-
spectively, word w). In this work we use a language model-
ing approach to retrieval [22]. P (w|D) is thus the maximum
likelihood estimate of word w in document D, computed
using the language model of document D in the target col-
lection C. Likewise, P (Q|D) is the basic language modeling
retrieval model, also known as query likelihood, and can be
formally written as P (Q|D) =

�
w∈Q P (w|D). We tackle

the null probabilities problem with the standard Dirichlet
smoothing since it is more convenient for keyword queries
(as opposed to verbose queries) [36], which is the case here.
We fix the Dirichlet prior parameter to 1500 and do not
change it at any time during our experiments. However it

Considering that two concept models are generated based on
different number of documents , they do not share the same
probabilistic space. Since their probability distribution are
not comparable, computing their overall similarity can be
done solely by taking concept words into account. We treat
the different concepts as bags of words and use a document
frequency-based similarity measure:

sim(TK̂,m,TK̂,n) =

�

k∈T
K̂,m

�

k�∈T
K̂,n

|ki ∩ k�
j |

|ki|
�

w∈W

log
N
dfw

(2)

where |ki ∩ kj | is the number of words the two concepts
have in common, dfw is the document frequency of w and N
is the number of documents in the target collection. The
initial purpose of this measure was to track novelty (i.e.
minimize similarity) between two sentences [24], which is
precisely our goal, except that we want to track redundancy
(i.e. maximize similarity).

The final sum of similarities between each concept pairs
produces an overall similarity score of the current concept
model compared to all other models. Finally, the concept
model that maximizes this overall similarity is considered as
the best candidate for representing the implicit concepts of
the query. In other words, we consider the top M feedback
documents for modeling the concepts, where:

M = argmax
m

�

n

sim(TK̂,m,TK̂,n) (3)

In other words, for each query, the concept model that is
the most similar to all other concept models is considered
as the final set of latent concepts related to the user query.

Our approach requires to compute many LDA models
since it jointly estimates K̂ and M . A separate number
of concepts K is estimated for each set of the top-m feed-
back documents, and the “best” model is chosen from the
K ×m matrix of models. All models, however, are learned
on a very small number of documents (ranging from 1 to
20) Since the models are computed on small pieces of text
(typically from 500 to 10,000 words), computation is a lot
faster than for complete collections composed of millions of
documents. Since long queries can take up to 5 minutes,
it is clearly not feasible in the context of a live search en-
gine. However we did not optimize the algorithms, neither
did we take advantage of parallel programming. We think
our approach could also benefit from future advances in the
computation and estimation of LDA.

3.4 Concept weighting
User queries can be associated with a number of under-

lying concepts but these concepts do not necessarily have
the same importance. Since our approach only estimates
the best model, it still could yield noisy concepts, and some
concepts may also be barely relevant. Hence it is essential
to emphasize appropriate concepts and to depreciate inap-
propriate ones. One effective way is to rank these concepts
and weigh them accordingly: important concepts will be
weighted higher to reflect their importance. We define the
score of a concept k as δk =

�
D∈RQ

P (Q|D)P (k|D).

δk =
�

D∈RQ

P (Q|D)PTM (k|D)

The underlying intuition is that relevant concepts occur in
top-ranked documents and have high probabilities in these
documents. The probability PTM (k|D) of a concept k ap-
pearing in document D is given by the multinomial distri-
bution θ previously learned by LDA.
Each concept is weighted with respect to its likelihood of

representing the query, but the actual representation of the
concept is still a bag of words. Concept words are the core
components of the concepts and intrinsically do not have
the same importance. The easier way of weighting them is
to use their probability of belonging to a concept k which
are learned by Latent Dirichlet Allocation and given by the
multinomial distribution φk. Probabilities are normalized
across all words, the weight of word w in concept k is thus
computed as follows:

φ̂k,w =
φk,w�

w�∈Wk
φk,w�

(4)

φ̂k,w =
PTM (w|k)�

w�∈Wk
PTM (w�|k)

Finally, a concept learned by our latent concept modeling
approach is a set of weighted words representing a facet of
the information need underlying a user query. Concepts are
also weighted to reflect their relative importance.

3.5 Document ranking
The previous subsections were all about modeling consis-

tent concepts from reliable documents and modeling their
relative influence. Here we detail how these concepts can
be integrated in a retrieval model in order to improve ad-
hoc document ranking. There are several ways of taking
conceptual aspects into account when ranking documents.
Here, the final score of a document D with respect to a
given user query Q is determined by the linear combina-
tion of query word matches (standard retrieval) and latent
concepts matches. It is formally written as follows:

s(Q,D) = λ · P (Q|D)+

(1− λ) ·
�

k∈T
K̂,M

δ̂k
�

w∈Wk

φ̂k,w · P (w|D) (5)

where TK̂,M is the concept model that holds the latent con-

cepts of query Q (see Section 3.4) and δ̂k is the normalized
weight of concept k:

δ̂k =
δk�

k�∈T
K̂
δk�

(6)

The P (Q|D) and P (w|D) probabilities are the likelihood
of document D being observed given the initial query Q (re-
spectively, word w). In this work we use a language model-
ing approach to retrieval [22]. P (w|D) is thus the maximum
likelihood estimate of word w in document D, computed
using the language model of document D in the target col-
lection C. Likewise, P (Q|D) is the basic language modeling
retrieval model, also known as query likelihood, and can be
formally written as P (Q|D) =

�
w∈Q P (w|D). We tackle

the null probabilities problem with the standard Dirichlet
smoothing since it is more convenient for keyword queries
(as opposed to verbose queries) [36], which is the case here.
We fix the Dirichlet prior parameter to 1500 and do not
change it at any time during our experiments. However it
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Considering that two concept models are generated based on
different number of documents , they do not share the same
probabilistic space. Since their probability distribution are
not comparable, computing their overall similarity can be
done solely by taking concept words into account. We treat
the different concepts as bags of words and use a document
frequency-based similarity measure:

sim(TK̂,m,TK̂,n) =

�

k∈T
K̂,m

�

k�∈T
K̂,n

|ki ∩ k�
j |

|ki|
�

w∈W

log
N
dfw

(2)

where |ki ∩ kj | is the number of words the two concepts
have in common, dfw is the document frequency of w and N
is the number of documents in the target collection. The
initial purpose of this measure was to track novelty (i.e.
minimize similarity) between two sentences [24], which is
precisely our goal, except that we want to track redundancy
(i.e. maximize similarity).

The final sum of similarities between each concept pairs
produces an overall similarity score of the current concept
model compared to all other models. Finally, the concept
model that maximizes this overall similarity is considered as
the best candidate for representing the implicit concepts of
the query. In other words, we consider the top M feedback
documents for modeling the concepts, where:

M = argmax
m

�

n

sim(TK̂,m,TK̂,n) (3)

In other words, for each query, the concept model that is
the most similar to all other concept models is considered
as the final set of latent concepts related to the user query.

Our approach requires to compute many LDA models
since it jointly estimates K̂ and M . A separate number
of concepts K is estimated for each set of the top-m feed-
back documents, and the “best” model is chosen from the
K ×m matrix of models. All models, however, are learned
on a very small number of documents (ranging from 1 to
20) Since the models are computed on small pieces of text
(typically from 500 to 10,000 words), computation is a lot
faster than for complete collections composed of millions of
documents. Since long queries can take up to 5 minutes,
it is clearly not feasible in the context of a live search en-
gine. However we did not optimize the algorithms, neither
did we take advantage of parallel programming. We think
our approach could also benefit from future advances in the
computation and estimation of LDA.

3.4 Concept weighting
User queries can be associated with a number of under-

lying concepts but these concepts do not necessarily have
the same importance. Since our approach only estimates
the best model, it still could yield noisy concepts, and some
concepts may also be barely relevant. Hence it is essential
to emphasize appropriate concepts and to depreciate inap-
propriate ones. One effective way is to rank these concepts
and weigh them accordingly: important concepts will be
weighted higher to reflect their importance. We define the
score of a concept k as δk =

�
D∈RQ

P (Q|D)P (k|D).

δk =
�

D∈RQ

P (Q|D)PTM (k|D)

The underlying intuition is that relevant concepts occur in
top-ranked documents and have high probabilities in these
documents. The probability PTM (k|D) of a concept k ap-
pearing in document D is given by the multinomial distri-
bution θ previously learned by LDA.
Each concept is weighted with respect to its likelihood of

representing the query, but the actual representation of the
concept is still a bag of words. Concept words are the core
components of the concepts and intrinsically do not have
the same importance. The easier way of weighting them is
to use their probability of belonging to a concept k which
are learned by Latent Dirichlet Allocation and given by the
multinomial distribution φk. Probabilities are normalized
across all words, the weight of word w in concept k is thus
computed as follows:

φ̂k,w =
φk,w�

w�∈Wk
φk,w�

(4)

φ̂k,w =
PTM (w|k)�

w�∈Wk
PTM (w�|k)

Finally, a concept learned by our latent concept modeling
approach is a set of weighted words representing a facet of
the information need underlying a user query. Concepts are
also weighted to reflect their relative importance.

3.5 Document ranking
The previous subsections were all about modeling consis-

tent concepts from reliable documents and modeling their
relative influence. Here we detail how these concepts can
be integrated in a retrieval model in order to improve ad-
hoc document ranking. There are several ways of taking
conceptual aspects into account when ranking documents.
Here, the final score of a document D with respect to a
given user query Q is determined by the linear combina-
tion of query word matches (standard retrieval) and latent
concepts matches. It is formally written as follows:

s(Q,D) = λ · P (Q|D)+

(1− λ) ·
�

k∈T
K̂,M

δ̂k
�

w∈Wk

φ̂k,w · P (w|D) (5)

where TK̂,M is the concept model that holds the latent con-

cepts of query Q (see Section 3.4) and δ̂k is the normalized
weight of concept k:

δ̂k =
δk�

k�∈T
K̂
δk�

(6)

The P (Q|D) and P (w|D) probabilities are the likelihood
of document D being observed given the initial query Q (re-
spectively, word w). In this work we use a language model-
ing approach to retrieval [22]. P (w|D) is thus the maximum
likelihood estimate of word w in document D, computed
using the language model of document D in the target col-
lection C. Likewise, P (Q|D) is the basic language modeling
retrieval model, also known as query likelihood, and can be
formally written as P (Q|D) =

�
w∈Q P (w|D). We tackle

the null probabilities problem with the standard Dirichlet
smoothing since it is more convenient for keyword queries
(as opposed to verbose queries) [36], which is the case here.
We fix the Dirichlet prior parameter to 1500 and do not
change it at any time during our experiments. However it

Considering that two concept models are generated based on
different number of documents , they do not share the same
probabilistic space. Since their probability distribution are
not comparable, computing their overall similarity can be
done solely by taking concept words into account. We treat
the different concepts as bags of words and use a document
frequency-based similarity measure:

sim(TK̂,m,TK̂,n) =
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log
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where |ki ∩ kj | is the number of words the two concepts
have in common, dfw is the document frequency of w and N
is the number of documents in the target collection. The
initial purpose of this measure was to track novelty (i.e.
minimize similarity) between two sentences [24], which is
precisely our goal, except that we want to track redundancy
(i.e. maximize similarity).

The final sum of similarities between each concept pairs
produces an overall similarity score of the current concept
model compared to all other models. Finally, the concept
model that maximizes this overall similarity is considered as
the best candidate for representing the implicit concepts of
the query. In other words, we consider the top M feedback
documents for modeling the concepts, where:

M = argmax
m

�

n

sim(TK̂,m,TK̂,n) (3)

In other words, for each query, the concept model that is
the most similar to all other concept models is considered
as the final set of latent concepts related to the user query.

Our approach requires to compute many LDA models
since it jointly estimates K̂ and M . A separate number
of concepts K is estimated for each set of the top-m feed-
back documents, and the “best” model is chosen from the
K ×m matrix of models. All models, however, are learned
on a very small number of documents (ranging from 1 to
20) Since the models are computed on small pieces of text
(typically from 500 to 10,000 words), computation is a lot
faster than for complete collections composed of millions of
documents. Since long queries can take up to 5 minutes,
it is clearly not feasible in the context of a live search en-
gine. However we did not optimize the algorithms, neither
did we take advantage of parallel programming. We think
our approach could also benefit from future advances in the
computation and estimation of LDA.

3.4 Concept weighting
User queries can be associated with a number of under-

lying concepts but these concepts do not necessarily have
the same importance. Since our approach only estimates
the best model, it still could yield noisy concepts, and some
concepts may also be barely relevant. Hence it is essential
to emphasize appropriate concepts and to depreciate inap-
propriate ones. One effective way is to rank these concepts
and weigh them accordingly: important concepts will be
weighted higher to reflect their importance. We define the
score of a concept k as δk =

�
D∈RQ

P (Q|D)P (k|D).

δk =
�

D∈RQ

P (Q|D)PTM (k|D)

The underlying intuition is that relevant concepts occur in
top-ranked documents and have high probabilities in these
documents. The probability PTM (k|D) of a concept k ap-
pearing in document D is given by the multinomial distri-
bution θ previously learned by LDA.
Each concept is weighted with respect to its likelihood of

representing the query, but the actual representation of the
concept is still a bag of words. Concept words are the core
components of the concepts and intrinsically do not have
the same importance. The easier way of weighting them is
to use their probability of belonging to a concept k which
are learned by Latent Dirichlet Allocation and given by the
multinomial distribution φk. Probabilities are normalized
across all words, the weight of word w in concept k is thus
computed as follows:

φ̂k,w =
φk,w�

w�∈Wk
φk,w�

(4)

φ̂k,w =
PTM (w|k)�

w�∈Wk
PTM (w�|k)

Finally, a concept learned by our latent concept modeling
approach is a set of weighted words representing a facet of
the information need underlying a user query. Concepts are
also weighted to reflect their relative importance.

3.5 Document ranking
The previous subsections were all about modeling consis-

tent concepts from reliable documents and modeling their
relative influence. Here we detail how these concepts can
be integrated in a retrieval model in order to improve ad-
hoc document ranking. There are several ways of taking
conceptual aspects into account when ranking documents.
Here, the final score of a document D with respect to a
given user query Q is determined by the linear combina-
tion of query word matches (standard retrieval) and latent
concepts matches. It is formally written as follows:

s(Q,D) = λ · P (Q|D)+

(1− λ) ·
�

k∈T
K̂,M

δ̂k
�

w∈Wk

φ̂k,w · P (w|D) (5)

where TK̂,M is the concept model that holds the latent con-

cepts of query Q (see Section 3.4) and δ̂k is the normalized
weight of concept k:

δ̂k =
δk�

k�∈T
K̂
δk�

(6)

The P (Q|D) and P (w|D) probabilities are the likelihood
of document D being observed given the initial query Q (re-
spectively, word w). In this work we use a language model-
ing approach to retrieval [22]. P (w|D) is thus the maximum
likelihood estimate of word w in document D, computed
using the language model of document D in the target col-
lection C. Likewise, P (Q|D) is the basic language modeling
retrieval model, also known as query likelihood, and can be
formally written as P (Q|D) =

�
w∈Q P (w|D). We tackle

the null probabilities problem with the standard Dirichlet
smoothing since it is more convenient for keyword queries
(as opposed to verbose queries) [36], which is the case here.
We fix the Dirichlet prior parameter to 1500 and do not
change it at any time during our experiments. However it
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Figure 1: Histograms that show the number of queries in function of the number K̂ of latent concepts

(Section 3.2) and the number M of feedback documents (Section 3.3).

is important to note that this model is generic, and that
the word matching function could be entirely substituted
by other state-of-the-art matching function (like BM25 [29]
or information-based models [12]) without changing the ef-
fects of our latent concept modeling approach on document
ranking.

4. EVALUATION

4.1 General Sources of Information

The approach described in the previous section requires
a source of information from which the feedback documents
could be extracted. This source of information can come
from the target collection, like in traditional relevance feed-
back approaches, or from an external collection. In this
work we use a set of different data sources that are large
enough to deal with a broad range of topics: Wikipedia as
an encyclopedic source, the New York Times and GigaWord
corpora as sources of news data and the category B of the
ClueWeb092 collection as a web source. The English Gi-
gaWord LDC corpus consists of 4,111,240 newswire articles
collected from four distinct international sources including
the New York Times [17]. The New York Times LDC cor-
pus contains 1,855,658 news articles published between 1987
and 2007 [30]. The Wikipedia collection is a dump from July
2011 of the online encyclopedia that contains 3,214,014 doc-
uments3. We removed the spammed documents from the
category B of the ClueWeb09 according to a standard list of
spams for this collection4. We followed authors recommen-
dations [13] and set the ”spamminess” threshold parameter
to 70. The resulting corpus is composed of 29,038,220 pages.

2http://boston.lti.cs.cmu.edu/clueweb09/
3http://dumps.wikimedia.org/enwiki/20110722/
4http://plg.uwaterloo.ca/~gvcormac/clueweb09spam/

Resource # documents # unique words # total words

NYT 1,855,658 1,086,233 1,378,897,246
Wiki 3,214,014 7,022,226 1,033,787,926
GW 4,111,240 1,288,389 1,397,727,483
Web 29,038,220 33,314,740 22,814,465,842

Table 2: Information about the four general sources

of information used in this work.

4.2 Experimental setup

We performed our evaluation using two main TREC5 col-
lections. The Robust04 collection is composed of news ar-
ticles coming from various newspapers and was used in the
TREC 2004 Robust track. It is composed of standard cor-
pora: FT (Financial Times), FR (Federal Register 94), LA
(Los Angeles Times) and FBIS (i.e. TREC disks 4 and 5,
minus the Congressional Record). The test set contains 250
query topics and complete relevance judgements for the en-
tire set. The ClueWeb09 is the largest web test collection
made available to the IR community at the time of this
study. This collection was involved in many TREC tracks
such as the Web, Blog and Million Query tracks. We con-
sider here the category B of the ClueWeb09 (ClueWeb09-B)
which is composed of approximately 50 million web pages.
For the purpose of evaluation we use the entire set of query
topics and relevance judgements of the TREC Web track.

Name # documents Topics used

Robust04 528,155 301-450, 601-700
ClueWeb09-B 50,220,423 1-150

Table 4: Summary of the TREC test collections used

for evaluation.

5http://trec.nist.gov
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and 2007 [30]. The Wikipedia collection is a dump from July
2011 of the online encyclopedia that contains 3,214,014 doc-
uments3. We removed the spammed documents from the
category B of the ClueWeb09 according to a standard list of
spams for this collection4. We followed authors recommen-
dations [13] and set the ”spamminess” threshold parameter
to 70. The resulting corpus is composed of 29,038,220 pages.
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3http://dumps.wikimedia.org/enwiki/20110722/
4http://plg.uwaterloo.ca/~gvcormac/clueweb09spam/

Resource # documents # unique words # total words

NYT 1,855,658 1,086,233 1,378,897,246
Wiki 3,214,014 7,022,226 1,033,787,926
GW 4,111,240 1,288,389 1,397,727,483
Web 29,038,220 33,314,740 22,814,465,842
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of information used in this work.

4.2 Experimental setup

We performed our evaluation using two main TREC5 col-
lections. The Robust04 collection is composed of news ar-
ticles coming from various newspapers and was used in the
TREC 2004 Robust track. It is composed of standard cor-
pora: FT (Financial Times), FR (Federal Register 94), LA
(Los Angeles Times) and FBIS (i.e. TREC disks 4 and 5,
minus the Congressional Record). The test set contains 250
query topics and complete relevance judgements for the en-
tire set. The ClueWeb09 is the largest web test collection
made available to the IR community at the time of this
study. This collection was involved in many TREC tracks
such as the Web, Blog and Million Query tracks. We con-
sider here the category B of the ClueWeb09 (ClueWeb09-B)
which is composed of approximately 50 million web pages.
For the purpose of evaluation we use the entire set of query
topics and relevance judgements of the TREC Web track.

Name # documents Topics used

Robust04 528,155 301-450, 601-700
ClueWeb09-B 50,220,423 1-150
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is important to note that this model is generic, and that
the word matching function could be entirely substituted
by other state-of-the-art matching function (like BM25 [29]
or information-based models [12]) without changing the ef-
fects of our latent concept modeling approach on document
ranking.

4. EVALUATION

4.1 General Sources of Information

The approach described in the previous section requires
a source of information from which the feedback documents
could be extracted. This source of information can come
from the target collection, like in traditional relevance feed-
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We performed our evaluation using two main TREC5 col-
lections. The Robust04 collection is composed of news ar-
ticles coming from various newspapers and was used in the
TREC 2004 Robust track. It is composed of standard cor-
pora: FT (Financial Times), FR (Federal Register 94), LA
(Los Angeles Times) and FBIS (i.e. TREC disks 4 and 5,
minus the Congressional Record). The test set contains 250
query topics and complete relevance judgements for the en-
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study. This collection was involved in many TREC tracks
such as the Web, Blog and Million Query tracks. We con-
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which is composed of approximately 50 million web pages.
For the purpose of evaluation we use the entire set of query
topics and relevance judgements of the TREC Web track.
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Table 2: Information about the four general sources

of information used in this work.

4.2 Experimental setup

We performed our evaluation using two main TREC5 col-
lections. The Robust04 collection is composed of news ar-
ticles coming from various newspapers and was used in the
TREC 2004 Robust track. It is composed of standard cor-
pora: FT (Financial Times), FR (Federal Register 94), LA
(Los Angeles Times) and FBIS (i.e. TREC disks 4 and 5,
minus the Congressional Record). The test set contains 250
query topics and complete relevance judgements for the en-
tire set. The ClueWeb09 is the largest web test collection
made available to the IR community at the time of this
study. This collection was involved in many TREC tracks
such as the Web, Blog and Million Query tracks. We con-
sider here the category B of the ClueWeb09 (ClueWeb09-B)
which is composed of approximately 50 million web pages.
For the purpose of evaluation we use the entire set of query
topics and relevance judgements of the TREC Web track.

Name # documents Topics used

Robust04 528,155 301-450, 601-700
ClueWeb09-B 50,220,423 1-150

Table 4: Summary of the TREC test collections used

for evaluation.

5http://trec.nist.gov
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Figure 2: Retrieval performance (in nDCG@20) as a function of parameter λ.

similar for modeling latent concepts of news-related search
queries, but very different when looking at their vocabu-
lary. The size of the Web resource plays a major role. Its
results are consistent on the Robust04 collection and are
statistically significant compared to the baselines. On the
other side, using Wikipedia, which is the only resource that
does not share its nature with a test collection, consistently
failed to improve document retrieval for both search tasks.
We thus assume that using Wikipedia for modeling latent
concepts could be useful when searching for encyclopedic
documents and we leave it for future work.

We also explored the combination of the latent concepts
modeled from all the four sources together by averaging all
concept models in the document scoring function:

scomb(Q,D) = λ · P (Q|D)+

(1− λ) · 1
|S|

�

σ∈S

�

k∈Tσ
K̂,M

δ̂k
�

w∈Wk

φ̂k,w · P (w|D) (7)

where Tσ
K̂,M

is the concept model built from the information
source σ belonging to a set S. This type of combination
is similar to the Mixture of Relevance Models previously
experimented by Diaz and Metzler [14]. The results pre-
sented in Table 3 in the row Comb are not surprising and
show support for the principles of polyrepresentation [20]
and intentional redundancy [21] which state that combin-
ing cognitively and structurally different representations of
the information needs and documents will increase the likeli-
hood of finding relevant documents. Even if the combination
does not improve the results over the single best performing
source of information, it always reaches the highest level of
significance with respect to the baselines. Despite their low
performance when used alone, “minor” sources of informa-
tion play an essential role to improve retrieval by modeling
unique and coherent latent concepts that fit to the whole
multiple concept model.

Finally, we explored the performance of this concept-based
retrieval approach by varying the λ parameter which con-
trols the trade-off between the latent concepts and the origi-
nal query. These performances are plotted in Figure 2, where
high values of λ mean a high influence of the original query
w.r.t the latent concepts. Unsurprisingly, best values of λ
tend to be high for information sources that achieve low
results, and low for information sources that achieve high
results. When setting λ = 0, only the combination of infor-

mation sources achieves better results than setting λ = 1 for
the Robust04 collection. More, taken separately, all the con-
cepts identified from these different sources are statistically
significantly less effective than the original query. The com-
bination of concepts modeled from heterogeneous sources is
thus a better representation of the underlying information
need than the original query. This results also confirm that
the concepts are very different from one information source
to another. However, they are not irrelevant and contribute
to an accurate and complete representation of the informa-
tion need.

4.5 Diversifying the result list
We just saw that different concepts learned from several

sources of information can be complementary and very het-
erogeneous. We evaluate in this section at which point
they can help retrieval diversity. Diversification is recent
challenge in information retrieval which aims at providing
the user with documents dealing with a broader range of
subtopics when she issues an ambiguous query. To tackle
this problem, the TREC Web track provides a major mean
of evaluation through its diversity task [11]. By modeling
concepts from various and broad sources of information, we
also wanted to improve that document diversity. We eval-
uate in this section the performance of the four single re-
sources as well as the full combination like in the previous
section. Considering the Robust04 test collection do not
have diversity-based relevance judgements we only perform
evaluation with the ClueWeb09 and use the same 150 topics
as before. We report results using the Web track’s official
“intent-aware” metrics [1, 11] in Table 5.

ERR-IA@20 α-nDCG@20

MRF 0.1717 0.2757
LCE 0.2046∗∗ 0.2821

NYT 0.1699 0.2557
GW 0.1723 0.2668
Wiki 0.1749 0.2603
Web 0.2172∗∗∗ 0.3003∗

Comb 0.2081∗∗∗rr 0.3088∗∗∗
r

Table 5: Diversity evaluation of Latent Concept
Modeling with respect to MRF and LCE (statistical
tests are the same as in Table 3).
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similar for modeling latent concepts of news-related search
queries, but very different when looking at their vocabu-
lary. The size of the Web resource plays a major role. Its
results are consistent on the Robust04 collection and are
statistically significant compared to the baselines. On the
other side, using Wikipedia, which is the only resource that
does not share its nature with a test collection, consistently
failed to improve document retrieval for both search tasks.
We thus assume that using Wikipedia for modeling latent
concepts could be useful when searching for encyclopedic
documents and we leave it for future work.
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is the concept model built from the information
source σ belonging to a set S. This type of combination
is similar to the Mixture of Relevance Models previously
experimented by Diaz and Metzler [14]. The results pre-
sented in Table 3 in the row Comb are not surprising and
show support for the principles of polyrepresentation [20]
and intentional redundancy [21] which state that combin-
ing cognitively and structurally different representations of
the information needs and documents will increase the likeli-
hood of finding relevant documents. Even if the combination
does not improve the results over the single best performing
source of information, it always reaches the highest level of
significance with respect to the baselines. Despite their low
performance when used alone, “minor” sources of informa-
tion play an essential role to improve retrieval by modeling
unique and coherent latent concepts that fit to the whole
multiple concept model.

Finally, we explored the performance of this concept-based
retrieval approach by varying the λ parameter which con-
trols the trade-off between the latent concepts and the origi-
nal query. These performances are plotted in Figure 2, where
high values of λ mean a high influence of the original query
w.r.t the latent concepts. Unsurprisingly, best values of λ
tend to be high for information sources that achieve low
results, and low for information sources that achieve high
results. When setting λ = 0, only the combination of infor-

mation sources achieves better results than setting λ = 1 for
the Robust04 collection. More, taken separately, all the con-
cepts identified from these different sources are statistically
significantly less effective than the original query. The com-
bination of concepts modeled from heterogeneous sources is
thus a better representation of the underlying information
need than the original query. This results also confirm that
the concepts are very different from one information source
to another. However, they are not irrelevant and contribute
to an accurate and complete representation of the informa-
tion need.

4.5 Diversifying the result list
We just saw that different concepts learned from several

sources of information can be complementary and very het-
erogeneous. We evaluate in this section at which point
they can help retrieval diversity. Diversification is recent
challenge in information retrieval which aims at providing
the user with documents dealing with a broader range of
subtopics when she issues an ambiguous query. To tackle
this problem, the TREC Web track provides a major mean
of evaluation through its diversity task [11]. By modeling
concepts from various and broad sources of information, we
also wanted to improve that document diversity. We eval-
uate in this section the performance of the four single re-
sources as well as the full combination like in the previous
section. Considering the Robust04 test collection do not
have diversity-based relevance judgements we only perform
evaluation with the ClueWeb09 and use the same 150 topics
as before. We report results using the Web track’s official
“intent-aware” metrics [1, 11] in Table 5.
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similar for modeling latent concepts of news-related search
queries, but very different when looking at their vocabu-
lary. The size of the Web resource plays a major role. Its
results are consistent on the Robust04 collection and are
statistically significant compared to the baselines. On the
other side, using Wikipedia, which is the only resource that
does not share its nature with a test collection, consistently
failed to improve document retrieval for both search tasks.
We thus assume that using Wikipedia for modeling latent
concepts could be useful when searching for encyclopedic
documents and we leave it for future work.
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experimented by Diaz and Metzler [14]. The results pre-
sented in Table 3 in the row Comb are not surprising and
show support for the principles of polyrepresentation [20]
and intentional redundancy [21] which state that combin-
ing cognitively and structurally different representations of
the information needs and documents will increase the likeli-
hood of finding relevant documents. Even if the combination
does not improve the results over the single best performing
source of information, it always reaches the highest level of
significance with respect to the baselines. Despite their low
performance when used alone, “minor” sources of informa-
tion play an essential role to improve retrieval by modeling
unique and coherent latent concepts that fit to the whole
multiple concept model.

Finally, we explored the performance of this concept-based
retrieval approach by varying the λ parameter which con-
trols the trade-off between the latent concepts and the origi-
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high values of λ mean a high influence of the original query
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the Robust04 collection. More, taken separately, all the con-
cepts identified from these different sources are statistically
significantly less effective than the original query. The com-
bination of concepts modeled from heterogeneous sources is
thus a better representation of the underlying information
need than the original query. This results also confirm that
the concepts are very different from one information source
to another. However, they are not irrelevant and contribute
to an accurate and complete representation of the informa-
tion need.
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erogeneous. We evaluate in this section at which point
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challenge in information retrieval which aims at providing
the user with documents dealing with a broader range of
subtopics when she issues an ambiguous query. To tackle
this problem, the TREC Web track provides a major mean
of evaluation through its diversity task [11]. By modeling
concepts from various and broad sources of information, we
also wanted to improve that document diversity. We eval-
uate in this section the performance of the four single re-
sources as well as the full combination like in the previous
section. Considering the Robust04 test collection do not
have diversity-based relevance judgements we only perform
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