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Abstract With the great popularity of social photos sharing
websites, a tremendous volume of digital images is hosted
together with their associated tags. Thus, extensive research
efforts have been dedicated to tag-based social image search
which enables users to formulate their queries using tags.
However, tag queries are often ambiguous and typically
short. Diversifying search results is a common solution in
the absence of further knowledge about the user’s intention.
Such approach aims to retrieve relevant images covering as
much of the diverse meanings the query may have. However,
not all queries are uniformly ambiguous and hence differ-
ent diversification strategies might be suggested. In such a
context, two new processes are jointly investigated at query
pre-processing and post-processing levels. On the one hand,
we propose a multi-view concept-based query expansion
process, using a predefined list of semantic concepts, which
aims to weight concepts from different views or contexts,
aggregate the obtained weights and select the most represen-
tative ones using a dynamic threshold. On the other hand,
we propose a new ranking process called “adaptive diverse
relevance ranking” which automatically predicts an effec-
tive trade-off between relevance scores and diversity scores
according to the query ambiguity level. Thorough exper-
iments using 12 ambiguous queries over the NUS-WIDE
dataset show the effectiveness of our approach versus classi-
cal uniform diversification approaches.
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1 Introduction

With the spread of Web 2.0, photo-sharing services are host-
ing a tremendous volume of digital images associated with
their users’ generated tags [21]. Just as an illustration, 4.5
million new photos are added per day on Flickr1, 136,000
million new photos and 510,000 posted comments are added
every day to Facebook2 and 40 million photos are posted
daily and 1,000 comments are added per second to the ser-
vice Instagram3. Given such figures, tag-based social image
retrieval is expected to be an intuitive way to perform search,
which presents two specific challenges:

– Tags mismatch: It occurs when tag query fails to appear
with the associated tags to images that are relevant to the
query due to the use of synonyms; or due to the incom-
plete semantic representations (e.g. not containing the
tag) [11].

– Tag ambiguity: It occurs when a query can be interpreted
in several ways other than user’s expectation [25].

In the literature, these two challenges have been well
studied separately. As far as the ’tags-mismatch’ prob-
lem is concerned, concept-based approach has been devel-
oped to overcome this problem by searching social images
based on concept matching rather than tag matching [4,17].

1 http://www.kullin.net/2012/01/instagram-now-growing-faster-than-
flickr/.
2 http://thesocialskinny.com/100-social-media-statistics-for-2012/.
3 http://instagram.com/press/.
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Indeed, queries and images are transformed from their low-
level tag features into semantic concepts as a standardized
representation.

As for the ’tag ambiguity’ problem, an effective approach
is to provide diverse results that cover multiple topics under-
lying a query. Diversity-based approaches can be categorised
as either explicit or implicit [20]. Explicit approaches seek
to promote images with maximum coverage of query aspects
as characteristic of the query itself, while implicit-based
approaches rely on characteristics of the retrieved images
to identify diverse images, under the assumption that similar
images will cover similar aspects.

In this paper, we attempt to cope with these two prob-
lems by taking advantage of the semantic concept-based
modelling and diversification approaches. In fact, we inves-
tigate the concept-based query expansion using weighted
semantic concepts that should overlap the maximum of query
aspects. To this end, we reformulate the tag query using a new
process called “Multi-view concept-based query expansion
(MVCQE)” that aims to weight semantic concepts from dif-
ferent views or contexts, aggregate the obtained weights and
select the most representative ones using a dynamic thresh-
old. Despite the fact that query expansion process guarantees
the detection of the query aspects, it is unable to ensure the
coverage of all query aspects in the first top-k results and to
avoid the problem of results redundancy.

To overcome these drawbacks, we need to control the
diversification in the ranking process by adding a query post-
processing process. To this end, we define a new re-ranking
process called “adaptive diverse relevance ranking (ADRR)”
that promotes diversity over relevant results using an adap-
tive diversification trade-off. The main intuition is that not all
queries are uniformly ambiguous. Thus, all queries cannot
be equally performed using the same diversification degree.
Therefore, we would require a retrieval process that does not
harm precision for slightly ambiguous queries while respect-
ing the topical diversity of highly ambiguous queries.

This paper is organized as follows: In Sect. 2, we provide
an overview of the existing orientations to deal with the ambi-
guity challenge. In Sect. 3, we describe the general archi-
tecture of the proposed “Adaptive tag-based social image
retrieval system” where we detail the “MVCQE” process and
the “adaptive diverse relevance ranking” process. In Sect. 4,
we give experimental setup and results before drawing our
main conclusions.

2 Related work

The query ambiguity problem (QAP) has long been recog-
nized as a hard issue in document retrieval. A common
method to handle this query ambiguity is to diversify results
by displaying a good variety of results covering different

meanings of the query [16]. Diversifying search results can
be stated as an NP-Hard optimization problem [19] where
the objective is to retrieve a ranking of documents R(q)
with the maximum relevance to a given query q and a mini-
mum redundancy ensuring its coverage of all possible aspects
underlying q.

The following discussion presents the existing works
related to diversifying search results over image retrieval.
Then, we detail the related approaches to diversification
trade-off optimization.

2.1 Overview of diversification approaches over images
retrieval systems

Through the literature, there has been extensive research on
how to diversify returned results to satisfy the different users.
The challenge is to find the best strategy to order top-k results
in such a way to maximize the number of satisfied users
relying on only one ranking list. Given an ambiguous query,
two strategies can be considered to diversify results [7]: a
pre-processing strategy and a post-processing strategy.

2.1.1 Pre-processing strategy

The query expansion process has been considered as an intu-
itive and promising way to diversify results by adding new
meaningful terms from knowledge resources [22]. Different
knowledge bases have been exploited for this query expan-
sion. For instance, in [1], authors proposed to expand the
query through an open-source knowledge such as WordNet
and ConceptNet based on synonyms and concepts. Myoupo
et al. [18] proposed to reformulate queries using Wikipedia
Knowledge by adding terms that are close to the query. Simi-
larly, Hoque et al. [8] explored Wikipedia resources to ensure
query expansion. Given an ambiguous query, they tried to
capture its various aspects, and for each aspect, a dynamic
number of terms pertaining to the query were discovered from
Wikipedia. Weinberger et al. [25] introduced a new tool to
disambiguate a tag query using a probabilistic framework. In
this work, ambiguity is detected when the same tag generates
two tags that occur in two divergent contexts.

2.1.2 Post-processing strategy

Various post-processing techniques have been proposed to
deal with the diversity challenge. These techniques can be
categorized as search results clustering (SRC) and search
results diversification (SRD). While SRC aims to gather sim-
ilar results in the same cluster, SRD considers the pair-wise
similarity inter-documents to iteratively select the document
that is not only relevant to the query but also dissimilar to the
previously selected documents.
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Search result clustering: SRC techniques have shown to be
effective to promote diversity ranking thanks to their dis-
criminative power [15,16,23]. For instance, in [16], authors
created a visually diverse ranking of the image search results
through clustering the images based on their visual character-
istics. However, such approach is inefficient for practical use
since on-line visual clustering is a highly time-consuming
process. As an alternative, textual clustering algorithms have
been applied such as in IGroup [23], an image search engine,
which presents the results in semantic clusters. In Google
Image Swirl [10], image search results are clustered into
groups and sub-groups, based on their visual and semantic
similarity, to reach results diversity.

Search result diversification: Most of existing SRD tech-
niques retrieve a set of documents based on only their rele-
vance scores, and then re-rank them to be diverse, based on a
greedy approximation [3]. For instance, Wang [26] proposed
a diverse relevance ranking (DRR) scheme for social image
search by estimating the relevance scores and the semantic
similarities of social images based on their tags. The rank-
ing list was generated by a greedy ordering algorithm which
optimizes average diverse precision. However, there are two
limits for this approach. First, the relevance scores closely
rely on semantic similarity obtained from tags which might
harm the search performance. Second, the diversity score
evaluated between images neglects the visual diversity.

2.2 Overview of optimizing diversification trade-off

Promoting diversifying search results leads to the dan-
ger of broadening the query too much and resulting in a
topic drift which significantly decreases precision. There-
fore, the trade-off between diversity and precision must
be studied to estimate how much diversification is ben-
eficial. Typically, this trade-off is uniformly optimized
by maximizing the average diversification performance on
a set of training queries. However, not all queries are
similarly ambiguous. Thus, different queries might ben-
efit from different trade-offs since any uniform choice
for all queries would be suboptimal. The key challenge
becomes how to automatically determine an appropri-
ate degree of diversification to promote for an unseen
query.

Although the diversification issue has been well investi-
gated in social image retrieval, tuning this trade-off has only
been studied recently by hoque et al. [8]. They proposed
to automatically estimate the trade-off based on the level
of ambiguity of the query itself. This trade-off denotes the
number of most related concepts within the query expansion
process based on the number of meanings of the query as
determined by Wikipedia. That is to say, a highly ambiguous
query requires a higher degree of diversification than a spec-

ified query. The main weakness of this approach consists in
using lexical resources such as Wikipedia to extract concepts
and their weights. Such knowledge resource may only extract
the lexical relatedness between the query tag and extracted
concepts and cannot reflect the visual relatedness between
them.

Motivated by the above observations, we will estimate
two diversification parameters, one to control diversity at the
query expansion level and another to control diversity at the
results re-ranking level. More precisely, we will define

– An adaptive threshold per-query by predicting the stan-
dard deviation of concept weights for a given query.
Indeed, for highly ambiguous queries, this standard devi-
ation should be low as the majority of concepts will be
representative of the query and will have similar weights,
while for somewhat ambiguous queries, concepts weights
will be dispersed, and thus, the standard deviation should
be high. With a low level of standard deviation, the thresh-
old should be high to avoid topic drift. In contrast, with
a high level of standard deviation, the threshold should
be low, since relevant concepts and irrelevant ones are
distinguishable.

– An adaptive search results diversification trade-off called
‘AmbIDC’ indicator that predicts the level of ambiguity
with respect to the number of captured query tag clusters
by requesting Flickr.getTagClusters web service. Here,
the semantic clusters identify the implicit definitions of
an ambiguous tag query based on the social intelligence,
resulting in an easy detection of its different contexts.
With a smaller value of AmbIDC, the search results
will remain more focused and specified. If we increase
AmbIDC, the search results will be more diversified.

3 Proposed adaptive tag-based social image
retrieval process

Given a set of N predefined concepts, we model a query q
and each image in the collection by a vector containing con-
cepts weights. Indeed, we present the query q by a semantic
vector {cq

1 , cq
2 , . . . , cq

N } where cq
k defines the relevance score

of concept k to the query q. For an image xi , we denote,
by {ci

1, ci
2, . . . , ci

N } the semantic vector containing concepts
weights using our annotation approach described in [12] and
[14], and we denote, by {vi

1, v
i
2, . . . , v

i
M } the visual vector

Vi containing M visual feature values. We denote, also, by
Dq = {xq

1 , xq
2 , . . . , xq

|Dq |} the set of images that are associ-
ated with the set of query concepts Cq . This collection, which
is a part of the large set D = {x1, x2, . . . , x|D|} is obtained
by the inverted file generation [5].
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Fig. 1 Proposed adaptive tag-based retrieval process scheme

The proposed system is illustrated in Fig. 1. It consists
of two modules: off-line module and on-line module. In the
off-line module, we extract the visual and the semantic repre-
sentation of all images in the collection. Moreover, we build
two context graphs: visual context graph and semantic con-
text graph, which will be detailed later on. In addition, we
construct the inverted file to minimize the search space. In
the on-line module, we analyse the query by applying the
multi-view query expansion process. Then, we select a set
of images corresponding to selected concepts by MVCQE
process. After that, we perform query-images matching to
estimate the relevance score of each image. These images
will be ordered by relevance. Finally, we perform an Adap-
tive diverse relevance re-ranking process to get relevant and
diverse results.

3.1 MVCQE

The proposed MVQCE process is illustrated in Fig. 2.
Our aim is to transform the tag query q to a vector
{cq

1 , cq
2 , . . . , cq

N } defining the relevance score of each con-
cept to the query q [13]. Concepts having the highest scores
should cover as many of the diverse meanings the query may
have. To this end, a step of tag disambiguation is, first, per-
formed, consisting in capturing the different contexts related
to this query. Each context defines a view of the query, charac-
terizing a set of related aspects to this view. These contexts
are harvested using the “flickr.tags.getClusters” service of
Flickr. This service provides the related semantic clusters for
a given tag. As the illustration in Fig. 3, the query ’Apple’ has
four semantic clusters: mac, fruit, ipod and newyork. These
clusters are obtained by performing a clustering algorithm of
all the related tags to the tag in question.

After tag disambiguation, each query is expanded by its
related contexts. For example, the query “Apple” becomes
“Apple,mac, fruit, ipod , newyork”. Next, concept-based

Fig. 2 Proposed multi-view concept-based query expansion process
scheme

Fig. 3 Flickr-based tag disambiguation

query expansion is performed for each view by mapping each
term over the semantic space. By doing so, each view is rep-
resented by a linear combination of weighted concepts. After
that, we aggregate the obtained combinations by selecting the
maximum value of each concept over the different represen-
tations to build the multi-view expanded query vector.

The final step is concept selection where the objective is
to choose an optimal subset of weighted concepts from the
available set that are able to capture the majority of query
aspects and avoid topic drift risk. A challenging question is
where to stop selecting concepts from a ranked list of concept
weights? In other words, how can one select such a rank
threshold given a ranked list [2]?

In order to select concepts, such ranking can be thresh-
olded at an arbitrary rank or score. This threshold improves
the diversification performance of the retrieval process as it
can also be considered as a diversification parameter: too tight
a threshold would extract only the common senses of tag-
query, while too loose a threshold would produce too query
broadening resulting in a topic drift problem. Typically, this
threshold is uniformly optimised so as to maximize the pre-
cision performance on a set of training queries. So, a fixed
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Fig. 4 Concept weight
distribution for different queries

threshold is estimated for all queries. Figure 4 shows the
distribution of concept weights for different queries. From
this figure, it is clear that different queries have a different
degree of dispersion among the weights. So, any uniform
choice of the threshold for all queries would be suboptimal.
A main factor determining the optimal threshold consists in
weights distribution. Since this factor is query dependent,
the threshold should be selected dynamically per query. To
achieve this objective, we develop a new method defining
an optimal trade-off score τ , per query, using concept scores
and their distribution as input. Indeed, we opt for threshold
optimization per-query by focusing on the dispersion degree
among the scores. The threshold will be estimated using the
following formula:

τ =
{ 1

N ∗ ∑N
i=1 cq

i if σ ≥ ε

1
N ∗ ∑N

i=1 cq
i + σ else

where ε ∈ [0, 1] is a heuristic parameter, cq
i is the weight of

concept i, σ is the standard deviation of concepts weights and
N is the number of concepts. For a given query vector, if the
dispersion value among the concept scores is high, relevant
concepts can be distinguishable from irrelevant ones. So, we
estimate the threshold as the average of all scores. In contrast,
relevant concepts and irrelevant ones are indistinct. In such
a case, we add the value of standard deviation to the average
to estimate the threshold.

3.2 Query-image matching

Several measures are employed to evaluate the similarity
between the user request and a given image. In [6] , exper-
imental studies have argued that cosine similarity performs
the best for our context. Given two semantic vectors corre-
sponding to the query q and a given image xi , the semantic
similarity between them is defined using the cosine similarity
measure as follows:

Ss(q, xi ) =
∑N

t=1 cq
t ∗ ci

t√∑N
t=1 cq2

t ∗
√∑N

t=1 ci2

t

(1)

This semantic similarity is computed between the vector of
weighted concepts for the query and each vector of weighted
concepts for all images that belong to the sub-collection Dq

relative to this query. Images are, finally, ranked according
to associated relevance values.

3.3 Results re-ranking

In this section, we give a detailed description of the pro-
posed re-ranking process called Adaptive diverse relevance
reranking.

3.3.1 Relevance score estimation

A large proportion of the initial retrieved results may not be
related to the query causing noisy results. To surmount such
a problem, we apply a relevance re-ranking model using ran-
dom walk with restart process [5] by exploring contextual
correlation inter-images, assuming that visually and semanti-
cally similar images to top ranked images should be upward.
For this purpose, we define a similarity measure between
images xi and x j , called hybrid similarity, by fusing both
their semantic and visual similarities, as follows:

Sh(xi , x j ) = max(Ss(xi , x j ), Sv(xi , x j )) (2)

Ss referring to semantic similarity is also estimated using
cosine measure. The visual similarity Sv is calculated based
on the Gaussian kernel function with a radius parameter σ as
follows:

Sv(xi , x j ) = exp

(
−‖Vi − Vj‖2

σ 2

)
, (3)

where Vi and Vj are, respectively, the weighted bag of visual
features of images xi and x j . The value of the parameter σ

is empirically computed as the average of all the pair-wise
Euclidean distances between images. We denote by W the
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context matrix whose element Wi j indicates the hybrid sim-
ilarity between images xi and x j . Elements on the diagonal
of W are null.

Implementing the random walk with restart process
(RWS) needs two important inputs: the importance of nodes
which are the relevance scores of images and the probabil-
ity transition matrix W̃ which is the normalized matrix of W
using the normalized Lapalician graph, as follows:

W̃ = D−1/2 ∗ W ∗ D−1/2, (4)

where

Dii =
|D|∑
j=1

W̃i j (5)

W̃i j indicates the probability of the transition from node i to
node j. We denote by rk(xi ) the relevance score of image xi

with respect to the set of query concepts Cq at iteration k.
The process of RWS is formulated as follows:

rk( j) = c ∗
N∑
i

rk−1(i) ∗ W̃i j + (1 − c) ∗ r0( j), (6)

where c ∈ [0, 1] is a weight parameter to be determined. The
initial value of the relevance score vector r0 is v containing
the initial relevance scores of the images. In the process of
re-ranking, random walk proceeds until convergence.

3.3.2 Diversity score estimation

Intuitively, a convincing diversity score estimation should
contain both a semantic diversity and visual one. First, we
define the semantic diversity score of the image xi as follows:

Ds(xi ) = 1

rank(xi ) + 1
∗

∑
x j >xi

(1 − Ss(xi , x j )) (7)

In fact, we consider that semantically diverse results should
include at least one representative image from each query
subtopic. If an image is, on average, semantically dissimilar
to the other images ranked higher, it will have an important
diversity score.

Second, to define the visual diversity score of an image,
we search its minimal difference with the images appearing
before it for a given query. To be diverse, an image must be
visually different from all the images ranked before it.

Dv(xi ) = 1 − max
rank(x j )<rank(xi )

(Sv(xi , x j )) (8)

These two proposed measures are the ones we adopt in our
system, but it is worth mentioning that we can also adopt
other diversity score measures.

Finally, to balance between the visual and semantic diver-
sity values, we use a trade-off parameter λ as follows:

Df (xi ) = λ ∗ Ds(xi ) + (1 − λ) ∗ Dv(xi ) (9)

3.3.3 Balancing diversity and relevance scores

Studying the trade-off between diversity and precision is
strongly required to estimate how much diversification is ben-
eficial. In such a context, our contribution is to fuse relevance-
based ranking and diversity-based ranking for each query
unevenly according to the level of query ambiguity. To this
end, we suggest the AmbIDC indicator that quantifies this
level. Thus, the final ranking rdr (xi ) of a retrieved image xi

is generated by the following formula:

rdr (xi )=(1 − AmbIDC) ∗ r(xi )+AmbIDC ∗ d f (xi ) (10)

Our aim is, then, to fulfil the diversification objective by set-
ting AmbIDC high enough to capture the broad range of
query aspects, but not so high as to have a significant adverse
affect on precision. To achieve this objective, the quantifi-
cation of ambiguity level is estimated proportionally to the
number of obtained clusters related to the corresponding
query. These clusters are captured, as a social tag disam-
biguation process, using Flickr.tag.GetClusters service. The
greater the number of clusters is, the more the tag is ambigu-
ous, the more is the need to diversify results. Therefore, The
AmbIDC indicator is estimated using the following formula:

AmbIDC(t) = 1 −
(

1

|clusters(t)|
)

(11)

where t is an ambiguous query tag, |clusters(t)| defines the
number of clusters deduced by the Flickr service.

4 Experiments and results

4.1 Experimental setup

To validate our proposed retrieval process, we conduct exper-
iments on the challenging real-word NUS-WIDE dataset. It
is one of the largest social media datasets which contains
269,648 Flickr images accompanied by their associated tags
and their visual features (500 Bag of visual words). Each
image is also indexed by 81 concepts. All the images are
employed as the database images for retrieval, and all the 81
concepts are used for query processing. In addition, we select
a set of 12 common ambiguous tag-queries, including Apple,
Jaguar, Dove, Pear, Jordan, Eagle. . . For performance evalu-
ation, we use average diverse precision (ADP) [21], Subtopic
Recall at rank n (S-Rec@n) and Diversity at rank n (Div@n).
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– Subtopic Recall at rank n (S-Rec@n): Consider a query
Q with h subtopics {S1 . . . Sh} and a ranking {d1 . . . dm}
of m documents. Let subtopicsDi be the set of subtopics
to which di is relevant. the Subtopic recall at rank n,
denoted S-Rec@n, is defined as the number of subtopics
retrieved up to a given rank n divided by the total number
of subtopics:

S − Rec@n = |subtopics(di |
h

(12)

– Diversity at rank n (Div@n):
To describe the diversity of ranking, we use the Diversity
at rank n (Div@n) defined as

Div@n = |subtopics(di |
Nreln

, (13)

where Nreln is the number of relevant images in top n
results.

Before performing evaluation, we should define our approach
parameter values. On the one hand, the parameter c is a damp-
ing factor that ensures the convergence of the random walk
process. c fluctuates between 0 and 1. we test different val-
ues of c in this interval and we choose empirically c = 0.8. On
the other hand, the parameter which defines the convergence
criteria in the random walk process is fixed empirically as
0.00001.

4.2 Study of MVCQE effectiveness

We study the effectiveness of MVCQE process by responding
to the following questions:

– To which extent does social knowledge improve the
detection of context performance underlying an ambigu-
ous query?

– What is the impact of using Multi-view on diversifying
results?

– What is the impact of using adaptive threshold in
MVCQE?

– What is the impact of knowledge resource selection in
adaptive threshold in MVCQE?

4.2.1 What is the impact of using multi-view on diversifying
results?

In this experiment, we compare our proposed MVCQE
approach with the baseline concept-based query expan-
sion(CQE) [24] and tag-based query expansion (TQE) [9].

Fig. 5 Different interpretations for query “Tiger”

In TQE, tag query is expanded by its top-k related tags from
Flickr that frequently co-occur with the original query.

In Fig. 5 below, we illustrate the obtained tag query refor-
mulations for the query ‘Tiger’ using the aforementioned
approaches. Top-15 related concepts and tags are extracted.
For TQE, the coverage of query aspects is low as all the
selected tags are related to one context for the query ‘Tiger’.
CQE outperforms TQE by capturing more aspects and con-
texts than TQE. This improvement is due to the ability of
the predefined list of semantic concepts to cover the com-
prehensive human world knowledge. However, we note that
top-5 selected concepts belong to the same context result-
ing in a lack of capturing all related contexts of a tag query
(such as Tiger Oerating System). MVCQE performs the best
by detecting more diverse aspects in the top-5 selected con-
cepts than in TQE and CQE when including “computer” in
its top selection. The success of our approach MVCQE is
due to the diversification of top-k selected concepts yield-
ing diverse query aspects and diverse search results. In fact,
the multi-view concept weighting with respect to different
contexts is responsible for this diversification.

4.2.2 What is the impact of using adaptive threshold
in MVCQE?

In this experiment,we investigate two types of thresholding:
static and adaptive. In the static thresholding, the same fixed
pre-selected rank threshold τ is applied to all queries. We
test different scores of τ at 0.2, 0.3 and 0.4. In the dynamic
thresholding, we estimate the optimal threshold score for
each query with respect to the dispersion degree among the
concept weights as described above. We obtain the following
results in Figs. 6 and 7.
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Fig. 6 Obtained results for queries ‘Tiger’ and ‘Pear’ using different threshold values

Fig. 7 Optimal thresholds for different queries with respect to
dispersion degree among concept weights

It can be seen from these figures that defining a uni-
fied threshold score for all queries would be suboptimal,
which proves the need for a dynamic thresholding. Actually,
the static threshold hurts the retrieval precision and leads
to topic drift risk in case of low value of the threshold or
under-estimation of the query in case of a high value of the
threshold.

4.2.3 What is the impact of knowledge resource selection
on adaptive threshold in MVCQE?

In this experiment, we study the impact of knowledge
resource choice in the threshold estimation. For this purpose,
we compare Flickr and Wikipedia resources. Indeed, we esti-
mate the correlation between concepts and query using Flickr
Context Similarity measure (FCS) over Flickr resources and
DiscoDistance over Wikipedia resources. Figures 8 and 9
illustrate the results:

From Figs. 8 and 9, we notice that weights of concepts for
queries ‘tiger’ and ‘jaguar’ are more dispersed than those for
queries ‘apple’ and ‘pear’. Thus, we deduce that the disper-
sion of concept weights can be the main factor to determine
the optimal threshold. In addition, we note that the interval
of weight repartition differs when changing the knowledge
resource. Thus, the mean of all concept weights for each
query can be also a factor to determine the desired threshold.
These deductions prove, heuristically, the efficiency of our
proposed threshold formula.

4.3 Study of ADRR effectiveness

4.3.1 Trade-off between visual diversity and semantic
diversity evaluation

In this experiment, we aim to study the sensitivity of our
ranking process with respect to the parameter λ. This para-
meter is a trade-off between visual diversity and semantic
one. We vary λ for two ambiguous queries and measure the
coverage capability of all query aspects in the top-n results
using S-Rec@n. Four values of λ are tested as illustrated in
Fig. 10:

– λ = 0 : corresponds to semantic diversity (SemanticDiv)
– λ = 1 : corresponds to visual diversity (VisualDiv)
– λ = 0.3 : corresponds to giving more importance to the

semantic diversity than the visual diversity (0.3V + 0.7S)
– λ = 0.7 :corresponds to giving more importance to the

visual diversity than the semantic diversity (0.3S + 0.7V).

The obtained results show that the optimal value of λ is 0.7.
This reveals that the semantic diversity and the visual diver-
sity are unequally harmonized, which confirms the influence
of each modality on diversity ranking.

4.3.2 The trade-off between diversity and relevance

In this experiment, we aim to study, mainly, whether apply-
ing an adaptive trade-off for queries having different levels
of ambiguity improves performance. To investigate this, we
compare our approach with different existing approaches:

– relevance-based ranking [26] (RR)
– Diverse Relevance ranking [26] (DRR)
– Adaptive Diverse Relevance Ranking(ADRR)
– Flickr (relevance).

The comparison of ADP measurements between these dif-
ferent approaches is shown in Fig. 12. From this figure, the
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Fig. 8 Weights of concept estimation over Flickr resources

Fig. 9 Weights of concept estimation over Wikipedia resources

Fig. 10 Evolution curve of S-Rec@n with different values of λ for query “Pear” and “jaguar”

conclusion that can be drawn is that the proposed ranking
scheme using relevance and diversity criteria outperforms
those using only relevance criteria. Furthermore, the exper-
imental results indicate that the performance of our ranking
process using ambiguity indicator is superior to that using
a fixed ambiguity indicator. In order to better evaluate our
approach, we select two queries with different levels of ambi-

guity and we look for the best diversity tuning parameter
value for each one to balance diversity and relevance scores;
then, we compare it with our AmbIDC indicator value asso-
ciated to each query. The obtained results are illustrated in
Fig. 11. For a highly ambiguous query such as ‘Jaguar’, we
find that the best value of Div@n is at 0.75 which corresponds
to the value of AmbIDC. In contrast, for a low ambiguous
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Fig. 11 Evolution curve of
Div@n with different values of
diversity tuning parameter for
high-level ambiguous queries
‘Jaguar’(AmbIDC = 0.75) and
‘dove’(AmbIDC = 0.5)

Fig. 12 ADP measurements of 12 queries for different approaches:
“RR”, “DRR”, “ADRR”, “Flickr (relevance)”

query such as ‘Dove’, we find that the best value of Div@n
is at 0.5 which is the value of AmbIDC. As a conclusion, we
can confirm the effectiveness of our approach by automati-
cally balancing diversity and relevance ranking according to
the level of ambiguity for a given query.

4.4 Study of the overall retrieval process

In this experiment, we study the impact of fusing “MVCQE”
and “ADRR” processes in the retrieval system. The following
figure shows the ADP values of different ranking schemes:
“MVCQE”, “ADRR”, “MVCQE+ADRR”.

As expected, “MVCQE+ADRR” fusion outperforms
“MVCQE” and “ADRR”. In fact, “MVCQE+ADRR” fusion
controls the diversity at two levels: pre-processing and post-
processing (Fig. 13).

4.5 Conclusion

In this paper, we have presented an approach to diversify rele-
vant search results for ambiguous queries in tag-based social
image retrieval. As not all queries are equally ambiguous and
different strategies should be suggested, our approach has the
criteria to adapt with the level of ambiguity to control how
much we need to diversify relevant results.

Fig. 13 ADP measurements of 12 queries for different ranking
schemes: “MVCQE”, “ADRR”, “MVCQE + ADRR”

Since existing social image retrieval systems suffer from a
tag mismatch problem, top-k results are noisy. Since success-
ful diversity requires relevant results, our first concern was to
ensure relevance criteria. Thus, we have adapted the repre-
sentation of semantic concepts to avoid tag-mismatch prob-
lem by providing a standardized representation for images
and queries using vectors of concepts weights.

The key advantage of our approach is its ability to make
effective use of the semantic concepts representation not only
to ensure relevance but also to diversify results. In fact, the
experiments have demonstrated that concept representation
can guarantee the complete coverage of all query aspects.
Indeed, the set of concept used can provide a wide coverage
of human knowledge. We demonstrated also that in order to
ensure diversity for ambiguous queries, we need to jointly
apply the query expansion and the search result diversifica-
tion processes. In addition, we have investigated the need
to control the diversity per query. So, we have proposed an
adaptive trade-off that balances the relevance and diversity
scores with respect to the level of query ambiguity.

Our future work will involve studying a further refine-
ment of the proposed system. More specifically, we are inter-
ested in enhancing our MVCQE approach by applying the
Maximal Marginal Relevance algorithm in the aggregated
concepts. By doing this, we attempt to further promote diver-
sity. The rationale behind this idea is that the top selected
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concepts are semantically redundant. Moreover, we are inter-
ested in testing our system over large-scale social media
resources. In this case, we will need to adapt our system
to a hyper-graph representation to further diversify results.
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