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Abstract While dealing with multi-modal data such
as pairs of images and text, though individual samples
may demonstrate inherent heterogeneity in their con-
tent, they are usually coupled with each other based
on some higher-level concepts such as their categories.
This shared information can be useful in measuring se-
mantics of samples across modalities in a relative man-
ner. In this paper, we investigate the problem of ana-
lyzing the degree of specificity in the semantic content
of a sample in one modality with respect to semanti-
cally similar samples in another modality. Samples that
have high similarity with semantically similar samples
from another modality are considered to be specific,
while others are considered to be relatively ambiguous.
To model this property, we propose a novel notion of
“cross-specificity”. We present two mechanisms to mea-
sure cross-specificity: one based on human judgment
and other based on an automated approach. We analyze
different aspects of cross-specificity, and demonstrate
its utility in cross-modal retrieval task. Experiments
show that though conceptually simple, it can benefit
several existing cross-modal retrieval techniques, and
provides significant boost in their performance.

Keywords Cross-media analysis - Semantic match-
ing - Cross-modal retrieval

1 Introduction

As a result of an ever growing multimedia content, an
increasing number of real-world applications now deal
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with multiple modalities. These include multi-modal
classification [7l[I3], multi-modal retrieval [4], multi-
modal clustering [5], cross-modal retrieval [1218[I7.[6]
16L23], etc. One of the challenges while dealing with
multiple modalities is that of the inherent heterogene-
ity among samples within a modality as well as across
different modalities. This can be partly addressed by
grouping samples based on some higher-level concepts
such as their categories [6,[16]. The category of a sample
plays a central role in expressing its underlying seman-
tics. Moreover, if two modalities are known to share
a common set of categories, this can be useful in mod-
elling their mutual semantics with respect to each other.

In this paper, we make an attempt towards lever-
aging this shared information to model cross-modal se-
mantics of a sample. For this, we introduce the notion
of cross-specificity. Given collections of samples from
two different modalities that share a common set of se-
mantic categories, cross-specificity measures how well
a sample in one modality portrays its (categorical) se-
mantics relative to samples that belong to the same
category in another modality. A sample with high cross-
specificity score is considered to be specific with respect
to its semantically similar samples in another modality,
while that with low score is considered to be compara-
tively ambiguous. Modelling this association can benefit
a variety of applications that involve multiple modal-
ities. As we will show later, one such example is the
well-known cross-modal retrieval task, where given a
query in one modality, the goal is to retrieve semanti-
cally relevant samples from another modality. In this
task, if a sample is found to be ambiguous in depicting
its underlying semantic category with respect to sam-
ples in another modality (i.e., has low cross-specificity),
an explicit boosting mechanism can be used to enhance
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its predictability. However, if a sample is specific, we
may not require such boosting.

Given a sample from a particular category (or class)
in one modality, we measure its cross-specificity score
using two mechanisms: one based on human judgement
of its similarity with samples that belong to the same
class in another modality, and the other using an au-
tomatic similarity measure. We then demonstrate how
cross-specificity can benefit cross-modal retrieval task.
Experiments show that though simple, it provides con-
sistent improvements in several cross-modal retrieval
techniques. Additionally, we also analyze different as-
pects of cross-specificity such as correlation between
human and automated cross-specificity measurements,
influence of the size of training data, etc.

2 Related work

Given the increasing amount of data in the form of mul-
tiple modalities, there has been considerable interest to
leverage it to learn richer models for various applica-
tions, rather than relying upon individual modalities
independently. This has been found to be particularly
useful in modelling visual data, where additional cues
in the form of textual tags, captions, GPS coordinates,
etc. can provide great amount of semantically valuable
information. Examples are work on multi-modal and
cross-modal modelling, and understanding image prop-
erties. Here we briefly discuss some of the research in
these areas in the given context.

Multi-modal and Cross-modal modelling: Several
papers study multiple modalities to address a particu-
lar task. Guillaumin et al. [7] and Li et al. [I3] use
tags as additional features for learning image classifi-
cation models. McAuley and Leskovec [I4] model pair-
wise relations between images using relational meta-
data in the form of social connections. In cross-modal
analysis, one needs to learn a function that can mea-
sure the degree of similarity between a pair of samples
from diverse modalities. Several of these approaches
try to learn a common subspace for matchings sam-
ples from two modalities [Sl[GLI6,18]. In [§], canonical
correlation analysis (CCA) is used for learning a com-
mon embedding space using paired samples from two
modalities. In [I7], samples are represented using lo-
gistic regressors learned from data semantics, thus al-
lowing direct matching between cross-modal samples.
In [23], the problem of cross-modal retrieval is posed
in a Structural SVM framework, and is shown to be
applicable for both homogeneous as well as heteroge-
neous representations of cross-modal samples. Recent
methods such as [I2)6l[16] additionally make use of cat-

egorical /semantic information, which helps in learning
discriminative cross-modal matching functions. Lately,
some approaches based on deep neural networks [201[1]
22] have also been proposed for learning associations
between images and text.

It is worth noting that while most of these papers
focus on matching a pair of samples from two modalities
based on some cross-modal matching function, our main
contribution is to propose a novel property of samples in
cross-modal data — cross-specificity — that captures the
degree of specificity in the content of a sample in one
modality relative to its semantically similar samples in
another modality. As our second contribution, we also
demonstrate how it can benefit existing cross-modal re-
trieval approaches.

Image properties: There have also been several
attempts to study image properties such as object
saliency [9[11], likelihood of a certain object being men-
tioned in its description [2L21], and variance in human
perception in perceiving and describing an image [10].
Unlike these, our focus is on estimating properties of a
sample based on its semantically similar samples from
another modality.

The idea of cross-specificity is closely related to the
work of Jas and Parikh [I0]. They introduced the no-
tion of “image-specificity” that estimates the degree of
specificity in the visual content of an image based on
pair-wise similarity among all the captions describing
that image. We also aim at estimating the specificity in
the content of a sample, however we do this in a relative
manner based on similarity among samples across dif-
ferent modalities that share common semantics. More-
over, unlike [I0], we do not assume any particular
modality, that makes cross-specificity a more general
concept. We will conceptually compare cross-specificity
and image-specificity in more detail in Sec. 3.2

3 Cross-Specificity

Here, first we describe two ways to measure cross-
specificity, and then present a conceptual contrasting
with image-specificity [10].

3.1 Measuring Cross-Specificity

Let Sx and Sy be sets of samples from two modalities
(e.g., images and text). We are also given a set of classes
C such that each sample in both the modalities is asso-
ciated with a class ¢ € C. We define the cross-specificity
of a sample from a particular class as its average pair-
wise similarity with all the samples from the same class
in the other modality. E.g., let z € Sx be a sample from
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class ¢, and Y, C Sy be the subset of all the samples
that belong to the same class in the other modality. To
compute cross-specificity of x, we compute its pairwise
similarity with all the samples y € Y, and average the
scores. The similarity between x and y can either be
graded by humans or computed automatically.

8.1.1 Human Cross-Specificity Measurement

For this, N different human subjects are asked to rate
the similarity between a pair of samples z and y € Y,
on a likert scale of 1 (very dissimilar) to 10 (very sim-
ilar). In our study, subjects were not informed that
the two samples belonged to the same semantic cate-
gory, which ensured that they rated the similarity solely
based on their perceived content. These scores are then
normalized to lie in [0, 1].

Let simj, . (x,y) denote similarity between x and
y € Y. as perceived by the n-th subject, and spechum ()
be the cross-specificity score for x. Then we get

y€eY, n=1

sp 6Chum

8.1.2 Automated Cross-Specificity Measurement

To measure cross-specificity automatically, we would re-
quire an automatic criterion to compute similarity be-
tween a pair of samples from distinct modalities. We
pose this as a cross-modal matching task [8l[17L[6l16],
23]. Given sets of samples from two different modalities,
cross-modal matching approaches model a function F
that can measure the degree of similarity between a pair
of samples from diverse modalities.

Let us assume we are given a function F defined and
learned using some cross-modal matching technique
such as [QI7L6L16.23]. Based on this, let simauto(,y)
denote the similarity score between z and y € Y, com-
puted using F, normalized to lie between 0 and 1.
The automated cross-specificity score specauto(z) for @
is then obtained by averaging these similarity scores
across all (z,y) pairs. That is,

Specauto 33

|Y| Z $iMauto(Z, Y) (2)

YyeY,

Analogous to Eq. and 2] we can compute
Spechuman(y) and specauto(y) for some y € Sy. Note
that both spechum(-) as well as specauto(+) lie in [0, 1].

Figure [I] shows example images from the PASCAL-
50S dataset [10] along with their human-annotated and
automatically computed cross-specificity scores. We can
observe that though each of these images contains the

corresponding ground-truth category object, the cross-
specificity scores using both the measures reduce as
the perceptibility of the ground-truth category becomes
ambiguous. E.g., in the third and fourth images, their
categories “bicycle” (present in between the two per-
sons) and “potted-plant” (placed on a platform in the
background) respectively are perceptually small and
ambiguou

3.2 Comparison with Image-Specificity

As discussed in Sec. the concept of image-
specificity [10] allows us to measure the degree of speci-
ficity in the content of an image, that relies on linguis-
tic pair-wise similarity among multiple captions of that
image (i.e., text-to-text matching). The aim of cross-
specificity is also to estimate the degree of specificity in
the content of a sample (that can be from any modal-
ity). However, here this is measured based on the se-
mantic category of that sample, and is defined in terms
of its similarity with samples from another modality
(i.e., cross-modal matching) that belong to the same
category. More importantly, unlike in image-specificity,
cross-specificity does not require explicit coupling (or
one-to-one correspondence) among cross-modal sam-
ples. Below we list some of the critical distinctions be-
tween these two concept&ﬂ

— To compute image-specificity, we require each image
to be associated with multiple (at least two) cap-
tions. However, this can be too much to expect from
the real-world data. In contrary, cross-specificity re-
quires just a single category label associated with
a given sample. This requirement is independent of
the particular modality under consideration, and is
much more relaxed and practically feasible than the
former. E.g., photos on websites such as Flickr, Pi-
casa and Instagram that are tagged with a category
are much more than those with multiple captions.

— The way image-specificity is defined makes it re-
stricted to a single data point (that consists of an
image and all its captions), and thus disconnected
from the rest of the data points. On the other
hand, cross-specificity of a sample relies on several
other cross-modal samples that belong to the same
cateogry. Since a category is not bound to a single

I During our analysis, we found that the similarity scores
assigned by humans were quite sensitive to subjective as-
pects such as perceptibility and presence of multiple objects,
which led to relatively less scores for human-computed cross-
specificity compared to automated cross-specificity.

2 The reader is suggested to refer Sec. 3.1 of [10] to get
further details on the notion of image-specificity, and to better
appreciate its distinctions with the proposed cross-specificity.
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Human = 0.500
Automatic = 0.809
Category = “sheep”

Human = 0.369
Automatic = 0.690
Category = “bicycle”

Category = “bicycle”

Human = 0.205
Automatic = 0.630

Human = 0.103
Automatic = 0.590
Category = “potted-plant”

;3 =

Fig. 1 Example images with high to low human-annotated and automatically computed cross-specificity scores, along with
their ground-truth category. Note that from left to right, the category becomes more and more ambiguous, and hence cross-

specificity scores (both human and automatic) also reduce.

sample, cross-specificity is expected to encode data
abstraction much better than image-specificity.

— As shown in [I0], the application of image-specificity
is limited to the task of textual (caption) query
based image retrieval. Whereas, the notion of cross-
specificity is generic, i.e., it does not make any as-
sumption on particular modality, and can benefit
cross-modal retrieval between any two modalities,
as discussed next.

4 Application of Cross-Specificity: Cross-Modal
Retrieval

Let T¥ € Sx and Ty C Sy denote the collections
of training samples, and 7¢ C Sx and 7y C Sy be
the collections samples in the retrieval set, such that
TiNTE = Ty NT¥ = . The training samples are
used to learn a cross-modal matching function using
some cross-modal learning technique such as [8l[17.[6,
[16123]. During evaluation, the samples in the retrieval
sets are matched using the learned function, considering
one modality as a query set. In cross-modal retrieval,
given a query ¢ from the retrieval set of one modality
(say T%), the goal is to rank the samples from another
modality (7y) based on their relevance with the query,
such that the samples with more relevance should be
ranked higher and vice-versa. Without loss of general-
ity, from now onwards we assume the query g € 7¢ (the
query set), and retrieval is performed over samples in
Ty during the testing phase.

4.1 Baseline Approach

Here, we learn a cross-modal matching function using
a baseline cross-modal learning approach [8[17.[6.16,
23] (will be discussed in detail in Sec. . Using the
learned function, we compute similarity simauto(q,y)

between ¢ and y € Ty that denotes the baseline rele-

y .
vance rely, ... between ¢ and y:

relgasclinc = SimEUtO(Qa y) (3)

Finally, all the samples in 7y are ranked (sorted) in
descending order of this relevance score.

4.2 Proposed Approach

In the proposed approach, we additionally take into
consideration the cross-specificity of a sample rather
than ranking based on just the similarity with the
query. The rationale is if the underlying (unknown) se-
mantic category of the query is the same as that of
the (known) semantic category of a sample in the re-
trieval set, then that sample is semantically relevant
to the query and hence should be ranked higher, and
vice-versa. To do so, rather than sorting just based
on $iMauto(q,y) as done in the baseline approach, we
model P(match|simauto (g, y)) which captures the prob-
ability that the query matches a sample. To this end, we
model this probability using Logistic Regression (LR):

rel? = P(mat(?h|37;mauto(qa y))

cross-spec
. —1
= (]. —+ exp(fﬂg - ,B%Slmauto(qa y))) (4)

This model is trained for each sample in the retrieval
set Ty. Assume a sample y € 7y that belongs to class
¢, and let X7 C Ty be the subset of samples in the
training set that are from the same class. For y, posi-
tive examples are the similarity scores between y and all
r € X/, and negative examples are the similarity scores
between y and some random |X7| number of samples
from 7y \ X! (i.e., the training samples that do not
belong to class ¢). Using these positive and negative
examples, the LR model y is trained. In real-world ap-
plications, since the retrieval is usually performed on
a fixed and known set, this makes learning LRs a one-
time process and thus can be done off-line.
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Fig. 2 Correlation between human cross-specificity and automatic cross-specificity computed using different methods for 12T
and T2I on the PASCAL-50S dataset. On top of each distribution we show the Spearman’s rank correlation score.

The parameters of the LR model (8§ and ) in-
herently capture the cross-specificity of each sample y.
This is because for a sample, LR tries to boost its rele-
vance with samples from the same class and suppress it
for others. Once we train a separate LR model for each
y € T, it is used to compute P(match|simayio(q,y))
for that sample. Finally, all the samples are sorted based
on the probability outputs of the LR models.

5 Experiments

Now we analyze different aspects of cross-specificity,
and evaluate the proposed cross-specificity based cross-
modal retrieval approach.

5.1 Datasets and Features

We experiment on two publicly available datasets, viz.
Wikipedia and PASCAL-50S. The Wikipedia dataset
was compiled by Rasiwasia et al. [I7] from the
Wikipedia articles, and is widely used as a de facto
benchmark in cross-modal retrieval. It consists of 2173
train and 693 test pairs of images and text articles from
10 different classes. The PASCAL-50S dataset was in-
troduced by Jas and Parikh [10], and is an extended
version of the UIUC PASCAL Sentence dataset [15].
It contains 1000 images from 20 different classes, each
of which is captioned with 50 unique captions. In our
experiments, we consider only the last caption (the
“query” caption from [I0]) for each image in order to
maintain balance between the two modalities, and a
random split of 750/250 train/test samples. For both
the datasets, we use 4096-dimensional image features
computed using the penultimate model [19] pre-trained
on the ImageNet dataset. For text, we use a 10-topic
representation learned using latent Dirichlet allocation
model (LDA) [3].

5.2 Performing Cross-modal Matching

To compute automatic cross-specificity (Sec. 7 we
consider five cross-modal matching techniques: Canon-
ical Correlation Analysis (CCA) []], Semantic Match-
ing (SM) [17], Cluster Canonical Correlation Analysis
(C3A) [16], Multiview approach (MVA) [6] and Bilat-
eral Image-Text Retrieval (BITR) [23]. CCA learns a
common embedding space between cross-modality sam-
ples by maximizing their correlation. Because of its
effectiveness, CCA is considered as a de facto bench-
mark in cross-modal matching tasks. In SM, a sample is
represented using a C-dimensional feature vector. Each
dimension of this vector denotes its relevance with a
particular category, that is computed using a classifier.
C3A and MVA additionally make use of semantic infor-
mation during the training phase, which helps in learn-
ing discriminative cross-modal matching functions. In
BITR, a Structural SVM based framework is used for
performing cross-modal retrieval. We refer the reader
to the respective papers for further details.

While computing cross-specificity of an image, we
compute its similarity with text samples from the same
class. We will refer to it as “image-to-text” matching or
“I2T”. Similarly, while computing cross-specificity of a
text sample, we compute its similarity with images from
the same class. We will refer to it as “text-to-image”
matching or “T2I”.

5.3 Consistency Analysis

As described in Sec. cross-specificity of a sample
can be measured using two mechanisms. In the first, hu-
mans rate the similarity between pairs of cross-modality
samples and in the second, an automatic method is
used. We collect human measurements on the PASCAL-
50S dataset. For 12T, we collect similarity ratings of
each image in the retrieval set with all the captions
in the training set that belong to the same class. Simi-
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larly, for T2I, we collect similarity ratings between each
caption in the retrieval set with all the images in the
training set from the same class. This gives 9170 pairs
for each I2T and T2I. For each pair, we collected judg-
ments from 2 human subjects.

Figure [2] shows the Spearman’s rank correlation be-
tween human-annotated and automatically measured
cross-specificity using the five cross-modal matching
methods. Overall, the correlation scores lie between
0.39 to 0.47 for 12T and 0.49 to 0.63 for T2IFl Note
that even though the matching is performed between
two diverse sources of information (image and text) and
is inherently quite subjective, we achieve statistically
significant positive correlations between the two mech-
anisms. These results confirm that cross-specificity is a
well-defined phenomenon.

5.4 Cross-modal Retrieval
5.4.1 Baselines

Since a cross-modal matching method is evaluated on
cross-modal retrieval task, we consider the five meth-
ods discussed in Sec. (2] as our baselines for cross-
modal retrieval. Following these approaches, we con-
sider two cross-modal retrieval tasks: retrieving text
samples given a query image, and retrieving images
given a query text. For convenience, we do a slight
abuse of notation, and will refer to these tasks as “I2T”
and “T2I” respectively. To denote the proposed ap-
proach that integrates cross-specificity with baseline
cross-modal techniques (Sec. , we use “CS” as a suf-
fix. To measure cross-modal retrieval performance, we
use the standard mean average precision (mAP) [I7].

5.4.2 Results and Discussion

Table [I] shows the results for cross-modal retrieval ob-
tained using the baseline approach (Sec. and those
using the proposed approach based on cross-specificity
(Sec. . From these results, we observe that the pro-
posed approach consistently performs significantly bet-
ter than the baselines techniques. It achieves up to
10 — 12% of absolute improvements in some cases, and
does better than the baseline for around 50 — 85% of
the queries. By comparing the results corresponding
o “%>BL” (the percentage of queries where cross-
specicity based retrieval does better than the corre-
sponding baseline methods), we observe that they are
comparable for both Wikipedia and Pascal datasets for

3 All the correlations were found to be statistically signifi-
cant at p < 0.0001.

Method — CCA C3A | MVA | BITR
| I | s | | | |
| g | Baseline || 41.72 | 41.47 | 41.71 | 31.49 | 43.03 |
| :j | Cross-Spec || 46.57 | 44.81 | 46.12 | 35.92 | 44.55 |
| £ | %>BL || 6147 | 66.09 | 63.20 | 58.87 | 53.82 |
| § | Baseline || 40.04 | 28.34 | 39.85 | 28.34 | 40.53 |
| ‘:/ | Cross-Spec || 50.29 | 41.93 | 50.67 | 41.93 | 45.52 |
| £ |  %>BL || 84.56 | 80.66 | 85.43 | 84.42 | 70.71 |
| g | Baseline || 25.40 | 22.14 | 26.52 | 24.02 | 26.17 |
| S | Cross-Spec || 35.40 | 32.36 | 37.98 | 34.60 | 31.60 |
]
| & | %>BL || 62.00 | 62.40 | 70.80 | 65.60 | 53.60 |
| § | Baseline || 2053 | 26.12 | 32.59 | 29.03 | 30.49 |
| % | Cross-Spec || 35.53 | 34.91 | 37.41 | 34.36 | 32.71 |
@
| & | %>BL || 59.20 | 64.80 | 59.20 | 59.20 | 60.80 |

Table 1 Cross-modal retrieval results (%mAP) using dif-
ferent methods (CCA [8], SM [17], C3A [16], MVA [6] and
BITR [23]). The first row (“Baseline”) denotes the perfor-
mance obtained using the baseline methods. The second
row (“Cross-Spec”) denotes the performance obtained by
integrating cross-specificity with these techniques (i.e., the
proposed cross-specificity based approach as discussed in
Sec. . The last row (“% >BL”) indicates the percentage
of queries where cross-specificity based retrieval does better
than the corresponding baseline methods.

12T. However for T2I, we can see that the improvements
are much more in the Wikipedia dataset compared to
the Pascal dataset. Recall that the textual descriptions
associated with images in the Wikipedia dataset are
quite long and ambiguous with a lot of irrelevant infor-
mation, whereas those in the Pascal dataset are short
and precise. These results suggest that the promise of
the proposed approach gets more pronounced as the de-
gree of ambiguity in the query modality increases. This
can be particularly useful in the case of on-line search
where users are sometimes not able to precisely describe
what they are looking for, thus resulting into ambiguous
queries. These results confirm the utility of modelling
cross-specificity in cross-modal retrieval tasks.

In Figure (3] we analyze what percentage of queries
benefit the most from the proposed approach. The hor-
izontal axis denotes the percentage of queries, and the
vertical axis denotes the margin range by which the
baseline is beaten: the first bin denotes the percentage
of queries where baseline is beaten by < 0.05 mAP,
the second bin denotes the percentage of queries where
baseline is beaten by > 0.05 and < 0.10 mAP, and
so on till the last bin that denotes the percentage of
queries where baseline is beaten by > 0.35 mAP. From
these results, we observe that using the proposed ap-
proach, around 12 — 30% of queries achieve up to 5%
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| CCA [8] | SM [17] | C3A [16] | MVA [6] | BITR [23] |
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Fig. 3 Cross-modal retrieval results for 12T and T2I using different methods. The horizontal-axis denotes the margin (in
terms of mAP) by which baseline is beaten, and the vertical-axis denotes the percentage of queries where baseline is beaten.

0.8

I ccr-cs [ c3a-cs I vvA-cs [ sm-cs I B17R-CS|

Fig. 4 Average cross-specificity per category for I2T (top) and T2I (bottom) for the PASCAL-50S dataset.

of improvement, and around 2 — 10% of queries achieve
more than 35% of improvement in mAP. Also, for T2I,
the improvements are more spread-out over the differ-
ent margin ranges compared to 12T for the Wikipedia
dataset. Recall that in the Wikipedia dataset, each text
sample is a long article and contains a lot of ambiguous
information. By modelling this ambiguity using cross-
specificity, we are able to retrieve semantically more rel-
evant images compared to the baselines. This is also val-
idated from the results in Table[]]where cross-specificity
achieves improvements for 70 — 85% of queries.

In Figure [d] we show the average cross-specificity
values for individual categories in the PASCAL-50S
dataset using automatic measurements. Here we ob-
serve that the scores for categories such as “potted-
plant”, “chair” and “bottle” are generally low, whereas
those for categories such as “cow”, “boat”,
“aeroplane”, “bus” and “cat” are generally high. This
is justifiable because in this dataset, the former ob-
jects are usually not the central component in their
images/captions, and occupy only a small portion.

“train”,

This leads to reduced specificity, and hence low cross-
specificity scores. However, the latter ones are usu-
ally quite prominent and unambiguous, thus achieving
higher cross-specificity scores.

Figure [5| shows some qualitative examples from
the PASCAL-50S dataset where cross-specificity helps
(left) and does not help (right) in improving the rank
of ground-truth for a given query. In practice, we ob-
serve that the retrieval rank improves in most of the
cases, sometimes by a big margin (as is also evident
from the “%>BL” results in Table . In cases where it
degrades, it is usually by a small margin. These results
revalidate the practical advantages of cross-specificity
in improving cross-modal retrieval performance.

5.5 Empirical Comparison with Image-Specificity

While there are fundamental distinctions between the
definition and applicability of image-specificity [10] and
the proposed notion of cross-specificity (Sec. , both
aim at measuring degree of specificity in the content of
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Fig. 5 Some examples where the proposed cross-specificity
(CS) based cross-modal retrieval approach improves (left) and
does not improve (right) the retrieval rank of the ground-
truth (GT) in comparison to the baseline (BL) approach.
(Here, CCA is considered as the baseline approach.)

sample in a broad sense. Here we present a brief com-
parison between these two on the PASCAL-50S dataset,
which was also used in [I0].

For this, we quantitatively compare them in terms
of text-to-image retrieval performance. On this task,
image-specificity based retrieval scheme (c.f. Sec. 3.2
of [10]) achieves 32.50% mAP, while the proposed cross-
specificity based approach (Sec. achieves better
mAP for all the five baselines (c.f. Table, and the best
performance of 37.41% using C3A [16] as the baseline.
Recall that image-specificity computation makes use of
all the 50 captions corresponding to an image, while
cross-specificity uses just one caption per image. Also,
image-specificity relies on text-to-text matching while
cross-specificity relies on cross-modal matching. Hence,
it may not be fair to do a direct comparison between the
two. Nevertheless, these results validate the practical
advantages of cross-specificity over image-specificity.

6 Conclusions

We have introduced the notion of cross-specificity, and
showed that it is a well-defined phenomenon. We stud-
ied various aspects of cross-specificity, and demon-
strated its applicability on cross-modal retrieval task.
Experiments showed that the proposed approach can
provide significant boost in the performance of several
existing cross-modal retrieval techniques.
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