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ABSTRACT
We propose a new cross-modal correlation learning frame-
work which boosts the performance of correlation learning
models using the hyperlink information. First, we design a
neighborhood selection paradigm using the hyperlink struc-
ture and content similarities to identify a set of semantically
related documents for each multi-modal document in both
training and testing stage. Based on the neighborhood struc-
ture, we revise two well-established content-based correlation
learning models, i.e., canonical correlation analysis (CCA)
and kernel canonical correlation analysis (KCCA) with a
structure coding matrix. Third, we develop a correlation score
aggregation technique to discover more semantically rele-
vant cross-modal documents. To our best knowledge, this is
the first to introduce hyperlink information into cross-modal
correlation learning. Experimental results demonstrate that
our proposed framework can significantly improve the model
generality towards real-world cross-modal retrieval.

Index Terms— Correlation learning, hyperlinks, neigh-
borhood information

1. INTRODUCTION

The aim of multimedia retrieval is to make capturing, stor-
ing, finding and using digital media an everyday occurrence
in our computer environment [1]. Unlike decades ago, infor-
mation is delivered by text, image, audio and video, which
describes topics and real world events in a more vivid way.
However, it’s difficult to obtain relevant information from
multiple modalities given a query from one modality. The
demand for retrieving other modalities by providing a certain
modality of query has become more and more urgent.

Mining correlation among different modalities is chal-
lenging due to the heterogeneity and complexity of multi-
modal data. For instance, there is a wide gap between low-
level pixel-based image description and the semantic inter-
pretation. Research efforts have been devoted to constructing
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a measureable representation for multi-modal data [2] [3] [4].
Subspace learning is a widely accepted paradigm which seeks
low-dimensional subspaces that maximize the multi-modal
correlation [5] [6] [7] [8] [9]. However, existing studies ad-
dress the correlation learning problem from purely content
and semantic modeling perspectives. The cross-modal data
that are assumed to be independently generated from certain
intrinsic content distributions with ground-truth semantic la-
bels. There are two critical issues that need to be considered
when dealing with web multi-modal data.

First, due to the intrinsic interconnection nature of the in-
ternet, web documents are naturally inter-correlated via struc-
ture information such as hyperlinks. For example, in Figure 1,
the web documents are organized as tree or graph structure
rather than isolated from each other. Previous studies are con-
ducted on web cross-modal datasets whose hyperlink infor-
mation is discarded during the data collection and preprocess-
ing stages. However, these datasets can not reflect the refer-
ence or co-reference relations among web documents. Such
possibly incorrect assumption or prior knowledge has been
inappropriately introduced during the data construction pro-
cess, which at the same time misleads the study of correlation
models.

Second, the hyperlinks contain rich description of the
true correlation among multi-modal documents. See exam-
ple from Wikipedia in Fig. 2, the outgoing hyperlinks of
Tank provide certain level of supplementary descriptions to
the original page. Therefore, the original page and the linked
pages are likely to belong to the same semantic category.
From the methodology perspective, existing pure content-
based and semantic-based models can not well capture the
semantic relations encoded in the hyperlinks, thus they can
not effectively fit to the real multi-modal data.

In this paper, we develop a new cross-modal correlation
learning framework which aims to boost the correlation learn-
ing models using the hyperlink information. Our contribution
are three folds. First, we design a neighborhood selection
paradigm using the structure and content similarities to iden-
tify a set of semantically related neighbors for each multi-
modal document in both training and testing stage. Based on
the neighborhood structure, we revise two well-established
content-based correlation learning models, i.e., canonical cor-
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Fig. 1. Typical graph structures of web pages

relation analysis (CCA) and kernel canonical correlation anal-
ysis (KCCA). From the representation perspective, we pro-
pose new neighborhood features for cross-modal retrieval.
From the model perspective, we enhance the model capac-
ity of CCA and KCCA with a structure coding matrix, which
is informative in capturing the structure relation among multi-
modal documents. Third, we develop a correlation score ag-
gregation technique which expands the query based on the
neighborhood structure. Consequently, more semantically
relevant cross-modal documents can be effectively discov-
ered. To our best knowledge, this is the first to introduce
hyperlink information into cross-modal correlation learning.
Experiments demonstrate that our proposed framework can
significantly improve the model generality towards real-world
cross-modal retrieval.

2. RELATED WORK

The hyperlink information has been well-studied in informa-
tion retrieval research domain. By combining content infor-
mation with web structure information, better models have
been achieved than purely content-based algorithms in many
tasks such as text classification, text clustering and docu-
ment ranking. Chakrabarti [10] developed a robust relax-
ation labeling model for text classification by exploiting hy-
perlinks. Taskar [11] proposed a discriminative probabilistic
model for relational data by introducing the framework of re-
lational Markov networks to model the relational dependen-
cies of texts. Besides the text classification task, the hyper-
link information can also contribute to measure the sematic
relatedness between web documents. For example, Milne et
al.[12] developed a model that learns to link the semantically
rich Wikipedia pages. However, the importance of hyperlink
has not drawn considerable attention in the context of cross-
modal correlation learning.

3. APPROACH

3.1. Overview
Given a cross-modal document corpus {(xi

I , x
i
T ), i =

1, ..., N}, where xi
I denotes the i-th image, which is co-

occurred with the i-th text xi
T . To effective retrieve data from

heterogeneous modalities, we take advantage of the hyperlink

information to boost the cross-modal correlation learning on
Web data. It mainly contains three key steps:

Step 1. Neighborhood selection (Section 3.2). Given
a set of candidate neighbors selected by the outgoing hyper-
links, we calculate their importance score according to their
discriminative ability based on the hyperlink structure and
content similarity. The semantically related neighbors can be
identified by selecting the most important candidates.

Step 2. Correlation learning (Section 3.3 and 3.4).
Based on the neighborhood information, we revise the cor-
relation learning with a local structure coding matrix. Con-
sequently, each cross-modal document is projected into a d-
dimensional projected representation.

Step 3. Correlation score aggregation (Section 3.5).
Given a query, we retrieve the cross-modal documents by the
original query and their neighbors. and output the final result
in section 3.5. We will describe each part in details.

3.2. Neighbor selection

We regard the web documents as a directed graph. The i-
th multi-modal document {(xi

I , x
i
T )} is represented by a ver-

tex, and the hyperlink between two documents represented
by a directed edge. Given a specific multi-modal document,
the outgoing hyperlinks are pointers to other documents that
provide supplementary explanation of the original document.
Generally, the documents pointed by such links describe a
certain topic or concept in the original document. Therefore,
a set of related multi-modal documents can be retrieved by
collecting the documents pointed by outgoing hyperlinks in
each document, which are referred to as candidate neighbors.

However, not all candidate neighbors contribute equally
for providing supplementary information of the original doc-
ument. The reasons are two-folds. First, the contents in some
candidate neighbor may be too general1. Second, some candi-
date neighbor may not be highly semantically related with the
original document. For example, in Fig. 2, we have the orig-
inal document of Tank from Wikipedia. Candidate neighbors
selected by outgoing hyperlinks are marked with blue colors
on the page. However, the co-occurred image only include
content of main gun, machine gun and Tracked. Candidates
like Calibre and Front-line have less semantic relation with
Tank itself, and candidates like Offensive and Defensive are
too general to provide sufficient supplementary explanation
of the original document t.

Given a multi-modal document t, we aim to determine
the relative importance of a candidate neighbor by consider-
ing both hyperlink and content similarity. Intuitively, a candi-
date neighbor should not be too general or too specific. If it
is too general, the document may be neither relevant nor dis-

1Intuitively, when the content of a document is general, it may involve
many semantic concepts. On platforms such as Wikipedia, the document with
more general content will contain more outgoing hyperlinks and incoming
hyperlinks.



Fig. 2. A Web page Tank in Wikipedia (http://en.wikipedia.
org/wiki/Tank)

criminative. If it is too specific, its content is not adequate to
further explain the document t. We first calculate the inverse
incoming link score as:

αp = log(
N

IHp + ε0
) (1)

where IHp represents the number of incoming hyperlinks of
document p, N is the number of whole multi-modal document
corpus and ε0 > 0 is a small positive value that avoids zeroes
in the denominator. IHp measures how likely document p
will be pointed by other documents. A larger αp indicates that
p is rarely referred to by other documents, while a smaller αp

indicates that p is frequently referred to by others. Similarly,
we define the inverse outgoing link score as:

βp = log(
N

OHp + ε0
) (2)

where OHp represents the number of outgoing hyperlinks of
document p. A larger βp indicates that p rarely refer to other
documents, while a smaller βp indicates that p frequently re-
fer to others.

Accordingly, we calculate the truncated structure impor-
tance score for each candidate neighbor p of t as:

wt(p) =

{
αp · βp μ1 ≥ αp ≥ ε1, μ2 ≥ βp ≥ ε2

0 otherwise.
(3)

where ε1, ε2 and μ1, μ2 are truncating parameters that re-
move those candidate neighbors that are either too specific or
too general. After the double-side truncation, a larger wt(p)
means that document p is sufficient to provide supplementary
explanation on certain concept or attribute in t by appropriate
divergent description that is not included in t.

Moreover, the patterns that each document refers to other
documents provide strong indication on how the topic of two
documents are related. Such relation can be modeled by:

sl(t, p) =
|Ct ∩ Cp|
|Ct ∪ Cp| (4)

where Ct and Cp represent the document indexes that are
pointed by t and p, respectively. | · | represent the set cardi-
nality. The larger sl(t, p) is, the more possible t and p discuss
similar topics, which means that p is more likely to be the
neighbor with high semantic relevance to t.

We measure the importance score of each candidate
neighbor p given t as:

rt
p = wt(p) · sl(t, p) · sim(t, p) (5)

where sim(t, p) denotes the content similarity of the two
multi-modal documents {(xt

I , x
t
T )} and {(xp

I , x
p
T )} as:

sim(t, p) = κI(x
t
I , x

p
I) + κT (x

t
T , x

p
T ) (6)

where κI and κT are domain specific similarity (kernel) def-
inition, e.g., RBF kernel for visual modality and cosine simi-
larity for textual modality.

With the importance score calculation and ranking, we
identify the most semantically related documents with suf-
ficient supplementary description to each document t. We de-
note the set of selected neighbors given t as Nt.

3.3. Neighborhood features and similarities

Denote the training data as XI and XT , respectively, where
XI(t, :) = xt

I and XT (t, :) = xt
T . We calculate the new fea-

ture for each document xt
I or xt

T based on the neighborhood
structure Nt and the importance score rt(p), p ∈ Nt as:

x̄t
I = λxt

I + (1− λ)
∑

p∈Nt

r̄pt x
p
I

x̄t
T = λxt

T + (1− λ)
∑

p∈Nt

r̄pt x
p
T

(7)

where r̄pt = rpt /
∑

p′∈Nt
rp

′
t , and 0 ≤ λ ≤ 1. Since the neigh-

borhood feature is in fact a linear transformation on the origi-
nal representation XI and XT , we define a neighbor structure
matrix R ∈ R

N×N where:

R (t, p) =

⎧⎨
⎩

λ, p = t
(1− λ)r̄pt , p ∈ Nt

0, otherwise
. (8)

Therefore, the neighborhood features and neighborhood ker-
nel (similarity) are represented as:

XI = RXI ,XT = RXT ,
KI = RKIR

�,KT = RKTR
�.

(9)

where R represents the local structure coding matrix.

3.4. Correlation learning based on neighborhoods

We apply the neighborhood feature and similarity on CCA
and KCCA, respectively.

Canonical Correlation Analysis. Given image space
RI ∈ R

dI and text space RT ∈ R
dT , the goal is to find

subspace UI ∈ RI and UT ∈ RT that maximizes the cor-
relation between the two modalities by learning a projection
pair {wI , wT } for both spaces via the following problem:



maxwI ,wT

w�
I CITwT√

w�
I CIIwI

√
w�

T CTTwT

s.t. ||wI ||2 ≤ 1, ||wT ||2 ≤ 1.
CII = X�

I R
�RXI , CTT = X�

TR
�RXT ,

CIT = X�
I R

�RXT .

(10)

By solving Eqn. 10 using eigen-decomposition, we ob-
tain projection pairs {w1

i , w
1
t }, ..., {wd′

i , wd′
t }, where d′ =

min(dI , dT ). We choose projection pairs with d largest eigen-
values, where d < d′. Thus, the original data are projected
into the d-dimension isometric subspace UI and UT , respec-
tively. The projection functions can be written as:

fI(x
q
I) = x̄q

IWI , fT (x
q
T ) = x̄q

TWT , (11)

where WI = [w1
i , ..., w

d
i ] and WT = [w1

t , ..., w
d
t ]. After

the projection, data from different modalities can be directly
compared.

Kernel Correlation Analysis. The linear projection con-
structed by CCA can be kernelized to map data into a high-
dimensional space without an explicit mapping function. Ac-
cording to the theory of Reproducing Kernel Hilbert Space
(RKHS), Eqn. 10 can be rewritten as:

max
α,β

α�KIKTβ√
α�K

2

Iα

√
β�K

2

Tβ

. s.t. ||α||2 ≤ 1, ||β||2 ≤ 1 (12)

Similarly, by solving Eqn. 12 with eigen-decomposition, we
obtain projection pairs {α1, β1},..., {αd, βd} of the top d
large eigen-values for image and text, respectively. Given any
image xq

I or text xq
T , the projection can be written as:

fI(x
q
I) =

(
λKI(x

q
I , ·) + (1− λ)

∑
p∈Nq

KI(x
p
I , ·)
)
R�A

fT (x
q
T ) =

(
λKT (x

q
T , ·) + (1− λ)

∑
p∈Nq

KT (x
p
T , ·)

)
R�B

A = [α1, ..., αd],B = [β1, ..., βd].
(13)

where KI(xI , ·) (KT (xT , ·)) represent the similarity vectors
between xI (xT ) and the training images (texts).

3.5. Correlation score aggregation

Given an image or textual query xq
I or xq

T , we obtain its neigh-
borhood Nq on the training data. Based on the neighborhood
information, we obtain the d-dimensional projected represen-
tation fI(x

q
I) or fT (x

q
T ) by Eqn. 11 or Eqn. 13. Then each

document k from other modality in the retrieval database is
assigned with a relevance score τkq by calculating their cosine
similarity to the query q.

We further aggregate the similarity scores by using some
neighbors in Nq as the additional queries to q. Specifically,
we select the top m similar neighbors Nm

q from Nq , and cal-
culate their similarities to document k. Therefore, the final
similarity score of document k given query q is:

τkq = τkq + η
∑

q′∈Nm
q

rq
q′τkq′

/ ∑
q′∈Nm

q

rq
q′ (14)
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Fig. 3. Accuracy curves of neighbor searching.

4. EXPERIMENT

We conduct experiment on two datasets. WIKI-FA dataset
[7] is built on Wikipedia featured articles with 2866 text-
image pair annotated with labels from 10 semantic classes.
The training set includes 2173 document pairs, and the test
set includes 693 document pairs. We use a simple crawling
strategy to collect the web structure information that is not
included in the original dataset [7]. Specifically, the outgo-
ing hyperlinks of each document in WIKI-FA are collected,
including hyperlinks pointing to documents in WIKI-FA and
hyperlinks pointing to other documents in Wikipedia. The
hyperlinks pointing to Web documents outside Wikipedia are
removed. WIKI-CMR [13] contains 8567 text-image docu-
ment pairs with both content information and Web structure
information. We represent each text with 2000-dimension
feature using Latent Semantic Analysis on TF-IDF represen-
tation, and represent each image using a 10754-dimensional
sparse-coding-based representation [14] on dense SIFT de-
scriptors with vocabulary size 512. Similar to WIKI-FA, each
document pair is labeled with 10 semantic classes. It is par-
titioned into training set including 6567 documents, and test
set including 2000 documents. Unless specified, other param-
eters are set to guarantee the optimal performance for both our
approach and the compared approaches.

4.1. Neighbor searching accuracy
The quality of neighborhood selection determines the perfor-
mance of correlation learning and score aggregation. To eval-
uate the quality of the selected neighborhood with the pro-
posed scheme (Section 3.2), we measure the precision of the
top ranked candidate neighbors by checking if their labels
are identical to the query document. Given top m candidate
neighbors, we compare three neighborhood searching strate-
gies, and record the label accuracy in Fig. 3. We see that
by combining hyperlink structure and content information,
the accuracies of neighbor searching have been significantly
improved on both datasets, compared to only using hyper-
link or content similarity. On WIKI-FA, the highest accuracy
(94.1%) is achieved when m = 1 using our strategy. On
WIKI-CMR, the highest accuracy (93.4%) is achieved when
m = 10 for our strategy. We observe obvious drops on our ac-
curacy curves when increasing the selected number of neigh-
bors. Therefore, to ensure both precision and recall, we set
the number of selected neighbors as m = 2 for WIKI-FA and



0 0.2 0.4 0.6 0.8 1
0.94

0.95

0.96

0.97

0.98

0.99

1

λ

R
el

at
iv

e 
P

er
fo

rm
an

ce

CCA
KCCA

(a) WIKI-FA.

0 0.2 0.4 0.6 0.8 1
0.8

0.82

0.84

0.86

0.88

0.9

0.92

0.94

0.96

0.98

1

λ

R
el

at
iv

e 
P

er
fo

rm
an

ce

CCA
KCCA

(b) WIKI-CMR.

Fig. 4. Relative MAP curves on different λ.

m = 40 for WIKI-CMR in the subsequent experiments.

4.2. Effectiveness of the neighborhood features

The parameter λ (Eqn. 7) determines the relative importance
of the original feature and neighborhood feature. We first con-
duct sensitivity test on both datasets by randomly choosing
20% from the training partitions as the validation sets, and
then we evaluate the performance of the proposed neighbor-
hood feature on existing cross-modal retrieval paradigms.

We evaluate the influence of λ by setting η = 0 (no corre-
lation score aggregation). The results are measured by the av-
erage of Mean Average Precision (MAP) of text-to-image and
image-to-text retrieval. For a better illustration, we show the
relative performance in Fig. 4, which is the MAP divided by
the maximum performance under all the settings of λ. When
λ = 1, it is equivalent to using the original feature without
neighborhood information. When λ = 0, it is equivalent to
replace the original feature with neighborhood feature. From
Fig. 4, we see that the neighborhood feature provides more
discriminative information. The best performances have been
achieved when λ = 0.85 for CCA and λ = 0.9 for KCCA
on both WIKI-FA and WIKI-CMR. Even when we remove
the original feature (λ = 0), the performance drops on both
datasets are not very significant. We also see that KCCA is
more tolerant to the setting of λ than CCA, as kernel func-
tions in KCCA provide local smoothing in the RKHS, which
tends to be more robust to representation variation.

Furthermore, we evaluate the effectiveness of the pro-
posed neighborhood feature based on the three cross-modal
retrieval paradigms proposed by [7], namely, correlation
matching (CM), semantic matching (SM), and semantic cor-
relation matching (SCM). In CM, we directly report the re-
sults of CCA and KCCA. In SM, we build multi-class lin-
ear and kernel logistic regression models to map cross-modal
data into the semantic space. In SCM, we perform correla-
tion learning by CCA and KCCA, respectively, and then we
construct multi-class linear logistic regression model on the
d-dimensional representation. The average results of MAP
are recorded in Table 1 and 2. We see that by appropriately
incorporating the neighborhood feature, better performances
have been achieved on both datasets. The results show that
the neighborhood feature is effective in incorporating more
semantic information in cross-modal correlation learning.

Table 1. Effectiveness of neighborhood feature on WIKI-FA
Method CM SM SCM

CCA+origin (λ = 1) [7] 0.223 0.224 0.252
CCA+neighborhood (λ = 0) 0.201 0.198 0.224

CCA+best (λ = 0.85) 0.238 0.237 0.283
KCCA+orgin (λ = 1) 0.579 0.578 0.613

KCCA+neighborhood (λ = 0) 0.531 0.524 0.588
KCCA+best (λ = 0.9) 0.594 0.591 0.637

Table 2. Effectiveness of neighborhood feature on WIKI-
CMR

Method CM SM SCM
CCA+origin (λ = 1) 0.292 0.274 0.337

CCA+neighborhood (λ = 0) 0.281 0.247 0.295
CCA+best (λ = 0.85) 0.318 0.298 0.364
KCCA+orgin (λ = 1) 0.591 0.582 0.635

KCCA+neighborhood (λ = 0) 0.567 0.545 0.594
KCCA+best (λ = 0.9) 0.617 0.596 0.658

4.3. Correlation score aggregation
We conduct evaluation on the effectiveness of correlation
score aggregation. There are two parameters that influence
the performance. m denotes the number of aggregated neigh-
bor queries, and η (Eqn. 14) determines the relative impor-
tance of the neighborhood queries. We conduct experiment
on the training/validation sets by setting λ with the optimal
values, and find that η = 0.15 is the optimal setting on both
WIKI-FA and WIKI-CMR.

Based on the near-optimal setting of η, we conduct experi-
ment on how correlation score aggregation with semantically
related neighbors influences the retrieval performance. The
results of average MAP are shown in Table 3 and 4. We see
that by aggregating certain number of neighbors, the retrieval
performance of CCA and KCCA has been enhanced on both
datasets. The reason can be explained by the fact that correla-
tion score aggregation is likely to enhance the recall of the top
ranked results. However, if too many neighbors are treated as
the expanded queries, the precision will be decreased. There-
fore, an appropriate setting of the number of expanded queries
should be carefully selected.
4.4. Sensitivity on d

We discuss how the reduced dimensions d influence the per-
formance of the proposed model. According to the analysis
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Fig. 5. Sensitivity on d on WIKI-CMR dataset



Table 4. Correlation score aggregation on WIKI-CMR
#neighbor 0 1 2 4 6 8 10 16 24
CCA+CM 0.318 0.323 0.329 0.325 0.323 0.321 0.319 0.316 0.314
CCA+SM 0.298 0.303 0.297 0.295 0.293 0.291 0.288 0.284 0.281

CCA+SCM 0.364 0.369 0.373 0.377 0.374 0.372 0.369 0.367 0.364
KCCA+CM 0.617 0.626 0.633 0.636 0.631 0.627 0.624 0.618 0.612
KCCA+SM 0.596 0.605 0.612 0.619 0.616 0.612 0.609 0.607 0.593

KCCA+SCM 0.658 0.663 0.668 0.673 0.669 0.666 0.661 0.659 0.652

Table 3. Correlation score aggregation on WIKI-FA
neighbors 0 1 2
CCA+CM 0.238 0.241 0.247
CCA+SM 0.237 0.243 0.248

CCA+SCM 0.283 0.293 0.308
KCCA+CM 0.594 0.606 0.613
KCCA+SM 0.591 0.605 0.615

KCCA+SCM 0.637 0.650 0.662

in [7], the algorithms are not sensitive on d, since the tex-
tual feature dimension of WIKI-FA is only 10. However, on
WIKI-CMR, the numbers of feature dimensions of image and
text are 10754 and 2000, respectively. Therefore, we con-
duct sensitivity evaluation on WIKI-CMR with respect to d
based on 5-folds cross validation training data. Specifically,
we evaluate the performance on the training/validation set
with d = [1, 5, 10, 20, 40, 80, 160, 320, 640], and report the
average performance and standard deviation in Fig. 5. The
best performances have been achieved when d is around 20,
which means that by encoding the neighborhood information
with correlation model, a more compact representation can be
established on data with heterogeneous modalities. Specif-
ically, SCM strategy are less sensitive than CM to d, since
SCM projects multi-modal data into the 10-dimensional se-
mantic space, and the parameters of the mapping function are
regularized by square-norm penalty.

5. CONCLUSION

We propose a novel framework which combines both content
and hyperlink information for cross modal retrieval. Exten-
sive experiments prove that the hyperlink information is use-
ful in selecting semantically related cross-modal documents
for calculating more discriminative features, and improving
the retrieval performance by structure coding and query ex-
pansion. In future work, we will study how to take full ad-
vantage of the Web structure and other social attributes to bet-
ter discover the inter-relation among cross-modal documents.
We will evaluate how hyperlinks can improve other correla-
tion learning models, and focus on developing joint models
using content, semantic and structure information.
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