
Int J Multimed Info Retr (2015) 4:233–245
DOI 10.1007/s13735-015-0088-x

REGULAR PAPER

aMM: Towards adaptive ranking of multi-modal documents

Mohammad Akbari1 · Liqiang Nie2 · Tat-Seng Chua2

Received: 4 August 2015 / Revised: 9 September 2015 / Accepted: 16 September 2015 / Published online: 28 September 2015
© Springer-Verlag London 2015

Abstract Information reranking aims to recover the true
order of the initial search results. Traditional reranking
approaches have achieved great success in uni-modal doc-
ument retrieval. They, however, suffer from the following
limitations when reranking multi-modal documents: (1) they
are unable to capture andmodel the relations amongmultiple
modalities within the same document; (2) they usually con-
catenate diverse features extracted from different modalities
into one single vector, rather than adaptively fusing them by
considering their discriminative capabilities with respect to
the given query; and (3) most of them consider the pairwise
relations among documents but discard their higher-order
grouping relations, which leads to information loss. Towards
this end, we propose an adaptive multi-modal multi-view
(aMM) reranking model. This model is able to jointly regu-
larize the relatedness amongmodalities, the effects of feature
views extracted from different modalities, as well as the
complex relations amongmulti-modal documents. Extensive
experiments on three datasetswell validated the effectiveness
and robustness of our proposed model.
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1 Introduction

Multimedia documents are widely used for information shar-
ing in the Web 2.0 era. Besides the textual modality, these
documents are often accompanied with other heterogeneous
modalities, such as videos, images and sometimes audios.
Take the example of a news article talking about ebola out-
break, it may contain the textual descriptions of the news
stories, images of the suffering areas and perhaps the video
clips of social assistance activities. Indeed, a multi-modal
document is the intrinsic nature of information available in
the real world. It exhibits three advantages: (1) Intuition. For
some visual themes and dynamic procedures, pure textual
documents cannot vividly convey their contents. Compar-
atively, a picture is worth a thousand words and a video
is worth a million. (2) Comprehension. Multiple modali-
ties are able to capture the content from different aspects
and enhance a comprehensive understanding by the audi-
ences. (3) Coherence. Although multiple modalities within
the same document express the content from different angles,
they are often consistently describing the same topics. In fact,
onemulti-modal document can be regarded as a bi-level com-
position: the document consists of multiple medium types
such as image and text, and each medium type can be repre-
sented by a rich set of features. In this work, we usemodality
to refer to the medium type and feature view to represent the
feature type extracted from each modality. For example, in
the known-item search (KIS) problem [6], each document
consists of a video and its textual ASR (automatic speech
recognition). Meanwhile, each of these two modalities can
be represented by a rich set of feature views.

Understanding and retrieval of multi-modal documents
are, however, non-trivial due to the following reasons: (1)
Modality Agreement. Instead of isolation, heterogeneous
modalities collectively highlight the same semantics of
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the given documents with different medium types. How
to effectively model the consistency relations is a tough
challenge. (2) Adaptive Confidences. The discriminative
capabilities of modalities are query specific [3,33,38]. For
instance, image modality may dominate the reranking per-
formance when searching for a visual concept such as a
dog. On the other hand, textual modality may contribute
more when searching for research articles. Besides modality,
the representativeness of feature views varies significantly
in accordance to specific queries [14,25]. Take the color
and edge features under image modality as an example.
Color feature is effective in differentiating the day from the
night, while shape-like feature can signal the appearance
of the involved objects [5,36]. We thus have to adaptively
fuse and modulate the effects of different modalities and
feature views. (3) Complex Relations. A multi-document
usually has a group of similar neighbours. Traditional rank-
ing methods consider only the pairwise relation between two
samples, and they ignore the relation in a higher group-
ing order. Essentially, modeling the higher-order relation
among samples will significantly improve the ranking per-
formance [26,44].

It is worth mentioning that several research efforts have
been dedicated to multi-modal document retrieval [37,39,
43]. Roughly speaking, they can be classified into two major
categories: early fusion [18,32,41] and late fusion [7,8,35,
42]. Early fusionmethods, such as thework in [32], construct
a joint feature space by merging all the extracted features
from different modalities into a single concatenated feature
vector. However, they suffer from the following limitations:
(1) they are unable to differentiate and leverage the discrim-
inative capabilities of distinct views and modalities, because
they usually treat them equally; (2) the features extracted
from various modalities may not fall into the same semantic
space and simply merging all feature views actually bring in
a certain extent of noise and ambiguity [12]; and (3) theymay
lead to the curse of dimensionality [23], since the final feature
vector would be of very high dimension. On the other hand,
late fusion [32,42] analyzes each modality and feature view

separately and then integrates their results. The fused result
howevermight not be reasonably accurate due to two reasons:
(1) individual feature spacemight not be sufficiently descrip-
tive to represent the complex semantics of the multi-modal
documents. Therefore, separate results would be suboptimal
and the integration may not result in the desired outcome;
and (2) it is labor-intensive to tune the fusion weights for
different modalities and feature views. Even worse, the opti-
mal parameters for one query cannot be directly applied to
another query.

To address the aforementioned challenges, we propose an
adaptivemulti-modalmulti-view (aMM) reranking approach
to refine the initial search result of multi-modal documents.
Figure 1 illustrates the framework of ourmodel. In particular,
given a collection of multi-modal documents, we first extract
various feature views fromeachmodality to comprehensively
represent its content. For each feature view, we then con-
struct a hypergraph to characterize the higher-order relations
among documents and ensure that the document relevances
tend to be close if they share a similar feature view. We next
adaptively unify all these hypergraphs into onemodel and co-
regularize the initial admissibility and modality agreement.
Initial admissibility is to partially reserve the information of
initial search results; whilemodality agreement leverages the
inter-relations amongmodalities to reinforce the ranking per-
formance. In addition, we have theoretically proven that our
proposed model is a linear model, which makes it feasible
for use in the large-scale applications. Extensive experiments
on three real-world datasets show its superiority over other
state-of-the-art approaches.

The contributions of this work are threefold:

– To boost the search performance of multi-modal doc-
uments, we propose a novel hypergraph-based model.
Beyond the smoothness and initial admissibility con-
sidered by traditional reranking approaches, it also
explores the higher-order inter-relations among multi-
modal documents and semantic intra-agreements within
multi-modal documents.

Fig. 1 The conceptual view of a multi-modal multi-view search. Each
document may comprise of multiple modalities. Various feature views
are extracted to represent each modality. Based upon each feature view,

we construct a hypergraph to link all the multi-modal documents. We
finally propose a unified model to rerank multi-modal documents by
jointly regularizing various prior assumptions
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– Our proposed model is able to adaptively learn the fusion
weights of modalities and feature views simultaneously.
Meanwhile, we theoretically demonstrate that our pro-
posed model is a linear model and practically analyze its
computational complexity.

– Besides evaluation on our manually constructed dataset,
we verified the robustness of our model on other well-
known datasets.

The remainder of the paper is organized as follows. Sec-
tion 2 reviews the traditional reranking approaches based
upon simple graph and hypergraph. Section 3 details our pro-
posed reranking approach. Experimental results and analysis
are presented in Sect. 4, followed by the conclusions and
future work in Sect. 5.

2 Graph-based reranking

In the past decade, graph-based reranking has attracted a
lot of research interests [3,4,10,28,29,44], which can be
roughly categorized into two classes: simple graph-based
reranking [13,14,37,41,47] and hypergraph-based rerank-
ing [3,11,19,29,43–45]. In fact, most of them are designed
based on the following two assumptions:

– Smoothness The relevance probability function is contin-
uous and smooth in the semantic space. In other words,
the relevance probabilities of semantically similar docu-
ments should be close.

– Initial admissibility The initial ranking result partially
reflects correct information, and hence reranking result
should not deviate too much from the initial list.

The optimization framework which seamlessly integrates
these two assumptions into a learning framework, is defined
as the following objective function, Φ(.),

argmin
f

Φ(f, y,X) = argmin
f

{Ω(f,X) + γ R(f, y)}, (1)

where y is the initial search result based on the given
query; f is a ranking function we aim to learn; and X =
{x1, x2, . . . , xn} denotes the sample set with n documents.
In addition, Ω(.) is a regularization term that enforces the
smoothness assumption; and R(.) is a loss term that com-
putes the difference between f and y. R(.) is used to guarantee
the initial admissibility and is frequently defined as a least
squares function,

R(f, y) = ‖f − y‖2. (2)

Note that the parameter γ is a regularization parameter to
balance the regularizers on smoothness assumption and the
empirical loss.

2.1 Simple graph-based reranking

In a simple graph Gs = (Vs, Es), vertices Vs are used to rep-
resent data items and each edge in Es connects two related
vertices. The constructed graph can either be undirected or
directed, depending on the symmetric or asymmetric nature
of the relations between the data items [47,48]. The learning
process is then conducted on the constructed graph to prop-
agate the initial ranking information until convergence. In
particular, relevant items at the bottom positions in the ini-
tial ranking list are pulled up based on their similarities with
items at the top of the list. In simple graph-based learning,
regularizer term, Ω(.) is formulated as,

Ω(f,X) = 1

2

∑

vi ,v j∈Vs
Wi, j

( fi√
Dii

− f j√
Dj j

)2

= fT (I − D− 1
2WD− 1

2 )f = fT�sf, (3)

where �s = I − D− 1
2WD− 1

2 is the so-called graph Lapla-
cian [29], and D is a diagonal matrix with its (i , i)th element
equal to the sum of the i th row of the affinity matrixW. We
use W to denote the similarity matrix and Wi j , its (i, j)th
element, indicates the similarity between two documents vi
and v j . Typically, it is estimated as

Wi j =
{
K (vi , v j ) if v j ∈ NK (vi ) or vi ∈ NK (v j )

0 otherwise
(4)

where NK (vi ) denotes the index set for the K nearest neigh-
bours of document vi computed by Euclidean distance and
noting that Wii is set as 1, so that self-loop is included.

Even though great success has been achieved, simple
graph-based reranking approaches encounter a tough prob-
lem, especially formulti-modal documents. Instead of group-
ing relations among documents, it only captures the pairwise
relations due to their intrinsic nature. For example, from a
simple graph, we can easily find two close samples accord-
ing to the pairwise similarities, but it is not easy to predict
whether there are three or more close samples. On the other
hand, previous efforts have pointed out that the relations
among multi-modal documents are much more complex and
beyond the pairwise relations [11,19,44,49].

2.2 Hypergraph-based reranking

Hypergraph-based reranking well addresses the problems
faced by simple graph-based reranking [3,29,44,45]. In par-
ticular, hypergraph is an extension of simple graph and is able
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(a) (b)

Fig. 2 Comparison illustration between simple graph and hypergraph:
a a simple graph with six data items, where each edge captures the pair-
wise relations among data items; and b a hypergraph with six data items
and four hyperedges, where each vertex and its two nearest neighbors
form a hyperedge. It can capture the grouping relations

to capture the local grouping relations among more than two
vertices [49]. In hypergraph, a set of vertices is connected by
a hyperedge. The weight of a hyperedge indicates to what
extent the vertices in a hyperedge belong to the same group.
Figure 2 shows an example to contrast the difference between
simple graph and hypergraph.

A hypergraph G(V, E,W) is composed of the vertex set
V , the hyperedge set E , and the diagonal matrix of hyperedge
weightW. Unlike the edge in a simple graph, each hyperedge
ei ∈ E connects an arbitrary subset of V , and is assigned
a specific weight W (ei ). A probabilistic hypergraph G can
be represented by a |V| × |E | incidence matrix H with the
following entries,

H(vi , e j ) =
{
P(vi , e j ), if vi ∈ e j ,

0, if vi /∈ e j ,
(5)

where P(vi , e j ) expresses the probability that vertex vi asso-
ciated with the hyperedge e j . ConsideringH as the incidence
matrix, the vertex degree of vi ∈ V is defined as,

d(vi ) =
∑

e j∈E
W (e j )H(vi , e j ). (6)

For each hyperedge e j ∈ E , the hyperedge degree δ(e) is
defined as the number of nodes it contains. The hyperedge
weight W (e j ) is computed as,

W (e j ) =
∑

vi∈e j
H(vi , e j ). (7)

Different approaches have been proposed for learning
based on a hypergraph [1,49,50]. Amajority of them defined
the normalized regularizer on the hypergraph as,

Ω(f,X) = 1

2

∑

e∈E

∑

u,v∈V

W (e)H(u, e)H(v, e)

δ(e)

×
( f (u)√

d(u)
− f (v)√

d(v)

)2
, (8)

where f contains the relevance probabilities of all the docu-
ments that we aim to learn. Let Dv and De denote diagonal
matrices of vertex degrees and hyperedge degrees, respec-
tively. By defining Θ = D−1/2

v HWD−1
e HTD−1/2

v , we can
further derive Eq. (9) as

Ω(f,X) = fT (I − Θ)f, (9)

where I is an identity matrix. Let � = I − Θ , which is a
positive semidefinite matrix, the so-called graph Laplacian.
Then Ω(f,X) can be simply rewritten as

Ω(f,X) = fT�f . (10)

The above equations can be solved using the well-known
graph-based random-walk framework [2,15,21]. It can be
seen that the simple graph Laplacian is a special case of
hypergraph Laplacian where all hyperedges have degree two
and each of them links only two vertices [29].

3 Adaptive multi-modal multi-view reranking

We have introduced the basic concept of reranking based on
simple graph and hypergraph. In this section, we will detail
the formulation and optimization of our proposed aMM
methods for the reranking of multi-modal documents.

3.1 Formulation

Adaptive modality fusion Without loss of generality, we
assume that eachmulti-modal document comprises of K dis-
tinct modalities, and they collectively describe the document
from various perspectives. It is thus reasonable to take all
these modalities into consideration to enhance the reranking
performance. It is natural to first estimate the ranking score of
each document utilizing individual modality and then merge
all of them together equally,

f = 1

K

K∑

i=1

f i , (11)

where f i denotes the ranking function of the i th modality
and f is the final ranking function which aggregates the rank-
ing results of different modalities. However, it may lead
to suboptimal results, because different modalities convey
different information and consequently have different con-
tribution confidences towards the final result. In addition, the
confidence values of distinct modalities are query specific.
Towards this end, we adaptively fuse them by,

f =
K∑
i=1

λi f i , s.t.
K∑
i=1

λi = 1, (12)
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where λi is the adaptive modality weight that modulates the
effect of the i th modality. Instead of manually tuning the λi ,
they are automatically learned, based upon the given query.
We intentionally do not constrain λi to be larger than zero. In
thisway,we can inferwhichmodality is negatively correlated
with the reranking task.

Adaptive feature view fusion As aforementioned, various
feature views can be extracted from each individualmodality.
For each feature view, we construct one hypergraph to cap-
ture the grouping relations among multi-modal documents.
The Laplacian regularizer of the i th modality is a linear
combination of various Laplacians of its feature views.Math-
ematically, it is stated as,

Ω(f,X) =
K∑

i=1

λi
Ni∑

j=1

αi
j f
i T�i

j f
i ,

s.t.
Ni∑

j=1

αi
j = 1, 0 ≤ αi

j ≤ 1, (13)

where �i
j denotes graph laplacian constructed based on the

j th feature view extracted from the i th modality; αi
j is the

weight for the j th feature view, and Ni is the number of
feature views extracted from the i th modality. For instance,
if the i th modality of one multi-modal document is text and
we extract topic-level, part-of-speech, and uni-gram features
to represent this modality. In the context of this example, Ni

is set as 3. In fact, �i
j implicitly ensures the Smoothness as

discussed in the Sect. 2.
Modality disagreement penalty For a given multi-modal

document, its ranking score estimated by exploring dif-
ferent modalities should be the same or sufficiently close.
This is because heterogeneous modalities consistently con-
vey the same underlying semantics via different medium
types. Therefore, large deviations in ranking results based
on different modalities should be penalized. Considering
the consistency among distinct modalities, we can extend
Eq. (13) to,

Ω(f,X) =
K∑

i=1

λi
Ni∑

j=1

αi
j f
i T�i

j f
i

+β
∑

ī �=i

‖f i − f ī‖2 + μ

K∑

i=1

‖αi‖2,

s.t.
K∑

i=1

λi = 1,
Ni∑

j=1

αi
j = 1. (14)

The first term of the above equation is to adaptively fuse
the feature views and modalities. The second term reflects
the agreement among different ranking functions computed

from distinct modalities. It indeed enforces the final ranking
scores computed from different modalities to be close to each
other. The last term controls the sparsity of themodel to avoid
overfitting.

Initial admissibilitySincewe take the discriminative capa-
bilities of eachmodality into consideration,we have to restate
the loss penalty in Eq. (2) as

R(f, y) = ‖f − y‖2 = ‖
K∑

i=1

λi f i − y‖2. (15)

Unifying all the aforementioned regularizers, we arrive at our
proposed adaptive multi-modal multi-view reranking model
for the multi-modal documents.

Φ(f, y,X) =
K∑

i=1

λi
Ni∑

j=1

αi
j f
i T�i

j f
i + β

∑

ī �=i

‖f i − f ī‖2

+ γ ‖
K∑

i=1

λi f i − y‖2 + μ

K∑

i=1

‖αi‖2. (16)

We can see that we need to learn the following variables:
(1) f i: the ranking function for the i th modality; (2) λi : the
contribution confidence for the i th modality; and (3) αi

j : the
optimal weight for the j th feature view extracted from the
i th modality. We derive the solutions via alternative opti-
mization.

3.2 Optimization

We adopt an alternative optimization method to optimize
Eq. (16). Specifically, we update f , α, and λ alternatively
with others fixed to minimize the objective function.

3.2.1 Optimization of f

We first fix α and λ. We then take the derivative of Φ(.) with
respect to f i . We have

∂Φ

∂f i
= 2

{
λi

Ni∑

j=1

αi
j�

i
j +

[
β(K − 1) + γ λi

2
]
I
}
f i

+ 2
∑

ī �=i

(−β + γ λiλī )f ī − 2γ λiy. (17)

Setting Eq. (17) to be zero, we obtain the following set of
equations,

⎧
⎪⎪⎨

⎪⎪⎩

ti = γ λiy,

Li i = λi
∑N j

j=1 αi
j�

i
j +

[
β(K − 1) + γ λi

2
]
I,

Li ī =
(
γ λiλī − β

)
I.
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We can rewrite Eq. (17) as,

ti = Li i f i +
∑

ī �=i

Li ī f ī . (18)

The above equation systems explicitly suggest that we have
to jointly learn all f i and f ī , where i �= ī . Meanwhile, we can
re-write Eq. (18) as the following linear system,

⎡

⎢⎢⎢⎣

L11 L12 . . . L1K

L21 L22 . . . L2K

...
...

. . .
...

LK1 LK2 . . . LKK

⎤

⎥⎥⎥⎦

⎡

⎢⎢⎢⎣

f1

f2
...

fK

⎤

⎥⎥⎥⎦ =

⎡

⎢⎢⎢⎣

t1

t2
...

tK

⎤

⎥⎥⎥⎦ . (19)

It is worth noting that we can equivalently further simplify
this linear system as,

L̂f̂ = t̂, (20)

where L̂ is a block symmetric matrix with K × K blocks.
We can prove that L̂ is positive definite, and thus invertible;
f̂ and t̂ are both block vectors with K elements. Noticeably,
t̂ and L̂ are constant since λi and y are fixed. The analytical
solution of f̂ can be derived as

f̂ = L̂−1 t̂. (21)

3.2.2 Optimization of λi

We then apply Lagrangian method to incorporate the con-
straints on λi as follows,

Φ =
K∑

i=1

λi

Ni∑

j=1

αi
j f
i T�i

j f
i

+ γ

∥∥∥∥∥

K∑

i=1

λi f i − y

∥∥∥∥∥

2

+ ξ

(
1 −

K∑

i=1

λi

)
+ C, (22)

where ξ is a Lagrangian multiplier and C = β
∑

ī �=i ‖f i −
f ī‖2+μ‖α‖2 is constant with respect to λi .We now fix f i , αi

j

and λ1, . . . , λi−1, λi+1, . . . , λK . We then take the derivative
of Φ with respect to λi ,

∂Φ

∂λi
= 2γ f i

T
f iλi +

K∑

ī �=i

2γ f i
T
f īλī

+
Ni∑

j=1

αi
j f
i T�i

j f
i − 2γ f i

T
y − ξ. (23)

We set Eq. (23) to be zero and we can derive

λi =
2γ f i

T
(
y − ∑K

ī �=i λ
ī f ī

)
− ∑Ni

j=1 αi
j f
i T�i

j f
i + ξ

2γ f i T f i
.

(24)

To compute the value of Lagrangian multiplier, we rearrange
the terms in Eq. (24) as follows,

⎧
⎪⎪⎨

⎪⎪⎩

λi = Π i

Ψ i + ξ

Ψ i ,

Π i = 2γ f i
T

(
y − ∑K

ī �=i λ
ī f ī

)
− ∑Ni

j=1 αi
j f
i T�i

j f
i ,

Ψ i = 2γ f i
T
f i .

(25)

With the prior knowledge, we know that the sum of λi equals
to one. We can compute the Lagrangian multiplier as

K∑

i=1

λi =
K∑

i=1

(Π i

Ψ i
+ ξ

Ψ i

)
= 1. (26)

We can then obtain the following results,

ξ = 1 − ∑K
i=1

Π i

Ψ i
∑K

i=1
1

Ψ i

. (27)

3.2.3 Optimization of αi
j

To minimize the cost function with respect to αi
j , we fix f i s

andλi s first.We then compute the value ofαi
j . To consider the

constraint on αi
j , we also turn to the Lagrangian multiplier,

Φ =
K∑

i=1

λi
Ni∑

j=1

αi
j f
i T�i

j f
i + μ

K∑

i=1

‖αi‖2

+ η

⎛

⎝1 −
ni∑

j=1

αi
j

⎞

⎠ + C, (28)

where C is constant with respect to αi
j . Now we take deriva-

tion with respect to αi
j as follows

∂Φ

∂αi
j

= λi f i
T
�i

j f
i + 2μαi

j − η, (29)

where η is the Lagrangianmultiplier. Setting Eq. (29) to zero,
we can find the solution of αi

j as

αi
j = −

(
λi f i

T
�i

j f
i − η

)

2μ
, (30)
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where Lagrangian multiplier can be computed from the con-
straint

∑ni
j=1 αi

j = 1 as follows,

ni∑

j=1

αi
j = −

ni∑

j=1

(
λi f i

T
�i

j f
i − η

)

2μ
= 1. (31)

Therefore, we have

η =
( ∑ni

j=1 λi f i
T
�i

j f
i
)

+ 2μ

ni
. (32)

3.3 Computational complexity

The computational cost of the proposed approach mainly
contains three parts, which are the cost of updating of f , λi ,
and αi

j :

1. The computational complexity of updating f using the
Eq. (21) is O(K 3N 3).

2. From Eq. (24), we can infer that the computational com-
plexity of computingλi is O(N 2).We have K modalities,
and hence the complexity of updating all λi s is O(K N 2).

3. For updating αi
j , the complexity is O(N 2), and it is

O((K + D)N 2) for all feature views extracted from all
the modalities.

In summary, the complexity of the whole optimization
process is O(T (K 3N 3 + K N 2 + (K + D)N 2)), where N
is the number of samples, D is the dimension of the largest
feature view, K is the number ofmodalities and T is the num-
ber of iterations of alternating optimization, respectively. It
is possible to use an iterativemethod to solve Eq. (21) instead
of using matrix inversion, which is analogous to the method
in [47]. In this way the computational complexity becomes
O(T (K N 2 + K N 2 + (K + D)N 2).

4 Experiments

In this section, we aim to answer the following questions:

1. Howwell does the proposed aMM rerankingmodelwork
as compared to other state-of-the-art methods?

2. How effective is each of the components within the pro-
posed model?

3. How sensitive is our proposedmodel to the involved para-
meters?

4. Besides our manually constructed dataset, how robust is
the proposed model with respect to other publicly acces-
sible datasets?

Table 1 The representative complex queries collected from Google
Image Search Engine

Query ID Complex query string

1 Baby eating apple while lying

2 Boy swimming in the river

3 Lady wear sunglasses on the sea beach

4 Lion hunting zebra in the grassland

5 Two kids playing with a ball in the park

Here we do not list all of the queries due to limited space

In the rest of the section, we first introduce the experi-
mental settings. We then respectively explore the answers to
the aforementioned four experimental questions. We finally
summarize the key findings from the experiments.

4.1 Experimental setting

4.1.1 Data collection

Toverify our proposedmodel,we build amulti-modal dataset
with complex queries. The complex queries are constructed
based on the suggestion of Google Image Search Engine. To
be more specific, inspired by [27], we first selected a set of
visual concepts fromcommunity question answering forums,
such as Yahoo! Answer.1 We then issued them to Google
Image search Engine. We manually selected a set of 20 ver-
bose queries from the suggestion lists. Some representative
queries are listed in Table 1. For each complex query, we col-
lected its top ranked images returned by the Google Image
Search Engine together with their corresponding textual web
pages. Consequently, documents in our constructed dataset
contain both images and texts. In total, it comprises of 4341
multi-modal documents and on average there are approxi-
mately 217 documents for each query. The reasons that we
constructed the dataset in this way are as follows: (1) the sug-
gested complex queries are hot and real queries, which are
frequently issued by information seekers; (2) current com-
mercial web search engines do not, in general, perform well
with verbose queries, especially for image retrieval;2 and (3)
this dataset contains original text-based ranking information
and we thus can easily evaluate whether our approach can
outperform the search engine.

To obtain the ground truth of each multi-modal docu-
ment,we conducted amanual labelling process. Three human
annotators were involved in the process. Each document was
labelled to be very relevant (score 2), relevant (score 1) or

1 https://answers.yahoo.com/.
2 A study in [30] shows that a failed image query tends to be longer than
the average successful query, which indicates longer queries’ higher
specificity of contents and also reveals the limitations of current web
image search engines for complex queries.
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irrelevant (score 0) with respect to each given query. We per-
formed a voting to establish the final relevance level of each
document. For cases when each of the three relevance classes
for the given document has only one voting ballot, a discus-
sion was carried out among the annotators to decide the final
ground truths.

4.1.2 Evaluation metrics

In order to evaluate the reranking performance for each
query, we apply the normalizedDiscounted Cumulative Gain
(nDCG) [26], which is a standard measurement in informa-
tion retrieval [25,31]. For a given query, the nDCGat position
n can be computed as

nDCG@n =
rel1 + ∑n

i=2
reli
log2i

DCG
, (33)

where reli is the relevance score of the i th multi-modal
document in the ranked list, and IDCG is the normalizing
factor that makes nDCG@n equals to 1 for perfect ranking.
To compute the overall performance, we report the average
nDCG@n over all queries.

4.1.3 Feature views extraction

There are two different modalities in our dataset: image and
text. For each modality, we extracted a rich set of features to
comprehensively describe the multi-modal documents from
various views. The extracted features are summarized in
Table 2. In total, we have extracted 7 feature views from
image modality with 929 dimensional visual features; and
3 feature views from text modality with 2020 dimensional
textual features.3

4.2 On model performance comparison

Toexamine the efficacyof our proposedmodel,we conducted
experiments to compare the performance of our model with
other state-of-the-art competitors:

– GISE It is the original search result of Google Image
SearchEnginewithout any further processing and rerank-
ing.

– SGRW It is the simple graph based random walk rerank-
ing method [41]. It concatenates various feature views
from all modalities in to a vector. We empirically set the
involved tradeoff parameter γ as 0.9.

– sMM It is a simple graph-based multi-modal reranking
method introduced in [37], which integrates different fea-
tures but does not differentiate modalities. We set the

3 http://nlp.stanford.edu/software/tmt/.

Table 2 Illustration of different feature views in image and text modal-
ities

ID Modality Feature view Dimensions

1 Image Block-wise color moments
(5 × 5 partition)

255

2 Color histogram in HSV space 64

3 Color histogram in RGB space 256

4 Wavelet texture features 128

5 Color autocorrelogram
in HSV space

144

6 Edge direction histogram 75

7 Face features 7

8 Text Term frequency 1000

9 Tf-Idf weight feature 1000

10 Topic-level feature
(20 extracted LDA topics)

20

involved parameters λ and ξ to be 0.1 and 10, respec-
tively.

– aMM It is our proposed model. We set the parameters β,
γ , and μ to be 20, 10, and 0.9, respectively.

For eachmethodmentioned above, the respective parameters
are carefully tuned, and the parameters with the best perfor-
mance are used to report the final comparison results.

The comparison performance is shown in Fig. 3a with
respect to different depth of nDCG metrics. We have the
following observations: (1) our proposed method consis-
tently outperforms other baselines. In particular, the average
improvements at depth 10 are 7.22, 6.02, and 2.54 %, as
compared to GISE, SGRW and sMM, respectively. The
consistent superiority demonstrates the advantages of our
approach since it has modulated the effects of different
modalities and views adaptively; (2) SGRW method only
achieves a slight improvement over the results returned by the
search engine. This clearly shows that simply concatenating
all features with simple graph-based reranking approach can-
not significantly boost the ranking results. Indeed, for several
queries, it degrades the quality of the original ranking results,
especially for complex queries. This phenomenon is also
reported in some previous reranking literatures [15,22,34];
and (3) sMM approach is the second best approach since it
considers the effects of different extracted features in a sim-
ilar way. However, it only uses the pairwise information and
does not consider the discriminative capabilities of different
modalities, which are essential in multi-modal information
retrieval.

The possible reasons that our proposed aMMmethod out-
performs the other two reranking baselines are as follows: (1)
due to the intrinsic limitation of the simple graph, learning on
simple graph naturally cannot leverage higher-order relations
among documents, which can only capture pairwise relations
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Fig. 3 These three subfigures respectively show the results of: a overall model comparison, b component-wise analysis, and c adaptive fusion of
distinct feature views in terms of nDCG

betweendocuments [16,19,44,49]; (2) the baselines consider
all modalities and views to have equal strength in represent-
ing the content of multi-modal documents, while in fact,
they have query-specific contribution confidences [37,44];
(3) simply merging all the feature vectors suffers from the
curse of dimensionality [17]; and (4) they do not capture and
model the relatedness among modalities.

We also conducted the analysis of variance (known as
ANOVA). In particular, we performed a paired t test between
our proposed aMMmodel and each of the benchmarks based
on various nDCG depth. We found that all the p values
are much smaller than 0.05, which demonstrates that the
improvement of our model is statistically significant.

4.3 On component-wise analysis

We are now interested to find out the effectiveness of dif-
ferent components in our proposed model. In particular, we
consider the bi-level evaluation of: (1) modality level; and
(2) feature view level.

4.3.1 On multi-modality analysis

From the perspective ofmodality level, we conducted experi-
ments with the following settings. It is worth noting that all of
the settings below considered the adaptive fusion of feature
views.

– EQ-NA We neither considered the adaptive weights of
various modalities, nor the modality agreement. In fact,
this is a special case of our model when all λ are equal
and β is equal to zero.

– AF-NA We took the adaptive fusion of modalities into
consideration, but did not consider the modality agree-
ment. This was achieved by setting β to be zero.

– EQ-MA We considered modality agreement, but we did
not differentiate the weights of modalities. We imple-
mented this by setting all λi to be equal.

– aMM This is our proposed model, which considered all
the components.

The performance of aforementioned settings is illustrated
in Fig. 3b. From this Figure, we can observe the follow-
ing points: (1) approaches with adaptive fusion of distinct
modalities perform consistently better than those treating
all modalities with equal weight. In particular, aMM con-
sistently outperforms its counterpart EQ-MA, and AF-NA
oftenoutperformsEQ-NA approach too.The reason is proba-
bly that they can assign higherweights tomore discriminative
modalities based on the given query. This result is con-
sistent with several past research efforts in multi-feature
fusion [37,43]. Moreover, it is worth noting that EQ-NA,
indeed, outperforms AF-NA at some depths. However, this
happens at higher depths, i.e. higher that 60, which are less
important that top-ranked results since many users might
not check these depths. (2) EQ-MA and aMM significantly
improve the performance as compared to EQ-NA and AF-
NA respectively. The results reveal that modality agreement
is more important in multi-modal information reranking than
adaptive weights learning. It verifies our initial expectation
that modality agreement is an important indicator for rerank-
ing process. It is worth noting that perviously proposed
models, like sMM [37] (see Sect. 4.2), cannot incorporate the
agreement of different modalities into the reranking frame-
work.

4.3.2 On multiple feature view analysis

At the feature view level, we conducted experiments to com-
paratively validate the following experimental settings:

– EFV We treated different feature views during fusion
equally. But we considered the modality agreement and
adaptive fusion of modalities. It can be derived that this
is a special case of our method when the αi

j are equal for
all views.
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Fig. 4 The studies of parameter sensitivities. Each of the three key parameters was tuned with the other two fixed

– aMM This is our proposed model, which considered all
the components.

Figure 3c shows the comparison results of the above two
methods. From this Figure, we have two observations: (1)
our proposed aMM model, which adaptively fuses the fea-
ture views, is significantly and stably better thanEFV. Recent
research efforts on multi-view retrieval and reranking [9,40]
well support this experimental results. It shows that distinct
feature views can contribute differently in learning approach.
(2) The performance gap is widened as the nDCG depth
becomes smaller. This implies that in the multi-modal docu-
ment retrieval, it is useful to keep the top documents only.

4.4 On the parameter tuning

We also studied the parameter sensitivity of our proposed
model. Our model holds two sets of parameters: (1) query-
specific parameters, i.e. λi and αi

j , are adaptively learned
by the optimization procedure; and (2) regularization para-
meters include β, γ , and μ. These parameters respectively
control the effects of modality agreement, initial admissibil-
ity, and sparsity of the model. In the past experiments, we
have demonstrated the importance of the adaptive parame-
ters. It is also highly desireable to evaluate the sensitivity of
our method with respect to the later set of parameters.

We first fixed β and μ, and varied γ from 0.01 to 1
with flexible step size. We selected smaller step size, 0.01,
between 0.01 and 0.1 to analyze the effect of very small value
of γ . We then selected a larger step size of 0.1 for the rest
of the range. Figure 4a demonstrates the sensitivity curve of
aMM approach with respect to various γ values. Follow-
ing that, we fixed γ and β and varied μ from 0.01 to 100
with flexible step size. The red curve in Fig. 4b shows the
stability of our model with respect to the various μ values.
Finally, we fixed γ and μ, and changed the modality agree-

ment parameter to evaluate its effects on the performance of
the approach. We selected different values in the range of
0.01 to 100. Figure 4b shows the performance curve with
respect to the various β values. From the results, it can be
seen that the performance of our model will not significantly
degrade when the two parameters β and μ changes after 10.
Comparatively, the model is more sensitive to the parameter
γ which modulates the effects of initial reranking but it still
varies in a fairy narrow range and it is thus acceptable.

4.5 Evaluation of public datasets

We are also interested to find out the robustness and applica-
bility of our model on different multimodal information
retrieval tasks. In particular, we consider two well-known
multimedia tasks: (1) web Image reranking on the MSRA-
MM Version 2.0 dataset [20]; and (2) KIS on TRECVid
2012.4

We selected these two datasets to further verify our
approach due to the following reasons: (1) the queries in
MSRA-MM 2.0 are relatively short, while the queries for
KIS are very verbose, hencewe can validate the effectiveness
of our model on simple and complex queries, respectively;
(2) they are publicly accessible and widely used with well-
labelled ground-truth; and (3) they respectively comprise
of multimodal documents in terms of image + text and
video + text, which are the dominant media form to date.

We first evaluated our model on the MSRA-MM 2.0
dataset [20]. It contains 1, 165 frequent queries of a com-
mercial search engine. This dataset is manually categorized
into nine categories containing of 1,011,738 images with
their surrounding texts. The same set of features summarized
in Table 2 were extracted for each multimodal document.
Table 3 comparatively summarizes the reranking perfor-

4 http://www-nlpir.nist.gov/projects/tv2012/tv2012.html.
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mance of various models over MSRA-MM 2.0 in terms of
nDCG@100. It can be observed that our proposed model
is superior to the baselines. This reflects that our model is
robust for themultimodal reranking taskwith simple queries.
Figure 5 visually illustrates the reranking results of different
models.We can see that the reranking results of our proposed
model aremore visually consistent and coherent as compared
to those obtained by baselines.

We also applied our proposed model on the KIS task. KIS
is a specialized task of the general multimedia search prob-
lem where information seekers have already seen a video
before and they want to find that specific video again based
on their memory recall. The text queries are hence very long
to depict their pieces of memories. The KIS task takes only a
text query and returns a ranked list of videos which are most
likely to match the known item. Table 4 illustrates the exam-
ples of the KIS task. Each video and its ASR naturally form
a multimodal document. We conducted experiments on the

Table 3 Performance comparison of various reranking models over
MMRA 2.0 dataset in terms of average nDCG@100

Categories GISE SGRW sMM aMM

Animal 0.734 0.724 0.791 0.797

Cartoon 0.807 0.819 0.865 0.879

Event 0.788 0.779 0.811 0.836

Object 0.703 0.708 0.741 0.745

People 0.714 0.716 0.742 0.746

Person 0.908 0.939 0.940 0.955

Scene 0.703 0.712 0.792 0.794

Time08 0.830 0.830 0.870 0.879

Misc 0.736 0.757 0.790 0.824

Overall 0.769 0.776 0.816 0.828

repository of TRECVid 2012. This repository approximately
includes eight thousands videos inMPEG-4/H.264 format. In
total, it contains about 200 h of videos with duration between
10 s to 3.5 min. Inspired by [6,46], we employed term fre-
quency and inverse document frequency weighting scheme
(tf-idf) to compute the initial ranking list for each given query,
which has been shown as an effective approach for KIS task.
Based on the initial ranking list, we implemented our rerank-

Table 4 Query examples in KIS and their ground truth video keyframe
from TRECVid 2012 KIS

Topic Query example Keyframe
example

900 Find the video with people celebrating in
a street yelling and running

1152 Find the video showing a turtle on a log
with trees in background

Table 5 Different feature views extracted from text and video modal-
ities for KIS task

ID Modality Feature view Dimensions

1 Text Tf-Idf extracted from ASR 1000

2 Topic distribution (50-D LDA topic) 50

3 Bag-of-Words 1000

4 Count of Named Entities in ASR 3

5 Video Color histogram in HSV space 64

6 Edge direction histogram 75

7 Semantic concepts in
the video key frames

1000

Fig. 5 Illustration of reranking results for an example query “air-
plane”:a the original ranking list;bSGRW; c sMM; anddour proposed
aMM model. The results are from position 6 to 20. Due to the limited

space, we do not show the top 5 images since they are all relevant.
Images with tick symbols are very relevant; images with cross symbols
are irrelevant; while those without marks are something between
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Table 6 Performance comparison of reranking models over KIS task
in terms of MRR

Initial search results SGRW sMM aMM

0.112 0.090 0.115 0.128

ing model and its competitors. The feature views extracted
from ASR and video modalities are summarized in Table 5.

Table 6 illustrates the comparison performance in terms
of mean reciprocal rank (MRR) [24]. Higher MRR values
indicate better performance. From Table 6, we observed
that: (1) SGRW makes matters worse as compared to the
initial search results. The reason might be that KIS items
are complex and vary in visual semantics. Therefore, sim-
ply aggregating feature vectors of different modalities would
lead to a meaningless feature space. (2) The improvement
in reranking performance by sMM is not significant. This
tells us that the relations among multi-modal documents
are very complex, especially for those complex queries.
(3) Our proposed model significantly outperforms others.
This reveals that semantics between ASR and videos are
consistent, and have query-specific discriminative capabil-
ities.

4.6 Summary

To sum up, the experiments support four main findings: (1)
modality agreement is of vital importance and is more effec-
tive than the adaptive fusion in the multi-modal reranking
(Sect. 4.3.1); (2) discriminative capabilities of modalities
and feature views are query specific and adaptive fusion of
them remarkably improves the performance (Sects. 4.3.1 and
4.3.2); (3) higher-order relations among multi-modal docu-
ments are much more informative as compared to pairwise
relations (Sect. 4.2); (4) our proposed model is insensitive
to the involved parameters and robust to many multi-modal
reranking tasks (Sects. 4.4 and 4.5).

5 Conclusions and future work

This paper presented a hypergraph-based adaptive rerank-
ing model to boost the search performance of multi-modal
documents. Besides the smoothness and initial admissibility
concerned by the traditional reranking approaches, it seam-
lessly unifies modality agreement, adaptive fusion of feature
views from distinct modalities, as well as higher-order rela-
tions amongmulti-modal documents. Extensive experiments
on our constructed dataset well verified our proposed model
and each of its components. In addition, experiments on
two other widely used public datasets also demonstrated its
robustness.

In the current work, we only consider relevance of
multi-modal documents. On the other hand, diversity is an
important aspect of multi-modal document retrieval. In the
future, we plan to extend our model to jointly consider rele-
vance and diversity.
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