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ABSTRACT
In this paper we propose a novel classification based framework
for finding a small number of images summarizing a concept. Our
method exploits metadata information available with the images
to get the category information using Latent Dirichlet Allocation.
We modify the import vector machine formulation based on kernel
logistic regression to solve the underlying classification problem.
We show that the import vectors provide a good summary satisfy-
ing important properties such as coverage, diversity and balance.
Furthermore, the framework allows users to specify desired distri-
butions over category, time etc, that a summary should satisfy. Ex-
perimental results show that the proposed method performs better
than state-of-the-art summarization methods in terms of satisfying
important visual and semantic properties.
Categories and Subject Descriptors: I.4m [Computing Method-
ologies]: Image Processing and Computer Vision - Miscellaneous
General Terms: Algorithms, Design
Keywords: Concept and Image Summarization

1. INTRODUCTION
In this work, we focus on the problem of automatic summariza-

tion of images for a given concept (e.g.,Oil Spill) where additional
information is available in the form of metadata. The goal is to dis-
cover various aspects (e.g.,environmental impact, protests, politics)
of the concept and present a set of selected images according to
some criteria [3, 2, 1] like likelihood, diversity, balance in terms
of both visual and semantic sense.

For image collections, most of the works target applications like
presentation of iconic views, image summarization or browsing [3,
1], ranking [2], identification and summarization of landmarks. In
contrast, our work is suitable for a wide variety of concepts, made
possible by discovering topics through Latent Dirichlet Allocation
(LDA). It approaches the problem through a novel classification
based strategy rather than the conventional clustering based ap-
proach. Furthermore, it is still unsupervised because we automat-
ically get the category information of the images through LDA.
Also, our method satisfies most of the important properties like
likelihood, diversity, balance both visually and semantically, while
the other approaches satisfy only a subset of them. Finally, addi-
tional user specified properties like preferred topic and temporal
distributions can be incorporated more naturally in our framework,
and have never been attempted before to the best of our knowledge.
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2. OUR APPROACH
Concept Summarization: Effective summarization of a collec-
tion is characterized by some important properties that the sum-
mary should possess. Based on the properties used in [3, 1, 2], we
use the following properties for both semantic and visual aspects.
They are: (1) Diversity - Two images in the summary should not
be similar to each other visually or semantically. (2) Coverage -
The summary should cover all interesting and important visual and
semantic aspects. Visual and semantic aspects with high likelihood
should be present in the summary. (3) Balance - The various vi-
sual and semantic aspects should be present in a balanced way to
avoid any misunderstanding of summary. Besides this, the sum-
mary should be sparse in the number of images.
Classification Framework: The motivation behind our approach
is based on two observations: (1) description of an image often
gives important information about the semantic aspects (topics) and
(2) image features in a good representation are useful to predict
the semantic topics. Then, the basic idea is to build a classifier
model (using the image features) specified by a subset of images
that predict the semantic aspects well.

Let I = {I1, I2, . . . , IN} and T = {T1, T2, . . . , TN} denote
a collection of images with respective descriptions. Let us assume
that X = {xi : i = 1, . . . , N} is a feature representation of I.
We discover the semantic topics from T using LDA. Let us assume
that there are M topics. Let us denote the topic distributions of the
collection I discovered by LDA as: Q = {qi : i = 1, . . . , N}
where qi = [qi,1, . . . , qi,M ] is the topic distribution of i-th image.
Usually, each image belongs to very few topics and in the extreme
case it belongs to just one topic. Therefore, each qi is sparse. Our
idea is to treat each topic as a class and qi as the class probabil-
ity distribution over a set of classes C = {c1, c2, . . . , cM}, i.e.,
P (cj |xi) = qi,j , ∀i = 1, . . . , N, j = 1, . . . , M . Thus, the prob-
lem is: given the image-class distribution pairs for all the exam-
ples, find a sparse set of images IS ⊂ I that summarizes the con-
cept for some S ⊂ {1, . . . , N} with a user specified value for |S|,
where |S| � N . Our proposal is to design a sparse kernel classifier
and output the concept summary comprising of the image summary
IS = {Ii : i ∈ S} (that specifies the sparse kernel classifier) with
its descriptions TS = {Ti : i ∈ S}. We use the import vector
machine [4] as the sparse kernel classifier.
Import Vector Machine (IVM): Let yi be a binary vector with
only one non-zero element, where the components are defined as:
yi,m, m ∈ 1, 2, . . . , M and let ci denote the class label of the i-th
image. Then, the IVM optimization problem for a multi-class clas-
sification problem can be written as [4]: mina,S − 1

N

PN
i=1 yi,ci

log(P (cj |xi)) + λ
2

PM
m=1 aT

:,mKa:,m, where, P (cj |x) =
e

fj(x)
PM

m=1 efm(x) , fm(x) =
P

i∈S ai,mk(x,xi), (i, j)-th entry of the
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kernel matrix K is given by k(xi,xj) and k(x,xi) = exp(− ||x−xi||2
2σ2 )

(σ2 is the kernel width parameter). a:,m denotes the coefficient
vector of the m-th classifier, fm(x). In IVM, the examples in S
are called the import vectors. Thus, we design an IVM to find
the concept summary (IS, TS). In our general setting, we have
the probability distribution qi (instead of yi) where more than one
class can have nonzero values. Thus, we have:

min
S,a

− 1

N

NX

i=1

MX

j=1

qi,j log(P (cj |xi)) +
λ

2

MX

m=1

aT
:,mKa:,m. (1)

Note that (1) is a combinatorial optimization problem. Therefore,
similar to [4] we use a greedy algorithm (Algorithm 1) to find S.

Data: Class distributions, {qi,j , i = 1, .., N, j = 1, .., M}
Image features X = {xi, i = 1, .., N}
Distribution over categories Pt, if applicable
Number of Summary Images L = |S|, parameters λ and η

Result: Subset S of indexes of the summary images
1 begin
2 S←− ∅
3 for k ← 1 to L do
4 S̄←− {1, ..., N}\S
5 for i ∈ S̄ do
6 Construct Si ←− S ∪ {i}.
7 Set S to Si in Equation 1 and optimize for the

coefficients a using gradient descent algorithm
8 Ei ← optimized objective function value (Eq. 1)
9 if Distribution constraint is applicable then

10 Ei ←− Ei + ηKL(Pt,
1
k

P
xl∈Si

ql).
11 end
12 end
13 S←− S ∪ {argmini∈S̄ Ei}.
14 end
15 end

Algorithm 1: A Greedy Algorithm for Subset Selection

Distribution Regularization: Our framework has the flexibility in
selecting the subset according to some user defined requirements.
For example, for the concept Oil Spill, it is appropriate to include
more images that represent political aspects than others while prepar-
ing a slide show for a web page discussing political news. Let
Pt denote a target distribution over the categories that the sum-
mary should satisfy; that is, we want Pt(j) = 1

K

P
i∈S qi,j , ∀j =

1, . . . , M . We add a KL-divergence based regularization term ηKL
(Pt(c),

1
K

P
i∈S qi) to the objective function (Equation 1). Here,

η controls the contribution of this term.
System Implementation: For data acquisition we obtained the col-
lections from flickr, internal search indices of mRSS feeds from
sites like http://news.yahoo.com, http://omg.yahoo.
com, etc. For each image Ii, we extract a 1024 dimensional fea-
ture vector xi using convolution neural network (CNN). For text,
we use a bag of word representation with standard preprocessing.
We derive the topic distribution information Q automatically using
LDA with the parameter values α = 0.1 and β = 0.01. For IVM,

we use the Gaussian kernel K(xi,xj) = exp(
−‖xi−xj‖2

2σ2 ) with σ
in the range 2−3. We set λ to a value in the range [0.001−0.0001].

3. EXPERIMENTAL EVALUATION
Figure 1 shows a summary of 20 images for the San Francisco

dataset (4602 images collected from Flickr) with the uniform cate-
gory distribution constraint. Notice that our method is able to cap-
ture the different aspects well. For example, there are two different

Figure 1: Our summary for the concept: San Francisco.

views of golden Gate Bridge (blue box) in the summary. More-
over, the images of different neighborhoods like Victorian Houses
and Chinatown are also present. We compared our method with
the methods proposed in [3, 1, 2]. We observed that each of these
methods miss out at least one of these aspects.
Quantitative Comparison: We also made a quantitative compari-
son of different methods (Table 2). Table 1 shows the metrics used
for different visual and semantic properties.

Visual Likelihood (VL)
P

i∈S

PN
j=1 k(xi,xj)− |S|

Visual Diversity (VD)
P

i∈S

P
j∈S k(xi,xj)− |S|

Semantic Likelihood (SL) −P
i∈S

PN
j=1 KL(qi,qj)

Semantic Diversity (SD) −P
i∈S

P
j∈S KL(qi,qj)

Semantic Balance (SB) KL( 1
N

PN
i=1 qi,

1
K

P
i∈S qi)

Table 1: Metrics used for different properties.

In this experiment, we used 10 popular image search queries
from three broad types of concepts Current Affairs, Travel and
Celebrities. The average number of images was around 400. We
computed the metrics in Table 1 for each query and method, and
ranked them on each property. The results reported in Table 2 are
the ranks averaged over these queries. Columns 2-4 in Table 2
show the (query) average rank of different methods on each prop-
erty. The last column shows an average rank (row wise average
score) for each method. Note that we compared only methods that
use both image features and metadata in this experiment; there-
fore, we excluded Simon et al. [3] method. Our method performs
significantly better than the second best method. Note that other
methods are able to do well only on a subset of properties.

VL VD SL SD SB Avg.
Our Method 2.0 2.0 1.6 1.9 1.7 1.84
Eva et al [2] 3.0 1.0 1.7 3.0 1.5 2.04

Spec. Clustering [1] 1.0 3.0 2.7 1.1 2.8 2.12

Table 2: Ranks of methods for different properties.
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