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ABSTRACT
As the consequence of semantic gap,visual similarity does
not guarantee semantic similarity , which in general is con-

icting with the inherent assumption of many generative-
based image annotation methods. While discriminative lear n-
ing approach had often been used to classify images into
di�erent semantic classes, its e�ciency is often impaired b y
the problems of multi-labeling and large scale concept space
typically encountered in practical image annotation tasks .
In this paper, we explore solutions to the problems of large
scale concept space learning and mismatch between semantic
and visual space. To tackle the �rst problem, we explore the
use of higher level semantic space with lower dimension by
clustering correlated keywords into topics in the local nei gh-
borhood. The topics are used as lexis for assigning multiple
labels for unlabeled images. To tackle the problem of seman-
tic gap, we aim to reduce the bias between visual and se-
mantic spaces by �nding optimal margins in both spaces. In
particle, we propose an iterative solution by alternately m ax-
imizing the sum of the margins to reduce the gap between
visual similarity and semantic similarity. The experiment al
results on the ECCV2002 benchmark show that our method
outperforms the state-of-the-art generative-based annota-
tion method MBRM and discriminative-based ASVM-MIL
by 9% and 11% in terms of F 1 measure respectively.

Categories and Subject Descriptors
I.4.8 [Image Processing and Computer Vision ]: Scene
Analysis; H.3.3 [Information Storage and Retrieval ]

General Terms
Algorithms, Experimentation, Performance
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Automatic image annotation, multi-label classi�cation, m ax-
imum margin clustering
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1. INTRODUCTION
The growing number of digital images has brought about

an urgent need to facilitate the retrieval and browsing of
images via semantic keywords. Thus, techniques for Au-
tomatic Image Annotation (AIA) becomes increasingly im-
portant and a large number of machine learning techniques
have been applied along with a great deal of research e�orts.
However, AIA task presents unique problems of multi-label
classi�cation [16] and large scale concept space [24]. These
problems make AIA di�erent and challenge for many tradi-
tional machine learning techniques and exacerbate the prob-
lem of semantic gap .

Many image annotation methods based on various learn-
ing techniques have been proposed [34, 13, 17, 9, 16, 15, 19,
8, 30, 1, 23, 10, 18, 20, 12, 21, 11, 2, 31, 27, 26]. We can
roughly classify these methods into two categories. The �rs t
category treats each semantic keyword or concept as an in-
dependent class and trains a corresponding classi�er based
on the training set to identify images belonging to this clas s.
The earlier e�orts in this category were applied to extracti ng
speci�c semantics, such as di�erentiating indoor from out-
door scenes [30], cities from landscapes [1], and detecting
trees [23], horses [10], or buildings [18], etc.

The representative technique for the �rst category is the
classi�cation technique such as the Support Vector Machine
(SVM), which demonstrates strong discrimination power.
The problem with the classi�cation-based techniques is tha t
they are not very scalable to large scale concept space. In
the �led of AIA, the semantic space is growing larger and
larger along with more structural information. For instanc e,
the widely used Corel data set contains more than 300 se-
mantic labels [7], while the goal of LSCOM project is to
build a semantic space consisting of thousands of concepts
with rich semantic connections [24]. Therefore, the problem
of semantic overlap and data imbalance among di�erent se-
mantic classes induced by the multi-label characteristics of
AIA is becoming more serious. Consequently, the classi�-
cation power of this kind of approach is heavily impaired.
Other methods in this category include [34], [11].

The second category of AIA methods focuses on learn-
ing the correlations between the visual features and seman-
tic concepts. Many such methods are based on the gen-
erative model, in which an in
uential work is CMRM [13],
which tries to estimate the joint probability of the image's
visual keywords and the semantic keywords on the train-
ing set. It was subsequently improved through a continuous
relevance model [17], multiple Bernoulli relevance model [9]
and the recently proposed dual cross-Media relevance model



[19]. There are also e�orts to consider the keyword correla-
tions in the annotation process, such as the Coherent Lan-
guage Model (CLM) [14], the Correlated Label Propagation
(CLP) [16], the WordNet-based method [15, 27] and the key-
word correlations based concept annotation [36]. The Web
sources are also exploited to improve image annotation [19].
Recently, Qi et al. [25] proposed a correlative multi-label
(CML) annotation framework which simultaneously classi-
�es concepts and models their correlations for video anno-
tation.

The generative-based (visual features & keywords) meth-
ods have shown better durability to the scalability of con-
cept space, and provides a natural ranking for choosing the
proper keywords as semantic annotations. However, many
such methods are based on the strong assumption that vi-
sual similarity guarantees semantic similarity which is often
violated as a consequence of the well-knownsemantic gap
problem. For instance, images belonging to the same visual
neighborhood often do not share similar semantic contents.
In fact, the semantic gap problem implies that similar vi-
sual contents may correspond to multiple di�erent semantic
meanings. It is one of the reasons that the intuitive ap-
proach of designing a \good" metric measurement or density
estimation method to directly bridge the semantic gap does
not lead to satisfactory results.

The above discussions highlighted the key challenges im-
proving the performance of AIA task. The challenges in-
cludes (1) the ability to scale up the large concept space,
and (2) the mismatch between visual similarity and seman-
tic similarity. To handle the �rst problem, we explore highe r
level (lower dimensional) semantic space by exploiting the
correlations among image keywords into a smaller number
of higher level semantic topics. To tackle the second prob-
lem, we need to be able to reduce the bias between visual
similarity and semantic similarity. We propose an iterativ e
solution based on alternate optimization to achieve \opti-
mal margins" jointly in both semantic and visual space. To
achieve these aims, we present in this paper a new image
annotation approach based on weighted KNN multi-label
classi�cation (KNNMLC).

The work
ow of KNNLNC is as follows. For each train-
ing image, we �rst de�ne a neighborhood under the visual
similar measurement. Next a group of semantic topics are
generated by using maximum margin clustering in the cor-
responding local keyword subspace of the de�ned neighbor-
hood. By regarding each semantic topic as a class, SVM
classi�cation can be applied to learn the hyperplane to dis-
criminate these semantic topics in the visual space. However
instead of using the maximum margin approaches separately
in the semantic space and the visual space, we propose using
the alternate optimization approaches [4, 28] to achieve \o p-
timal margins" in both spaces by maximizing the sum of the
two margins to reduce the bias between the visual similar-
ity and semantic similarity. Finally, we provide an annota-
tion framework based on the weighted K Nearest Neighbor
Classi�cation (KNNC). The unlabeled image will be classi-
�ed to the appropriate semantic topic correlated with each
set of neighbor training images by the classi�er. The key-
words are then estimated and generated from the obtained
topics and propagated to the unlabeled images. The experi-
mental results on the ECCV2002 benchmark show that our
method outperforms the state-of-the-art generative-based
annotation method MBRM and discriminative-based model

ASVM-MIL by 9% and 11% in F 1 measure respectively.
The contributions of our approach are as follows:

� We propose to establish the correlations between se-
mantic concepts and low-level features from a new per-
spective by adaptively modelling a local indicator func-
tion to explore the potential set of semantic contents
correlated with each training image.

� We exploit the keyword contextual correlation infor-
mation to generate semantic topics by using maximum
margin clustering to deal with the multi-labeling prob-
lem.

� We develop an iterative solution to achieve \optimal
margins" in both of the semantic feature space and the
visual feature space in order to reduce the semantic gap
problem.

The rest of the paper is organized as follows. Section 2 intro-
duces the related work. Section 3 presents the annotation
framework, and introduces the method of semantic topic
generation and alternate optimization approach to achieve
optimal margin in both spaces. We also present the tech-
nique for generating keywords from the topics and the an-
notation algorithm. The experimental results are presente d
in Section 4, with the conclusion given in Section 5.

2. RELATED WORK
A signi�cant amount of research has been done to address

the problem of AIA [34, 13, 17, 9, 16, 15, 19, 8, 30, 1, 23,
10, 18, 20, 12, 21, 11, 2, 31, 27, 26]. We will give a brief
review of this line of research in this Section.

Starting from a training set of annotated images, many
statistical learning models have been proposed to associate
visual features with semantic concepts (keywords). Mori et
al. [22] proposed a co-occurrence model, in which they for-
mulated the co-occurrence relationships between keywords
and sub-blocks of images. Duygulu et al. [7] generated
the image visual words (blobs) vocabulary by clustering and
discretizing the region features. They then utilized a ma-
chine translation model to form the links between the words
and blobs to annotate new images. Latent semantic anal-
ysis (LSA) [12] and probabilistic latent semantic analysis
(pLSA) [21] introduced latent variables to link image fea-
tures with keywords. Florent et al. [21] built a linked pair
of pLSA models to attach more importance to textual fea-
tures. Jeon et al. [13] introduced a cross-media relevance
model (CMRM), in which the region features are represented
by discrete blobs. The CMRM modeling was subsequently
improved through a continuous relevance model [17] and
a multiple Bernoulli relevance model [9] respectively. Liu
et al. [19] proposed a dual cross-media relevance model
(DCMRM), which estimates the joint probability by the ex-
pectation over words in a pre-de�ned lexicon. Zhang et al.
proposed a multi-label learning approach named ML-kNN,
which is derived from the traditional k-Nearest Neighbor
(kNN) algorithm [20]. Since the above methods did not ex-
plicitly treat semantic labels as image classes, they followed
an unsupervised learning framework and the performance
of annotation is strongly in
uenced by the quality of unsu-
pervised learning and su�ers from the problem of \semantic
gap" [34]. For example, in discrete feature models, regions
with di�erent semantic concepts but similar appearance may



Figure 1: The framework of the proposed method

be clustered together to generate unreasonable visual key-
word. The similar happens in continuous relevant model
where the performance may be impaired by having training
images with high visual generative probability but di�eren t
semantics with the unlabeled images.

By viewing each keyword as an independent class, classi-
�cation techniques have been applied to image annotation
task [34, 11, 27, 5, 3, 8, 26] by building the di�erent clas-
si�cation model for each keyword. Model-based methods
[27, 5, 3] and SVM-based approaches [34, 11, 26] have both
been applied to image annotation. Bernard et al. [3] pro-
posed a gaussian mixture models for each semantic concepts
and employed EM algorithm for parameter learning. Shi et
al. [27] proposed a Bayesian learning framework of hier-
archical multinomial mixture models of concepts for image
annotation. Gao et al. [11] introduced a multi-resolution
grid-based annotation framework for image content repre-
sentation and a hierarchical boosting algorithm to address
the problem using classi�cation technique. Yang et al. [34]
proposed a asymmetrical support vector for region-based im-
age annotation. Carneiro et al. [5] formulated the image
annotation as supervised multi-class problem, and learned
the distribution model for each class. In their methods, the
discriminative information between di�erent classes is no t
explicitly exploited. Fan et al. [8] proposed a hierarchica l
classi�cation framework for bridging the semantic gap and
achieving multi-level image annotation automatically.

Recently, the multi-labeling problem in AIA has attracted
more research attentions. Jin et al. [14] exploited EM algo-
rithm to �t a coherent language model to generate an anno-
tation keyword subset. Kang et al. [16] proposed a corre-
lated label propagation method for multi-label learning, i n
which they explicitly exploited high-order correlations b e-
tween semantic labels based on properties of submodular
functions. Zhou et al. [36] made use of keyword correlations
to perform concept (keyword subset) based annotation. Qi
et al. [25] presented a correlative multi-label (CML) annot a-
tion framework which simultaneously classi�ed concepts an d
modelled their correlations between them in a single step.

3. OUR METHOD

This section presents our framework for image annotation.
We will show that our method establishes the new correla-
tions between concepts and low-level features by capturing
the correlations between di�erent concepts and the discrim -
ination between visually similar concepts.

3.1 The Annotation Framework
Let T = ff f 1 ; a1g; f f 2 ; a2g; : : : ; f f j T j ; aj T j gg denote the

set of labeled examples, whereT is the size of the train-
ing set. f i and ai are respectively the visual features and
annotation keywords of image i . Each annotation can also
be represented as a vector: zi = f zi 1 ; zi 2 ; : : : ; zi j V j g, where
V denote the keyword vocabulary, and jV j is the size of the
V . If the kth keyword belongs to the annotation set ai , then
zik is set 1; elsezik is 0. Given a new image I u = f f u g, our
goal is to �nd its annotation au .

Due to the problem of \semantic gap", for a given training
image J , it is often the case that the images in J 's visual
similar neighborhood may not share any semantic keywords
with J or are obviously belonging to multiple di�erent se-
mantic classes. Thus, for each training image J i and unla-
beled image I u , we de�ne two vectors I i and P i as follows:

I i =

2

6
6
6
4

I (gi (I u ) = 1)
: : :

I (gi (I u ) = k)
: : :

I (gi (I u ) = s)

3

7
7
7
5

P i =

2

6
6
6
4

P1(vjJ i )
: : :
Pk (vjJ i )
: : :
Ps (vjJ i )

3

7
7
7
5

; (1)

where s is the number of the di�erent semantic classes im-
plied by J i . Function gi (I u ) outputs the object class that the
unlabeled image belongs to. I (gi (I u ) = k) is an indicator
function that outputs 1 when the value of object class gi (I u )
is k and zero otherwise. Pk (vjJ i ) represents the probability
density of keyword v being generated from the kth semantic
class distribution. Then in our method, the score of assign-
ing keyword v to the unlabeled image I u could be estimated
based on weightedK nearest neighbor classi�cation, which
is given by:

s(v) = � J i 2 KNN ( I ) wi < I i � P i > (2)

where < x � y > denotes the inner product between x and y.
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Figure 2: The maximum margin clustering based
semantic topic generation. Images contained co-
occurred keywords are likely to be assigned in the
same topic. Di�erent topics have large \distance" or
\margin" in the semantic space.

wi serves as the weight of each training image, consisting of
two parts: the visual similarity between I u and J i ; and the
visual discriminative power of J i , which will be introduced
in Section. 3.5.

Figure 1 illustrates the framework of our annotation method .
Instead of simply propagating the annotation of the visuall y
similar training images to the unlabeled images, with the
use of indicator function, our method attempts to exploit
the underlying semantics implied by the visual similarity
between the unlabeled image and its neighbors. Inherently,
there could be a 1 to m mapping in I . For simplicity we
limit only to 1 to 1 mapping in I in this paper. Thus our
framework can be rewritten as:

s(v) = � J i 2 KNN ( I ) wi Pgi ( I u ) (vjJ i ); (3)

where the generative probability distribution of the seman -
tic keywords of the unlabeled image is determined by the
unique value of gi (I u ). Thus gi (I u ) is served as theindictor
function , which is used to di�erentiate semantic classes with
similar visual appearance to J i and classify the unlabeled
image to the relevant ones.

In next Section, we will discuss how to establish the ap-
propriate \semantic classes" and how to di�erentiate them
in the visual space.

3.2 Maximum Margin Clustering based Seman-
tic Topic Generation

Being di�erent from the traditional multi-class classi�ca -
tion problem, image annotation always leads to a complex
multi-label classi�cation problem because each image may
potentially correspond to multiple correlated labels [16, 25].
For example, Figure 2 shows a training image and its visual
similar neighborhood. From the Figure, we can observe that

the number of di�erent keywords in N (J ) is more than the
number of the images containing the same keywords. More-
over, the training images belonging to di�erent keywords
are partly overlapping. Thus we can imagine that in a large
scale concept space, it is di�cult to train classi�er for eac h
keyword [5]. On the other hand, from the global perspective,
we can observe that most of the images can be viewed as a
kind of description of some events/topics of the real world.
Thus, to a certain extent we can classify them according to
high level topics.

There are many research e�orts on topic generation and
detection in text retrieval [29, 6]. A straightforward ap-
proach is to group images into di�erent subsetsaccording to
the keyword correlations between their semantic labels. Im -
ages within the same subset will be considered as belonging
to the same topic. Thus we can regard each topic as a class,
and each image associated with a class labely.

Let N (J ) = f x1 ; : : : ; x k g denote the top k neighbor of the
training image J , where x i is represented as a keyword vector
f zi 1 ; : : : ; zi j V j g. Let each keyword correspond to one dimen-
sion in the semantic (concept) space, the keywords in N (J )
determine a local keyword subspace. The topical similarity
between image x i and x j in this space can be measured by
their inner product < x i � x j > , which is more generally de-
noted by K s (x i ; x j ) . Then images containing co-occurring
keywords always have large semantic similarity. Figure 2
shows 6 images distributed in a 8-dimensional local keyword
subspace. Each image is represented with a 8 dimensional
vector. Di�erent topics have large \distance" or \margin" i n
the semantic space. We can use the maximum margin clus-
tering [32, 33] to obtain 2 groups of images with maximum
margin between them. Here we use support vector regres-
sion (SVR) based maximum margin clustering [35] to obtain
our semantic topics with maximum semantic margins, that
is:

min
y;w s ;bs ;�;� �

jjws jj 2 + 2 C(� + � � )T e;

s:t: y i � (wT
s � (zi ) + bs ) � � i ;

� yi + ( wT
s � (zi ) + bs ) � � �

i

� i � 0; � �
i � 0;

� l � eT y � l: (4)

where C; � and � � are the same as in the standard supervise
learning SVR. Speci�cally, � i and � �

i are the slack variables
for the errors, C > 0 is a regularization parameter and e
is the vector of ones. � is the mapping function induced
by a kernel, where we have � (zi ) � � (zj ) = K s (zi ; zj ). l is
the balance parameter which prevents the trivially \optima l"
solution where x0

i s are assigned to the same class and the
resultant margin will be in�nite.

3.3 Maximizing the Sum of the Margins of Se-
mantic Space and Visual Space

After obtaining the semantic topics and regarding each
topic as a class, we need to �nd out which topic is relevant
to the unlabeled image I u according to the visual features of
the topics and the unlabeled image. Obviously, it is a kind of
supervised classi�cation and seems that the maximum mar-
gin classi�cation approach such as SVM classi�cation can
be applied directly. However, the situation is more com-
plicated, because of the mismatch that may occur between
the margins of the semantic feature space and the visual fea-
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Figure 3: Using the maximum margin techniques
separately in semantic and visual space

Figure 4: Maximize the margins in both semantic
and visual space

ture space. Speci�cally, the \optimal" topics obtained by t he
maximum margin clustering do not always lead to a good
visual margin given by the SVM classi�cation in the visual
space.

We illustrate this in Figure 3 and Figure 4. In both Fig-
ures, we have 9 images projected into the semantic feature
space and visual feature space respectively. For simplicity,
Figure 3 (a) only shows two candidate margins derived in
the semantic space: the larger green one and the smaller
black one, each of them can be used to cluster the images
into di�erent sub clusters (topics). With the maximum mar-
gin clustering procedure, the green margin will be selected
to cluster the images into two topics, where topic1 is con-
sisted of green points, the topic2 is consisted of gray points.
We name the green margin as the largest green margin and
the alternate black margin as the small black margin. After
clustering, the topics will be assigned to the images as class
labels. Next SVM classi�cation procedure will be applied
to seek the maximum margin in the visual space to sepa-
rate the images according to their corresponding class la-
bels. Therefore, it can be easily observed that di�erent cla ss
label assignments may result in di�erent visual maximum
margins learned by SVM classi�cation. Figure 3 (b) shows
that with the topics obtained by the largest green margin in
the semantic space, the corresponding visual margin learned
by SVM classi�cation is smaller than that of the alternate
small black margin. According to the SVM theory, larger
margin means better generation ability, thus in order to get
the overall optimal performance, we should achieve optimal
margin in both of the semantic space and feature space. To
the end, Figure 4 shows that if we choose a proper margin
to cluster the topics, better margins can be achieved in both

of spaces.
In this paper, we propose to maximize the sum of the two

margins by forcing the semantic topic label y to be consis-
tent in both spaces. The goal and constrains are de�ned as
follows:

min
y;w s ;w f ;bs ;b f ;�;� � ;� 0

jjws jj 2 + jjwf jj 2 + 2 C(� + � � )T e + 2 C0� 0T e

s:t: y i � (wT
s � (zi ) + bs ) � � i ;

� yi + ( wT
s � (zi ) + bs ) � � �

i

yi (w
T
f � 0(f i ) + bf ) � 1 � � 0

i

� i � 0; � �
i � 0;

� 0
i � 0;

� l � eT y � l: (5)

where � 0 is the mapping function induced by a kernel, we de-
�ne � 0(f i ) � � 0(f j ) = K f (f i ; f j ), which measures the distance
(similarity) of x i and x j in the visual space.

However, in optimization theory, maximizing two margins
simultaneously is a hard problem. Recently, there are some
work using alternate optimization [4] technique to deal wit h
the problem of maximum margin learning. Here we just
name a few related work. Zhang et al. [35] proposed using
alternate optimization and SVR to deal with the problem
of maximum margin clustering; While Steven et al. [28]
applied alternate optimization to solve the Coupled SVM
(CSVM) classi�cation. In this work, we propose to exploit
alternate optimization to solve Eqn. 5. In CSVM, the class
labels of the labeled data are pre-determined, while that in
our framework are more \unsupervised", in which the class
labels are learned by maximizing the sum of the margins of
SVM clustering and classi�cation.

We provide an iterative procedure for solving Eqn. 5.
First we run a simple clustering method such as k-means
to obtain the class label y and try to �nd the < w s ; bs >
and < w f ; bf > that optimize the objective function. By
�xing y, in accordance with Eqn. 5, we then try to solve the
following two optimization problems:

min
w s ;bs ;�;� �

jjws jj 2 + 2 C(� + � � )T e;

s:t: y i � (wT
s � (zi ) + bs ) � � i ;

� yi + ( wT
s � (zi ) + bs ) � � �

i

� i � 0; � �
i � 0;

� l � eT y � l:

and

min
w f ;b f ;� 0

jjwf jj 2 + C� 0T e

s.t. yi (w
T
f � 0(f i ) + bf ) � 1 � � 0

i ;

� 0
i � 0 (6)

Second, when < w s ; bs >; < w f ; bf > are solved from the
�rst step, we can �x them and turn to �nding the optimal
y that �ts the data. With ws ; wf at hand, the original opti-



mization problem can be simpli�ed into the following form:

min y;�;� � ;� 0 2C(� + � � )T e + 2 C0� 0T e

s:t: y i � (wT
s � (zi ) + bs ) � � i ;

� yi + ( wT
s � (zi ) + bs ) � � �

i

yi (w
T
f � 0(f i ) + bf ) � 1 � � 0

i

� i � 0;

� �
i � 0;

� 0
i � 0;

� l � eT y � l: (7)

This can be reduced to:

min y � K
i =1

�
CjwT

s � (zi ) + bs � yi j+
C0max (0; 1 � yi (wT

f � 0(f i ) + bf ))
(8)

Since we have an additional constraint that y must be inte-
ger, the above optimization is an integer programming prob-
lem. If there are many variables, integer programming can
be a very hard problem (NP-complete). Fortunately, there
is a small K in this case and thus we can solve our prob-
lem reasonably e�ciently. The detailed solution is listed i n
Algorithm 1.

Algorithm 1 : maximum margins in semantic and visual
space
1: Input: The neighborhood N (J ) for training image J .
2: Initialize the labels y by using simple clustering method

such as the k-means in the semantic space.
3: Compute ws ; bs and wf ; bf from Eqn. 6.
4: Update the labels according to Eqn. 8
5: Repeat steps 2-5 until convergence.
6: Return topic label y, and parameters ws ; bs , wf ; bf .

After obtaining the classi�cation vector < w f ; bf > , we
can classify the unlabeled image to the appropriate semantic
topic:

g(I u ) = yu = h(wT
f (f u ) + bf ); (9)

where h(�) is a function of mapping the value of wT
f (f u )+ bf

into g(I u ). For example, for two class classi�cation problem,
h(�) is a simple 0-1 indictor function. When wT

f (f u )+ bf > 0,
it outputs a 1; otherwise 0. With the optimal margins in
both semantic space and visual space, we can achieve strong
ability to discriminate di�erent semantic topics with visu al
similarity and classify the unlabeled image to the relevant
topic.

3.4 Keyword Distribution Estimation on the
Semantic Topic

It should be noted that the topic derived from the SVM
clustering is related to the keyword distribution generate d
from the annotations of the images contained in the corre-
sponding cluster (topic). Therefore the keyword generativ e
probability distribution Pk (vjJ ) associated with topic k can
be estimated as follows:

Pk (vjJ ) =

P
x :y x = k � v K f (x; J )

P
x :y x = k

P
v 0 � v 0K f (x; J )

; (10)

where if v is the annotation of x, then � v is set to 1, oth-
erwise 0. K f (x; J ) measures the visual similarity between

x and J . It can be regarded as a weight for adjusting the
contributions of images to the generative probability dist ri-
bution of keywords of the given topic. In other words, the
nearer neighbors will give more contributions to the proba-
bility estimation of the keyword generative distribution.

3.5 Estimating the Weight of the KNN Classi-
�cation

Our framework is based on the weighted KNN classi�ca-
tion. Thus the weight estimation is an important issue. In
this Section we will present a novel method for weight es-
timation. Recall that most previous works employ the dis-
tance (similarity) between neighbor J i and unlabeled image
I u as the weight, meaning that nearer neighbors will weight
more than farer ones. In addition to considering this kind of
similarity between J i and I u , we also estimate thevisual dis-
criminative power (VDP) of the training images to weight
the contribution of J i . The VDP is de�ned as the ability of
the training data to di�erentiate itself from the semantica lly
irrelevant images under the visual similarity measurement .
An image with weak VDP means that there are more seman-
tically di�erent images occurred in its visual neighborhoo d.
Therefore, we adopt the heuristic that weak VDP images
should give smaller contribution in image annotation, and
vice versa. Thus, in Eqn. 2, the weight wi can be de�ned
as follows:

wi = K f (I u ; J i ) � V DP (J i ): (11)

For a given training image I , we can obtain V DP (I ) by
counting the numbers of labels of the top-ranked images
being consistent with the annotations of I . The larger the
value, the larger the VDP of the training data, which is
de�ned by:

V DPN (I ) =
X

J i 2 KNN ( I )

� i aI \ aJ i ; (12)

where � i is the weight coe�cient, which measures the contri-
bution of each J i to the VDP of I . The more visual similar
with I , the more contribution is given by J i . aI \ aJ i mea-
sures the semantic agreement betweenI and J i .

Next, we consider another image set IN (I ), termed as
\ Inverted Neighborhood", de�ned by:

IN (I ) = f J jI 2 N (J )g: (13)

IN (I ) is composed of images whose visual similar neighbor-
hood contain image I . Since the feature similarity measure-
ment is not always symmetrical, it means that IN (I ) and
N (I ) may be di�erent. If an image has large VDP, the se-
mantics keywords correlated with IN (I ) and I are expected
to be similar. To examine the semantic coincidence between
I and IN (I ), we can de�ne the VDP estimation based on
IN (I ) by following the same way as Eqn. 12:

V DPIN (I ) =
X

J i 2 IN ( I )

� i wI \ wJ i ; (14)

where � i plays the same role as in Eqn. 12. Obviously, if
I appears in the top position of the visual similar neighbor-
hood of J i , then J i will have a large contribution to the VDP
of I .

By combining the above estimation with a �xed small con-
stant c, we obtain the �nal de�nition of VDP of image I as:

V DP (I ) = � 1 V DPN (I ) + � 2 V DPIN (I ) + � 3c; (15)



where � 3 = 1 � � 1 � � 2 : c is the �xed constant value smooth-
ing the estimation.

3.6 The Annotation Algorithm
We now present our weighted KNN multi-label classi�ca-

tion based annotation algorithm. Our annotation process is
consisted of two parts. The �rst part (steps 2 - 5) is the
preprocessing procedure of local multi-label classi�cati on,
which obtains the value of the indicator function and key-
word distributions of the topics of each training image. The
second part (steps 6 - 13) is based on the result of the �rst
preprocessing procedure to label the unlabeled image in a
weighted KNN classi�cation framework.

The annotation algorithm is given as follows:

Algorithm 2 : Anno KNNMLC
1: Input: unlabeled image I u , words vocabulary V , train-

ing set T , �xed annotation size m
2: for i = 1, 2, . . . , jT j do
3: learn the semantic topic distribution Pk (�jJ i ) and the

corresponding classi�cation function gi (x) based on
N (J i ) according to Algorithm 1.

4: Learn the visual discriminative power V DP (J i ) ac-
cording to Eqn. 15.

5: end for
6: Given the unlabeled image I u , choose the neighborhood

of I
7: for i = 1, 2, . . . , k do
8: Classify I u to the appropriate semantic topic accord-

ing to gi (I u ).
9: Obtain I i and P i according to Eqn. 1.

10: Calculate the weight wi for each J i according to Eqn.
11.

11: end for
12: Calculate the ranking score s(v) according to Eqn. 2.
13: Output: choose m keywords with largest s(v) as the

annotation of I u .

It can be concluded from Algorithm 2 that the proposed
method has the following three advantages. 1) It has scal-
ability to a large scale concepts of interest since we follow
a KNN classi�cation framework. 2) It has strong discrim-
inative power because instead of taking each keyword as a
class, we discriminate the images at a higher semantic level,
i.e. the topic level. The maximum margin in both semantic
space and visual space also increases the discriminative abil-
ity of our method. 3) It is e�cient, because both semantic
clustering and visual classi�cation are implemented in sma ll
neighborhood.

4. EXPERIMENT

4.1 Setup
We tested our algorithm using Corel data set provided

in [7]. The data set consists of 5000 images from 50 Corel
Stock Photo CDs. Each image is linked with 1-5 annotation
words. There is a total of 374 di�erent words in the data
set. The data set is divided into two parts: 4,500 images for
training and rest of 500 for test. Every image in the data set
is partitioned into rectangular grids, and a feature vector is
calculated for every grid region (grid-based features). Th e
number of rectangles is 17, which includes 16 regular grids

and one extra grid in the center of the image. The feature
vector is 528 dimension: 448 color features (including local
and global color histogram) and 80 edge features extracted
according to MPEG7. In the following experiments, the
size of the neighborhood is set to 25. We use the Gaussian
kernel as our kernel function K s . For kernel K f , we use
non-parametric Gaussian kernel based density estimation to
estimate the generative probability between each training
pair, and convert it as a prede�ned kernel.

Similar to previous studies for image annotation, we use
recall, precision and F1 to measure the e�ectiveness of the
algorithm. Given the query word w, if there are jWG j human
annotated images with label w in the test set, jWM j anno-
tated images with this label by our method, where jWC j are
correct, then the recall, precision and F1 are de�ned as:

Recall =
jWC j
jWG j

; P recision =
jWC j
jWM j

; (16)

F1 =
2 � Recall � P recision

Recall + P recision
(17)

.

4.2 Experimental Results

4.2.1 Comparison with Relevance Model
Figure 5 shows the results of the proposed method (KNN-

MLC) on the test set, where the recall and precision are av-
eraged over 263 words. We also present the results of other
related work under the same experiment setting. Speci�-
cally, we consider: TM [7], CMRM [13], and MBRM [9]. For
all the methods, the annotation size for each image is set to
5. In MBRM, non-parametric Gaussian kernel estimation
is exploited to estimate the feature generative probabilit y
distribution.

From Figure 5, it is clear that the continuous feature esti-
mation (MBRM) is better than discrete feature estimation
(TM & CMRM), because it increases the accuracy of visual
similar measure by non-parametric kernel estimation. So in
the following comparisons, we will only focus on MBRM.
Figure 5 shows that the proposed method achieves the best
performance in the comparison. Compared with MBRM,
it gains 13%, 5% and 9% on recall, precision and F1 re-
spectively. It shows that our method is able to achieve en-
couraging improvements on all three measures, especially
the average recall is greatly improved. This demonstrates
that the proposed framework is e�ective to discriminate the
di�erent semantic topics for the training data, and hence
increase the possibility of propagating the correct keywor ds
to the unlabeled images.

4.2.2 Comparison with Discriminative Model
In order to further evaluate the e�ectiveness of our method,

we also compare our method with ASVM-MIL [34]. ASVM-
MIL treats AIA as the problem of multiple-instance learning
and proposes an asymmetrical support vector machine to
address the problem. In order to be comparable, we report
the experimental results on 70 frequent concepts, which are
the same as the test environment [34] used in ASVM-MIL.
We also use the same visual features for images as [34] in
this experiment. Speci�cally, the images are segmented into
regions by using the Normalization Cut, before extracting a
36-dimensional feature from each region (region-based fea-
tures), which includes color, texture and area features. Th e
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Figure 6: The e�ectiveness of our method compared
with ASVM-MIL

results in Figure 6 demonstrate that the average recall and
precision measures of our method are signi�cantly higher
than ASVM-MIL, with the F1 measure improved by 11%
from 0.349 to 0.388. This is because we exploit the keyword
contextual correlation to obtain the semantic topics, whic h
reduce the number of classes and the scale of multi-labelling
problem, leading to better discriminative power.

4.2.3 The Effectiveness of Visual Discriminative Power
Estimation

In order to evaluate the e�ectiveness of the proposed vi-
sual discriminative power estimation, we convert the ob-
tained visual discriminative power into prior probability and
apply it to MBRM for comparison purpose, which assumes
that each training image has uniformly prior probability di s-
tribution. We report the result by exploiting the grid and
region based features respectively in Figure 7. From the
Figure, it can be observed that the method uses the prior
estimation always perform better than the corresponding
ones with uniformly prior probability. The reason is that we
assign a small prior probability to the training image with
weak visual discrimination, and then reduce their contribu -
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Figure 7: The e�ectiveness of the visual discrimina-
tive power estimation

tion in the annotation. Meanwhile, the contributions of the
strong visual discriminative ones are increased. This process
enhances the probability of propagating the correct semant ic
labels to unlabeled images, which brings more improvement
to the performance. From Figures 5 and 7, we also observe
that the annotation performance of KNNLCM is higher than
when VDP estimation is used. This demonstrates that the
proposed KNNLMC gains bene�ts from two side: the local
multi-label classi�cation and the VDP estimation.

4.2.4 Keyword Correlation Comparison
As we have mentioned earlier, in our method, each se-

mantic topic is obtained from the semantic cluster. Since
each semantic cluster consists of semantically similar im-
ages, the semantic keywords in each topic are relatively cor-
related. Therefore, the annotation generated from the pro-
posed framework are expected to implicitly incorporates th e
keyword correlation information. In order to verify the ef-
fectiveness of the proposed method, the experimental results
for two-word queries are shown in Table 8, where the queries
are based on the most co-occurred pairs of keywords. It is
obvious that the average recall and precision are improved
signi�cantly as compared to MBRM where keywords are an-
notated independently. Take the most co-occurred keyword
pair \sky, tree" as an example, the recall and precision are
improved from 34% and 8% to 42% and 9% respectively as
compared to MBRM. The results in Figure 8 clearly indicate
that the proposed topic generation process provides an ef-
fective way to exploit keyword correlation in the annotatio n
process.

4.2.5 Some Annotation Examples
To further illustrate the e�ectiveness of our method for

AIA, we lists some images labeled by our method in Figure
9, together with the manual annotations and the annota-
tions generated by MBRM. From Figure 9, we observe that,
�rst, the annotations generated from our method are more
semantically related to each other than those from MBRM.
Take the �rst image as an example, \swimmer, pool, water"
should be co-occur more together than \water, mountain,
nest". Since our method uses maximum margin clustering
in concept space to generate the local topic, which brings
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Figure 8: Results for two-word queries, evaluated
on some examples of most co-occurred pairs of key-
words

concept contextual correlation into our annotation proces s
and leads to more accurate annotations. Second, MBRM
is easily in
uenced by images with similar appearance but
di�erent semantics. For example, image 4, 6, 10 have wrong
annotation labels according to MBRM model. While our
method can generate more correct annotation. This is be-
cause the use of maximum margin in both semantic space
and visual space helps us to �nd the correct topics for the
unlabeled image, and thus improves the overall annotation
performance.

5. CONCLUSIONS
In this paper, we propose a novel annotation method which

establishes the correlations between semantic concepts and
low-level features from a new perspective. By adaptively
modelling a local multi-label classi�cation indictor func tion,
our method captures the keyword contextual correlations
and also exploits the discrimination between visual simila r
concepts. A series of maximum margin techniques (maxi-
mum margin clustering and maximum margin classi�cation)
are performed on a training neighborhood of the unlabeled
image to obtain the value of the indicator function, which
di�erentiates semantic classes with similar visual appear ance
and reduces the bias between visual similarity and semantic
similarity. The experimental results demonstrate the e�ec -
tiveness of our method.

In our current work, we assume that each unlabeled im-
age corresponds to one topic implied by the training image.
In our future work, we plan to improve the current classi�-
cation method with a 0-1 posterior probability in order to
establish the one to many mapping. In our framework, it
is a time-consuming and labor-intensive process to �nd the
neighborhood of the images. In our future work, we also
plan to exploit the index structure to speed up this process.
Finally, we need to exploit more information such as the web
information to enhance our estimation for the underlying se -
mantics of visual similarity.
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