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ABSTRACT

demands across two interrelated system components: the
learning/search strategy and the interaction strategy [1]. That means
the former should be flexible to the small labeled samples with low
time complexity, and the latter must be painless for users while
providing the most information to the learner.

A successful interactive image retrieval system is expected to
quickly return as many relevant results as possible while costing less
users’ effort. Considering these system demands, firstly we propose
a novel semi-supervised learning algorithm called Locally Nonnegative Linear Structure Learning (LNLS), which is based on the
assumption that the labels of each data should be sufficiently smooth
with respect to the locally non-negative linear structure of dataset. It
has two main merits: first, it is robust to the small sample learning
problem since it learns structure from both labeled and unlabeled
data; second, by emphasizing the non-negativity of locally linear
structure, this algorithm preserves the non-negative inherent
characteristic of image data and can truly reveal the intrinsic
structure of the images corpus, especially the asymmetric
relationship between images. Meanwhile, we explore an online
updating algorithm for LNLS to tackle the large computation cost.
Thus the model can be generalized to the new queries or the newlylabeled samples without retraining. Furthermore, an active learning
method for LNLS is proposed to make the most of users’ effort to
improve the learner. The encouraging experimental results
demonstrate the effectiveness and efficiency of our proposed
methods.

Considering the above constraints in interactive retrieval systems,
we propose a novel semi-supervised learning algorithm called
Locally Non-negative Linear Structure Learning (LNLS), which is
based on the assumption that the labels of each data should be
sufficiently smooth with respect to the locally non-negative linear
structure of dataset. Firstly, the LNLS trains the model from both
labeled and unlabeled data, and can achieve a desirable performance
even if the size of labeled samples is small. Secondly, the LNLS
focuses on the locally linear structure of dataset which represents
each data as a liner combination of its neighbors. The LNLS is
superior to the popular graph-based methods [2, 3] as the latter are
sensitive to the parameter of similarity metric, and can not reflect the
asymmetric relationship between images. Finally, we claim that the
non-negativity as an inherent characteristic of image data should be
preserved in locally linear structure, where each image is reasonably
represented as an additive combination of its neighbors rather than a
subtractive combination, and the label score as well. Since the
LNLS conforms to the image’s physical property, a desirable
performance is expectable.

Categories and Subject Descriptors

Another contribution in this paper is that, an online updating
algorithm is proposed for LNLS to tackle the large computation cost.
When dealing with new queries or increasing labeled samples, the
model can adaptively update without retraining. It is feasible to be
applied in real-time system.

H.3.3 [Information Storage and Retrieval]: Information Search
and Retrieval – search process, relevance feedback.

General Terms: Algorithms, Experimentation
Keywords:

Locally non-negative linear structure, interactive
image retrieval, active learning

Finally, to make the most of users’ effort, we propose an active
learning method for LNLS, which actively asks users to label the
most informative samples so that the retrieval performance could be
improved most efficiently.

1. INTRODUCTION

With the rapid growth of digital images and the success of new
participatory web technologies, interactive image retrieval has
attracted much attention in recent years.

The rest of this paper is organized as follows: Section 2 details the
LNLS and its online updating algorithm. An active learning
algorithm is provided in Section 3, followed by experimental results
in Section 4. Finally, the paper is concluded in Section 5.

Users always expect to be quickly presented with a large number of
relevant results while expending as little effort as possible [1]. Since
that, to design a successful interactive system, we must balance these

2. LOCALLY NON-NEGATIVE LINEAR
STRUCTURE LEARNING
2.1 Motivation

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior
specific permission and/or a fee.
MM’09, October 19–24, 2009, Beijing, China.
Copyright 2009 ACM 978-1-60558-608-3/09/10...$10.00.

A principled approach to semi-supervised learning is to design a
classifying function which is sufficiently smooth with respect to the
intrinsic structure revealed by known labeled and unlabeled points
[3]. Graph-based methods describe this structure as a graph, in
which vertices denote labeled and unlabeled samples and edges
reflect the similarities between samples, and assume label scores
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part-based representation [8]. As a result, the LNLS preserves the
smoothness over the graph. Based on this assumption, many popular
non-negativity of image data and reflects the asymmetric
graph-based methods are proposed [2, 3], and have been widely
relationship between images.
applied in image and video content analysis [4, 5, 10]. However, the
graph-based methods are sensitive to similarity metric. What’s more,
Step 2. Predicting the label score according to the non-negative
in image corpus, the symmetric similarity can not reflect the real
reconstruction weights W.
asymmetric relationship between images. Given two images “sky”
Based on the smooth assumption, the prediction process is defined
and “airplane in sky”, whatever which one is chosen as relevant, the
as follows:
other’s score is equal based on graph-based methods. Actually, since
“sky” co-occurs with “airplane in sky”, when the former is set as
2
T
(2)
E (f ) = f − W f+ ( f − y ) C ( f − y ) ,
relevant the latter’s score should be higher than the opposite case
that the latter is set as relevant. As a result, the graph-based learning =
where f [ f1 , f 2 ,, f n ]T ∈  n indicates the predicted label score of
methods in image retrieval sometimes lead to an unsatisfactory
χ and C ∈  n×n is a diagonal matrix satisfied: c=i Cl > 0 when
performance.
1 ≤ i ≤ l ; c=i Cu ≥ 0 when l + 1 ≤ i ≤ n . Cl and Cu are parameters
Obviously, besides graph structure, the locally linear structure,
which represents each data as a liner combination of its neighbors,
for the soft constraints on labeled and unlabeled samples. The first
can also reveal the intrinsic structure of dataset and should be
term stands for the smoothness constraints, which means the label
preserved in low-dimensional space. This is demonstrated by the
score f i of xi should match the reconstructed score from its
previous work Locally Linear Embedding (LLE) [6]. Inspired by
neighbors’ as much as possible. The second term denotes the fitting
LLE, [7] proposed Linear Neighborhood Propagation (LNP) on the
constraints, which means the label scores f should not change too
assumption that the label of samples should be smooth with respect
much from the given label scores y . It is noted from (2), with the
to the locally linear structure. Firstly, the locally linear structure is
constraints W1 = 1 and wij ≥ 0 in step 1, the reconstructed score is
not sensitive to similarity metric. Secondly, since relationship score

from data A to B represents the contribution of A to reconstruct B,
this reveals the asymmetric relationship between images.
Furthermore, considering the non-negativity of image data (actually
the non-negativity is a very popular property existing in most data),
we also believe that the non-negativity should be preserved in
locally linear structure, where each image data is reasonably
represented as an additive combination of its neighbors rather than a
subtractive combination, and the label score as well. Finally, the
Locally Non-negative Linear Structure (LNLS) learning is proposed
on this assumption, and it is desirable to outperform the previous
work.

2.2 Formulation

a convex combination of its neighbors’, which ensure the f i of

unlabeled xi will not be out of the range [-1, 1]. Under this
condition, it is reasonable to regard the reconstructed score as a
predicted label score. That is another benefit from the non-negative
reconstruction weights.

2.3 Solution

The first optimization problem in step 1 can be solved by nonnegative matrix factorization, as it can be rewritten as follows:
X = WX, s.t. W ≥ 0, W1 =
1.

(3)

Resorting to the auxiliary function [8], we derive the following
iterative bound optimization algorithm.

Given a dataset χ {x1 , x 2 ,, xl , xl +1 ,, x n } ⊂ R , the first l data
=
d

xi (1 ≤ i ≤ l ) are labeled as yi ∈{-1,1}(1 ≤ i ≤ l ) and the remaining

wik( t ) =

xi (l + 1 ≤ i ≤ n) are unlabeled. The smooth assumption on locally
non-negative linear structure can be formulized by two steps.

 W

( t −1)

 XXT  + α
ik
wik( t −1) ,
XXT  + α  W ( t −1) 1
ik

(4)

ik

where α is a positive constant weighting the constraint W1 = 1 .
Due to the space limit, we omit the proofs for the convergence.

Step 1. Learning the locally non-negative linear structure of χ .
The basic assumption of locally linear structure of dataset is that
each data can be linearly reconstructed from its neighbors. This
process can be defined as the reconstruction error

For the second optimization problem in (2), the following solution
can be easily obtained by differentiating E (f ) with respect to f
=
f*

2

(1)
E ( W) =
X − WX , s.t. W1 =
1,

( M + C)

−1

Cy ,

(5)

where M = (I - W )T (I - W ) .

where X [x1 ,, xl , xl +1 ,, x n ]T ∈  n× d , W ∈  n× n and 1 is an n=

2.4 Online Updating Algorithm

dimensional vector with all elements are 1. wij is the reconstruction

Generally, given a corpus, the computing W in step 1 is offline.
Since W is sparse especially in non-negativity condition and the
process of computing W is iterative, step 1 is flexible to large-scale
corpus. However, step 2 should be executed online in interactive
image retrieval system. When dealing with new queries or newly-

weights from x j to xi when x j is a k-nearest-neighbor of xi by
some distance metric, x j ∈ N (xi ) . wij = 0 when x j ∉ N (xi ) . What’s
more, considering the non-negativity of image data, we further
constrain wij ≥ 0 , which ensures the image data can be reasonably

labeled samples, we have to recompute ( M + C ) . It is time−1

represented as an additive combination of its neighbors rather than a
subtractive combination. What’s more, W is asymmetric. It is
obvious the contribution from image “sky” to reconstruct image
“airplane in sky” is more than that from the latter to the former. This
asymmetry of W is enforced by its non-negativity which leads to

consuming with computational cost o(n3 ) . Actually, by some
matrix methods, the inversion can be updated from the last
round result, and the computational cost can be reduced to o(n 2 ) .

558

−1)
Given the results of last round: f ( t −1) and S ( t=

(M + C )

( t −1) −1

histogram and 75-dimensional edge distribution histogram for
relative performance comparison.

,

when (x k , yk ) is the latest labeled sample, the new S ( t ) becomes

S(t ) = ( M + C

)

( t ) −1

= ( M + C( t −1) + ( Cl − Cu ) e e

)

T −1
k k

.

To evaluate the performances of the proposed algorithms for
interactive image retrieval, we conduct experiments on two aspects:
learning strategy and interaction strategy. Average precision (AP)
and mean average precision (MAP) are adopted as evaluation metric,
in which the relevance judgments are based on whether the query
image and the retrieval image belong to the same group [10].

(6)

Based on Sherman-Morrision-Woodbery formula, after some
calculating, we can derive
=
S ( t ) S ( t −1) −
=
f ( t ) f ( t −1) +

( Cl − Cu ) S(t −1)S(t −1) ,
k
k
1 + ( Cl − Cu ) S (kkt −1)

(7)

Cl yk − ( Cl − C ) f
1 + ( Cl − C ) S

(8)

( t −1)
u
k
( t −1)
u
kk

0
Based on the above formulas, when S
=

S ( tk−1) .

( M + Cu )

−1

4.1 Learning Strategy

We compare the proposed Locally Non-negative Linear Structure
learning (LNLS) with Support Vector Machine (SVM) [10],
Gaussian Random Field (GRF) [2], Local and Global Consistency
(LGC) [3], and Linear Neighborhood Propagation (LNP) [7].
The penalty C and scaling parameter δ of SVM is set to 100 and
0.1. For GRF and LGC, we build a weighted K-mutual nearest
neighbor graph, where K is fixed at 50. L1 is chosen to be the
distance metric and the weights (similarities) are calculated using
Laplace kernel with parameter 0.05 as recommended in [5]. The
parameter for LGC also is fixed at 0.99 consistent with [2]. For LLP
and LNLS, we also use the same distance metric and K as GRF and
LGC. The parameters Cl and Cu are fixed to 0.1 and 0.01,
respectively. The parameter α of LNLS is fixed at 0.15.

is calculated

offline, in the online interactive retrieval process, the model can be
updated in o(n 2 ) computational cost without retraining.

3. ACTIVE LEARNING

In order to alleviate the effort required for users, the active learning
is proposed to ask the user to label the most informative unlabeled
sample such that the retrieval performance could be improved most
efficiently [1]. The key issues are how to define the most
informative samples and how to choose them efficiently.

In learning strategy, the learning algorithms have to face two
conditions. The one is initial retrieval stage, where there is only one
query sample available. The other is relevance feedback retrieval
stage, where a few labeled samples are available. To simulate the
first condition, we randomly pick an image as query. To simulate the
second condition, we conduct experiments on varied labeled size.
Since the relevant samples are always hard to obtained, the
percentage of the relevant images in labeled set is fixed to 10%. In
each run, we calculate AP on the top 200 results. The presented
MAP is based on 20 groups with each group running for 10 times.

Here, we define the most informative sample for the proposed LNLS
as the one which minimizes the Bayesian classification error. In
LNLS learning, the probability of xi labeled as 1 can be estimated
as (1 + f i ) / 2 . Then before a sample x k is selected, the Bayesian

classification error can be calculated as.

(1 + fi ) + [sgn f ≠ −1] (1 − fi ) 
=
ε ( f ) ∑ in=1  [sgn ( f i ) ≠ 1]
( i)

2
2  , (9)

1 n
=
∑ i =1 (1 − f i )
2

The results of the five methods in the above two conditions are
presented in Table 1, where SVM and GRF are excluded in the
first condition since they can not work without irrelevance
samples. From Table 1, we can find that, 1) all these four semisupervised methods (GRF, LGC, LNP and LNLS) outperform the
traditional supervised method SVM in all experiments, which
indicates that semi-supervised methods are robust to the small
sample learning problem, even in one query condition, since they
utilize the unlabeled data; 2) all the locally linear structure based
methods (LNP and LNLS) outperform the graph-based methods
(GRF and LGC), since the latter is sensitive to similarity metric

when x k is selected, yk is obtained from users, we have a new
label score vector f + ( xk , yk ) and the new Bayesian classification error.
Although we don’t know what answer we will receive, we can
calculate the expected error:

(

1+ f
) ( 2 ) ε (f

=
ε f + xk

i=
+ ( x k , yk 1)

)+ (

1 − f i=
) ε f + ( x k , yk
2

(

0)

).

(10)

We choose the most informative sample x k * that minimizes the

Table 1. Performance of different learning methods

expected Bayesian classification error:

(

)

k * = arg min k ε f + xk .

Label
Size
1

(11)

According to the online updating algorithm in subsection 2.4, we
can compute f + ( xk , yk ) by (8) without retraining.

4. EXPERIMENTAL RESULTS

In the experiments, we use the 2000 images from COREL as our
database, which are categorized into 20 groups. Each group consists
of 100 images and represents one semantic topic. For feature
representation of images, we extract 64-dimentional HSV color
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Figure 1. Performance comparison with different interaction strategies
and can not reveal the asymmetric relationship between images;
3) LNLS consistently outperforms the other three semi-supervised
methods, which proves the effectiveness and efficiency of LNLS,
since it preserves the non-negativity of image data and well reveals
the asymmetric relationship between images.

improve performance. Experiments on both learning strategy and
interaction strategy demonstrate the effectiveness and efficiency of
these proposed methods in interactive image retrieval.

4.2 Interaction Strategy
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