Learning Contextual Metrics for Automatic
Image Annotation

Zuotao Liu', Xiangdong Zhou', Yu Xiang', and Yan-Tao Zheng?

! Fudan University, Shanghai, China
{082024020 ,xdzhou, O72021109}@fuda11 .edu.cn
2 Institute for Infocomm Research, Singapore
yantaozheng@gmail . com

Abstract. The semantic contextual information is shown to be an im-
portant resource for improving the scene and image recognition, but is
seldom explored in the literature of previous distance metric learning
(DML) for images. In this work, we present a novel Contextual Metric
Learning (CML) method for learning a set of contextual distance metrics
for real world multi-label images. The relationships between classes are
formulated as contextual constraints for the optimization framework to
leverage the learning performance. In the experiment, we apply the pro-
posed method for automatic image annotation task. The experimental
results show that our approach outperforms the start-of-the-art DML
algorithms.

1 Introduction

The fundamental issue of multimedia retrieval and visual recognition is to cap-
ture the similarity between visual objects. Finding proper distance metric for
similarity measure is critical for these tasks. However, distance metric is task-
oriented and manually selecting distance metric is tedious and even unrealistic
for various practical applications. Therefore, distance metric learning (DML),
which learns distance metric by exploring the available intrinsic information
from training data, draws increasing attentions from research and industry com-
munities. In the last few years, many metric learning algorithms are proposed,
such as RCA[I], NCA[2], LMNNJ3], DCA[] and ITML[5], which are shown to
perform well in some classification and clustering problems. The principal of most
previous work investigate side information from training data, e.g. data points
are considered to be either “similar” or “dissimilar”, and utilize it as pairwise
constraints to learn a holistic Mahalanobis distance or linear transformation.
For the scene and image classification and semantic annotation problems, the
task is to assign multiple labels to each vision instance, so called multi-label
classification. It is an extension of the common single-label problem. Wu et al.
[6] presented a probabilistic distance metric learning framework that can derive
constraints from the uncertain side information of multi-labeled data and learn
a distance metric from the derived constraints. Qi et al. [7] proposed to learn
a metric that can keep the linear transformation between the visual space and
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Fig. 1. Illustration of semantic context by example images from Corel image data set
and their human annotations

label space, and formulates it as a semi-definite programming (SDP) problem.
However, most previous work deal with the problem of holistic distance metric
learning, i.e. one metric for all classes. When the number of classes of the input
space grows, the holistic manner is difficult to seize the underlying characteristics
of each class [§]. Specifically, in the multi-label setting, the interaction between
classes and images need to be explored for metric leaning [7].

In this paper, we present a novel distance metric learning approach that can
learn a set of metrics simultaneously one for each class. In the proposed method,
the discriminations of different classes and the interactions between images and
classes are explored integratedly. Moreover, the semantic contextual information
between classes are utilized to reduce the over-fitting of the proposed method.
The semantic context comes from the co-occurrence of some class labels in the
same scene (image), for instance, “bird” and “tree”, “car” and “track”, and
so on. Figure [I] presents some illustrative images of Corel data set [9] showing
examples of frequently co-occurring class labels.

Semantic context is shown to be an important resource for improving the per-
formance of vision recognition [10], but is seldom explored in the metric learning
literature for images. Intuitively, for metric learning of scene and images, know-
ing some classes co-occurring frequently provides hint that their corresponding
metrics are similar in some extent. In particular, we describe the contextual con-
strains by using KL-divergence between classes, which is based on the principle
of bijection between the Mahalohobis distance and an equal-mean multivariate
Gaussian distribution [5]. The main contributions of the work are as follows:

We propose the Contextual Metric Learning framework for multi-label images
and scenes. We introduce the semantic contextual constraints into the proposed
metric learning framework and apply the learning method into the automatic
image annotation (AIA) task.

Our proposed learning framework can be efficiently solved with a closed-form
solution to obtain a set of optimal metrics simultaneously one for each class to
uncover the intrinsics of each scene class.

To demonstrate the learning ability of the proposed method, we apply our
algorithm for the application of automatic image annotation on two real world
data sets, Corel and a subset of TRECVID-2005 data set. The experimental
results show that our algorithm outperforms the-state-of-the art algorithms.
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The rest of the paper is organized as follows. In section 2, we give an brief
overview of the related work; Section 3 is for our learning models. In Section 4,
we give out the experiments about utilizing the learned metrics for AIA task.
Section 5 concludes our work.

2 Related Work

Most of the previous work in supervised metric learning relies on learning a holis-
tic Mahalanobis distance. ITML[5] models the DML problem in an information-
theoretic setting by leveraging the relationship between the multivariate Gaussian
distribution and the set of Mahalanobis distances. It formulates the problem as that
of minimizing the differential relative entropy between two multivariate Gaussians
under constraints on the distance function, and expresses it as a particular Breg-
man optimization problem-that of minimizing the LogDet divergence subject to
linear constraints.

There are several algorithms that attempt to learn multiple metrics for a
learning task. [8] attempted to learn different Mahalanobis distance metrics in
different parts of the input space in the setting of single-labeled data, and [11]
presented an algorithm that learns a few similarity category specific metrics
while simultaneously grouping categories together and assigning one of these
metrics to each group, however, both of these two algorithms are designed for
single-label tasks. [12] attempted to learn a amount of metrics for each instance
using metric propagation, which is not practical for large numbers of instances.

A significant amount of work have been devoted to the problem of ATA. Gener-
ative models[I0] focus on learning the correlations between images and semantic
concepts, while discriminative models[I3] formulate ATA as a classification prob-
lem and apply classification techniques to ATA, such as Support Vector Machine
(SVM) and Gaussian mixture model. Moreover, Zhou et al. [14] proposed a hy-
brid approach combining user-provided tags and image visual contents under a
unified probabilistic framework. Guillaumin et al. [I5] proposed a discriminative
metric learning algorithm (Tagprop) for ATA, which uses Bernoulli models for
each keyword and weighted nearest neighbor approach for tag prediction. The
distance metric used in Tagprop is a linear combination of a set of base distances,
which are derived from manually assigned metrics for different features, and the
weights for them can be learnt from the training set.

3 The Contextual Metric Learning Method

In this section, we present our contextual metric learning method. We first
present the problem formulation of learning multiple metrics in multi-label set-
tings. Then we describe our regularization framework of these metrics using
semantic contextual information. Finally, we detail the algorithm of training
multiple metrics under the contextual constraints.
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3.1 Learning Multiple Metrics

Metric learning aims to seek a Positive Semi-Definite (PSD) matrix M which pa-
rameterizes the Mahalanobis distance. To find the matrix M, some constraints
must be imposed into the learning procedure. In classification, a common con-
straint is that instances from the same class are closer to each other than instances
from different classes. However, the constraint is insufficient for multi-label clas-
sification setting, where each data point can belong to multiple classes simulta-
neously. For example, if two instances both belong to class A while one belongs
to class B and the other does not, then the two constraints induced by the two
classes will conflict. To solve the problem in multi-label metric learning, we pro-
pose a novel method to learn multiple metrics simultaneously, one for each class,
while the relationships between metrics are exploited in our method.

Let {x1,X2,...,X,} denote a set of n data points, where x; € R4, j =1,...,n
is a d dimensional feature vector. We denote the label of data point x; by y; =
{yjl, yjz, e 7y;”}, where y; € {0,1} indicates whether x; belongs to class C; or not
and m denotes the number of classes. Our goal is to learn a set of Mahalanobis
matrices M;,i = 1,...,m for different classes

dr, (%, Xp) = \/(Xj — x3) T M (x5 — xx) (1)

under a set of pairwise constraints among the data points
S, = {(Xj,Xk)|Xj €C; and x3, € CZ} (2)
D; = {(x;,x%)|x; € C; and x;, ¢ C;}, (3)

where S; is the set of similar pairwise constraints derived from class C; and
D; is the corresponding set of dissimilar pairwise constraints. We define a loss
function for each Mahalanobis matrix, which minimizes the distances in the
similar constraints and maximizes the distances in the dissimilar constraints:

%
LOMS.D) =0 D (=) Ml — i) (4)
(x5,%xK)ES;
- 72'1 > g —x) Mi(x; —xz)
(x5,x,)€ED;

where 7¢ and ) are two parameters which can balance the tradeoff between
similar and dissimilar constraints. Finally, we combine the loss functions for all
the Mahalanobis matrices to obtain the loss function of our contextual metric
learning framework:

L(M,S,D) =Y L(M;,5;,Dy), (5)

i=1
where M = {M;|i = 1,2,...,m} denotes the matrices to be learnt, S = {S;|i =
1,2,...,m} denotes the set of similar pairwise constraints and D = {D;|i =

1,2,...,m} denotes the set of dissimilar pairwise constraints.
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3.2 Contextual Regularization

We add a regularization term into our metric learning framework to incorpo-
rate our prior knowledge about the task and prevent the learnt matrices from
over-fitting. In many settings, we require the learnt metric to be close to some
given Mahalanobis distance function. For example, if the data is Gaussian, we
regularize the Mahalanobis matrix by the inverse of the sample covariance. In
some settings, Euclidean distance may work well. In our method, we regular-
ize the matrices by both the Euclidean distance and the relationships between
themselves.

As noted by ITML [5], there exists a bijection between a Mahalanobis distance
and an equal-mean multivariate Gaussian distribution. Given a Mahalanobis ma-
trix M, the corresponding multivariate Gaussian distribution can be expressed
as P(x;pu, M) = } exp(—4(x — w)TM(x — p)), where Z is a normalizing con-
stant and M equals to the inverse of the covariance of the distribution. So we
can measure the distance between two Mahalanobis distance functions by the
differential relative entropy between their corresponding multivariate Gaussians:

Pl ) (O

KL(P(X; wh, M) || Py, M, /P x; ), My) log

In our metric learning method, we regularize each metric by Euclidean distance
function. So we add the following single regularization term into our framework:

D KL(P(x: i, Mo)|| Ploc i My) (7)

where My = I is the identity matrix. For multi-label distance metric learning, all
the multi-labeled instances are presented as mixed features of different concepts.
So if two classes co-occur frequently, they share the similar distribution, and their
KL-divergence tends to be small. So we regularize the matrices by the contextual
relationships between classes. We add the following pairwise regularization term
into our framework:

SN KL(P(x; ply M) | P ;. M), (8)

=14 eN;

where N; is the set of classes correlated with class i. We measure the correlations
between classes based on the co-occurrences of classes in a training data set. Two
classes co-occur if they are associated with the same instance in the training set.
We define a correlation measure between classes by:

‘C ﬂcz'|
Perley =" ©)

which is the estimation of the prior conditional probability of observing class
C;» on condition of class C;. Based on the above measure, we construct a graph
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structure for classes and define class i’ is a neighbor of class i, i.e. i/ € N,
if and ounly if P(Cy#|C;) > Py, Vi,i' = 1,2,...,m, where P, is a predefined
threshold constant and the value is set to 0.1 in the experiment. The constructed
neighborhood system is not symmetric since the interaction between two classes
is not mutually equal.

By combining Eq. (@) and Eq. (), we obtain the regularization term of our
method:

NE

R(M) =) KL(P(x; p;, Mo)|| P(x; p;, M;))

uMsl

Z P(x; ), M) | P(x; s, M3)) (10)
eN;

where A is a constant controlling the tradeoff between the single regularization
and the pairwise regularization. The above regularization utilizes the contextual
relationships between classes. So we refer to it as Contextual Regularization.

3.3 Algorithm

By combining the loss function (B) and the regularization ({I0) , we obtain our
objective function of CML framework:

L'(M,S,D) = L(M, S, D) + R(M). (11)

We learn the metrics by minimizing the above loss function under PSD con-
straints, which is equivalent to the following optimization problem

min L'(M,S,D)
M;>0,i=1,....m

= eduin ;L(Mi,&,Di) + 2 KL(P(K i Mo)l| P oy, M)

A ST KL(P pl M) [P i, M) (12)

=14 EN;

In the loss function (@), if we define

) i,if X, Xp) €S;

—’yfj, if (xj,x%) € D;,
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then we can get

L(M;,S;,D;) =

l\D)—‘

n
Z i —x5) T Mi(x; —xk)ka
J,k=1

75

n
Z X TMix; — X?Mixk)Kijk
7,k=1
= tr(XM; X" D;) — tr(X M; XTK;)
= tr(XL; X7 M;) (14)

where D; is a diagonal matrix whose diagonal are the sums of the row elements
of K;, and L; = D; — K; is the Laplacian matrix of K;. X = [x1,X2,...,Xy]
is a matrix composed of all the training instances. It has been shown in [16]
that the differential relative entropy between two multivariate Gaussians can be
expressed as the convex combination of a Mahalanobis distance between mean
vectors and the LogDet divergence between the covariance matrices:

KL(P(x; , My)| P(; pay, M3))

1 1

=, Dua(Mi, Mir) + ) (1 = )" Mi (s = ), (15)
where LogDet divergence D;4(M;, M) is a Bregman matrix divergence gen-
erated by the convex function ¢(X) = —logdet X defined over the cone of

positive-definite matrices, and it equals to (for d x d matrices M; and M)
Dya(M;, My) = tr(M;M;; ') — log det(M; M) — d. (16)

By substituting Eq. (I4)) and Eq. (I3) into Eq. (IZ), we can get the following
optimization problem for our CML framework:

M;>0,i=1,..., m
=M>OHZHI% ZDld Mul)"‘/\;;/ Dld (M, My)
Z
1
T (ki — i) Mi(py — i) + ZtT(XLiXTMi)~ (17)
i=1

We solve the above optimization problem (7)) by alternating optimization strat-
egy, where we iteratively optimize each matrix on condition of fixing the other
matrices. When fixing all the matrices M, ¢" # i, the optimization for M; is a
standard formulation of Semi-Definite Programming (SDP) [17], which can be
solved using existing convex optimization packages. We iteratively optimize all
the M, until convergence.

Considering the expensive time cost of SDP problem, we adopt a closed-form
approximative solution that can be obtained efficiently by taking the derivative

of Eq. ([I1):
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0L'(M, S, D)
onn = 1=M; 1A A — M+ (g — ) (g — ) ™)
v i EN
+ XL XT Vi=1,2,...,m. (18)
By setting the above derivative to zero, we can get
A 1 1_ T T
(1+ ) M} Z Mt =7 Z (s — i) (g — )T+ XL XT 41, (19)

zE./\/ i'eN;

where n; is the number of neighbors of class i, i.e. [N;|. If we define

~ A
Yi= ) > (s — i)y — )T+ XLiXT + 1 (20)
i'eN;

2 2
where diag(1+ ’Q\Hi)me is a diagonal matrix with the ith element 1 + ;‘ni, and
N is the adjacency matrix derived from the class graph, N;;; = 1 if and only if
i’ € N;. Then the minimum point of objective function ([I7) can be derived as

N |
= (X Huvy) (22)
ir=1
In practice, we can control the parameter \ to ensure the learnt matrices M;, ¢ =
1,2,...,m to be PSD.

4 Experiments

We apply metric learning algorithms for ATA task on two commonly used bench-
marks: Corel and TRECVID-2005.

4.1 Experimental Dataset

Corel Dataset: The Corel image data set [9] contains 5,000 images each of
which is labeled with 1-5 keywords, and there are totally 374 keywords used in
the data set. Because most of the keywords only have few positive samples, we
train metrics for the most popular 70 keywords which have 60 positive samples at
least. For the subset of the largest 70 keywords, we get 4431 images for training
and 490 images for testing. Each image is annotated by average 2.65 labels.

TRECVID-2005 Dataset: TheTRECVID-2005 data set contains about 108
hours of multi-lingual broadcast news, which is more diverse and represents the
real world scenario. Compared with Corel, TRECVID data set provides more
positive samples for each concept, and the concept space is smaller. Following
the work of [13], we select training and testing data from 90 videos and the other
47 videos respectively. For each concept, we randomly select no more than 500
and 100 positive samples for training and testing respectively. As a result, we
have 6,657 key-frames for training and 1,748 key-frames for testing.



132 Z. Liu et al.

4.2 Image Representation

We extract 5 different kinds of features commonly used for image classification
and retrieval. We use two types of global features: Gist features [I§] and color
histograms. The color histograms are calculated with 8 bins in each color channel
for RGB, LAB and HSV representations, which results in three 512-dimensional
feature vectors for each image. For local features, we use SIFT and adopt the
soft-weighting scheme [19] for bag-of-features of 500 dimensions. Considering the
efficiency of Mahalanobis metric, we apply PCA[20] to reduce the dimension of
obtained features. On Corel dataset, each kind of features are reduced to 10-
dimensional vectors and we get a 50-dimensional vector for each image, while
each kind of features are reduced to 20-dimensional vectors and each image is
presented as a 100-dimensional vector on TRECVID-2005 dataset.

4.3 Experimental Setup and Evaluation Measures

The parameter setting of CML is as follows: A of Eq. [0 is set to 0.1, which
balances the single regularization and the contextual regularization. We set v¢ =
1/ n; and 731 = 0in Eq. (I3), where n; is the number of derived similar constraints
from 4th class. For AIA task, we employ weighted nearest neighbor approach for
tag prediction. The tag presence prediction for image j is a weighted sum over
the nearest neighbor training images, indexed by k:

plys =+1)=>_ whp(yh = +1k), (23)
k

where 7r§k denotes the distance based weight of image k for predicting the tags
of image 7, which can exploit the effectiveness of distance metrics sufficiently:

Tl = exp(—wi dMq (.7’ k))
TN exp(—wi dag, (7, ')
w; of above equation is a parameter to control the decay of weights and can be
learned from the training set for each class respectively by using the loss function
of [15].

We use recall, precision and F1 score for fixed annotation length to evaluate
the performance of ATA of the metric learning methods. For a given query word
w, let |Wg| be the number of human annotated images with label w in the
test set, |War| be the number of annotated images with the same label of the
annotation algorithm, and |W¢| be the number of correct annotations of our
Wel

Wel?
P _ |W¢l __ 2XrecallXprecision ..
precision = - and F1 = recalldprecision We compute recall and precision

for each keyword and then average them to measure the annotation performance.

(24)

algorithm, then recall, precision and F1 score are defined as recall =

4.4 Experimental Results

Comparisons of ATA Performance. The Euclidean distance and the state-
of-the-art metric learning algorithm ITML [5] are adopted for comparison in the
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Fig. 2. Annotation performance comparison with Euclidean distance and ITML on
Corel dataset. R, P, F1 denote the average precision, average recall and F1 score re-
spectively.
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Fig. 3. Annotation performance comparison with Euclidean distance and ITML on
TRECVID-2005 dataset

experiment. We learn metrics for each class using ITML and CML respectively,
and apply the obtained metrics for ATA. For ITML, we select 5000 constraints for
each class, where 1000 of which are similar constraints and others are dissimilar.
For learning all the 70 distance metrics of Corel dataset, our closed-from solution
needs only 47 seconds on Pentium 4 computer platform, whereas ITML needs
more than 1 hour. According to the widely used protocol, we use the 5 most
relevant keywords to annotate each Corel test image, and use the 6 most relevant
keywords to label each TRECVID-2005 test image. The experimental results
are shown in Figure Pl and Figure [ respectively. From Figure 2] we can draw
several observations. Firstly, metric learning can help AIA task significantly.
Secondly, our model achieves the best performance on Corel dataset. Compared
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with ITML, CML improves the average precision by 17.2%, the average recall by
12.1%. From Figure [3 we can see although ITML gets a better average recall,
our model gets the best average precision of TRECVID-2005 and outperforms
ITML by 8.8% on F1 score.

Evaluation of Semantic Context. To further evaluate the effectiveness of the
semantic context for metric learning, we set different values of A in Eq. ([I) to
compare the AIA performance of our CML. The annotation results of Corel and
TRECVID-2005 are shown in Table [[, where A\ = 0 means no context is used
in CML. The table shows that with context constrains the AIA performance
are improved on both data sets. It also shows that the effectiveness of context
constrains in TRECVID-2005 is bigger than that in Corel. From the table, it
can be observed that the semantic graph derived from Corel is more sparse, e.g.
the average number of neighbors for each site in the semantic graph is only 4.97.
Whereas, on our TRECVID-2005 data set, there are on average 10.84 keywords
for each site. Therefore, it meas more contextual constrains taking part in the
procedure of metric learning on TRECVID-2005 data set and resulting better
performance, e.g. 10.2% higher in the F1 score compared with CML without
contextual constraints.

Table 1. The AIA performance of CML with different semantic context settings

Dataset Corel (70 keywords) TRECVID-2005(39 keywords)
Average #neighbors 4.97 10.84

Models CML(A = 0.1) CML(A = 0) CML(A = 0.1) CML(A = 0)
Precision 0.300 0.292 0.407 0.364
Recall 0.519 0.515 0.433 0.399

F1 score 0.380 0.373 0.420 0.381

5 Conclusion

In this work, we investigate the contextual information between classes to im-
prove the performance of distance metric learning and apply it to automatic
image annotation. The intuition is that one distance metric for each class by ex-
ploiting contextual information for vision recognition is more close to the ways
how people recognize visual objects. We report experimental results on two real
world data sets and show that our method perform well for the task of AIA.
For the future work, we will extend the contextual constrains by introducing
multiple context to further leverage the power of our learning framework and
apply it to scene and video classification and annotation.
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