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Abstract. Recently, zero-shot learning has attracted increasing attention in
computer vision community. One way of realizing zero-shot learning is by
resorting to knowledge about attributes and object categories. Most existing
attribute-centric approaches focus on attribute-class relation artificially derived
by linguistic knowledge base or mutual information. In this paper, we aim to
learn the attribute-attribute relation automatically and explicitly. Specifically,
we propose to incorporate the attribute relation learning into attribute classifier
design in a unified framework. Furthermore, we develop a new scheme for
attribute-based zero-shot object classification, such that the learned attribute
relation can be reused to boost the traditional attribute classifiers. Extensive
experimental results demonstrate that our proposed method can enhance the
performance of attribute prediction and zero-shot learning.
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1

Introduction

In recent years, the problem of object classification in zero-shot scenarios (i.e. no
training samples are available for the target classes) has attracted increasing attention
in computer vision community [1-6]. This problem is challenging and on the other
hand very useful, especially for such a real-world setting where the number of object
classes is large but samples are unable or costly to be acquired. In contrast, high-level
semantic attributes for each class can be obtained more conveniently, such as color
and texture for arbitrary objects.
As the training and the test classes are commonly disjoint in zero-shot learning,
researchers have developed several alternative methods for knowledge transfer from
training to unseen test classes. Among them, attribute-centric methods based on highlevel attributes have been proven effective in leveraging knowledge between attribute
and object category experimentally [1-3].Existing attribute-centric methods focus on
exploitation of the semantic relation between attribute and object class [4-6].
Likewise, intuitively, the relation between attributes of an object can also convey
supplementary information from another aspect. However, in traditional methods,
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attribute classifiers are trained separately with respect to individual attributes, and
seldom consider the attribute-attribute relation.
In fact, there are often some correlation relations between attributes. Thus taking
such relation into account in the process of training attribute classifiers should be
helpful. For example, researchers in [2,4,13] have considered the attribute relation to
some degree. However, the relations they adopted are largely derived artificially or
predefined. In contrast, in this paper, we propose to train attribute classifiers and learn
the attribute-attribute relation simultaneously in a unified objective function.
In this paper, we first propose a joint learning method for attribute classifiers
coupled with the attribute-attribute relation. And then we develop a new attributebased zero-shot learning scheme by incorporating the attribute relation learned in
previous step, and demonstrate that it enhance the performance of attribute prediction.
The rest of this paper is organized as follows. Section 2 introduces related works of
zero-shot and attributes relation learning. The proposed attribute relation learning
(ARL) method is described in Section 3. In Section 4, we propose our attribute-based
zero-shot object classification scheme with attribute relation incorporated. Extensive
experiments are carried out in Section 5. Finally, conclusion is given in Section 6.

2

Related Works

To the best of our knowledge, the concept of zero-shot learning can at least be traced
back to one of the early works proposed by Larochelle et al.[7]. It attempts to solve
the problem of predicting novel samples that were unseen in the training data set. In
[8, 9], researchers proposed methods to obtain the intermediate class description such
as semantic knowledge base to perform zero-shot learning. In computer vision
community, Farhadi et al.[3] described objects by their semantic or discriminative
attributes, and revealed the potential to predict novel classes in zero-shot scenarios. In
order to tackle the problem of learning with disjoint training and testing classes,
Lampert et al.[14] proposed attribute-based classification, as well as Direct Attitude
Prediction (DAP) and Indirect Attitude Prediction (IAP) to perform zero-shot
learning. More recent related works can be found in [4, 5, 11, 12].
On the other hand, as for attribute-centric object classification, some researchers
have demonstrated considering attribute-class relation can result in improved
generalization performance [4-6, 13]. However, the attribute relation needs to be precomputed, which are then used in a latent discriminative model for classification.
Rohrbach et al.[2] used external linguistic knowledge bases and proper semantic
relatedness to capture attribute-class relation, which requires extra expert knowledge
for natural language processing. Siddiquie et al.[5] demonstrated modeling pairwise
correlations between attributes brings better results in image ranking and retrieval.
Different from the previous works, we model the attribute relation in a totally new
perspective. First, we learn an attribute covariance matrix that models the relation
between attributes in the form of matrix variant normal distribution, motivated by
multi-task relation learning [14-16]. Second, the attribute relation we learned can be
incorporated into traditional classifiers separately and has been proven effective to
enhance the performance of zero-shot learning in our experiments.
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Proposed Approach

Suppose we are given a mid-level representation in the form of inventories of
attributes
for N object classes. Given a set of training images
,
and class labels
1, , N as well as attributes labels
{1,0}. Binary
attributes are considered in this paper. For each attribute classifier, we learn a linear
function
, where is the weight vector and is the bias term.
3.1

Problem Formulation

Since data for each attribute classifier is in the same pool, we denote as
,…, ,…, ,…,
, the attribute labels y
,…, ,…, ,…,
and
the bias term
,…,
. Then the posterior distribution for can be obtained
through the prior and the likelihood in the following function [22]:
Let
, denotes multivariate normal distribution with mean and covariance
matrix . Given
,
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and
, the likelihood of
is given in the following
form:
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where the first term is employed to control the column complexity and second one is
for structure modeling of . As
is a matrix variable, the matrix variant normal
distribution [17] is used as
. So
can be defined as
|
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,

(3)

Here, is a row covariance matrix modeling the features relation and is a column
covariance matrix for the relation between
’s.
Since data for each attribute classifier is in the same pool, we denote as
,…, ,…, ,…,
, the attribute labels y
,…, ,…, ,…,
and
the bias term
,…,
. Then the posterior distribution for can be obtained
through the prior and the likelihood in the following function [22]:
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By taking the negative logarithm of Eq. (4) and combing it with Eqs. (1)-(3), the
maximum likelihood estimation of and , as well as the maximum a posterior
estimation of W, can be obtained through the following: .
min ∑M
, ,

∑N
tr

T
T

∑M
ln| |

T

(5)
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For convenience to optimize the problem Eq. (5), the last term ln| | can be
replaced by the constraint
1 which is convex, with the same aim to restrict
the complexity of .Then the model can be rewritten as the following form:
min ∑

∑

, ,

s.t.

0,

1

(6)

where
, and
2ε . The constraint
0 in Eq. (6) is used to restrict
as positive semi-definite because it is the attribute covariance matrix. The first term
in Eq. (6) gives the empirical loss on the training data. And the second one is to
is to
penalize the complexity of . It is worth noting that the last term
model the relation between all attributes.
3.2

Alternating Optimization Algorithm

In Eq. (6), three variables to be optimized are jointly convex, which can be achieved
through an alternating optimization method. The first step is to optimize
and
given a fixed , and the second one is to optimize when and are fixed.
Optimizing

and

when

is fixed

As is shown in [16], the dual problem defined in Eq. (6) can be written as
∑

min

∑

s.t. ∑

0,

,

1, … ,

(7)

,
,… ,…, ,…
and. Note that
is the kernel
where
,
matrix on all data points for all attributes classifiers, whose element is
, and as a diagonal matrix with elements
value N if the corresponding data point belong to the -th attribute classifier.
Optimizing
If

and

when

and

are fixed

are fixed, the problem in Eq. (6) can be has an analytical solution
(8)

The above two steps are performed alternatively, until the optimization procedure
converges or the maximal iteration number is reached.

4

Incorporating Attribute Relation to Zero-Shot Learning

After we capture the attribute relation automatically in previous section, we want to
use it explicitly for improving the zero-shot learning performance. Fig.1 illustrates the
overall flowchart of our method. First of all, we use all the training data points and
their attributes to train
attribute classifiers. And then, these classifiers are
employed to predict the attribute values of unseen test images, and each test image
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will be given
attributes of real values. With specific inventory of attributes for
each object class, predicted attributes will be mapped into class labels through DAP
technique [10].
It’s worth noting that the relation learned by our proposed method can be
incorporated into the attribute-label prediction process easily. The underlying
intuition is to join traditional dependent attribute classifiers together through our
learned attribute relation. As is shown in Fig.1, Attribute value vector predicted by
traditional classifiers, e.g. SVM and KRR, can be modified by attribute relation
through _modi
, where
, is the number of test images, and
is the attribute correlation matrix we learned from ARL method.
Train images

Novel test images
Attribute
Classifiers
Attribute
Relation
Score

0.88

0.65
0.23

Predicted Labels
1

2

0.51

0.47

3

4

5

...
Attribute Index

Attribute inventories for object classes

Fig. 1. Overview of our attribute-based zero-shot object classification

5

Experiments

5.1

Experimental Setup

We use a subset of the Animals with Attributes (AWA) dataset [14], which consists of
50 animal categories and 85 attributes. Following [10], only 59 attributes are
employed in our experiments. For computational reasons, we down-sample this data
set to 100 images per category in our experiments. Six feature types are used as image
descriptors. And 10 classes are used as testing set and the other 40 classes as training
set. We also use the a-Pascal-train data set [1] which consists of 20 classes and 64
attributes. As is given in [3], color and texture features are employed as image
descriptors. Five classes (bus, car, cat, dog and motorbike) are used as test data while
the other 15 ones as training data. We employ the χ -kernel [21] for image
representation, i.e. kernel matrixes are based on χ -kernel of individual feature type.
Two baselines are employed, i.e. SVM and kernel ridge regression (KRR).
Normalized mutual information (NormMI) used in [4,13] are employed as baseline
for attribute relation learning. We adopt area under ROC curve (AUC) to evaluate the
attribute prediction results. Average classification accuracies are used as performance
measure for zero-shot learning methods. The regularization parameters and for
our ARL method are both selected on from {0.001, 0.01, 0.05, 0.1, 0.5, 1}, and the
parameter C for SVM and λ for KRR are chosen from {0.001, 0.01, 0.1, 1, 10, 100,
1000}. Optimal parameter values are confirmed on a validation set of training classes.
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A sigmoid transform [22] maps the outputs of attribute classifiers into probabilistic
scores for DAP model, where optimal values for parameter A and B are set on the
same validation set.
5.2

Results and Discussion

5.2.1
How about Classifiers Learned from ARL in Attribute Relation?
Next, we examine how the proposed ARL method performs in attribute prediction,
with comparison to SVM and KRR. The quality of the individual attribute predictors
is shown in Fig.3. And Table1 reports the AUC values of each attribute.
Table 1. Average AUC of attribute prediction on two data sets (%)
Data Sets
aPascal
AWA

SVM
47.2
65.3

KRR
63.8
72.9

ARL
68.5
74.4

From Fig.3, it’s obvious to find that our ARL method outperforms SVM and KRR
on average. Due to the fact that testing classes are different from the training ones, the
across category generalization of the attribute classifiers learned from our ARL
method is quite reliable. From Table1, we can see a significant improvement in
average accuracy is obtained by ARL model comparing to SVM and KRR.
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Fig. 2. Attribute prediction Results on aPascal and AWA data sets

5.2.2 How Does the Attribute Relation Influence Zero-Shot Learning Accuracy?
We now study the influence of attribute relation on the performance of zero-shot
learning problem. Attribute relation learned from ARL method is used to modify the
output of SVM and KRR. Table 2 reports the average accuracy of test classes in AWA
data set. Note the term “*+Corr” means all correlation coefficients (positive, negative
and uncorrelated) are incorporated, while the “*+posCorr” means only the positive
ones are employed. From the results inTable 2, we draw the following conclusions.
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First, our ARL model is superior to SVM and KRR in most cases, with the highest
accuracy of 17.3% using Phog features. As is expected, ARL considers the attribute
relation during the procedure of training attribute classifiers while SVM and KRR not.
Second, KRR and SVM with attribute relation are generally superior to those
without correlation. It further validates our intuition that mining the associations
between attributes helps improve performance of zero-shot object classification tasks.
Table 2. Zero-shot performance of different methods on AWA data set (%)

6

Method

Cq

Lss

Sift

rgbSift

Phog

Surf

All features

SVM
SVM +posCorr
SVM +Corr

15.4
20.7
12.9

15.4
13.9
9.2

15.4
14.5
20.9

14.3
22.3
7.6

14.0
22.2
16.1

15.4
6.7
9.1

13.0
13.8
9.2

KRR
KRR+posCorr
KRR+Corr
ARL

12.0
17.2
13.8
15.4

10.0
10.6
10.1
17.0

5.6
15.2
18.7
14.5

13.9
16.5
13.3
15.4

9.7
13.4
9.8
17.3

10.5
7.5
17.8
10.0

12.8
18.1
13.5
15.7

Conclusion

In this paper, we focus on attribute relation learning for attribute-based zero-shot
object classification. We first propose an attribute relation learning (ARL) method to
learn the correlation between attributes explicitly. Then, we present an attribute-based
zero-shot object classification scheme with attribute relation incorporated. Finally, we
further study how the attribute relation learning help improve the performance of
zero-shot learning. Experimental results have validated the effectiveness of our
proposed method.
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