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ABSTRACT
The problem of image categorization from zero or only a
few training examples, called zero-shot learning, occurs fre-
quently, but it has hardly been studied in computer vision
research. To tackle this problem, mid-level semantic at-
tributes are introduced to identify image categories. For
example, one can construct a classifier for the giant panda
category by enumerating its attributes (e.g., black, white
and four-footed) even without providing giant panda train-
ing images. Recently, several studies have investigated to
learn attribute classifiers, based on which new classes can
be detected. However, an often-encountered problem is the
limited number of training data due to the time-consuming
manual annotation of the attributes. Also, using single fea-
ture is hard to detect some attributes, e.g., the HSV feature
is not robust enough to predict ‘tusk’ or ‘flies’ attributes.
In this paper, we propose a unified semi-supervised learn-
ing (SSL) framework that learns the attribute classifiers by
utilizing multiple feature and exploring the correlations be-
tween images. Specifically, we learn an optimal graph which
embeds the relationships among the data points more ac-
curately. Then, this graph is used to generate a geomet-
rical regularizers for a semi-supervised learning model to
learn the attribute classifier by utilizing both labeled and
unlabeled images. Afterward, new classes can be detected
based on their attribute representation. The use of SSL
can boost the performances of attribute classifiers with very
few training examples, and the adoption of multiple features
makes the attribute prediction more robust. Experimental
results on a series of real benchmark data sets suggest that
semi-supervised learning do enhance the performances of at-
tribute prediction and zero-shot categorization, compared
with state-of-the-art methods.
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1. INTRODUCTION
In recent years, visual recognition research has achieved

major successes using large datasets, robust features and
modern learning algorithms. The typical scenario assumes
a multi-class task where one has plenty labeled training im-
ages for each class of interest. While building recognition
systems this way is feasible for categories of large common
or commercial interest, one cannot expect it to solve ob-
ject recognition for all natural categories [7]. Rather than
constrain the system to a closed set of pre-trained object
detectors, one would like to acquire models for new cate-
gories with minimal effort and training examples. Doing so
is essential for lots of real applications where new categories
emerge dynamically. For example, when an user defines a
new class of interest to be detected in his visual data.
Zero-shot learning offers a promising solution. In zero-

shot learning, a novel class is trained via description instead
of labeled training examples [8]. In general, this requires the
learner to have access to some mid-level semantic represen-
tation, such that an expert can define a novel unseen class
by specifying a configuration of those semantic properties.
In visual recognition, the semantic properties are attributes
shared among categories, like black, white, or four-footed.
Supposing the system can predict the presence of any such
attribute in new images, then adding a new category model
amounts to defining its attribute ‘signature’ [5]. For exam-
ple, even without labeling any images of giant panda, one
could build a giant panda classifier by teaching the system
that giant pandas are black, white and four-footed, etc.
Therefore, if we could perfectly predict attribute presence,

zero-shot learning would offer an elegant solution to gener-
ating novel classifiers on the fly [4]. However, the problem is
that we cannot assume perfect attribute predictions. Visual
attributes are in practice quite difficult to learn accurately.
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One of the reasons is the insufficient number of training
data due to the time-consuming manual annotation of the
attributes. Also, most of the existing attributes learning
methods are based on a single feature. Some attributes are
hard to be detected from a single visual feature, e.g., it is
less effective to predict ’tusk’ or ‘flies’ using HSV feature.
Hence, it is necessary to utilize multiple features to improve
the attribute prediction performance.
To address the above issues, in this work, we propose

learning an optimal graph from multi-cues (i.e., attributes
and visual features), which can more accurately encode the
relationships between data points. Then, we incorporate the
learned graph with SSL model, and we further extend this
model to address out-of-sample extension. It is worthwhile
to highlight three aspects of the proposed approach here:

• We simultaneously learn an optimal graph to encode
the similarity between images and the importance value
of different features. We propose an efficient way to
solve the optimization problem. The learned optimal
graph can make use of different information cues to
more precisely reflect the relationships among data
points.

• We integrate the learned optimal graph with the SSL
method, and evaluate our method for image attribute
learning. In this way, a small percentage of labeled
training data can achieve a satisfactory performance.

• Experiments for image categorization on real world
datasets demonstrate the superiority of our method
over existing methods.

2. OUR APPROACH
Zero-shot image categorization consists of two stages: at-

tribute prediction from images and categorization on at-
tributes. In this section, we introduce attribute prediction.
More specifically, we first propose the learning of optimal
graph and integrate the graph with SSL model for the task
of predicting image attributes. After the attributes are pre-
dicted, we adopt DAP model in [7] to classify images from
attributes, which is introduced in the next section.

2.1 Terms and Notations
X = {x1, x2, ..., xN} represents a set of N images, and

yi = {0, 1}M is the attribute for the i-th image (1 ≤ i ≤
N), and M is the number of attributes. The first L points
xi (i ≤ L) are with attributes YL, and the remaining U
points xi (L+ 1 ≤ i ≤ N) are without attributes. The goal
is to predict the attributes FU of the unlabeled data points,
based on which the classes can be determined. Define a
N×C matrix F =

[
FL
FU

]
with FL = YL and FU = {0}U∗M .

Suppose that for each image, we have features from v cues
(i.e., different features) and thus each image has v features.
Let Xt = {xti}ni=1 denotes the feature matrix of the t-th
view of training images, where t ∈ {1, ..., v}.

2.2 Attribute learning
The traditional graph based semi-supervised learning usu-

ally solves the following problem:

min
F,Fl=Yl

∑
ij

‖fi − fj‖2
2sij (1)

where fi and fj are the attributes for the i-th and j-th
images, and S is the affinity graph with each entry sij rep-
resenting the similarity between two images. The affinity
graph S ∈ Rn×n is usually defined as follows:

sij =
{
e−‖xi−xj‖2

2
/2σ2

, if xi ∈ NK(xj) or xj ∈ NK(xi)
0, else

(2)
where NK(·) is the K-nearest-neighbor set and 1 ≤ (i, j) ≤
n. The variance σ will affect the performance significantly,
and it is usually empirically tuned. Also, it is derived from
single information cue [10, 9]. To address these issues, we
propose to learn an optimal graph S from multiple cues.
Without loss of generality, we suppose the multiple cues

include given attribute information F and multiple features
information Xt = {xti}ni=1. An optimal graph S should be
smooth on all these information cues, which can be formu-
lated as:

min
S,α

g (F, S) + µ

v∑
t=1

αth
(
Xt, S

)
+ βr (S, α) (3)

where g (F, S) is the penalty function to measure the smooth-
ness of S on the label information F and h

(
Xt, S

)
is the

loss function to measure the smoothness of S on the feature
Xt. r (S, α) are regularizers defined on the target S and α.
µ and β are balancing parameters, and αt determines the
importance of each feature.
The penalty function g (F, S) and h

(
Xt, S

)
should be de-

fined in the way such that close labels (data points) have
high similarity and vice versa. In this paper, we define it as
follows: 

g (F, S) =
∑
ij

‖fi − fj‖2
2sij

h
(
Xt, S

)
=
∑
ij

∥∥xti − xtj∥∥2
2
sij

(4)

where fi and fj are the labels of data point xi and xj . The
regularizer term r (S, α) is defined as:

βr (S, α) = µγ ‖S‖2
F + β ‖α‖2

2 (5)

We further constraint that S ≥ 0,S1 = 1,α ≥ 0 and αT 1 =
1. Then we can obtain the objective function for learning
optimal graph by replacing g (F, S), h

(
Xt, S

)
and r (S, α)

in Eq.3 using Eq.4 and Eq.5. And by combining Eq.1 with
Eq.3, we can obtain the objective function for optimal-graph
based SSL, as follows:

min
S,F,α

∑
ij

‖fi − fj‖2
2 sij + µ

∑
tij

(
αt
∥∥xti − xtj∥∥2

2
sij

)
+µγ ‖S‖2

F + β ‖α‖2
2

s.t.
{
S ≥ 0, S1 = 1, Fl = Yl, α ≥ 0, αT 1 = 1

(6)

2.3 Iterative optimization
We propose an iterative method to minimize the above

objective function 6. Firstly, we initialize S =
∑

t
St/v

with each St being calculated using Eq.2, and we initialize
αt = 1/v. We further normalize S as S = (D1/2)TSD1/2.
Once these initial values are given, in each iteration, we first
update F given S and α, and then update S and α by fixing
the other parameters. These steps are describe as below:
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2.3.1 Update F
By fixing S and α, we can obtain F by optimizing (6). It

is equivalent to optimize the following objective function:

min
F,Fl=Yl

∑
ij

‖fi − fj‖2
2sij = min

F,Fl=Yl

∥∥F (I − S)FT
∥∥2
F

(7)

where I is an identity matrix. Let L = I − S, and dif-
ferentiate the objective function (7) with respect to F , we
obtain:

LF = 0⇒
[
Lll Llu
Lul Luu

][
Fl
Fu

]
= 0

⇒
{

LllFl + LluFu = 0
LulFl + LuuFu = 0

(8)

Then we can obtain:

F ∗u = −Luu−1LulFl (9)

2.3.2 Update S
By fixing F and α, we can obtain S by optimizing (6). It

is equivalent to optimize the following objective function:∑
ij

‖fi − fj‖2
2 sij + µ

∑
tij

(
αt
∥∥xti − xtj∥∥2

2
sij

)
(10)

+µγ ‖S‖2
F

It can be reformulated as:

= min
S,S≥0,S1=1

∑
i

tr
(
µγsisi

T + (ai + µbi) siT
)

⇒ min
S,S≥0,S1=1

∑
i

tr
(
sisi

T + ai+µbi
µγ

si
T
) (11)

and it is equivalent to:

min
S,S≥0,S1=1

∑
i

∥∥∥∥si + ai + µbi
2µγ

∥∥∥∥2

2
(12)

where bi = {bij , 1 ≤ j ≤ n} with bij =
∑
t

αt
∥∥xti − xtj∥∥2

2
and

ai = {aij , 1 ≤ j ≤ n} ∈ R1×n with aij = ‖yi − yj‖2
2.

The constraints in problem (12) is simplex [3]. We use the
accelerated projected gradient method to linearly solve this
problem. Then each si can be efficiently solved, and we will
get the updated graph S.

2.3.3 Update α
By fixing F and S, we can obtain α by optimizing (6). It

is equivalent to optimize the following objective function:

min
α≥0,αT 1=1

µ
∑
t

αt

(∑
ij

∥∥xti − xtj∥∥2
2
sij

)
+ β ‖α‖2

2

⇒ min
α≥0,αT 1=1

µdα+ β ‖α‖2
2

(13)

where d = {dt, 1 ≤ t ≤ v} with dt =
∑
ij

∥∥xti − xtj∥∥2
2
sij . It

can be solved to obtain α similarly to (12).
We update F, S and α iteratively until the objective func-

tion (6) converges. Then we obtain the attributes FU for
the unlabeled data points.

2.4 Out-of-sample extension
Out-of-sample refers to learning an annotation function

that is able to label new data points. This can be achieved
by adding a fitting model and a regularizer to the objective
function (6), e.g., ‖XW + 1b− F‖2

F + η ‖W‖2
F , where W ∈

Rm×c, b ∈ R1×c and 1 is a vector of all ones. To obtain the
optimal solution W ∗, b∗ and F ∗ by:

b∗ = 1
n

(
1TF − 1TXW

)
W ∗ =

(
XTLcX + ηI

)−1
XTLcF

F ∗ = (I + U − S + ωB)−1UY

B = Lc − LcX
(
XTLcX + ηI

)−1
XTLc

(14)

where ω is the parameter for the fitting model. Due to
the space limit, we omit the solution here. Then we can
obtain the annotation function W and b. Note that other
fitting models can also be applied here, e.g., SVM, fast image
tagging [1].

3. ZERO-SHOT LEARNING
We utilize the existing DAP model in [7] for zero-shot

learning. The obtained attributes FU provide us with esti-
mates of p (fm|xi), referred to as an image-attribute layer.
When the attributes f of the images are predicted, following
[7], we assume that every class z induces its attribute vector
f in a deterministic way, i.e., p (f |z) = [[f = fz]]. By apply-
ing Bayes’ rule, we obtain p (z|f) = p(z)

p(fz) [[f = fz]] as the
representation of the attribute-class layer. Combining both
layers, we can calculate the posterior of a test class given an
image:

p (z|xi) =
∑

f∈{0,1}M

p (z|f) p (f |xi) = p (z)
p (fz)

M

Π
m=1

(fzm|xi)

(15)
As decision rule, we assigns the best output class from all

test classes z1; ...; zK to a test sample xi.

4. EXPERIMENTS
To evaluate the performance of our method, we compare

with other zero-shot categorization methods.

4.1 Experimental settings
We consider three publicly available datasets that have

been widely used in previous work. (1) Animals with At-
tributes (AwA) [7] (M = 85 attributes,K = 10 unseen classes,
30,475 total images), (2) aPascal/aYahoo objects (aPY) [2]
(M = 65, K = 12, 15,339 images) (3) SUN scene attributes
(SUN) (M = 102, K = 10, 14,340 images). These datasets
capture a wide array of categories and attributes. We use the
unseen class splits specified in [9] for AwA and aPY, and ran-
domly select the 10 unseen classes for SUN. For all three, we
use the features provided with the datasets, which include
color histograms, SIFT, PHOG, etc. The attribute-labeled
images originate from “seen” classes in each dataset. Instead
of using all the labeled images, we use 10%, 20%, ..., 100%
of them in our SSL model. By default, we use 70% of the
labeled images.

4.1.1 Baseline methods and evaluation metrics
To evaluate the performance of the optimal graph, we

compare with different zero-shot image categorization meth-
ods, e.g., [6], [7] and [11].
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Table 1: Results on three datasets
Methods aPY

Accuracy classAUC attrAUC
Lampert et al. [7] 18.1 76.9 70.6

Yu et al. [11] 20.1 77.3 71.5
Kankuekul et al. [6] 15.8 75.5 68.8

Ours 21.3 79.1 72.3

Methods AwA
Accuracy classAUC attrAUC

Lampert et al. [7] 40.5 81.4 72.8
Yu et al. [11] 48.3 82.9 73.7

Kankuekul et al. [6] 32.7 80.5 71.8
Ours 47.1 82.2 73.3

Methods SUN
Accuracy classAUC attrAUC

Lampert et al. [7] 52.5 90.1 81.7
Yu et al. [11] 49.1 88.6 81.1

Kankuekul et al. [6] 42.8 87.5 79.8
Ours 54.3 91.0 82.3

Table 2: Results with different percentage of labeled
training data on AwA dataset

Percentage 10% 20% 30% 40% 50%
Accuracy 28.6 37.1 42.6 45.9 47.1
Percentage 60% 70% 80% 90% 100%
Accuracy 47.5 47.8 48.0 47.9 47.9

We measure the quality of the categorization steps in
terms of normalized multi-class accuracy (Accuracy) on the
test set. For each attribute, we compute the receiver oper-
ating characteristic (ROC) curve of each predictor and aver-
aging the areas under the curves (AUCs) over the attributes
to obtain attrAUC score. And we also use the mean area
under the ROC curve of class predictions (classAUC).

4.2 Results of attribute prediction
In a first set of experiments we compare our method to

the other methods on the three datasets and we report Accu-
racy, attrAUC and classAUC in Table 1. We then evaluate
the performance variance with different percent of labeled
image, and illustrate the results in Table 2. From these
results, we can make several observations.

• In terms of accuracy, our method outperforms other
state-of-the-art zero-shot methods on aPY and SUN
dataset. This indicates that the learned optimal graph
can improve the performance of zero-shot image cate-
gorization even with less labeled images. Among these
methods, the method proposed by Yu et al. [11] is
a good competitor, and it outperforms our method
in AwA dataset, even though the performance gap
is marginal. On the other hand, Kankuekul et al.[6]
achieve the worst performance in all datasets.

• By learning an optimal graph from multiple cues, the
performance for attribute prediction and class predic-
tion is improved compared with other zero-shot learn-
ing methods, which is reflected in the results of at-
trAUC and classAUC. This is due to that in our SSL
model, the learned graph can more accurately encode
the relationships between data points. Instead of con-

catenating different visual features into a long vector,
we treat each feature separately and assign different
importance value to each of them to learn a optimal
graph.

• From Table 2, we can see that with the increase of the
percentage of labeled images used, the accuracy goes
up as well. However, when 70% of the labeled images
are used, further increasing the labeled images can not
improve the performance image categorization. This
indicates that in our SSL model, a reasonable percent-
age of labeled images can a achieve satisfactory perfor-
mance. In this way, the workload of labor-consuming
human annotation can be reduced largely.

5. CONCLUSIONS
In this paper, we propose using semi-supervised learning

framework to tackle the attribute prediction problem in the
zero-shot image categorization problem. We utilize multiple
features and attribute label information to learn an opti-
mal graph which embeds the relationships among the data
points more accurately. Then, this graph is used to gener-
ate a geometrical regularizers for a semi-supervised learning
model to learn the attribute classifier. An efficient solution
is proposed. Experiments on three public datasets show the
superiority of our algorithm.
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