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In the present paper, a novel image classification method that uses the hierarchical structure of categories
to produce more semantic prediction is presented. This implies that our algorithm may not yield a correct
prediction, but the result is likely to be semantically close to the right category. Therefore, the proposed
method is able to provide a more informative classification result. The main idea of our method is two-
fold. First, it uses semantic representation, instead of low-level image features, enabling the construction
of high-level constraints that exploit the relationship among semantic concepts in the category hierarchy.
Second, from such constraints, an optimization problem is formulated to learn a semantic similarity func-
tion in a large-margin framework. This similarity function is then used to classify test images. Experimen-
tal results demonstrate that our method provides effective classification results for various real-image
datasets.
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1. Introduction criterion, misclassifying an image as a different but semantically
Recognizing categories of objects and scenes is one of the most
critical problems in computer vision. Although continuous pro-
gress has been made in this field, there still remains a large gap
between machine performance and human intelligence. Unlike
machines, humans can categorize at least tens of thousands of
objects and scenes without any difficulty [1]. Furthermore, they
can build a hierarchy of categories by simply observing images,
and exploit it to produce semantically more meaningful judge-
ment. For example, someone may mistakenly classify a dog as a
cat but hardly misclassify a dog as a car. This example shows that
one can produce a more informative classification result by consid-
ering the similarity between two semantic concepts. In the current
work, we focus on this issue and attempt to make the image clas-
sification algorithm more semantic and human-like.

To achieve this goal, image classification algorithm should be
developed under a new performance evaluation criterion. This cri-
terion can be formulated by utilizing the hierarchical loss, which
reflects the hierarchy of various semantic concepts, and not the flat
0/1 loss. Similar to [2], the hierarchical loss can be defined based on
WordNet [3], a lexical semantic network for modeling human
psycholinguistic knowledge. Under the hierarchical loss-based
close category incurs a smaller loss than misclassifying it as a
semantically distant category. Therefore, image classification can
be significantly more informative by learning the algorithm based
on the hierarchical loss. As shown in Fig. 1, the use of the hierarchi-
cal loss can provide substantial benefit to the results of
classification.

In the present paper, a new image classification method is
presented, which utilizes the hierarchical loss function and pro-
duces semantically more meaningful results. The key idea of this
approach is a novel combination of semantic representation and
similarity function learning. Several recent works are available
that explicitly estimate high-level semantic attributes for various
applications, such as description of generic or unfamiliar images
[4,5], zero-shot transfer learning [6], and intermediate features
that can aid in visual recognition [5–8]. We adopt semantic rep-
resentation for the latter purpose to produce low-dimensional
semantic feature vectors. The low dimensionality of our feature
vector helps in the subsequent similarity learning being per-
formed very efficiently compared with the conventional similar-
ity or distance function learning [9–11] that usually directly
handles high-dimensional low-level feature vectors. Moreover,
because our feature vector is semantic, enforcing constraints
among semantic concepts for the minimization of hierarchical
loss is easy. More specifically, learning the similarity function,
which is the core learning problem of our approach, is formalized
within a large-margin framework and is guaranteed to minimize
empirical hierarchical loss.
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Fig. 1. Image classification results by exploiting class hierarchy versus those without considering hierarchy. The first label is the ground truth category. The second and third
labels are the results of flat prediction (one-versus-all SVM) and hierarchical prediction (our method), respectively. The numbers indicate the hierarchical loss.
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The contributions of the present work include the following:

� A novel large-margin formulation for semantic similarity
learning is proposed. This learning problem can be viewed
as an instance of a semidefinite program (SDP) [12], and an
efficient optimization algorithm is developed.

� A thorough experimental study is conducted for comparing
the performances of several algorithms for hierarchical
image classification [13–15]. For this purpose, the Caltech
[16,17] and ImageNet [18] datasets are used.

� The proposed method is shown to achieve a state-of-the-art
classification result under the hierarchical-loss criterion. Fur-
thermore, a noticeable gain in the conventional measures,
such as accuracy and precision, can also be obtained.

The rest of the current paper is organized as follows. In Sec-
tion 2, some related works are discussed. Section 3 presents the
framework of the proposed method, followed by the presentation
of the experimental results in Section 4. Finally, Section 5 con-
cludes this paper.

2. Related works

The document categorization method proposed by Cai and Hof-
mann [13] treats the category structure above flat and considers
the relationships among categories, which are commonly
expressed in concept hierarchy or taxonomies. The task of exploit-
ing these pre-determined taxonomies as additional information for
classification fits well into the popular structured learning frame-
work [19,20]. This idea enables us to use not just the flat 0/1 loss
but also the more general loss function. In [13], the hierarchical
loss function between two categories is defined and then mini-
mized to provide the hierarchical classifier based on the structural
support vector machines (S-SVMs). The experimental results of
[13] on the document categorization show that S-SVM outper-
forms flat support vector machines (SVMs) in terms of hierarchical
loss.

The main drawback of the structured learning approach is its
high computational complexity, which renders the approach
inherently slow even for the ordinary case of several dozen catego-
ries. To address this problem, Binder et al. [14] proposed an effi-
cient alternative to the structured approach by decomposing the
problem into several local tasks. The idea is to learn a binary
SVM for each node in the taxonomy tree instead of solving the
whole problem at once using the structured learning approach.
At the final stage of their approach, the ensemble of local binary
SVMs from all nodes is appropriately assembled by reflecting the
taxonomy. They applied their classification method to real-world
image data, such as Caltech256 [17] and VOC2006 [21], and
reported that their local approach performed at par with the struc-
tured approach in terms of hierarchical loss while being consider-
ably faster in training. However, the number of nodes in the
taxonomy tree rapidly increases as the number of categories
increases, which makes the method not free from computational
burden.

To move from the flat classification to settings that utilize the
category hierarchy information, Weinberger and Chapelle [15] pro-
posed a very different approach from structured learning
approaches. Instead of learning a classifier, their method solves a
regression problem where images are mapped into a latent seman-
tic space. This semantic space is learned in a supervised manner
and underlies the category taxonomy, which is the reason why this
method is referred to as taxonomy embedding (abbreviated to
taxem). It first performs ridge regression to embed input features
into a low-dimensional semantic space and then learns the dis-
tance function in the semantic space based on the large-margin
framework. This two-step approach inspired our current work.
Nevertheless, our method significantly differs in its essential fea-
tures, such as the methods used in obtaining the semantic space
and comparing two semantic vectors. Moreover, our approach is
extensively tested on image data, whereas taxem was only applied
to document categorization.

In [22], hierarchical similarity among semantic representation
of images for large-scale image retrieval was proposed. Their
approach incorporates prior hierarchy information and achieves
significant improvements over state-of-the-art image retrieval
methods. It performs learning to recognize the semantic attributes
of images and then computes a similarity score by using a prede-
fined comparison function. This comparison function is deter-
mined only based on a known hierarchical structure and does
not utilize the training data, causing the hierarchical similarity
method to produce suboptimal classification results compared
with our method where the similarity function is determined by
a large-margin learning framework with the training data. Further,
they applied additional probabilistic calibration [23] to the seman-
tic attributes after SVM, which is not necessary for our method.
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A number of studies have been conducted, which considered
learning and exploiting class hierarchies for visual recognition
[24–27]. In those approaches, the hierarchical structure of classes
is automatically learned from the image data, whereas our
approach utilizes the predetermined hierarchy from WordNet.
The main concern of these approaches is the improvement of com-
putational efficiency by using the learned hierarchy. Although
some of these works reported performance gains in the final clas-
sification, the evaluation criterion used was not the hierarchical
loss but the flat 0/1 loss.
3. Proposed method

Our training data are assumed to consist of images, represented
as a set of high-dimensional vectors x1; . . . ; xn 2 X of dimensional-
ity d. In addition, the images are accompanied by image category
labels y1; . . . ; yn 2 f1; . . . ; cg that lie in a certain taxonomy T with
total c categories. This taxonomy T gives rise to some cost matrix
C 2 Rc�c , where Cab P 0 defines the cost of misclassifying an image
of category a as b and Caa ¼ 0. Among the various methods used in
defining the cost matrix from the taxonomy [28,2], we follow that
of [2] and define

Cab ¼
Hða;bÞ

H�
; ð1Þ

where Hða;bÞ denotes the height of the lowest common ancestor of
classes a and b, and H� denotes the height of the root node in the
taxonomy tree. By dividing Hða;bÞ by H�;Cab is normalized to
½0;1�. This definition is equivalent to predicting a path along the
hierarchy and evaluating where the ground truth path and the pre-
dicted path diverge, which can be viewed as a direct measure of the
semantic level at which a misclassification occurs.

Assuming that given the input vectors x1; . . . ; xn, our classifier
estimates their category labels as ŷ1; . . . ; ŷn. Ideally, the classifier
should then be learned by minimizing the following empirical
training error:

e ¼ 1
n

Xn

i¼1

Cyiŷi
: ð2Þ

Fig. 2 shows the overview of our approach. A low-dimensional
semantic feature space F is first created where each image vector
xi 2 X is represented as a low-dimensional vector zi 2 F . In the
current work, this semantic space is defined as c-dimensional
Euclidean space Rc . Its unit vector ea (a ¼ 1; . . . ; c), codirectional
with each axis, denotes the prototype, which is the most represen-
tative member within the category a similar to the prototype
theory by Rosch [29]. A similarity function Simða; bÞ is then
Fig. 2. Overview of our proposed method.
introduced, which indicates the degree of resemblance between
two semantic vectors a and b. This similarity function is learned
by minimizing the empirical training error (2) in a large-margin
sense. Final inference is done by computing the test image’s
similarity to all prototypes based on the learned similarity and
by selecting the most similar category.

3.1. Semantic embedding via SVM

The first step of our algorithm is the embedding of the input
image into a Euclidean vector space, which is semantic and low
dimensional. For this purpose, a representation similar in spirit
to the semantic representation based on the classifier’s output as
in [7] is considered. To obtain the semantic representation, a bin-
ary classifier for each category is independently learned and one-
versus-all linear SVM is chosen for its high classification perfor-
mance and efficiency. The score of the SVM classifier can be
denoted as haðxÞ ¼ wT

a~x (a ¼ 1; . . . ; c), where ~x is a reparameterized

vector ~x ¼ ½xT ;1�T . The c binary SVMs are trained as follows:

min
wa

1
2
kwak2 þ k

Xn

i¼1

1� ya
i wT

a~xi
� �

þ; ð3Þ

where ya
i ¼ 1 if yi ¼ a; otherwise ya

i ¼ �1, and the term
½x�þ ¼maxðx;0Þ denotes the standard hinge loss. The semantic rep-
resentation z 2 F corresponding to the input image x 2 X is then
defined as

z ¼ ½h1ðxÞ; . . . ; hcðxÞ�T : ð4Þ

This step is easily parallelized as the classifiers can be indepen-
dently learned.

If the category hierarchy is not considered, the category label of
the input image x is usually inferred by finding the maximum clas-
sifier score as ŷ ¼ arg maxahaðxÞ. This equation can be rewritten as
ŷ ¼ arg maxaeT

az, where ea ¼ ½0; . . . ;1; . . . ;0�T is a c-dimensional
unit vector with all zeros and a single one in the ath position.
Therefore, in this case, eT

az can be understood to denote the similar-
ity function between the category a’s prototype ea and the seman-
tic vector z. In the current paper, this dot product similarity
Simða; bÞ ¼ aT b is generalized to the bilinear form:

Simða; bÞ ¼ aT Sb; ð5Þ

where S 2 Rc�c denotes the similarity matrix. Given an input vector
xt , the inference rule in estimating its label can then be defined as
finding the category with maximum similarity as follows:

ŷt ¼ arg max
a

Simðzt ; eaÞ ¼ arg max
a

zT
t Sea: ð6Þ

The goal of the next step is to learn the similarity matrix S by
exploiting the category hierarchy T .

3.2. Optimization problem for semantic similarity learning

Ideally similarity matrix S should be learned to minimize
directly the empirical training error (2). However, because this
function is non-continuous and non-differentiable, a surrogate loss
function that strictly bounds (2) is derived and subsequently min-
imized. To construct such a loss function, the large-margin frame-
work is followed, so the semantic vector zi should be similar to the
correct prototype eyi

than any other prototype ea by a large margin.
The hierarchical information can also be exploited by enforcing
that the prototypes incurring a smaller misclassifying cost would
further put close to the semantic vector than those incurring a
large cost. More explicitly, a margin of Cyia is used. This condition
is expressed as a set of soft inequality constraints, i.e.,

8i;a – yi Simðzi; eyi
Þ þ nia P Simðzi; eaÞ þ Cyia; ð7Þ
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where the slack variable nia P 0 is responsible for the violation of
prototype ea into the margin of zi. From this formulation, an upper
bound on the empirical training error (2) can be obtained, as in the
following theorem.

Theorem 3.1. Given a similarity matrix S, the empirical training error
(2) is bounded above by 1

n

P
i;ania.
Proof. Assume that ŷi denotes the inferred category label
according to (6). It follows that Simðzi; eŷi

Þ � Simðzi; eyi
ÞP 0 for all

i (equality holds for ŷi ¼ yi). We therefore obtain
niŷi

P Simðzi; eŷi
Þ þ Cyiŷi

� Simðzi; eyi
ÞP Cyiŷi

. It then follows from
nia P 0 that

P
i;ania P

P
iniŷi

P
P

iCyiŷi
. h

By combining Theorem 3.1 with the constraints in (7), an opti-
mization problem that minimizes the upper bound of the empirical
training error in (2) with maximum margin constraints can be
constructed:

minS

X
i;a

nia

s:t: Simðzi; eyi
Þ þ nia P Simðzi; eaÞ þ Cyia

nia P 0:

ð8Þ

The above optimization problem is convex because the inequality
constraints in (7) are linear with respect to S.

A number of previous works on the similarity or distance func-
tion learning focused on a metric, such as in the case of a positive
semidefinite matrix that defines a Mahalanobis distance [9,30,10].
In these works, adding positivity constraints to enforce metric
properties appears to be helpful in reducing overfitting and
improving generalization. Such strategy is adopted in the current
paper; thus, positive semidefiniteness of S by adding the constraint
S � 0 is enforced. This positivity constraint is empirically found to
be essential in order for the learned semantic similarity to work
well.

To further avoid the overfitting problem, a regularization term

is added to the objective function. kS� �Sk2
F is used as a regulariza-

tion term, which enforces the similarity matrix S not to deviate too
much from the prior similarity �S. The form of this prior matrix can
be chosen by exploiting the information of the predefined semantic
hierarchy as follows. Simðz; eaÞ returns the similarity of input vec-
tor z to prototype ea, so that it can be understood as a classifier for
category a. It can be expressed as Simðz; eaÞ
¼ zT Sea ¼ ½h1ðxÞ; . . . ;hcðxÞ�½Sa1; . . . ; Sac�T ¼

Pc
b¼1hbðxÞSab. This equa-

tion means that the classifier is the weighted sum of c SVM’s scores
(hbðxÞ) with their corresponding weights (Sab). Let the prior matrix
be defined as

�Sab ¼ 1� Cab: ð9Þ

By this definition, the weight (�Sab) increases as the semantic dis-
tance between categories a and b decreases, and vice versa. There-
fore, our new hierarchical classifier is reasonably regularized by the
information of neighboring categories’ classifiers based on their
semantic distance to the current category.

By combining the above-mentioned items, the final convex
optimization problem of our method becomes the following:

min
S

l
X

i;a

nia þ ð1� lÞkS� �Sk2
F

s:t: Simðzi; eyi
Þ þ nia P Simðzi; eaÞ þ Cyia

nia P 0
S � 0;

ð10Þ

where constant l 2 ½0;1� controls the strength of the regularization
term. The optimization problem in (10) is an instance of SDP [12].
3.3. Optimization algorithm

The standard SDP solver solves the problem in (10) very slowly.
Thus, we follow the approach in [31] to propose an algorithm that
can efficiently solve our problem using the subgradient method.
Our algorithm can handle the problem with tens of thousands of
images and several hundred categories based on the fact that the
subgradient can be efficiently computed from the previous subgra-
dient by checking the margin violation constraints in (7).

The objective function in (10) can be reformulated by removing
the slack variables as follows:

EðSÞ¼l
X

i;a

½Simðzi;eaÞ�Simðzi;eyi
ÞþCyia�þ þð1�lÞkS��Sk2

F : ð11Þ

This function should be minimized over the positive semidefinite
matrix S � 0. For such purpose, an iterative subgradient projection
method is implemented. Let the similarity matrix at the tth itera-
tion be denoted by St . At each iteration, the optimization algorithm
takes a step along the subgradient to reduce the objective function
(11) and then projects St onto the cone of all positive semidefinite
matrices.

At the tth iteration, the objective function in (11) can be rewrit-
ten as

EðStÞ ¼ l
X
ði;aÞ2N t

zT
i Stea � zT

i Steyi
þ Cyia

� �
þ ð1� lÞkSt � �Sk2

F ; ð12Þ

where N t denotes a set of pairs, such that ði;aÞ 2 N t if and only if
the indices ði;aÞ trigger the hinge loss in (11). The gradient Gt of
EðStÞ can then be computed as

Gt ¼
@E
@St
¼ l

X
ði;aÞ2N t

ðzieT
a � zieT

yi
Þ þ 2ð1� lÞðSt � �SÞ: ð13Þ

The computational complexity mainly depends on the first term,
i.e., computation of outer products (zieT

a and zieT
yi

) for all indices in
N t . However, this term can be efficiently computed by considering
only the differences between the sets N t and N t�1. From this fact,
the gradient equation in (13) can be rewritten as

Gt ¼ l
X

ði;aÞ2N t�1

zieT
a � zieT

yi

� �
� l

X
ði;aÞ2N t�1�N t

zieT
a � zieT

yi

� �

þ l
X

ði;aÞ2N t�N t�1

zieT
a � zieT

yi

� �
þ 2ð1� lÞðSt � �SÞ: ð14Þ

The second and third terms represent the contributions from pairs
that are no longer active and the contributions of those that just
become active. Because the first term is already computed at the
previous iteration and the set N t usually changes very little from
one iteration to the next, the computation of the gradient Gt in
(14) can be done very efficiently.

Note that unlike the general case in [31], the proposed algo-
rithm in (14) can have the additional benefit in the subgradient
computation step. In general, the complexity of the outer products
computation in (14) is Oðmc2Þ, where m is the number of ði;aÞ pairs
that contribute the subgradient update and c is the dimensionality
of the semantic vector. However, in our case, one of two operands
in the outer product is always the prototype vector, that is, the unit
vector, and therefore the computational complexity reduces to
OðmcÞ. This gives us the substantial gain in the learning time and
it is clearly shown in our experiments compared to the taxonomy
embedding approach in [15] that is also based on [31].

The minimization of the objective function in (12) should
enforce the constraint that the matrix St remains a positive semi-
definite matrix. To enforce this constraint, St is projected onto
the cone of all positive semidefinite matrices after each step. This
projection is computed from the diagonalization of St . Let
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St ¼ QKQT denote the eigendecomposition of St , where Q is the
orthonormal matrix of eigenvectors and K is the diagonal matrix
of the corresponding eigenvalues. Let Kþ ¼ maxðK;0Þ denote the
diagonal matrix containing all the positive eigenvalues. The projec-
tion of St onto the cone of positive semidefinite matrices is then
given by

PðStÞ ¼ QKþQT : ð15Þ
3.4. Inference

The learned embedding function in Section 3.1 and the learned
similarity function in Section 3.2 can be used to classify the test
images. Test image xt is first transformed into zt using (4) and then
compared with all prototypes ea with the similarity matrix S using
(6), giving the category estimate ŷt .

4. Experimental results

4.1. Datasets and evaluation criteria

Caltech256 [17] and ILSVRC [32], a subset of ImageNet [18] with
1000 classes and 1.2 million images, are used in our experiments.
For the Caltech256 dataset, according to [14], the Animals13 data-
set is constructed by considering only 13 animal classes, specifi-
cally, all Protostomia, from 256 classes of objects. This small
dataset serves as a toy dataset for comparing our method with oth-
ers, including the structured approach [13] that generally requires
much training time. Although another dataset that includes 52
animal classes is also introduced in [14], this is excluded
because training the structured method takes 30 h aside from the
cross-validation in our machine. The predefined taxonomy of
biological systematics is exploited in constructing the taxonomy
tree, which contains 13 leaf nodes and 22 internal nodes for the
Animals13 dataset. Each of all the animal classes has at least 80
images, hence 60 training and 20 test images are selected for each
class, resulting in 780 training and 260 test images. The random
selection of the training/test images is repeated 10 times, and the
results are averaged for final evaluation.

For the ILSVRC dataset, a subset of its training dataset is consid-
ered by randomly choosing 60 and 100 classes to construct the
ILSVRC60 and ILSVRC100 datasets. As a large-scale dataset, we con-
struct the ILSVRC1000 dataset by considering all 1000 classes. From
each class, 300 training and 100 test images are then selected,
hence 18,000 training and 6000 test images are used in our exper-
iments as ILSVRC60 dataset (30,000 training and 10,000 test
images as ILSVRC100 dataset and 300,000 training and 100,000
test images as ILSVRC1000 dataset). To construct several datasets
with different category and image configurations, this process
is repeated five times for ILSVRC60/100 and two times for
ILSVRC1000. The categories of ILSVRC are hierarchically organized
according to WordNet.

Suppose for a set of test examples fðxi; yiÞg
n
i¼1, the classification

method produces a set of output classes fŷign
i¼1. To evaluate the

effectiveness of image classification methods, three measures are
Table 1
Performance analysis on the Animals13 dataset. Bold and italic numbers indicate the
best and second-best results, respectively.

method acc (%) hier prec (%)

Flat-Nolearning 35.88 2.61 53.34
Hier-Nolearning 23.46 2.98 39.97
Flat-Learning 36.73 2.58 54.46
Hier-Learning 37.00 2.57 54.59
Dist-Learning 36.23 2.60 53.53
employed: accuracy, hierarchical loss, and precision. Accuracy eval-
uates how often the prediction is correct and it is defined as

acc ¼ 1
n

Xn

i¼1

½yi ¼ ŷi�; ð16Þ

where ½�� is one if the predicate inside is true; otherwise it is zero.
Note that 1� acc is the conventional flat 0/1 loss. The hierarchical
loss has the same form as the empirical training error (2) except
that it is further multiplied by H�, the height of the root node:

hier ¼ H�

n

Xn

i¼1

Cyiŷi
: ð17Þ

Thus, the hierarchical loss can be interpreted as a degree of mis-
classification in terms of distance in the taxonomy tree. The above
two measures evaluate the quality of the top-ranked category.
However, the prediction results are sometimes viewed as a ranked
list. Precision is a measure for evaluating the quality of this ranking
result:

prec ¼ 1
n

Xn

i¼1

1
jfy : Simðzi; eyÞP Simðzi; eyi

Þgj ; ð18Þ

where j � j denotes the set’s cardinality and zi is a semantic represen-
tation of xi as in (4). Roughly, 1=prec can be regarded as the average
position of the true category.

For the large-scale datasets, it is useful to allow the classifica-
tion algorithm to produce multiple predictions. In such a case,
the evaluation measure is required to assess the quality of multiple
predictions. For example, let us assume that the classification
method produces k predictions ŷij; j ¼ 1; . . . ; k for a test sample
ðxi; yiÞ. These can be obtained by selecting k classes in descending
order of confidence. The accuracy can then be defined as

acck ¼
1
n

Xn

i¼1

max
k

j¼1
½yi ¼ ŷij�: ð19Þ

The idea is that the ground truth label yi should be matched by one
of the outputs ŷij; j ¼ 1; . . . ; k to be regarded as the correct predic-
tion. The hierarchical loss can be similarly defined as

hierk ¼
H�

n

Xn

i¼1

min
k

j¼1
Cyiŷij

: ð20Þ
4.2. Implementation details

In the following experiments, the bag of words (BoW) represen-
tation is used based on the densely sampled SIFT features. Each
image is first resized to have a maximum side length of no more
than 300 pixels. SIFT descriptors are then computed at points on
a regular grid with a 10 pixel spacing. At each grid point, the
descriptors are extracted at three different patch sizes
(8� 8;16� 16, and 32� 32) to handle scale variation between
images. The dense features are further processed to form a visual
vocabulary of 400 visual words for the Animals13 dataset (1000
visual words for ILSVRC60/100/1000 datasets) using K-means clus-
tering. The explicit feature map approach [33] that approximates
various useful kernels, including the intersection and v2 kernels,
is then adopted, enabling the use of the efficient linear SVM with
high performance comparable to the nonlinear SVMs with implicit
kernels. Specifically, the v2 kernel is adopted with approximation
order N ¼ 1 and sampling step L ¼ 0:7. From all these steps, an
image of the Animals13 dataset is converted to a 1200-dimen-
sional feature vector (3000-dimensional vector for the ILSVRC60/
100/1000 datasets).



Table 2
Performance comparison on the Animals13, ILSVRC60, and ILSVRC100 datasets. Bold and italic numbers indicate the best and second-best results, respectively.

Method Animals13 ILSVRC60 ILSVRC100

acc (%) hier prec (%) acc (%) hier prec (%) acc (%) hier prec (%)

Ridge 36.92 2.58 54.21 38.17 7.53 51.61 31.66 8.20 44.55
Taxem [15] 36.58 2.58 54.20 40.72 7.00 54.48 34.64 7.61 48.09
SVM 35.88 2.61 53.34 38.76 7.47 51.44 32.47 8.08 44.33
SVMtax [14] 35.19 2.59 52.24 33.29 7.95 45.62 26.55 8.53 37.72
SSVMtax [13] 35.15 2.58 52.23 – – – – – –
HPS [22] 35.65 2.61 51.71 40.03 7.20 50.19 34.20 7.72 43.62
Ours 37.00 2.57 54.59 41.82 6.96 55.47 36.05 7.48 49.34
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Our algorithm has two parameters. One is penalty parameter k
of the binary SVMs (3) used for semantic embedding in Section 3.1,
and the other is regularization parameter l for the large-margin
formulation (10) in Section 3.2. l ¼ 0:1 provides good results,
hence it is used for all our experiments. The parameter k is deter-
mined by 3-fold cross-validation. Finally, the open source VLFeat
library [34] is used to compute the image features and train the
binary SVMs.

4.3. Performance analysis

Several variations of the proposed method are tested to justify
that all parts of our algorithm are necessary for its performance.
In the first variation (Flat-Nolearning), the category hierarchy is
not exploited, and large-margin learning is also not performed,
which can be easily tested using identity matrix as the similarity
matrix S. This approach is equivalent to the plain binary SVMs.
The second variation (Hier-Nolearning) exploits the hierarchical
information using the prior similarity �S in (9) but still does not
incorporate the learning process. The third variation (Flat-Learn-
ing) is then used, where our large-margin learning framework
described in Section 3.2 is used to optimize the similarity matrix.
However, the flat 0/1 cost matrix for flat learning is used rather
than the hierarchical cost matrix (1). Finally our algorithm (Hier-
Learning) is tested.

The evaluation results of the Animals13 dataset are summa-
rized in Table 1. The simple use of hierarchical information using
the fixed prior similarity (Hier-Nolearning) degrades the results
compared with even the plain SVMs (Flat-Nolearning). Its perfor-
mance is dramatically improved with the application of our
large-margin framework to the similarity matrix learning (Hier-
Learning), which achieves the best performance for all criteria.
Adopting the large-margin learning without considering class hier-
archy (Flat-Learning) also results in significant performance
improvements. Conclusion can be made that our similarity learn-
ing framework is crucial for performance gain, and the results
can be further enhanced by exploiting the class hierarchy.

Another variation of our method is then tested to justify that
learning the similarity function is better fitted to our semantic rep-
resentation than the distance function learning. To learn the Maha-
lanobis distance, the algorithm in [15] is implemented, where the
semantic vector is constructed via ridge regression rather than
SVM. Ridge regression enforces the semantic vectors to be close
to their correct category prototypes in terms of the Euclidean dis-
tance, which makes the subsequent distance learning problem well
posed. However, the semantic vectors produced by our SVM
embedding fail to meet such conditions, hence they must be fur-
ther normalized. Therefore, normalized vectors are used, and the
distance function learning in [15] is applied to them. The results
are shown in Table 1, where Dist-Learning denotes such an
approach. Dist-Learning does not perform well compared with
our similarity learning approach, and this result supports the valid-
ity of our argument.
4.4. Performance comparison

Our method is compared with several related algorithms for
image/document classification. The first is the structured approach
(SSVMtax) [13], which can minimize the empirical training error in
(2) using S-SVM. For implementation, the SVMstruct code of Joach-
ims [20] is used. Second, the ensemble of local binary SVMs (SVM-
tax) [14] is considered, whose implementation is straightforward.
The binary SVM for each node of taxonomy tree is learned, and
the scores of all nodes lying on the path from the root to the leaf
category are subsequently averaged. The scores are further scaled
into [0,1] using a logistic function and then averaged by the geo-
metric mean. The third algorithm is the taxonomy embedding
(Taxem) approach [15], which has two parameters. One parameter
is the weight of the regularization term in linear ridge regression,
and the other is the regularization parameter l for large-margin
formulation. l ¼ 0:7 is set for all experiments, which gives good
performance. The hierarchical probabilistic similarity (HPS)
approach in [22] is considered, originally proposed for image
retrieval problem. Although [22] did not mention how to use their
method for image classification, the process is similar to our frame-
work, i.e., by computing the image’s similarities to category proto-
types. Finally, the two flat classification methods: one-versus-all
SVM and ridge regression (Ridge), are considered. For fair compar-
ison, the same image features as in our method are used to test the
above-mentioned algorithms, and all parameters, except for l of
taxem, are determined by 3-fold cross validation.

The performance comparisons for our small and middle-scale
datasets are shown in Table 2. The results of the Animals13 dataset
are considered first. The methods exploiting category hierarchy
produce lower hierarchical loss than the flat methods. Unlike other
hierarchy-based methods, our algorithm achieves the best perfor-
mance in both accuracy and precision measures, as well as in the
hierarchical loss. For the test with middle-scale datasets, all the
considered methods except for the SSVMtax are applied to five ILS-
VRC60 and five ILSVRC100 datasets, which have different category
configurations from each other; the classification results are then
averaged. The SSVMtax method is excluded because it requires
too much time for training. For these middle-scale datasets, our
algorithm performs best, and its performance gain becomes bigger
than that of the Animals13 dataset. This result shows that our
method can take advantage of the complex taxonomy structure
for hierarchically more meaningful prediction. Figs. 3 and 4 present
the evaluation results along with the dataset number, showing that
our method consistently outperforms other methods in all cases.

For the large-scale ILSVRC1000 dataset, we compare three
approaches: SVM, HPS, and ours. The evaluation results are sum-
marized in Table 3 and Fig. 5. In this large-scale experiments, mul-
tiple predictions are allowed and the measures in (19) and (20) are
used to evaluate the performance. Our algorithm produces the best
results except the hier1 case, where the HPS approach shows a
slightly better output. However, our method readily catch up with
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Fig. 3. The classification results of our method against others are plotted along with
the dataset number for five ILSVRC60 datasets.
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Fig. 4. The classification results of our method against others are plotted along with
the dataset number for five ILSVRC100 datasets.
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the HPS and actually the performance gap becomes bigger as the
number of predictions k grows. It is well illustrated in the Fig. 6.
The training time results of all our datasets are summarized in
Table 4. For the small and middle-scale datasets including
Animals13, ILSVRC60, and ILSVRC100, we used a standard PC with



Table 3
Performance comparison on the ILSVRC1000 dataset. Bold numbers indicate the best
results.

Method acc1 acc2 acc3 hier1 hier2 hier3 prec

SVM 9.38 13.49 16.28 10.43 8.79 7.93 15.43
HPS [22] 11.61 15.20 17.48 9.11 8.61 8.35 16.49
Ours 13.44 19.63 24.00 9.50 8.12 7.34 22.19
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Fig. 5. The classification results of our method against others are plotted along with
the dataset number for two ILSVRC1000 datasets.
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Fig. 6. The classification results of our method against others are plotted along with
the number of predictions for the ILSVRC1000 datasets.

Table 4
Training time comparison on all datasets.

Method Animals13 ILSVRC60 ILSVRC100 ILSVRC1000

Ridge 0.07 s 10.74 s 18.09 s –
Taxem 1.55 s 48.93 min 5.75 h –
SVM 1.13 s 27.77 s 56.03 s 25.71 min
SVMtax 2.07 s 89.71 s 5.22 min –
SSVMtax 9.67 min – – –
HPS 3.57 s 3.03 min 7.98 min 15.93 h
Ours 2.95 s 4.03 min 17.08 min 64.46 h

10 J.Y. Chang, K.M. Lee / Computer Vision and Image Understanding 132 (2015) 3–11
3.30 GHz quadcore CPU and 16 GB RAM. And for the large-scale
dataset, ILSVRC1000, a 2.40 GHz 12-core CPU machine with 1 TB
RAM was utilized. The proposed method was implemented as a
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MATLAB code without any parallelization efforts. Although train-
ing our model is relatively slow compared with the other methods,
it takes a reasonable time (approximately 64 h) even for the large-
scale ILSVRC1000 dataset.

5. Conclusion

We presented an approach that can exploit prior knowledge of a
category hierarchy to produce more semantic prediction for image
classification. Experimental results showed that the proposed
method achieved a convincing performance in terms of the hierar-
chical loss criterion. Moreover significant improvements for the
flat measures, such as accuracy and precision, were also obtained.
Our experiments do not include comparison result between our
method and other state-of-the-art algorithms for flat image classi-
fication, such as sparse coding based approach [35]. The sparse
coding based SVM can be easily integrated into our framework,
because it can replace the plain SVM of the semantic embedding
step in Section 3.1. Therefore, utilizing sparse coding to increase
the performance of the proposed method will be our first future
work. In our approach, the learned semantic similarity matrix
has been used only to compare the input semantic vector with sev-
eral category prototypes. Utilizing such a similarity function to
compare any two semantic vectors for similar image retrieval
problem will be our another future work.
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