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Abstract—The goal of zero-shot classification (ZSC) is
to classify target classes precisely based on learning a
semantic mapping from a feature space to a semantic
knowledge space. However, the learned semantic mapping
is only concerned with predicting source classes. Applying
the semantic mapping to target classes directly will suffer
from the semantic shift problem. In this paper, we propose
a novel method called autoencoder of attribute constraint
(AOAC) to settle this problem. In AOAC, we adopt the
encoder-decoder paradigm to learn the semantic mapping.
Additionally, we take the inaccurate attributes of source
images into consideration and generate virtual data to solve
it. The experimental results on two challenging datasets
show that our proposed AOAC can resolve the semantic
shift problem effectively and also improve the computational
speed significantly.

Keywords-zero-shot classification; semantic mapping; se-
mantic shift; autoencoder of attribute constraint; computa-
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I. INTRODUCTION

Learning a multiclass classification [10, 19, 20] model

usually requires abundant manually labeled data. However,

it is expensive and unrealistic to provide target classes

with a large number of training images. The researchers

once tried to adopt few-shot learning [16] to tackle this

problem and they have achieved some results. Recently,

some scholars have proposed the most extreme zero-shot

classification [2, 4, 6, 7, 11, 16, 18, 19] to deal with this

problem and have made a significant breakthrough in this

respect.

The purpose of ZSC is to build a suitable model

for target classes from the given source classes. Target

classes and the given source classes must be disjoint

in ZSC. The key to ZSC is the knowledge about how

target classes are semantically [11, 13, 16] related to

source classes. The general practice is to introduce a

sharable semantic knowledge space. Such a space can be

a semantic word vector [5] or a semantic attribute space

[1, 2, 3]. The former is to learn a vector representation for

each class. This word vector can be learned from large-

scale textual database like Wikipedia in an unsupervised

way, based on an independent natural language modeling

task. Compared with conventional human supervision, it

encoders richer semantic relationships between classes.

In semantic attribute space, ZSC first learns a semantic

mapping from a feature space to a attribute space using

source classes at training stage. The learned mapping is

Figure 1: The proposed autoencoder of attribute constraint.

then directly used to project the feature representation

of a target image into the semantic attribute space at

test stage. Finally, ZSC can get the class label of the

target image by calculating the distances [15, 17] between

the achieved attribute representation of the target image

and the prototype representation of each target class. In

this paper, we adopt the semantic attribute space as the

sharable semantic knowledge space. Recently, Professor

Xiang from Queen Mary University of London has pro-

posed a novel method called Semantic Autoencoder (SAE)

[12] based on the attribute learning. In SAE, it learns

an encoder to project the visual feature representations

of source images into the semantic attribute space with a

projection matrix. Then it adopts a decoder to reconstruct

the original feature representations as far as possible.

It learns the best semantic mapping by minimizing the

reconstruction error. This method has achieved compelling

results. However, we can find that the authors assume

each the attribute representation of each source image

is replaced by its prototype in SAE. This practice will

bring about one error. Although attribute representations

of all images belonging to a same class are around its

prototype closely, but the prototype can’t correspond with

their real attribute representations completely because of

various factors [8,19].

Actually, almost all methods based on the attribute

learning suffer from the semantic shift problem [9, 14].

Those approaches mainly employ the learned semantic

mapping to replace the real mapping for predicting target

classes directly. Such a semantic mapping is only suitable

for predicting source classes where relevant information of
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target classes is missing. Direct use of the learned mapping

affirmatively brings about the accuracy degradation in

ZSC. This problem has attracted lots of attention from

academia in recent years. In this paper, we will focus on

the semantic shift problem to improve the ZSC accuracy.

In the work, we propose a novel autoencoder of attribute

constraint mechanism to resolve the semantic shift prob-

lem, which is illustrated in Fig. 1. Specifically, we use

the encoder to project the visual feature representations

of source images into the semantic attribute space. We

also adopt the decoder to project the achieved attribute

representations back into the feature space and achieve

the novel feature representations. We can achieve the best

semantic mapping by minimizing the reconstruction error

between the original feature representations and the new

feature representations. Meanwhile, we can not ignore

the fact that the given attribute representations of all

source images can not correspond with their real attribute

representations completely because of various factors. This

situation will make our final model formulation inaccurate.

We consider generating the virtual attribute representations

of all source images to deal with this probelm in this paper.

Under the proposed framework, the ZSC accuracy can be

improved remarkably.

Our main contributions are: (1) A autoencoder of at-

tribute constraint mechanism which can settle the semantic

shift problem effectively is proposed for zero-shot classifi-

cation. (2) Our proposed method is superior to the conven-

tional ZSC methods in terms of the speed of calculation.

Extensive experiments on two datasets demonstrate that

our proposed AOAC can outperform significantly the other

ZSC models.

II. RELATED WORK

A. Attribute-based Zero-Shot Classification

The attribute space is shared among classes, so the

knowledge can be transferred from source classes to tar-

get classes simply. In Direct/Indirect Attribute Prediction

(DAP/IAP) [21], the attribute predictor can be learned by

the given source classes and be used to obtain the attribute

representation of a target image. Then ZSC achieves the

class label by comparing the obtained attribute representa-

tion with the prototypes of all target classes. In Attribute

Label-embedding Learning (ALE) [1, 13, 15], it learns

an embedding space by maximizing the compatibility

between images and labels. The above methods all get

some promising results.

B. Relational Knowledge Transfer

Recently, some scholars have come up with a novel

method called Relational Knowledge Transfer (RKT) [11]

to deal with the semantic shift problem. In RKT, it extracts

the semantic correlation between source classes and target

classes in the attribute space on sparse coding theory.

Then it transfers the semantic correlation to generate

the virtual data of target classes in the feature space.

The semantic mapping for target classes can be learned

from only these generated data instead of source classes,

which differs from our model. We also adopt the idea of

generating the virtual data to tackle the inaccurate attribute

representations of source images in our work.

C. Semantic Autoencoder

The semantic autoenoder (SAE) [12, 22, 23] has been

an emerging topic in ZSC. A simple semantic autoen-

coder consists of a encoder, a decoder and one hidden

layer which has a semantic meaning. The encoder aims

to project the input data into the hidden layer with a

projection matrix and the decoder is used to reconstruct

the original input data as far as possible with another

projection matrix. It can get the best semantic mapping

by minimizing the reconstruction error.

D. Transductive Zero-Shot Recognition

Recently, the transductive learning [16, 30] has been a

popular method in ZSC. It learns a class model which

obtains the labels directly from images instead of at-

tributes. In shared model space (SMS) [16], it has three

important characteristics. Firstly, it learns a class model

which directly generates class labels using images instead

of attributes. Secondly, it proposes a shared model space

for classes so that the class model can be learned easily

using prototypes of classes. Thirdly, it also learns a joint

learning mechanism which takes both source classes and

target classes into consideration.

III. METHOD

A. Problem Definition

We are first provided with the given cs
source classes with Ns well-labeled source

images S = {(xs
1, z

s
1), (x

s
2, z

s
2), ..., (x

s
Ns

, zsNs
)}.

Xs = [xs
1, x

s
2, ..., x

s
Ns

] ∈ Rd×Ns is the visual

feature matrix, where d indicates the dimension of

feature and Ns is the number of source images.

Zs = [zs1, z
s
2, ..., z

s
Ns

] ∈ Rk×Ns represents the semantic

attribute matrix of the given source classes, where we

define k as the dimension of attribute. We can assume

that Ys = [ys1, y
s
2, ..., y

s
Ns

] ∈ Rk×Ns indicates our

virtual attribute matrix of the source classes. Besides,

we have the prototype matrix of the given source

classes P s = [ps1, p
s
2, ..., p

s
cs ] ∈ Rk×cs . We are also

provided with a set of ct target classes with Nt target

images T = {(xt
1, y

t
1), (x

t
2, y

t
2), ..., (x

t
Nt

, ytNt
)}, where

Yt = [yt1, y
t
2, ..., y

t
Nt

] is the unknown attribute matrix

of target images. The prototype matrix of target classes

P t = [pt1, p
t
2, ..., p

t
ct ] is given at training stage. Our

main purpose is to learn a suitable mapping which can

calculate Yt accurately from the given data.

B. Model

We adopt the semantic autoencoder paradigm in our

work and presuppose the hidden layer is the semantic

attribute space. We first project Xs into Ys with a pro-

jection matrix Q ∈ Rk×d. Then we project Ys back into

the feature space by another projection matrix Q∗ ∈ Rd×k

and achieve a novel visual feature matrix X
′ ∈ Rd×Ns .
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We wish that X
′

is as similar as possible to Xs, so we

write the objective as:

min
Q,Q∗

‖Xs −Q∗QXs‖2F s.t.QXs = Ys (1)

We have two matrices to estimate in the objective and

we can assume Q∗ = QT to simplify the above objective.

Our objective thus becomes:

min
Q
‖Xs −QTQXs‖2F s.t.QXs = Ys (2)

Now we only have one variable in (2). It will reduce the

difficulty of simplification. In ZSC, we think that the real

attribute representations of all images belonging to a same

class are around its prototype representation. We use this

principle to generate virtual attribute representations Ys.

We can rewrite (2) as:

min
Q
‖Xs −QTYs‖2F

+λ1‖QXs − Ys‖2F

+λ2

Ns∑
i=1

cs∑
j=1

mi,j‖ysi − psj‖22 (3)

Where mi,j = 1 if xs
i belongs to the j − th source class,

otherwise mi.j = 0, λ1 and λ2 are controlling coefficients

in order to prevent the overfitting.

C. Optimisation

Obviously, (3) is only concerned with Q and Ys.

Thereby, we use the respective optimisation to resolve it.

Specifically, we can turn the learned objective into two

sub objectives:

min
Ys

‖Xs −QTYs‖2F

+λ1‖QXs − Ys‖2F

+λ2

Ns∑
i=1

cs∑
j=1

mi,j‖ysi − psj‖22 (4)

min
Q
‖Xs −QTYs‖2F + λ1‖QXs − Ys‖2F (5)

To optimise (4), we take a derivative of it and set it

zero. We can get the final expression of Ys:

Ys = (QXs+λ1QXs+
λ2

2
RT

s )(INs
+λ1INs

+λ2INs
)−1

(6)

Where I is the identity matrix and the unknown Rs is

written as follows:

Rs =

⎡
⎣
(
∑cs

j=1 2m1,jP
s
j )

T

...
(
∑cs

j=1 2mNs,jP
s
j )

T

⎤
⎦ (7)

We can reorganize (5) by using the following trace

properties:

Tr(Xs) = Tr(XT
s ), T r(Q

TYs) = Tr(Y T
s Q) (8)

Algorithm 1 Zero-Shot Classification by AOAC
Input:

visual feature matrix of source images Xs

visual feature matrix of target images Xt

virtual attribute matrix of source images Ys

prototype of source classes P s

prototype of target classes P t

parameter λ1, λ2, α
Output:

attribute matrix of all target images Yt

1: Initialize
Ys by P s

mi,j = 1 if xs
i ∈ csj , otherwise mi.j = 0

2: While not converge do
3: Update Q by (10)
4: Update Ys by (6)
5: check the convergence condition:

‖Qk −Qk−1‖22 ≤ α
6: end

Equation. (5) then becomes:

min
Q
‖XT

s − Y T
s Q‖2F + λ1‖QXs − Ys‖2F (9)

Similarly, we take a derivative of (9) and set it zero:

YsY
T
s Q+ λ1QXsX

T
s = YsX

T
s + λ1YsX

T
s (10)

We use the following formulas to simplify (10):

A = YsY
T
s , B = λ1XsX

T
s , C = (1 + λ1)YsX

T
s (11)

We can get the final expression of Q:

AQ+QB = C (12)

Equation. (12) is the famous Sylvester equation. In

MATLAB, it can be solved by the following formula:

Q = sylvester(A,B,C) (13)

We achieve the right expressions of Q and Ys. In the

end, we believe that if Qk is very close to Qk−1, the Q
is the best semantic mapping, so we adopt the following

formula of iteration to get the best Qk:

‖Qk −Qk−1‖22 ≤ α (14)

Where value α is given at training stage. Our model

algorithm is summarised in Algorithm 1.

D. Classification

We can learn the best Q using the given data. Then we

perform the classification which differs from the general

practice. In this paper, we choose to project the prototypes

of target classes into the visual feature space by x∗ =
QTP t, where x∗ are the prototype projections of all target

classes in the feature space. We can get the class label of

the target image xt
i by calculating the distances between

xt
i and the prototype projections x∗ :

f(xt
i) = argmin d(xt

i, x
∗
j )

j
(15)

Where x∗j ∈ x∗ is the j − th prototype projection. d is a

cosine distance function which returns the class label of

the target image xt
i.
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Figure 2: The examples of AwA dataset.

Figure 3: The CUB dataset containing 200 different kinds

of fine-grained birds.

IV. EXPERIMENTS

In order to verify the superiority of our proposed

method, we conduct extensive experiments on two bench-

mark datasets.

A. Experimental Setup

1) Datasets: We conduct a set of experiments on two

benchmark datasets: Animals with Attributes (AwA) and

Caltech UCSD Birds (CUB). AwA dataset consists of

30475 images from 50 coarse-grained [24] animals, such

as ”bird” and ”cow” (Fig. 2). Each animal has at least

92 images and contains 85 binary attributes. CUB dataset

contains 200 different kinds of fine-grained [24] birds,

with 11788 images in total (Fig. 3). In CUB dataset, each

class contains 312 binary attributes.

2) Features: For the past few years, deep features have

been proven very effective in pattern recognition. In our

experiments, we also use deep features extracted from the

GoogLeNet architecture [20] to represent every image in

both AwA dataset and CUB dataset.

3) Settings: We choose 40 animals as source classes

and the others as target classes in AwA dataset. In CUB

dataset, 150 classes and 50 classes are adopted as source

classes and target classes respectively. In AwA dataset, we

choose the first 80 source images of each source class as

Table I: ZSC accuracy (%).

Method AwA CUB
RZSL [18] 65.6 31.4
RKT [11] 66.2 38.4
SMS [16] 74.8 43.6
SAE [12] 81.4 57.4
AOAC 82.8 58.3

Table II: The computaional speed (s).

Method Training Test
RKT[11] 49.71 6.65
RZSL[18] 71.13 15.85
SMS[12] 59.63 11.65
AOAC 13.78 0.12

the novel source images, so we have 3200 source images

in total. In the final objective, we have three parameters to

evaluate. We get the best values for them by the constant

debugging:

λ1 = 150000, λ2 = 0.1, α = 25 (16)

4) Competitors: We compare our method with 4 popular

zero-shot classification approaches: RZSL; RKT; SMS

and SAE. All above methods are proposed to solve

the semantic shift problem and they have reached some

promising results. We compare our proposed AOAC with

these approaches in the same experimental environment.

B. Experimental Results

We can draw the following conclusions from Table I and

Table II: (1) Our AOAC model can get the best accuracy

in both AwA dataset and CUB dataset. It improves 1.4%

and 0.9% in AwA dataset and CUB dataset respectively.

(2) The experimental results of our method in AwA dataset

are better than which in CUB dataset. This is because CUB

dataset includes sufficient images which are very similar.

It is difficult for us to distinguish them completely. (3)

Table II shows that whether at training stage or at test

stage, our proposed method is the best in terms of the

speed of calculating.

C. Analysis and Discussion

Extensive experiments on two datasets demonstrate that

our proposed method is very prominent. It can effectively

settle the semantic shift problem. Our proposed model tries

to reconstruct the real mapping for predicting target classes

as far as possible by using the semantic autoencoder

paradigm. Additionally, we also decide to generate the vir-

tual data to tackle the inaccurate attribute representations

of source images. All above measures can help explain

why our approach is superior to others.

In the model formulation, Q∗ is equal to Q−1 actually

and we assume Q∗ = QT to simplify the model. This

practice affirmatively brings about one error. We believe

that if we can minimize this error, the experimental results

will be better than before. Besides, how to distinguish the

abundant similar images in CUB dataset effectively still

puzzles us. Those problems will be encouraged in our

future work.
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V. CONCLUSION

In the paper, we propose an autoencoder of attribute

constraint mechanism to settle the semantic shift problem

for ZSC. Our approach contains the following charac-

teristics. Firstly, we adopt the encoder to project the

visual feature representations into the semantic attribute

space and then use the decoder to reconstruct the original

data. Secondly, we achieve the best semantic mapping by

minimizing the reconstruction error. Thirdly, we generate

virtual data to resolve the inaccurate attribute representa-

tions of source images. The experimental results show that

our proposed method can effectively solve the semantic

shift problem.
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