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Abstract  Image classification is an important research subfield in the computer vision. Traditional
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image classification can only classify the samples of the seen categories which have appeared in the
training dataset. However, new categories continue to emerge in real-world applications. The
samples of the new categories should be collected and the classifier should be retrained. Different
from traditional classification methods, zero-shot image classification aims at classifying the
samples of the unseen categories which have not appeared in the training dataset. Zero-shot
classification is a very challenging task and has attracted much attention in recent years. Zero-shot
image classification bridges the seen categories and the unseen categories through the semantic
embedding space, which transfers knowledge from the seen categories to the unseen categories
and classifies the samples from the unseen categories. Firstly, the existing zero-shot classification
methods typically learn a mapping function from the visual space to the semantic embedding space
only according to the information of the samples from the training seen categories. Then, the
learned mapping function is utilized to map the visual feature of the test sample from the unseen
categories to the semantic space. Finally, zero-shot recognition classify the test samples from the
unseen categories by a simple nearest neighbor search in the semantic embedding space. But the
seen categories and the unseen categories are different, which will lead to the domain shift. More-
over, directly learning the mapping function from visual space to semantic embedding space will
lead to the information loss. In order to solve the problems of the information loss and the domain
shift in the knowledge transfer of zero-shot image classification, we propose a zero-shot classification
approach based on subspace learning and reconstruction for image classification (Zero-Shot Classi-
fication based on Subspace learning and Reconstruction, ZSCSR). Firstly, ZSCSR makes full use of
the unseen category information to mitigate the domain shift problem. It transfers the relationship
between the seen categories and the unseen categories from the semantic embedding space into the
visual space, and obtains the visual prototypes of the unseen categories. Then, according to the
visual prototypes and semantic prototypes of all categories including the seen and the unseen cate-
gories, ZSCSR learns a latent subspace, which aligns the visual and the semantic spaces. The
latent subspace not only contains the discriminative information in the visual space, but also contains
the information of the category relationships in the semantic embedding space. Meanwhile, the
reconstruction constraint reduces the information loss in the subspace learning. Finally, in the
zero-shot recognition, the test samples of unseen classes could be classified by the nearest neighbor
search in different spaces. There are two main contributions in this paper as follows. (1) ZSCSR
learns the visual prototype of the unseen categories through transferring the relationship between
the seen categories and the unseen categories from the semantic embedding space to the visual
space, which relieves the domain shift problem. (2) ZSCSR learns a latent space through the
latent space learning and reconstruction, which reduces the information loss. The proposed method
is evaluated for zero-shot recognition on four benchmark datasets. The experimental results show
the proposed method achieves higher average accuracies, which prove the effectiveness of the pro-

posed method.
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Background

Image classification is a very important task in computer
vision and image understanding. Traditional image classifier
can only classify the samples from the seen categories which
have appeared in the training dataset. But in real-world
applications, new categories continue to emerge. It is very
time-consuming to collect enough labeled samples of the new

category and retrain the classifier. As we know, humans are
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very good at recognizing objects without seeing any visual
sample. Inspired by the above ability of human, zero-shot
classification emerges and has become a very important topic
in recent years.

Zero-shot classification has shown to be of utility in various
applications, such as face recognition, action recognition,

activity recognition, object recognition, event detection, and



24 B WS — P TR AR TS A 2 S I R AR I R 2T 1k 421

so on. Zero-shot classification aims to utilize the semantic
prototypes of all categories and the visual feature of the data
from the seen categories to classify the data from the unseen
categories. The seen categories refer to the categories with
sufficient labeled data. The unseen categories refer to the
new categories without labeled data. The semantic prototype
means the embedded label representation in a semantic space.
Such a semantic space can be a semantic attribute space or a
semantic word vector space. Zero-shot classification can be
taken as a special case of transfer learning, where the seen
categories are the source domain categories and the unseen
categories are the target domain categories. The key problems
in zero-shot classification are what are the relationship between
the seen categories and the unseen categories and how to
classify the unseen data accurately. Most existing zero-shot
classification methods learn a mapping function from the

visual space to the semantic embedding space only using the

visual features of the labeled training data from the seen
categories. There are two main problems in the zero-shot
classification: domain shift and information loss. In this
paper, we present a novel zero-shot classification approach
based on subspace learning and reconstruction for image
classification ( Zero-Shot Classification based on Subspace
learning and Reconstruction, ZSCSR), which relieves the
problems of domain shift and information loss in the transfer
learning of zero-shot classification.
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