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ABSTRACT
There are tremendous object categories in the real world

besides those in image datasets. Zero-shot learning aims to
recognize image categories which are unseen in the training
set. A large number of previous zero-shot learning models
use word vectors of the class labels directly as category pro-
totypes in the semantic embedding space. But word vectors
cannot obtain the global knowledge of an image category suf-
ficiently. In this paper, we propose a new encyclopedia en-
hanced semantic embedding model to promote the discrim-
inative capability of word vector prototypes with the global
knowledge of each image category. The proposed model ex-
tracts the TF-IDF key words from encyclopedia articles to
acquire the global knowledge of each category. The con-
vex combination of the key words’ word vectors acts as the
prototypes of the object categories. The prototypes of seen
and unseen classes build up the embedding space where the
nearest neighbour search is implemented to recognize the un-
seen images. The experiments show that the proposed method
achieves the state-of-the-art performance on the challenging
ImageNet Fall 2011 1k2hop dataset.

Index Terms— zero-shot learning, image classification

1. INTRODUCTION

Image classification has gained huge progress in recent years,
due to the impressive improvement of deep learning methods,
such as convolutional neural networks (CNNs) [1, 2, 3, 4],
and large scale datasets [5]. Some CNN-based image classi-
fication methods [6] even trump human performance on Im-
ageNet classification task. Meanwhile, almost all successful
image classification methods mentioned above are supervised
models, which take large scale captioned image data to get
convergent. Early research on human cognition [7] shows
that human have the ability to recognize more than 30,000
object categories and objects with components removed or
non-rigid deformation. What’s more, human can recognize
objects they’ve never seen before. For instance, human can
easily tell apart different cat categories by just reading their
text descriptions. A child can also recognize a zebra at the
first sight if he has seen a horse before and known that a zebra

looks like a horse with white and black stripes. We strongly
hope that the machine image classification systems have the
similar ability as human beings to transfer knowledge from
other modalities to visual area, i.e. to recognize image cate-
gories which don’t appear in the training set.

Zero-shot learning (ZSL) aims to deal with image clas-
sification task in which the test categories have no overlap
with training categories. This topic draws an increasing atten-
tion of computer vision researchers. Many computer vision
and machine learning methods, such as probabilistic mod-
els [8, 9, 10], canonical correlation analysis [11, 12], met-
ric learning methods [13, 14] and graphical models [15] are
exploited to solve the ZSL problem. In order to classify un-
seen images, the first step is to build a semantic embedding
space where all the image classes are represented as their
prototypes. Attribute features, word vectors and image de-
scriptions of the categories are the typical side information to
form the embedding space. C. Lampert et al. [8, 9] come up
with probabilistic models – direct and indirect attribute pre-
diction models (DAP and IAP) to predict the unseen images
using their attribute features as prototypes. The deep visual-
semantic embedding model (DeViSE) [16] maps CNN image
features to the word vector embedding space. DeViSE model
explore the semantic and syntactic properties of word vector
as shown in [17]. Recently, Z. Akata et al. [18, 19] utilize im-
age descriptions as side information to build the embedding
space. In these three kinds of side information, word vectors
demonstrate more advantages than attribute features and im-
age descriptions to materialize prototypes, because they are
liberated from human annotations which are quite expensive
and time consuming. Thus word vector is an ideal prototype
to solve large scale ZSL problem.

Many proposed ZSL methods [11, 12, 16, 20, 21, 22] use
the word vectors of the class labels as the classification pro-
totypes directly, which has negative effect on zero-shot clas-
sification. The word vectors extracting algorithms, such as
skip-gram method [17], usually set the size of training win-
dow to a small number that makes word vectors unable to gain
the global knowledge of a category in the corpus. The global
knowledge is the more comprehensive and scientific repre-
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Fig. 1. The framework of encyclopedia enhanced semantic embedding

sentation of a category than the local knowledge obtained in
the short context. Thus global knowledge can represent dis-
tinctiveness of a category better than local knowledge. For
zero-shot learning, especially in large scale tasks, some cate-
gories are usually close to each other in the semantic space,
which are difficult to tell apart, let alone they are unseen in
the training set. It is imperative for us to use the prototypes
with global knowledge to improve ZSL models.

In order to enhance the discriminative ability of word vec-
tor prototypes with category global knowledge, we present
a new semantic embedding model – encyclopedia enhanced
semantic embedding (EESE) for ZSL. We explore the online
encyclopedias, such as Wikipedia and Britannica, which con-
tains articles defining various object categories. Each article
embodies the peculiar and comprehensive knowledge of the
object category. The proposed EESE model synthesizes the
global knowledge of each object category by extracting the
term frequency-inverse document frequency (TF-IDF) key
words of corresponding articles. TF-IDF is popular in the
research of information retrieval and natural language pro-
cessing. The TF-IDF key words reflect the most important
and unique words of an article in the corpus. Thus TF-IDF
key words contain the global knowledge which is signifi-
cant to a category and distinct from others. This property of
TF-IDF key words makes them appropriate to dig the global
knowledge of each category. With the global knowledge
extracted from the encyclopedia articles, the prototypes’ dis-
criminative ability get boosted. The experiments show that
the EESE model achieves much better performance than pre-
vious models in ZSL task on the challenging ImageNet Fall
2011 dataset.

This paper is organized as follows. Section 2 describes
the ZSL problem statement. Section 3 and Section 4 show the
proposed method and experimental results in detail. Finally,
Section 5 makes the conclusion of this paper.

2. ZERO-SHOT LEARNING STATEMENT

In the zero-shot learning task, the training image categories
are referred to as seen classes and the test image categories

are referred to as unseen classes. The visual knowledge of
the unseen classes is extracted from other modal data which is
called side information. With the side information, we build
up an embedding space, in which the prototypes exhibit the
essential semantic features of each category.

We define the training set as S ≡ {(xi, yi)}mi=1, where xi
is a p-dim vector which represents an image in the training set.
Meanwhile, yi ∈ Y = {1, 2, . . . , n} indicates the category
label of image xi. There are m images from n distinct seen
classes in the training set. The test set is defined as U ≡
{(x′

j , y
′
j)}m

′

j=1. We have n′ unseen classes in the test set, i.e.
y′j ∈ Y ′ = {n+1, . . . , n+n′}. The purpose of ZSL is to train
a classifier on S. At the same time, we expect the classifier
can achieve an favourable performance on U . Considering
that the seen and unseen classes are disjoint, i.e. Y ∩ Y ′ = ∅,
side information is needed to transfer the classifier learned on
seen classes to unseen classes.

3. METHODOLOGY

The proposed encyclopedia enhanced semantic embedding
method is illustrated in Fig. 1. The EESE model is pro-
posed to produce prototypes of the seen and unseen classes
in the semantic embedding space. Firstly, the model extracts
TF-IDF key words of each image category’s encyclopedia
article. These key words contain more global knowledge of
corresponding categories than the mere category labels. Then
the model combines word vectors of the key words convexly
based on their TF-IDF weights. The combined vector acts as
the prototype of the image category to build up the semantic
embedding space.

When an test image comes, a CNN classification model
trained on the training set will predict its classification prob-
abilities on the seen categories. Then the prototypes of seen
classes with the highest classification probabilities are con-
vexly combined to form the semantic vector for the test im-
age. Finally, we put this semantic vector into the embedding
space and search for the nearest neighbour prototype as the
final zero-shot prediction result of the unseen image.
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3.1. Zero-Shot Learning Framework

In this paper, we apply the convex combination of semantic
embeddings (ConSE) [20] as the baseline as well as the ZSL
framework to collaborate with the proposed EESE model.
During the training stage, we train a CNN classification
model using the seen images. We also need to train the
word vectors from the large scale corpora, such as Wikipedia,
Google News et al. Word vectors act as the bridge to correlate
the seen and unseen classes semantically.

In the test stage, the pre-trained CNN model will classify
the unseen test image x firstly as shown in Equation 1.

y(x, 1) = argmax
y∈Y

p(y|x) . (1)

Note that the highest probability classification result, y(x, 1),
must be wrong for image x, because the unseen image is as-
signed to seen class labels. But the result shares some vi-
sual similarity with the unseen ground truth. The classifi-
cation probability p measures the degree of the similarity.
Let y(x, t) denote the tth highest classification result of x,
then p(y(x, t)|x) is the classification probability. The model
calculates the convex combination of the corresponding seen
classes’ prototypes, i.e. s(y(x, t)), with the top T probabili-
ties as the weights. Formally,

f(x) =
1

Z

T∑
t=1

p(y(x, t)|x) · s(y(x, t)) , (2)

where Z =
∑T

t=1 p(y(x, t)|x) is the normalization factor.
The convex combination result, f(x), is the representing

vector of the unseen image in the semantic space. At last,
we search for the nearest-neighbour prototype in the semantic
embedding space as the unseen image’s zero-shot prediction
result. Formally,

yunseen(x) = argmax
y′∈Y ′

sim(f(x), s(y′)) , (3)

where sim(·) indicates the similarity metric in the model. As
usual, we adopt cosine similarity here.

3.2. Encyclopedia Enhanced Semantic Embedding

In the proposed EESE model, we extract the TF-IDF key
words of each image class encyclopedia article to form proto-
types. As shown in Equation 4, the TF-IDF value of a word
in an article is composed of term frequency and inverse doc-
ument frequency.

TF -IDFid =
nid∑
k nkd

· log |D|
|{d ∈ D : i ∈ d}|

. (4)

We divide the number of word i in article d by the number
of all words in d as i’s term frequency. Then we calculate
the inverse fraction of the articles that contain word i, which
is obtained by dividing the total number of articles, |D|, by

the number of articles containing word i. Then we take the
logarithm of that quotient as the inverse document frequency.
Finally, the TF-IDF value of word i in article d is computed
by multiplying the above two statistics. TF-IDF value reflects
how important a word is to an article in the whole corpus. It is
sensible to capture the global knowledge of a category from
the corresponding encyclopedia article using its TF-IDF key
words.

Distinguished from the ConSE baseline taking word vec-
tors as categories’ prototypes, for an object category w, the
EESE model extracts the top m TF-IDF key words it (t ∈
{1, 2, 3, . . . ,m}) of its article in the encyclopedia. Then the
model calculates the convex combination of the key words’
word vectors weighted by their corresponding TF-IDF values.
Formally,

SEESE(w) =
1

U

m∑
t=1

s(it) ·WTF -IDF (it) , (5)

where s(it) is the word vector of key word it, and U =∑m
t=1 WTF -IDF (it) is the normalization factor. The result-

ing SEESE(w) serves as the prototype of object category w
in the EESE space.

Then we combine the EESE model with the zero-shot
learning framework in Section 3.1 to solve the ZSL problem.

fEESE(x) =
1

Z

T∑
t=1

p(y(x, t)|x) · SEESE(y(x, t)) ,

yEESE(x) = argmax
y′∈Y ′

sim(fEESE(x), SEESE(y
′)) .

(6)

As shown in Equation 6, the final zero-shot classification re-
sult of the unseen test image x is determined by its nearest
neighbour search result in the EESE space.

4. EXPERIMENTS

4.1. Setup

Datasets In the experiments, we train the models on
ILSVRC 2012 1K dataset and test them on the 1,548-category
ImageNet Fall 2011 1k2hop dataset. The 1k2hop dataset is
a subset of the ImageNet Fall 2011 dataset, containing the
classes that are within 2-tree-hop of the ILSVRC 2012 1K
classes according to the ImageNet hierarchy. There are more
than 1.3 million unseen images in the test set.
Visual and semantic features In order to compare with
the previous work fairly, we use the same CNN model and
word vectors as in [22]. We train a GoogLeNet CNN model
on the ILSVRC 2012 1K dataset. For word vectors, we train
a skip-gram model [17] on the latest Wikipedia dump corpus.
We set the training window size as 5 and extract the 500-dim
word vectors. In EESE, we also extract the TF-IDF key words
from the Wikipedia articles to acquire the global knowledge
of each category.
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Evaluation metric We adopt flat hit@K as evaluation met-
ric to compare different models. Flat hit@K indicates the per-
centage of the unseen test images for which the model returns
the true label in its top k predictions. Thus the flat hit@1 is
the classification accuracy as typically used.

4.2. Results

Due to the huge diversity of unseen image classes, there are
only a few published papers focusing on the large scale zero-
shot classification task, such as [14, 16, 20, 21, 22]. The
models which test themselves on the challenging ImageNet
Fall 2011 dataset are even fewer. In this paper, we choose
ConSE model [20] as the experiment baseline. The ConSE
framework utilizes the word vectors’ semantic and syntactic
property sufficiently. The concise ConSE model is a fault-
less framework to test the effectiveness of different seman-
tic embeddings. Besides ConSE, we also compare the EESE
model with the Synthesized Classifiers model (SynC) in [22],
which tackles the ZSL problem from the perspective of man-
ifold learning.

The comparison between proposed EESE model and the
previously published state-of-the-art models is shown in Ta-
ble 1. As we can see, the EESE model achieves much better
performance than the ConSE and SynC model on large scale
zero-shot classification task.

Table 1. Comparative results (%) on ImageNet 1k2hop

Method
Flat hit@K

1 2 5 10

ConSE [20] 9.4 15.1 24.7 32.7
ConSE by us 15.5 24.7 37.4 45.4

SynCstruct [22] 9.8 15.3 25.8 35.8
SynCo-vs-o [22] 10.5 16.7 28.6 40.1

EESE 18.8 28.0 41.0 49.2

In Table 1, the performance of ConSE [20] is achieved by
AlexNet rather than GoogLeNet which is used in [22] and this
paper. We re-implement the ConSE model with GoogLeNet
and the identical word vectors as in EESE. The result is shown
as ConSE by us in Table 1. In the re-implementation, we sum
the word vector of every word as the category prototype if
the category label is a phrase. The performance of our re-
implementation is improved compared to [20].

The ZSL semantic embedding space is established by the
seen and unseen classes’ prototypes. Each prototype in EESE
is composed of the TF-IDF key words. As is displayed, we
show the top-5 key words extracted from Wikipedia articles
of several classes in Table 2. In the table, Eskimo dog, husky
and Siberian husky are from seen classes, while Fore plane
and Smooth plane, smoothing plane are examples of unseen
classes. The key words are listed in descending order of their
weights. It clearly shows that, by using the proposed EESE

Table 2. Examples of the EESE key words

Image Example Ground Truth
EESE

Key Words

Eskimo dog, husky

husky
sled

owner
arctic

admixture

Siberian husky

siberian
husky
nome
sled

chukchi

Fore plane

jointer
plane

thickness
undulation

skim

Smooth plane,
smoothing plane

plane
smooth
finish
wood

tearout

model, we can obtain quite different key words to build the
embedding space even for visually and semantically similar
object classes. These key words indicate the global knowl-
edge of each class and make great contributions to zero-shot
classification of the object classes that even human can hardly
tell apart. The EESE model effectively exploits the global
knowledge of each category to enhance the discriminative ca-
pability of class prototypes.

5. CONCLUSION

In this paper, we have proposed the encyclopedia enhanced
semantic embedding model to solve the zero-shot learning
problem. We explore the encyclopedia article to extract the
global knowledge of each image category. The proposed
EESE model promotes the discriminative capability of pro-
totypes with the categories’ global knowledge. The EESE
model are easy to be implemented on large scale zero-shot
classification problem and also perform much better than the
previous models. We achieve the state-of-the-art performance
on the challenging ImageNet 1k2hop dataset.
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