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Handwritten Chinese Character Recognition (HCCR) is a challenging topic in the field of pattern recog-
nition due to large-scale character vocabulary, complex hierarchical structure, various writing styles, and
scarce training samples. In this paper, we explored the hierarchical knowledge of Chinese characters and
presented a novel zero-shot HCCR method. First, we handled the relations between the characters and
their primitives, such as radicals and structures, to obtain a tree layout of primitives. Then, we presented
a novel zero-shot hierarchical decomposition embedding method to encode the tree layout into a se-
mantic vector. Next, we devised a Convolutional Neural Network (CNN) based framework to learn both
radicals and structures of characters via the semantic vector. As different Chinese characters share some
common radicals and structures, our method is able to recognize new categories without any labeled
samples from them. Moreover, our method is effective in both traditional HCCR and zero-shot HCCR tasks.
It achieves competitive performance on the traditional experiment setting and significantly surpasses the
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state-of-the-art methods on the zero-shot experiment setting.
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1. Introduction

HCCR has been studied for decades. However, it remains chal-
lenging due to large-scale Chinese character vocabulary,! complex
structure, various writing styles, and scarce training samples of un-
common characters, etc. Additionally, collecting and annotating the
huge amounts of handwritten training samples for each charac-
ter is cumbersome, expensive, and even impracticable for some
uncommon Chinese characters. Consequently, exploiting a learn-
ing system capable of recognizing handwritten Chinese characters
based on scarce training samples is a challenging task with practi-
cal significance. Fortunately, the basic primitives (radicals and spa-
tial structures) that compose all Chinese characters are predefined
and limited in quantity. It provides a promising route for transfer
learning from the seen Chinese characters to the unseen Chinese
characters for which very few, if any, training samples are avail-
able.

* Correspoding author.

E-mail addresses: caozhongl4@mails.tsinghua.edu.cn (Z. Cao),
lu-j13@mails.tsinghua.edu.cn  (J. Lu), cuis19@mails.tsinghua.edu.cn (S. Cui),
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! The vocabulary of Chinese character in UNICODE 12.0 contains more than
80,000 different characters.
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Recently, some attempts and efforts have been devoted to the
zero-/few-shot HCCR, such as DenseRAN [1-3] and FewshotRAN
[4]. Concretely, DenseRAN [1,3]| defined some artificial rules for
Chinese character description and performed zero-shot recognition
via an encoder-decoder architecture. FewshotRAN [4] coped with
unseen Chinese characters given few support samples by modeling
each character as a sequence of radicals with prototypes. Never-
theless, there are three noticeable drawbacks or constraints in the
above methods. (1) It is complicated and costly to design specific
radical-level description rules for each character. (2) The test sce-
narios are limited to the requirement that the test set’s radicals
must appear in the training set. (3) The poor performances are far
behind the expectation of humans under the zero-shot setting.

In this paper, our goal is to develop an efficient handwritten
Chinese character learning system as shown in Fig. 1 based on the
knowledge of the hierarchical decomposition of Chinese charac-
ters, which can circumvent the drawbacks above and be compat-
ible with all unseen characters without intentional constraints or
human rules. To achieve this goal, we propose a novel Hierarchi-
cal Decomposition Embedding (HDE) method to represent the Chi-
nese character in an interpretable vector space. Specifically, HDE
is built by a tree-based decomposition of Chinese characters. For
each Chinese character, the corresponding HDE provides a strong
basis for the representation of its primitives, including the radicals
and structures. HDE narrows the gaps between training and test
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Fig. 1. Zero-shot HCCR task.

domains for zero-shot recognition. Then, we propose a zero-shot
HCCR framework to learn the compatibility or similarity between
the input handwritten character image and the knowledge-based
HDE representation. And compatibility or similarity is also the
criterion for classifying the unseen characters. Experiments show
that our HDE and our HCCR framework have greatly improved the
classification accuracy of unseen Chinese character categories. Our
method is also applicable to the seen Chinese character categories
and outperforms other radical-based methods on the ICDAR2013
competition database.
Our main contributions are summarized as follows:

1. We propose a novel HDE method to transform the hierarchical
structural knowledge into a vector representation, which has
the advantages of learning shared structural information be-
tween seen categories and unseen categories.

2. We introduce a zero-shot HCCR framework, HDE-Net. It re-
gresses the primitives of Chinese characters, such as radi-
cals and structures, and then classifies zero-shot characters via
trainable compatibility between samples and labels.

3. We adopt loss functions REL, MBL, MCEL, and MCPL respectively
to learn the similarity or compatibility between samples and la-
bels, then compare their convergence, robustness, and effective-
ness, which provides a reference for the follow-up researches
on zero-shot learning.

4, Experiments show that our method outperforms state-of-the-
art methods under the zero-shot setting while maintaining
competitive performance under the traditional HCCR setting.

The rest of this paper is organized as follows: Section 2 in-
troduces the related works. Section 3 introduces the hierarchical
decomposition of Chinese characters. Section 4 describes how to
encode the hierarchical decomposition knowledge to vector rep-
resentations via HDE. Section 5 describes the details of our HCCR
framework with vector representations. Section 6 presents the ex-
perimental results, and the paper is concluded in Section 7.

2. Related works

Radical-based Chinese character recognition Chinese character
recognition based on radical knowledge is still a challenging prob-
lem due to the difficulty in detecting and identifying radicals. In
the last few decades, many researchers have tried to solve this
challenging problem. The existing solutions are roughly divided
into three types: skeleton matching, stroke matching, and radical
matching. The skeleton matching methods [2,5] firstly converted
the character image into a skeleton image that can be utilized to
find radicals, their spatial relations, and their character variations.
The stroke matching methods [6,7] decomposed the radical into
some primary strokes, thereby identifying the radical information
from strokes and further analyzing the category of a character. The
methods of stroke matching had performed well on the standard
printed characters but badly on handwritten characters. The radi-

“TAK

Fig. 2. Radical example. The radical, tree (in black color), is composed of four
strokes (in red color). (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

cal matching methods [3,4,8] judged the radical content at a spe-
cific position of a character and inferred the category of Chinese
characters in combination with the knowledge of radicals. The rad-
icals are composed in a variety of ways, which promotes the es-
tablishment of Chinese characters. Our method performs charac-
ter matching on an interpretable vector space by representing each
character as an HDE with each dimension representing an under-
lying primitive.

Zero-shot learning In zero-shot learning, seen classes refer to
the classes covered by the labeled training instances, while unseen
classes refer to the other classes covered by unlabeled testing in-
stances. The seen classes and unseen classes are disjoint. Given la-
beled training instances belonging to the seen classes, zero-shot
learning aims to learn a classifier that can classify testing in-
stances belonging to the unseen classes. From the definition, the
general problem of zero-shot learning [9] is to apply the knowl-
edge contained in the training sets to the task of classifying test-
ing instances. Zero-shot learning is a sub-field of transfer learning
[10]. Attribute-based methods [11,12] regarded each unseen class
as an indicator vector with each dimension representing whether
the category contains such an attribute. Embedding-based methods
[13,14] encoded both images and labels into a shared space and
then learned a compatibility function to expand to unseen classes.
Some works [15,16] aimed to obtain labeled instances for unseen
classes, then learned the zero-shot classifier with these generated
instances. Our paper proposes the HDE for each unseen class. It
has more structural information than attribute-based methods and
is more explanatory than the existing embedding-based methods.

3. Hierarchical decomposition of Chinese characters
3.1. Primitives of Chinese characters

In our research, the term primitive includes both structures and
generalized radicals (combinations of strokes that are repeated as a
part of a Chinese character). The primitives are the minimum units
of the decomposition list in the Ideographic Description Sequences
(IDS) according to UNICODE standard 9.0. The hierarchical compo-
sition of Chinese characters is characterized by:

a) Characters are composed of one or more radicals.

b) Radicals appear in the specific locations that are unique to the
character (e.g., the left, upper, upper-left, or full-surrounding ar-
eas of the character).

¢) Radicals are composed of strokes which are the smallest insep-
arable unit of Chinese characters.

Here are examples of the strokes, the radical, and the character.
As shown in Fig. 3, the Chinese character, forest, is composed of
three same radicals, tree, which are composed of four basic strokes
as shown in Fig. 2.

Fig. 3. Character example. The character, forest (in black color), is composed of

three same radicals, tree (in red color). (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)
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Fig. 4. Twelve Chinese character structures and corresponding character examples. Structures are in row 1, and corresponding Chinese character examples are in row 2.

Characters can be decomposed to sub-characters as shown in row 3.

Unlike the horizontal arrangement of alphabets in western lan-
guages, Chinese characters have internal structures. All radicals of
a character are placed in a square shape in a variety of ways. The
arrangement styles, called structures, are defined as twelve cate-
gories in UNICODE as shown in Fig. 4. These structures are crucial
in Chinese character, and they are the basis of decomposing char-
acters into sub-characters.

3.2. Hierarchical layout of primitives

The hierarchical knowledge of Chinese characters can be con-
veniently expressed in the form of a tree as shown in Fig. 5. We
process the existing IDS data, which contains Chinese character de-
composing information in the form of an adjacency list, to a hier-
archical decomposing layout. We set the structure of the character
as a parent node and set the decomposed parts of the character
as the child nodes. The child node will be a leaf node if it cannot
be decomposed. Otherwise, we will search for IDS data to decom-
pose the child node further. In this way, all characters can be rep-
resented as a tree with the nodes representing the basic primitives.

One key insight in this paper is that the relation between
classes is obtained through the zero-shot (without image instances
belonging to unseen classes) knowledge in the form of a hierarchi-
cal decomposing tree as shown in Fig. 5. A small set of nodes can
be arranged to obtain almost all hierarchical decomposing trees of
Chinese characters in the way. So we can classify the input im-
age if given the knowledge of relation between candidate classes
and seen classes. While most of researchers [4] generally defined
a higher level radical set (such as ‘&, H’ in Fig. 5), there are much
more characters that could not be represented by their radicals be-
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Fig. 5. Hierarchical decomposing of the Chinese character. The tree represents the
decomposition of the character. The character is composed of five primitives as
shown in the nodes.

Fig. 6. Tree layout of the Chinese character. Each node has its node-path from root
to itself, representing the layout of the node, e.g., the brown line shows that the
left part of the character ‘#!' (orange) is the radical ‘K’ (node 1). The leaf nodes
1,2,3 represent radicals and the parent nodes 4,5 represent structures. Best viewed
in color.

cause the radicals are not decomposed to basic primitives (such as
‘“K,M1,/\, and so on). One might argue that other researchers could
set the same basic radical set to represent as many characters as
possible. In this case, the representation of each character - a se-
quence obtained by arranging the tree nodes in a certain order —
will be too long, resulting in greatly reduced accuracy.

4. Hierarchical decomposition embedding

We propose the HDE for each Chinese character in an inter-
pretable vector space according to the corresponding tree layout
which contains hierarchical primitive nodes as in Fig. 6.

4.1. Embedding method

We firstly adopt one-hot encoding yy, for each node n;, then
combine all vectors yn, in one tree to get the HDE ¢(y). Specifi-
cally, we propose the concept of node-path, the shortest path from
the root to the node as colorful lines in Fig. 6, to express the rela-
tion between the node and the tree. Thus we could take the pairs
node/node-path to represent the decomposing tree. Fig. 7 is an
example of node-path corresponding to the rightmost red line in
Fig. 6.

Fig. 7. Node-path example in the form of structure-part sequences. The Nodes and
parts along the node-path delimited by a backslash(\) represent hierarchical struc-
ture “the right-bottom part of the character”. The impact value v for the node-path
is a? — 2B (ax + ?).
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Table 1
Provided that o = 0.5, By = 0.001, A = 0.5, HDEs of the characters, tree, forest, stay, apricot, and orange respectively.
Dimensions [primitives] 64 [radical /\] 87 [radical 1] 141 [radical &X] 260 [left-right] 261 [up-down]  others
K (tree) 0 0 1 0 0 0
#k (forest) 0 0 0.99675 0.2495 0.5 0
& (stay) 0 0.4995 0.499 0 0.5 0
7 (apricot) 0 0.499 0.4995 0 0.5 0
# (orange) 0.2485 0.24875 0.4995 0.5 0.2495 0

The length | of node-path is defined as the number of nodes
along this node-path. The I of the example is two, and the [ would
be zero if the node is the root node of the tree. The relation rep-
resented by node-path can be calculated as an impact value with
the following two intuitive assumptions: The smaller the length [
is, the higher the impact value will be. Different child nodes of
the same parent node should have slightly different impact val-
ues. Based on the assumptions, we use o < (0, A) as the atten-
uation coefficient of impacts when the length increases, and use
B € (—B, +B) to express differences between child node impacts of
the same parent node.

Definition 1. Given a node-path with length I, the nodes and parts
along the node-path are pq, pa, ..., p;, we define the impact value
v for the node-path as:

!
v=a'+) (@'Bp).
i=1
There are twelve kinds of nodes along node-path as in Fig. 4, two
of which have three child nodes, and ten of which have two child
nodes, thus the set of structure-part p; has 26 elements. For sim-
plicity in the experiments, we set 8 = —fy for left child nodes,
B = 2B, for the second left child nodes, and 8 = —-3f, for the
third child nodes. From the Eq. (1), the impact value of the root

node is 1 since the length of the root path is 0.

(1)

Definition 2. Given all pairs node/ node-path in the tree, we di-
vide all nodes into two sets. One is leaf node n; set R representing
radicals, the other is the parent node n; set S representing struc-
tures. We define the HDE as follows:

SG) =3 vnyn + A V.

neR njes

(2)

where A balances the weight of leaf nodes and parent nodes.

Specifically, each HDE is a vector of the same dimensions as
the number of node types from decomposing trees in the training
phase, e.g., 272-dim vector in experiments 6.5. The first 260 di-
mensions represent different radicals, and the last 12 dimensions
represent distinct structures. The value of each dimension is in-
versely related to the depth of corresponding primitive nodes in
the decomposing tree. Provided that o = 0.5, Bg = 0.001,A =0.5,
the embeddings of some characters are shown in Table 1. Differ-
ent decomposing trees of characters correspond to different ¢(y) if
taking appropriate parameters. Since IDS data is not always effec-
tive, characters like ‘1,4’ among all GB2312 characters share the
identical decomposing tree. In this case, we take these two char-
acters as different leaf nodes to get one-hot encoding rather than
decomposing character to obtain HDE vectors. To sum up, the HDE
method is a one-to-one mapping from the decomposing tree to an
interpretable vector representation under our experiment settings,
preserving the original hierarchical decomposition information and
assigning each primitive to each dimension.

4.2. Differences from other label embedding methods

The attribute embedding[11,12] in zero-shot learning would lose
hierarchical structure information if directly used in our HCCR task.

The multi-label embedding [1] either limited the test scenarios
or discarded the structures of Chinese characters. These methods
worked when all pairs of the leaf nodes (radicals) and node-paths
(radical-at-locations) corresponding to the test set appeared in the
training set. Our HDE method takes node-path as the relation be-
tween the node and the tree, then encodes the radicals, the struc-
tures, and the relations separately to make full use of the hierar-
chical decomposing of characters. It works when the nodes rather
than the pairs in the test set are consistent with the training set.
Thus, HDE greatly reduces the complexity of embedding because
the nodes are much less than the pairs node/node-path. Moreover,
our method can still achieve quite good results even when a few
kinds of nodes in our test set do not appear in the training set.

Some works [17,18] also proposed the so-called hierarchical em-
bedding to deal with zero-shot learning problems, which explicitly
used the expert knowledge to group the categories into a hierar-
chy. Hierarchical knowledge on the categories requires an ordering
operation < in Y: z<y means that z is an ancestor of y in the tree,
and we can define &,, =1 if z<y or z=y. The hierarchy embed-
ding @™ (y) can be defined as the C dimensional vector, as showed
in Fig. 8.

<PH(J’) = [é:y,l,---vé:y,C} (3)

The nodes represent the primitives (generalized radicals and
structures) in our method, while the nodes represent classes them-
selves in other methods [17,18]. The compositions of primitives are
so diverse that the relation between most categories cannot be de-
scribed as the operation < introduced in the previous methods.
In contrast, it is appropriate to represent each character with the
primitives since the number of primitives is much smaller. Besides,
our method encodes the pairs node/node-path, which is consistent
with the hierarchical structural knowledge.

5. Character recognition with HDE
5.1. Overview

The general image classification task is to annotate a given im-
age with one label. The goal is to learn a function f: X — ),
which maps the input x in the image space X to the output y in
the category space Y. In this work, we focus on the case where
we do not have any samples for some classes, but classes are re-
lated. Our method works in the following four application scenar-
ios. First, when the number of test classes is extensive, collecting
sufficient labeled instances for such a large number of classes is
challenging. Existing datasets such as CASIA [19,20] (3.9 million

@
AN
/®\ /@\
@ &® & O

Fig. 8. Hierarchical label embedding method. In this example, given seven classes,
class 6 has the node-path 1-3-6, so the class 6 can be encoded in a binary 7-
dimensional space as [1, 0, 1,0, 0, 1, 0].
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Fig. 9. Character recognition method with HDE. Most of the works mainly focus on
how to extract effective features of the image. Our work mainly focuses on how to
map the character categories into an embedding space, and learn the compatibility
function F with the features 6(x) and the HDE ¢(y). The two characters share the
radical ‘H’ and the left-right structure in embedding space, which enables us to
recognition unseen classes by the radicals and the structures.

samples of 7356 categories) can only cover a small subset of these
classes. Second, when test classes are rare due to infrequently used
Chinese characters, we could not find all corresponding labeled in-
stances. It costs a lot to make sufficient new instances. Third, when
test classes change over time because linguists, sociologists, and
government agencies keep Chinese characters up to date, other
methods need to retrain to fit the new classes. Fourth, when in
some particular tasks, it is expensive to obtain labeled instances,
such as collecting and labeling as many characters as possible in
the wild such as the CTW dataset [21].

We introduce a compatibility function F: X x Y — R and de-
fine classification function f as following:

fx;w) =arg nymny (x,y; w). (4)

Suppose that we had gotten HDE ¢(y) by function ¢ : Y — Y = RE
introduced in Section 4. The function ¢ has parameters «, 8, A
that can be changed manually. Suppose that we could also get the
features 0(x) using CNN as feature extractor 6 : ¥ — ¥ = RP. We
adopt multilayer perceptron g as a transfer from the image feature
space X to label embedding space Y. The compatibility function F
could be written as similarity (7 is a learnable scale parameter):

F(x,y;w) = -7 -D(gO (X)), d()). (5)

where D is distance defined as:

D( ) |lX1 — x2||2, Euclidean distance, 6

X1,X2) = T . .

172 1- 2% __ (Cosine distance. (6)
[ESIEIE

The compatibility function F can also be achieved by other
methods. These methods could transfer the label embedding
spaces ) to the image feature space ¥ or transfer these two spaces
to a shared space to calculate the distance or adopt a metric net-
work to concatenate the pair of features together as input and di-
rectly output the compatibility. We propose the compatibility func-
tion as Eq. (5) because our HDE space is meaningful in the hier-
archical decomposing of characters. It is convenient to analyze the
embedding vectors in the space since each dimension represents
each type of primitives. And it is flexible to change the network g
to get an appropriate transfer from the feature space to the label
embedding space. A graphic description of our framework can be
seen in Fig. 9.

5.2. Feature extractor and transfer modules

ResNet [22] had been proved to be a useful feature extractor in
visual tasks [23,24]. In this paper, we use four Resnet blocks with

channels 64, 128, 256, and 512 sequentially as the feature extrac-
tor, denoted as 6. We also compare the feature extractor of papers
[4,8] in ablation study.

Then we map the features 0 (x) € RP into the label embedding
space with feature transfer module. Specifically, after obtaining the
final convolutional layer output of the feature extractor and flat-
tening it to a D-dimensional vector, we use two fully connected
layers to get the E-dimensional vectors. So we could measure the
compatibility between image x and label y in the embedding space
RE.

5.3. Model inference

Given an input image x and the candidate category set ), we
first get the features 6(x) by the CNN feature extractor and transfer
the features into the label embedding space. Then we compare the
similarity between the transformed feature corresponding to the
input and any possible HDE ¢(y), finally classify the input to the
most compatible label as shown in Eq. (4).

To apply HDE to the scenario where test categories change over
time, the basic primitives corresponding to every dimension are
all from decomposing trees of training characters. Some nodes n;
(especially radicals) composed of test characters may never ap-
pear in the training data, and the encoding of these nodes yn, is
manually set to be zero vectors. HDE-Net makes inferences based
on the nodes that have appeared in the training data. For exam-
ple, we could infer the character ‘I’ (sunny) by the radicals ‘H’
(sun), ‘H’ (moon) and the structures, left-right-structure of the
whole character and up-down-structure of the right part. It still
works when the remaining radical in the character has never been
seen in the training phase. HDE-Net could recognize new char-
acters without any samples or knowledge of these classes in the
training phase if provided decomposing knowledge of new charac-
ters during the testing phase. Compared to most zero-shot learn-
ing methods [4,8] with the assumption that the knowledge of test
categories is already given during the training phase, HDE-Net has
more extensive application scenarios.

5.4. Model training

The trainable parameters in our framework are composed of
three parts from the CNN feature extractor module 6, the feature
transfer module g, and our compatibility function. The parameter ©
controls the scale of compatibility within a range, simplifying the
design of loss functions and the selection of hyperparameters, such
as margin. These parameters are trained jointly in an end-to-end
manner for improving the performance of classification. In the fol-
lowing paragraphs, we introduce four different loss functions de-
signed for training.

5.4.1. Ranking error loss function (REL)
Inspired by Weston et al. [25], we adopt ranking error loss as
follows:

L(rank}, *.))

loss(x,y;w) = ) |1 —F(x,y;:w) + F(x, 3; W)

g Tank; (x.y) "
(7)
where
u, u>0
|u|+ = {0 u i 0 (8)
and
rank},(x,y; w)= Y I1+FQXy:w)>FXy:w)), 9
ye\ly}
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is an margin-penalized rank of label y for image x. Loss would be
set as zero if rank;, = 0. I is an indicator function satisfying that
I(u) = 1 if u is true and O otherwise. The ranking weight L is,

k
L(k) = Zoj, with oy > 03> --- > 0. (10)
i

Hence, a decreasing sequence o7 > 03 > ... > oc > 0 implies the
mistake on the top list bring higher loss than at the bottom list.
We follow the original suggestions and choose o}, = 1/k.

We adopt the margin-penalized rank because the Eq. (7) can
be optimized effectively. If removed the margin 1 in Eqgs. (7) and
(9), the training with this loss would be unstable. The goal of REL
is to make the compatibility of the positive pair (x, y) larger than
the negative pairs (x,y), especially those with the higher rank.

5.4.2. Margin-based loss function (MBL)

Sometimes it is hard to sort the negative categories. We are
only concerned about the top one of the rank list. The top one
should be a positive category. There may be no difference among
rank 2, rank 3, or rank last. If we set all weights o with the same
value as o, =1, then rank 2 or rank last would have the same
weight in the loss function. Then, the special ranking error loss
with o}, = 1 will be as follows:

loss(x.y;w) = > [1-F(X.y:w) +F(x.7: w)|. (11)
JeX\ly}

It is similar to the idea of the margin-based loss function, which
is to make the compatibility of pairs (x, y) with the right labels
exceed that with the wrong labels by a margin. The idea of MBL is
as follows.

If the sample is classified correctly, then we have F(x,y; w) >
F(x,y;w) and we think the loss should be 0. If the sample is
misclassified, then we have F(x,y; w) < F(x,y; w). Considering the
above two situations, the loss with positive label y and negative
label y should be naturally defined as:

Ix,y;w) = [F(x,y;w) —F(x,y; w)|.. (12)

To improve the ability to classify, a margin m is added to the loss
function, which is defined as:

In(x.y:w) = [F(x,y; w) — F(x,y: w) + m| . (13)

It penalizes the framework when it classifies correctly with a nar-
row margin. Thus, it can increase the robustness of the classifica-
tion and improve the accuracy of the test set.

To apply margin-based loss successfully, we have to consider
the selection of the margin m and the sample triples (x,y,y) care-
fully. Benefit from our parameter 7, we could directly set the mar-
gin as 1. As for the sample triples, we could randomly select all
possible negative labels with one image just as Eq. (11), or just
select the most competitive negative label r. We suggest the latter
selection strategy for efficiency when training our model,

r=arg max F(x,y;w). (14)
ye\ly}

Thus, our MBL is as follows:

loss(x,y; W) = |1 —F(x,y; w) + F(x,1; W)| . (15)

5.4.3. Minimum classification error loss function (MCEL)

There are many ways to define a metric of misclassification er-
ror that is continuous with respect to the framework parameters.
One reasonable function [26] is as follows:

1/n
IW%WPvfm%WH{C11§:FWﬁWW}. (16)

yen\iy}

The measure in Eq. (16) is continuous and offers an amount of
flexibility in the value of n taking all the potential categories into
consideration. When 7 is 1, loss with all negative labels is equally
weighted. When 1 approaches infinity, loss of the most competi-
tive negative label r defined as in Eq. (14) is far larger than other
negative labels. Thus the measure is:

I(x,y;w) = —-F(x,y; w) + F(x,1; w). (17)

To complete the loss function, the above measure is used in
the logistic function or an exponential function. Both functions are
smoothed zero-one differentiable functions.

a) Logistic function:
- 1
T+ exp(—k1(I(x,y: W) +K2))’
b) Exponential function:

ZZFW%WW,IW%M>O

k1> 0, (18)

0. I(x.y:w) <0’ >0and ¢ — 0. (19)

From the definition of ¢, we find the misclassification error I(x,
y; w) is minimized by minimizing ¢. It means that the relative
compatibility of true positive pairs (x, y) to the most competitive
negative pairs (x, r) is increasing during loss decreasing. We finally
define the MCEL by Eq. (18) logistic function with k1 =1,k, =0
as:

1

1+exp(Fx,y;w) —F(x,r;w))’

loss(x,y; w) = (20)

The loss function MCEL pulls the sample closer to the cor-
rect label but pushes it away from the other categories. It might
cause vanishing gradients and poor learning for deep networks
that 9¢/91 = ¢(1 — ¢).

5.4.4. Maximum classification probability loss function (MCPL)

There are some works [27-29] producing a distribution over
classes based on the softmax over distances to the prototypes in
the embedding space. The probability satisfies the non-negative
and sum-to-one properties. The probability of a sample x belong-
ing to the category k can be measured by Eq. (21).

exp(F(x, k, w))
Ywey €XP(F(x, K, w)’

If replacing the compatibility with the distance in Eq. (5) and
we will get the following probability function:

exp(=7 - DO (x)). ¢(¥)))
Ykey €Xp(=T - D(gO (x)). ¢(¥)))
Based on the probability function, we can define the cross en-

tropy loss by negative log-probability ¢ = —log(pw(y = k|x)), thus
our MCPL becomes:

loss(x,y; w) = log Z exp(F(x,kK';w) —F(x,y; w)). (23)
k'ey

pw(y = k|x) = (21)

Pw(y = kix) = (22)

From the Eq. (23), we can observe that the goal is to maximize
the compatibility of the positive pairs and minimize the compati-
bility of all the negative pairs. We randomly select the positive pair
(x, y) and produce negative pairs with that sample x and all nega-
tive labels as training data. Our loss function is a bit different from
the primary loss function in the prototype network. The previous
loss function is based on the distance between the various input
samples (called support samples and query samples) in the same
feature space. Ours is based on the gap between the input sam-
ples and the label embeddings. We introduce the learnable scale
parameter t to control the hardness of the probability assignment
as in the Eq. (22), and render the loss function more applicable to
the different scales of distances.
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We propose the losses mentioned above, i.e., REL, MBL, MCEL,
and MCPL based on the compatibility function F(x, y; w), which
measures the similarity between the input feature and the label
embedding. REL is based on the ranking of compatibility. The loss
is weighted on different ranks. MBL introduces the margin so that
the input with small changes will not be able to flip the predicted
label. MCEL is a measure of misclassification error with a smooth-
ing transformation function. MCPL calculates the probability of dif-
ferent categories with the purpose that the positive pairs should
have a higher likelihood than the negative ones.

In terms of efficiency, REL and MCPL converge faster than MBL
and MCEL, because the first two calculate the compatibility of the
input samples with all categories every time, and then backward
the gradient to update the network. But MBL and MCEL only cal-
culate one negative category at a time. In terms of robustness, REL
and MBL exceed others by introducing a margin 1 in the compat-
ibility function. In terms of flexibility, MCEL and MCPL are better
than the others. The former wins by defining various smoothing
functions to obtain different loss functions. The advantage of the
latter is that it could be directly applied to other classification loss
functions due to the conversion of compatibility to the probability
distribution. In terms of simplicity, MBL and MCPL are better. The
REL needs to choose a suitable weight function L. The smoothing
function ¢ in MCEL has various hyperparameters that are required
to be defined. MBL and MCPL have no additional hyperparameters.

6. Experiments

In this section, we will introduce all experiments to verify the
effectiveness of our method on seen categories and unseen cat-
egories. Our code? is written in Python, and the neural network
model is implemented with Pytorch. The size of the input image is
normalized to 64 x 64. All experiments are conducted with Adam
optimization with Ir = 0.005, beta; = 0.5, beta, = 0.9. We do gradi-
ent clipping for stable training if using Euclidean distance metrics.

6.1. Dataset

We use the hierarchical decomposing knowledge of Chinese
characters from IDS defined in UNICODE standard 9.0 to provide
each character description in terms of what sub-characters make
it up and how they are laid out. IDS uses the full range of Chi-
nese characters, so each character has its own corresponding ideo-
graphic description sequence.’

The handwritten Chinese characters are from the CASIA-HWDB
1.0-1.2 database [19] and ICDAR2013 database [20]. Previous rad-
ical matching methods filter characters with particular radicals
or structures. We believe that a general zero-shot HCCR method
should not limit the categories of test data. So we directly select all
level-1 and level-2 6763 characters as our label set for HCCR tasks.
And we conduct experiments on printed fonts. We select 20 fonts
from [30] to generate a printed dataset (3755 classes) and compare
the results of different methods. We also conduct experiments on
characters in natural scenes. Chinese characters in the wild (CTW)
[21] is a large Chinese character dataset in natural scenes, which
contains rural, flat, raised, urban, poorly illuminated, distant, par-
tially occluded characters. We have access to 805,182 instances,
99.1% of which are commonly used characters in GB2312. It con-
tains 3650 character categories.

2 Our code will be released if this paper is accepted.
3 https://github.com/cjkvi/cjkvi-ids

Table 2
Performance comparisons on level-1 unseen handwritten charac-
ters with different methods.

train test DenseRAN |[8] FewshotRAN [4] Ours

500 1000  1.70% 33.6% 33.71%

1000 1000  8.44% 41.5% 53.91%

1500 1000 14.71% 63.8% 66.27%

2000 1000  19.51% 70.6% 73.42%

2755 1000  30.68% 77.2% 80.95%
Table 3

Performance comparisons on level-1 unseen printed characters with dif-
ferent methods. FewshotRAN and ours(+1) are trained with another font
for extra samples (one-shot experiment setting). DenseRAN and ours are
trained under zero-shot experiment setting.

train test DenseRAN |[8] FewshotRAN [4] Ours/Ours(+1)
500 1000  7.28% 20.81% 34.14%/89.51%
1000 1000  29.86% 42.61% 60.49%/94.05%
1500 1000  48.49% 61.23% 73.17%/95.92%
2000 1000  60.47% 70.08% 82.15%/96.56%
2755 1000  73.12% 79.68% 87.67%/97.31%

6.2. Experiments on unseen categories

The original selection in DenseRAN and FewshotRAN of test cat-
egories is based on the hypothesis that all radicals are covered in
all training sets. However, a different selection of categories may
have a great impact on the final result. We hope that the zero-shot
HCCR task has no special constraints on the categories itself. So our
basic experimental setup is as follows: Randomly select disjoint
subsets Vi and Yy from all prepared classes, choose all samples
with labels in )y, as a training set, choose all samples with labels
in Vi as a test set. The accuracy on the test set is taken as the
evaluation results.

We conduct experiments with different sizes of Y. This ran-
dom division would increase the difficulty since some radicals in
the test set would not be seen in the training set. It is neces-
sary to achieve zero-shot recognition without limiting categories
of the test sets, especially in an open-world scenario. Table 2
shows that our method is better than the zero-shot recognition
method DenseRAN on the handwritten dataset, even better than
the few-shot recognition method FewshotRAN which uses addi-
tional printed fonts as training samples. When provided one-shot
(another font) as extra training data, our method could recognize
almost all fonts in printed character dataset as in Table 3. HDE-Net
also outperforms other methods on the CTW dataset as in Table 4.

6.3. Experiments on unseen categories with different radios

To further explore the effect of different ratios of training cat-
egories in all categories, we conduct experiments on levell and
level2 categories. The experiment setting is as follows: we ran-
domly select a certain ratio of all 6763 Chinese character sets of
GB2312-80 as Vi, and the rest as test category ). We collected
all samples of CASIA-HWDB 1.0-1.2 and ICDAR2013, then used all

Table 4
Performance comparisons on CTW unseen wild characters with
different methods.

train test DenseRAN |[8] FewshotRAN [4] Ours

500 500 0.12% 2.36% 23.53%
1000 500 1.50% 10.49% 38.47%
1500 500 4.95% 16.59% 44.17%
2000 500 10.08% 22.03% 49.79%
3150 500 15.95% 28.45% 57.42%
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Table 5
Performance comparisons on all GB2312-80 handwritten characters with different ratios (training set categories |/ total set cate-
gories).
training classes/total classes 10% 20% 30% 40% 50% 60% 70% 80% 90%
test classes/total classes 90% 80% 70% 60% 50% 40% 30% 20% 10%
accuracy% 23.92%  45.57% 57.51% 64.97% 73.29%  78.89% 83.91% 87.98%  91.93%

Virn category samples as training sets, and used all )i category
samples as test sets.

As shown in Table 5, we achieve an accuracy of 45.57% when
only 20% categories appear in the training set (1352/6763 = 0.2).
The accuracy increases to 91.93% when the ratio is 0.9. When the
ratio of training sets to total categories is relatively small, such as
from 10% to 20%, the accuracy on the test set increases by 21.65%.
It is because the training set itself contains few radicals and struc-
tures, which are not enough to cover all radicals in the test set.
When the ratio is relatively large, such as from 80% to 90%, since
the training set has already been sufficient, the accuracy of the test
set increases only by 3.95%.

6.4. Experiments on seen categories

To show the advantage and practicability of HDE-Net, we
choose two challenging datasets named as CTW and ICDAR2013.
The former is to classify Chinese characters in the wild, and the
latter handwritten Chinese characters. We have compared with the
state-of-the-art methods under the traditional experiment settings.

Our method achieves the state-of-the-art result on CTW. And it
is quite competitive and outperforms other radical-based methods
on ICDAR2013. We think it brings in advantage to infer characters
by radicals and structures on CTW because there are many par-
tially occluded or partially ambiguous characters in wild Chinese
characters.

6.5. Qualitative and quantitative analyses

We conduct qualitative analysis of label embedding, feature
spaces, and radical predictions to clarify why HDE-Net performs
well on zero-shot setting or traditional setting. We also conduct an
ablation study for quantitative analysis of different modules, loss
functions, and parameters. We randomly choose 2755 classes as
Virn, and the other 1000 classes in the level-1 characters as Y
in this section.

6.5.1. Qualitative analysis

Since no samples of the test category are provided, the rela-
tion between the test category and the known category is par-
ticularly important. HDE is a novel label embedding to capture
these relations with structural information, hierarchical weights,
and fundamental radicals. For example, the radical (‘1’) and the
sub-character (‘') are independent radicals in other methods but
not in ours. HDEs of these two examples are similar in the 87-dim
(representing ‘I1’) and different in other dimensions. Most of the
methods directly regard sub-characters as basic radicals to reduce
the difficulty of predicting long representation sequences, resulting
in fewer relations between characters, unfortunately. These rela-
tions are the key to transfer learning from the seen Chinese char-
acters to the unseen Chinese characters.

Fig. 10 shows four t-SNE [39] visualizations of the 272-dim em-
beddings learned by HDE-Net. We visualize two random subsets
of train and test characters, and two representative test subsets to
gain better insight into embeddings. Most of the samples, even in-
cluding misclassified samples of the same class, are closer than dif-
ferent classes. The clustering results show inspiring potential clas-
sifiable characteristic. But the embeddings of some classes are still

1 Y * 2
e ‘ .

-
%
&
L J
&
% 3
& bt
#
FY
& "
3 4

Fig. 10. t-SNE visualization of embeddings learned by HDE-Net. 1. random training
subset, 2. random test subset, 3. the most incorrectly classified subset “/FIR A A=
FRTFK LK AHESh FTFI Y, 4. the most correctly classified subset.

far from ground truths due to the rare and insufficiently trained
radicals. The more frequently radicals appear during training, the
easier to classify correctly. If the test characters are sorted accord-
ing to the error rate, the average accuracy of the former half is
66.09% and the latter half 95.81%. Half of the categories contribute
about 90% of the errors. Among them, 2% of Chinese characters
were completely misidentified. Error often occurs when the signif-
icant radicals of new characters rarely seen in the training set. If
the test character itself is a new radical, HDE-Net could not recog-
nize correctly, (Tables 6 and 7).

To further illustrate the readable radical-level prediction of
HDE-Net, we first predict the structure of samples. Base on the
knowledge of the structure, we mask half part of the sample and
then test whether HDE-Net will output the remaining part of the
sample. For example, mask the left part of a character ‘B4’ and then
predict the remain radical ‘H’. We should extend the candidate

Table 6
Performance comparisons on CTW with different methods.
Our method outperforms the-state-of-art methods.

Method Accuracy
AlexNet [31] 76.43%
ResNet50 [22] 79.46%
ResNet152 [21] 80.94%
Inception-v4 [32] 82.28%
DenseNet [33] 79.88%
JSRAN [34] 87.57%
DenseRAN [8] 85.56%
FewshotRAN [4] 86.78%
Ours 89.25%
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Fig. 11. Radical-level predictions of HDE-Net. The first row are input samples. The next five rows are radical-level predictions of the left or up parts with probabilities(%).
The last five rows are those of the remaining right or down parts. Only top 5 results for each part of characters are shown in the figure. For example, our model infers that
the character ‘#’ (bright) is left-right structure, the left part is the radical ‘H’ (sun) with probability 63.3%, and the right part is the radical ‘A’ (moon) with probability

91.7%.

Table 7

Performance comparisons on ICDAR2013 with differ-
ent methods. Our method outperforms the radical-
based methods. Indeed, DenseRAN, FewshotRAN and
our method use the prior decomposition knowledge of
Chinese characters.

Method Accuracy
Human Performance [20] 96.13%
HCCR-Gabor-GoogLeNet [35] 96.35%
CNN-Single [36] 96.58%
DirectMap+ConvNet+Adaptation [37]  97.37%
M-RBC+IR [38] 97.37%
DenseRAN [8] 96.66%
FewshotRAN [4] 96.97%
Ours 97.14%

category set with all radicals to make radical-level predictions. The
result in Fig. 11 shows that HDE-Net can indeed identify radicals
of unseen Chinese characters.

6.5.2. Ablation study

Different modules. We mainly compare the differences among
different strategies of HDE and different modules of the feature
extraction. The baseline adopts attribute-based embedding, which
represents each character as a binary vector, where each dimen-
sion corresponds to a particular radical. “2.—structure” represents
hierarchical radicals by replacing the last 12-dim in HDE as zero.
“3.—radical” represents hierarchical structures by replacing the
value of the first 260-dim in HDE as zero. The meanings of these
four strategies for the character ‘4’ (orange) are: the radicals are
KA /\’; the half part is radical ‘A’ and the quarter parts are radi-
cals ‘F1/\’; the left part, right-up part, right-down part are three
radicals; the left part is “A’, and right-up, right-down parts are
radicals ‘F/\, respectively. We also use two other basic feature ex-
traction modules 5. 6/DenseNet [8] and 6. 8/ResNet [4] to replace
our module 6 as comparisons.

The experimental results are shown in Table 8. Comparing 2
with 3, we find that the radicals play more important roles in char-
acter recognition than structures. From the comparison between 1
and 2, we can find that the hierarchical radical embedding with
the impact factor of node-path has a 2.61% improvement than bi-
nary radical embedding. Form the comparison between 2 and 4,
the accuracy increases by 9.59% through adding structures in HDE.
Our method performs 12.20% higher accuracy than the baseline
with multi-label embedding. As for different feature extractors, our

Table 8

Performance comparison among different designs of ¢ and 6.
Row 1,2,3,4 have the same modules but different HDE ¢(y);
Row 4,5,6 have the same HDE but different feature extractors

6.
Method Accuracy
1. baseline 68.75%
2. - structure 71.36%
3. - radical 18.05%
4. ours 80.95%
5. 0/DenseNet [8] 77.21%
6. O/ResNet [4] 78.62%

method has a slight increase in accuracy compared with other
modules in [4,8].

Different loss functions. We compare the accuracy in different
loss functions. We adopt four loss functions with cosine distance
and Euclidean distance, respectively. The results are as shown in
Table 9.

The cosine distance metric is better than the Euclidean dis-
tance metric for its better performance and competitive conver-
gence. There may be two reasons for this. One is the impact of our
interpretable embedding space. In our method, each class is en-
coded as the HDE, where each dimension corresponds to a specific
primitive. The separation of the HDE dimensions makes it more
applicable to the inner product measure style. On the other hand,
we introduce the scale parameter of t. It is hard to get a uniform
scale of compatibility in the Euclidean distance metric even with
scale parameters.

We have previously pointed out that the margin in loss func-
tions can make our method more robust, which has been verified
by experiments. MCEL without margin performs much worse than
REL and MBL which with margin 1 in loss functions. Besides, when
we use REL but replacing the margin 1 with 0, the method does
not converge regardless of the Euclidean distance and the cosine

Table 9

Performance comparisons among different loss functions. MCPL
with cosine distance is the best in the table, and selected in
other experiments.

Distance REL MBL MCEL MCPL
Cosine 79.30% 80.10% 74.15% 80.95%
Euclidean 75.09% 73.58% 57.00% 74.76%




10 Z. Cao, J. Lu and S. Cui et al./Pattern Recognition 107 (2020) 107488

accuracy/%

1 £

08 |

07 |
06 f
05 |
oa H]
03
02 ff

0.1 Hf

09 | oo ikof % Wl W

Accuracy on training set

‘rV)ﬂI

0 1 2 3

epoch

Fig. 12. Training accuracy on different loss functions in the first six epochs. REL-C represents the REL with cosine distance. It can be observed that REL and MCPL (in red
and blue) converge faster than MBL and MCEL (in brown and gray). Training with MCEL is unstable due to zero margin and vanishing gradient. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

distance. However, MCPL performs well without margin. We guess
that the softmax function is a normalization bringing the entire
probability distributions of adjusted distances into alignment. Ex-
periments also verify our conjecture about convergence. REL and
MCPL converge faster than MBL, MCEL due to the weighted loss on
different negative classes. And the training with MCEL is unstable
due to zero margin and vanishing gradient. Details can be found in
Fig. 12.

Different parameters «, B, A. Different parameters may result in
different HDE. We suggest 0 < o < 1 to make sure that nodes
with shorter node-path (smaller depth) have greater impacts on
the character and suggest 8 « « to ensure that the weight vy,
is affected by the depth far more than the rank in brother nodes.
For example, the HDE of ‘#!" as shown in Table 1 is composed by
the following three radicals, ‘A’ in the 141st dimension, ‘1’ in the
64th dimension, ‘/\’ in the 87th dimension. And K’ is half of the
character while ‘1’ and ‘/\’ are the two quarters of the character
‘4. Intuitively, the value of the 141st dimension may be far larger
than two roughly equal values of the 64th and the 87th dimen-
sions. The trade-off A balances the weights of radicals and struc-
tures. HDE would be totally hierarchical radicals if setting A = 0.
We have tried some «, 8, A as Tables 10 and 11. Experiments have

Table 10

Performance comparisons on level-1 unseen characters with different parameters c,
B in HDE. The performance with 8y = 0 is competitive due to the scarcity (0.212%)
of those characters (i.e.,’&75’) that have symmetric siblings.

a=02, a=0.28, a=0.5, a =05, a =05, a =05,

Bo=0.001 By=0.001 po=0.001 pBz=001 po=0.0001 po=0

67.18% 79.02% 80.95% 79.71% 80.38% 80.64%
Table 11

Performance comparisons on level-1 unseen characters with different parameters A
in HDE.

A 0.005 0.05 0.25 0.5 1 25 5 50

accuracy/% 7391 79.01 80.77 8095 79.00 71.71 65.58 3732

shown « = 0.5, By =0.001 and A = 0.5 performs best. In fact, our

hierarchical decomposition embedding method can achieve a quite

good performance in many cases. We finally suggest that o € [0.5,
8), Bo € (0, 0.001], A € (0.25, 0.5].

7. Conclusion

In this work, we achieved zero-shot learning for HCCR tasks
by building an HDE framework based on hierarchical knowledge
of character labels. Based on the fact the different characters
share the standard hierarchical primitives, we pursued a category-
agnostic mapping from image to primitive. First, we introduced
a novel HDE method to represent Chinese characters’ decomposi-
tion knowledge with an embedding vector. It preserved the origi-
nal hierarchical decomposition information and assigned each type
of primitives to each dimension. Next, we developed HDE-Net to
learn the transformation from the sample space to the embedding
space and also designed four loss functions to train this frame-
work. Qualitative and quantitative experiments are conducted to
demonstrate the effectiveness in both the character classification
and the radical prediction.

Compared with previous works, our HDE-Net has achieved
state-of-the-art performance for zero-shot HCCR tasks. It even
yields higher accuracy than several few-shot learning methods that
used some training samples of test classes. Our HDE-Net is very
suitable for the HCCR tasks when the number of test classes is ex-
tensive, or test classes are rare, or test classes change over time, or
it is expensive to obtain labeled instances. On the one hand, our
work contributes to finding the rules behind Chinese characters’
decomposition knowledge and exploring the relevance of all Chi-
nese characters. On the other hand, Our method can be extended
to many areas with hierarchical structural knowledge and would
be a potential inspiration for zero-shot learning. Because it trans-
forms complex and diverse categories into basic primitive compo-
sitions that allow the underlying information to be shared between
different categories. Since the performance is still worse than hu-
man performance on unseen classes, our framework has the po-
tential to be improved further.
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