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Abstract This paper proposes a novel framework of writer
adaptation based on deeply learned features for online hand-
written Chinese character recognition. Our motivation is to
further boost the state-of-the-art deep learning-based recog-
nizer by using writer adaptation techniques. First, to perform
an effective and flexible writer adaptation, we propose a
tandem architecture design for the feature extraction and
classification. Specifically, a deep neural network (DNN) or
convolutional neural network (CNN) is adopted to extract
the deeply learned features which are used to build a dis-
criminatively trained prototype-based classifier initialized by
Linde–Buzo–Gray clustering techniques. In thisway, the fea-
ture extractor can fully utilize the useful information of a
DNN or CNN. Meanwhile, the prototype-based classifier
could be designed more compact and efficient as a practi-
cal solution. Second, the writer adaption is performed via a
linear transformation of the deeply learned features which
is optimized with a sample separation margin-based mini-
mum classification error criterion. Furthermore, we improve
the generalization capability of the previously proposed dis-
criminative linear regression approach for writer adaptation
by using the linear interpolation of two transformations and
adaptation data perturbation. The experiments on the tasks
of both the CASIA-OLHWDB benchmark and an in-house
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corpus with a vocabulary of 20,936 characters demonstrate
the effectiveness of our proposed approach.

Keywords Writer adaptation · Deep neural network ·
Convolutional neural network · Handwriting recognition

1 Introduction

In the mobile internet era, online handwritten Chinese char-
acter recognition as an input mode has become increasingly
popular on portable devices (e.g., Smartphone, Tablet). Pre-
viously, there were several solutions that could be developed
to build the online Chinese handwriting recognizer (e.g.,
[1,2]). But in real applications, the user experience is not
always satisfactory due to the different writing styles, espe-
cially the cursive and continuous writing styles. To address
this problem, writer adaptation is one solution which aims to
improve the recognition performance and user experience of
a single writer by using the corresponding data samples in a
two-pass recognitionmanner via an unsupervised adaptation
strategy, or by using a small amount of labeled adaptation
data samples collected from the target writer via a super-
vised adaptation strategy. For this study, we focus on the
latter.

For the past several decades, many writer adaptation
approaches have been proposed. Several representative adap-
tation techniques for different models are reviewed as
follows. For example, a writer adaptive online character rec-
ognizer was designed via a time delay neural network where
the last layer is adopted as a linear optimal hyperplane clas-
sifier for adapting to new writing styles in [3]. In [4], a radial
basis function (RBF) network was used as a so-called output
adaptation module on top of standard neural networks. In
[5], writer adaptation via maximum likelihood linear regres-
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sion (MLLR) or maximum a posteriori (MAP) criterion was
conducted for a hidden Markov model (HMM)-based recog-
nition system for cursive German script. Several strategies in
[6] were proposed for adaptation of a prototype-based clas-
sifier, including adding new prototypes, reshaping existing
prototypes, and inactivating poorly performing prototypes.
In [7], a support vector machine (SVM)-based classifier
with a biased regularization was adopted for personaliza-
tion.

Most of the abovementioned adaptation approaches on
top of different classifiers are applied for recognition of the
western languages where there are only a small number of
character classes (e.g., dozens of characters for English).
However, for online handwritten Chinese character recog-
nition, it is more challenging due to the large vocabulary
task with thousands of character classes. By considering
the memory footprint, runtime latency, and also the recog-
nition accuracy, one widely used product solution is the
prototype-based classifier as reported in [2] initialized by
Linde–Buzo–Gray (LBG, the acronyms for the family names
of three authors Yoseph Linde, Andres Buzo and Robert
M. Gray) clustering techniques [8] and further optimized
via a so-called sample separation margin-based minimum
classification error (SSM-MCE) criterion [9], which can be
made both compact [10] and efficient [11] in the recog-
nition stage. Based on the prototype-based classifier, one
type of the adaptation methods is to use a linear feature
transformation for adapting the writing styles via differ-
ent criteria, e.g., style transfer mapping (STM) with a least
regularized weighted squared error criterion [12,13], or
discriminative linear regression (DLR) with SSM-MCE cri-
terion [14,15].

Recently, deep learning technologies have been widely
used for pattern recognition problems, especially in speech
and computer vision areas [16,17]. For both online and
offline handwritten Chinese character recognition, the con-
volutional neural network (CNN) originally proposed in [18]
as a classifier makes a new milestone in terms of recog-
nition accuracy [19,20]. In the 2013 Chinese handwriting
recognition competition task, the system from University of
Warwick [21] using a deep CNN achieved the best perfor-
mance on the online character recognition task, while the
system from the Dalle Molle Institute for Artificial Intelli-
gence (IDSIA) using multi-column deep CNNs [22] and the
system from Fujitsu R&D Center using multiple CNNs [23]
reported the two best results for the offline character recog-
nition task.

So the motivation of this study is to further improve the
recognition accuracy by writer adaptation on top of the high-
performance deep learning-based classifier and make it a
practical solution [15,24]. First, our proposed recognizer can
be considered as a hybrid version of deep learning-based and
prototype-based recognizers in which deep neural network

(DNN) with the first several hidden layers or CNN with the
convolutional layers is adopted as a highly nonlinear and dis-
criminative feature extractor, while the last fully connected
layer is replaced by a prototype-based classifier. The use of
a DNN or CNN as a feature extractor is motivated by the
concept of deep feature representation which is one widely
accepted explanation to the success of deep learning tech-
niques in many applications. Our design can maintain the
high recognition accuracy of a deep learning-based classi-
fier, while many well-established techniques associated with
the prototype-based classifier can be adopted to make it both
compact and efficient as a practical solution. According to
[25], a DNN-based feature extractor plus prototype-based
classifier can be designed to be more compact and efficient
than the prototype-based classifierwith the traditional feature
extraction. In this work, the CNN-based feature extractor is
adopted and compared, which is often more time-consuming
than the DNN-based feature extractor, but with higher recog-
nition performance. Second, we adopt the STM and DLR
approaches for writer adaptation and propose an improved
DLR approach by using a simple regularization method and
adaptation data perturbation. Our experiments conducted on
both the CASIA-OLHWDB benchmark [26], and the data
collected from mobile internet users with a vocabulary of
20,936 characters show the effectiveness of our proposed
approach. Overall, the main contribution of this study is
the design of a novel writer adaptive recognizer incorpo-
rating with the deep learning techniques, specifically by
using a CNN-based feature extractor and an improved writer
adaptation approach via a simple regularization and data per-
turbation strategy.

The remainder of the paper is organized as follows.
In Sect. 2, the prototype-based classifier is introduced. In
Sect. 3, different feature extractors are presented. In Sect. 4,
the writer adaptation approach based on linear transforma-
tion is described. In Sect. 5, we report experimental results.
Finally, we conclude the paper in Sect. 6.

2 Prototype-based classifiers

Asystemoverviewof our prototype-based recognizer is illus-
trated in Fig. 1. In the training stage, first the feature vectors
X = {xr ∈ RD|r = 1, . . . , R} are extracted from the train-
ing samples by different approaches which will be described
in the next section. Then a multi-prototype-based classifier
which can recognize M character classes {Ci |i = 1, . . . , M}
is constructed by using the LBG clustering algorithm [8].
Each class Ci is represented by a set of Ki prototypes
λi = {mik ∈ RD|k = 1, . . . , Ki }, where mik is the kth pro-
totype of the i th class with D dimension. Let us use� = {λi }
to denote the set of prototypes for all classes, which is refined
by minimizing the following SSM-MCE objective function:
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Fig. 1 Overall development flow of the recognizer

Fig. 2 Comparison of three feature extractions

l(X ;�) = 1

R

R∑

r=1

1

1 + exp[−αd(xr ;�) + β] (1)

where α, β are two control parameters, and d(xr ;�) is
a misclassification measure defined by a so-called sample
separation margin (SSM) [24]. To optimize this objective
function with the parameter set �, the Rprop algorithm is
adopted as described in [2]. At the recognition stage, with
the feature vector extracted from the unknown sample, the
recognition is performed based on a prototype-based classi-
fier.

3 Feature extraction

In this work, three feature extraction approaches are com-
pared, as shown in Fig. 2. The first one is the conventional
feature extraction for Chinese handwriting, namely the 8-
directional raw feature extraction followed by linear discrim-
inant analysis (LDA) transformation for dimension reduction
[27]. The second one is the DNN-based feature extraction
which also uses 8-directional raw features as the input of
the following DNN for feature learning. The third one is
the CNN-based feature extraction including the generation
of 8-directional pattern images which are the intermediate
products of the 8-directional raw features [27] and the CNN-
based feature learning. The three systems corresponding to
those features are denoted as LDA-MP, DNN-MP, CNN-MP,

Fig. 3 DNN-based feature learning

respectively. Next, the details ofDNN-based andCNN-based
feature learning are described.

3.1 DNN-based feature learning

As shown in Fig. 3, DNN learned features [28,29] can be
generated from a DNN where one of the internal layers (bot-
tleneck layer) has a small number of hidden units, relative
to the size of the other layers. The bottleneck layer creates a
constriction in the network that forces the information perti-
nent to classification into a low-dimensional representation.
In this work, bottleneck features are created from a deep neu-
ral network trained to predict character classes. The inputs to
the hiddenunits of the bottleneck layer are used as features for
a prototype-based classifier. These bottleneck features rep-
resent a nonlinear and discriminative transformation of the
input features. The training procedure of this DNN consists
of generative pre-training via a restrictedBoltzmannmachine
(RBM) [30] layer-by-layer and supervised fine-tuning using
the cross-entropy criterion [25].According to [25], the design
of the DNN-MP recognizer can be even more compact and
efficient (with less runtime latency) than the LDA-MP rec-
ognizer meanwhile with a higher recognition accuracy.

3.2 CNN-based feature learning

We adopt a modified CNN architecture with alternating con-
volutional andmax-pooling layers proposed in [21], which is
inspired by [31,32]. As shown in Fig. 4, the CNN consists of
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Fig. 4 CNN-based feature learning

one input layer, one fully connected layer, one output layer,
and several groups of convolutional layers, max-pooling lay-
ers, and cascaded cross channel parametric (CCCP) layers.
According to [33], one CCCP layer is equivalent to a con-
volutional layer with a 1×1 convolution kernel, which can
make the CNN-based recognizer much more compact and
efficient while maintaining the recognition accuracy. Eight-
directional pattern images plus one image with original ink
trajectories are collected for the input layer, which is one
alternative to the signature representation mentioned in [21].
Each node in the output layer corresponds to one charac-
ter class. All layers of the CNN model are trained using
the backpropagation algorithm. For error propagation and
weight adaptation in fully connected, convolutional, and
max-pooling layers we follow the standard procedure. After
CNN training, only the parameters before the fully connected
layer are left to extract the final feature vector which is fed to
the prototype-based classifier described in the next section.
So the CNN-based feature extractor which is irrelevant to
the number of the character classes could be designed very
compact, e.g., with a size of <2 mega bytes for the CNN
architecture used in the experiments conducted on the in-
house corpus.

4 Writer adaptation

Given a set of labeled adaptation data Y = {yr ∈ RD|r =
1, . . . , R′} collected from a single writer, the writer adapta-
tion is performed via a linear feature transformation of the
feature vector (LDA/DNN/CNN-based feature):

xr = F(yr ;�) = Ayr + b (2)

where� = {A,b} denotes the set of transform parameters.A
is a D×D nonsingular matrix and b is a D-dimensional bias
vector. yr and xr are the r th D-dimensional input and trans-
formed feature vectors, respectively. In this study, we focus
on the supervisedwriter adaptation as inmost cases the labels
of adaptation samples could be provided by the users when
they select the true label from the recognition candidates dis-
played on the interface of the handwriting application. In the
recognition stage, the estimated parameters {A,b} are used

to transform the feature vector of each unknown sample first,
which is then fed to the classifier for recognition.

4.1 Style transfer mapping

One popular approach is the style transfer mapping proposed
in [13]. In STM, first we define the source point set as the
set of feature vectors of adaptation samples (i.e., Y), and the
target point set as the set of the corresponding prototypeswith
the minimum Euclidean distances to those features vectors.
Then a style transfer matrix ASTM could be found to solve
the following optimization problem with a least regularized
squared error criterion:

min
ASTM

R′∑

r=1

‖ASTMyr − tr‖22 + β1‖ASTM − I‖22 (3)

where tr is the target point set as the corresponding prototype
with the minimum Euclidean distances to the input feature
vector. The hyperparameter β1 can be set according to [12].
In [13], an extended formulation with a bias vector is also
derived. In our experiments, the STMapproach in [12] is used
for performance comparison. With a closed-form solution of
the above problem for ASTM, STM-based approach is quite
effective when there is only a small amount of adaptation
data.

4.2 Discriminative linear regression

But the recognition performance is easily saturated with
increased adaptation data. The reason might be the objec-
tive function of STM, namely the least regularized weighted
squared error criterion, only considers the fitting between
the transformed features and the target features, not dis-
criminating different character classes from the aspect of
pattern classification. Another adaptation approach is dis-
criminative linear regression, verified to be effective for
handwriting recognition [15], especially with a large amount
of adaptation data. To learn the corresponding transforma-
tion �DLR = {ADLR,bDLR}, the same SSM-MCE objective
function as the criterion of the classifier training is adopted:

l(Y;�,�DLR)

= 1

R′
R′∑

r=1

1

1 + exp[−αd(yr ;�,�DLR) + β] (4)

where

d(yr ;�,�DLR) = −gp(xr ; λp) + gq(xr ; λq)

2 ‖ mpk̂ − mqk ‖ . (5)
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xr in Eq. (5) is defined in Eq. (2). The optimization procedure
for �DLR is the same as in [14,24]. From the viewpoint of
classification measure, SSM-MCE seems a more reasonable
objective function to learn the feature transform compared
with STM, which is also confirmed by our experiments.

4.3 Improved DLR

To improve the regularization of DLR-based adaptation
and fully tap its potential with large adaptation data, two
strategies are presented. The first one is a simple linear
interpolation between STM-based and DLR-based transfor-
mations as a regularization to DLR:

AIDLR = β2ADLR + (1 − β2)ASTM (6)

where the factor β2 is adaptive with the number of adaptation
data R′ and can be empirically set as:

β2 = 0.5 + 0.1 ∗ log2
R′

NT
. (7)

NT is a threshold for the number of adaptation data R′. Eq. (7)
only holds for β2 in the range [0,1]. If β2 < 0, then it will
be set to 0, which implies that we only use the STM-based
transformation with a very few amount of adaptation data.
If β2 > 1, then it will be set to 1, which indicates that only
the DLR-based transformation is adopted with quite a large
amount of adaptation data.

The second strategy is a simple perturbation, which can
synthesize more adaptation data by using deformations of
handwritten characters. This is motivated by the recent suc-
cess of using distorted samples to improve the generalization
performance of DNN-based classifier [34] and other classi-
fiers [35].Webelieve that the perturbation could alsowork for
writer adaptation by carefully designing the deformations. In
this work, the distorted operations including rotation, shear-
ing, and scaling are randomly performed on the original
adaptation samples.

5 Experiments and results

The experiments are first conducted on an in-house corpus for
the task of recognizing isolated online handwritten Chinese
characters with a vocabulary of 20,936 character classes. For
training, we use in total 25,560,960 character samples, more
than 1000 samples per character class. The training data are
collected from a large amount of real users with different
mobile devices, which is quite different from the in-house
corpus used in our recent work [15]. As for the adaptation
and test data, the samples of 200 new users collected across
several months are used, including total 1,849,643 samples

within 4799 classes. For each writer, one half of the samples
is randomly selected as adaptation data to learn the feature
transformation parameters, while the other half is used as test
data.

To evaluate on a standard benchmark, we also verify our
approach with a CNN-based feature extractor on the public
database released by the Institute of Automation of the Chi-
nese Academy of Sciences (CASIA) [26]. By combining all
of the OLHWDB1.0 and the training set of the OLHWDB1.1
datasets, there are totally 2,468,624 samples of 3755 charac-
ter classes for training of the CNN and the prototype-based
classifier.Weuse all 60writers from the competition data [20]
and randomly divide them into two halves for each writer,
one half as the adaptation set and the other half as the test
set.

5.1 Parameter seining and development

For the experiments on the in-house corpus, a 392-dim-
ensional 8-directional raw feature vector is extracted which
is then transformed to a 100-dimensional feature vector by
LDA. The DNN architecture is 392-1024-1024-1024-100-
20936, where three hidden layers are used with 1024 nodes
for each, and the input/output size is 392/20936, respectively.
The dimension of the DNN-based feature vector is 100,
corresponding to the size of bottleneck layer. TheCNNarchi-
tecture is 48×48×9-100C3-MP2-50CCCP-150C2-MP2-
75CCCP-200C2-MP2-100CCCP-250C2-MP2-100CCCP-
100N-20936,where xCy is a convolutional layerwith x maps
and y×y filters,MPy is amax-pooling layer with y×y pool-
ing size, xCCCP is a CCCP layer with x maps, and xN is
a fully connected layer with x neurons. This configuration
denotes that the input layer is 48×48×9 pattern images,
the dimension of the final feature vector from the fully con-
nected layer is 100, and the output layer is 20,936 character
classes. We use the Caffe toolkit to implement the CNN,
and the total training time of this CNN is about 53 hours.
It should be noted that this compact CNN feature extractor
with a small amount of parameters in each layer excluding
the input layer can still maintain the high recognition accu-
racy of the CNN architecture with much more parameters in
the corresponding layers. For Rprop-based SSM-MCE train-
ing and adaptation, the setting of the control parameters is as
in [2,14]. For IDLR, NT is set to 2048 and we use 50-fold
distorted samples for perturbation. The number of prototypes
for each character class is non-uniformly set as 4 for 2864
commonly used characters and 1 for 18,072 uncommonly
used characters. To handle the large-scale training data, the
computations of the LBG clustering, SSM-MCE training,
and adaptation with the Rprop algorithm are parallelized on
the CPU cluster, while DNN/CNN training is performed on
GPUs.
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For the experiments on the CASIA database, the architec-
ture of the CNN is 96×96×9-150C3-MP2-300C2-MP2-
450C2-MP2-600C2-MP2-700C2-900N-3755. The learning
rate is initially set to 0.02 and decayed with an exponential
factor of 0.999995 in each epoch. The strategy of weight ini-
tialization is “xavier” [36], which is an approach to uniform
sampling in the interval adaptive to the size of input layer.
The number of epochs is 630000. The dropout strategy is
only used for the last four layers (including the fully con-
nected layer) with the corresponding probabilities 0.1, 0.2,
0.3, 0.4, respectively. The sample distortion is not used. For
the prototype-based classifier, four prototypes are used for
all classes. In STM, the hyperparameter β̃ in [12] is set to
2. In DLR and IDLR, α and β are set to 20 and 0, respec-
tively. Please note that the adaptation data perturbation is
only used in IDLR. All the other parameters are the same as
those in the experiments on the in-house corpus. Finally, to
help the reader to implement the CNN, a recipe for build-
ing the DeepCNet [21,37], which won the task 3 of 2013
Chinese handwriting recognition competition, is given. Our
implementation using the Caffe toolkit mostly refers to this
recipe.

It should be emphasized that the parameter settings, e.g.,
DNN or CNN architecture, might vary for different tasks in
terms of vocabulary size, the amount and diversity of train-
ing data, etc. For example, the initial learning rate of CNN,
one important factor to control the learning convergence,
is usually tuned on a small cross-validation set randomly
held out from the training set. In the DNN/CNN training,
the parameter setting is really like an art. But fortunately,
with the development of deep learning in many applications
(speech recognition, image recognition, handwriting recog-
nition, etc.) and the corresponding toolkits, there are many
papers or documents to help you to rapidly design a good neu-
ral network for a specified task. In our study, the design of
DNN/CNN architectures mainly refers to the previous work
such as [16,17,19,22,25,31,33,36,37].

5.2 Experiments on the in-house corpus

Table 1 gives a performance comparison of different fea-
ture extraction systems on the test set of all 200 writers. The
systems “LDA-MP,” “DNN-MP,” “CNN-MP” use the same
multi-prototype-based classifiers with different approaches
to extract the same 100-dimensional feature vector. We can
observe that without writer adaptation CNN-based feature
extraction significantly outperforms the other two feature
extractors, with relative character error rate (CER) reductions
of 34 and 21% over the LDA-based and DNN-based feature
extraction, respectively. The reason why “CNN-MP” is bet-
ter than “DNN-MP” might be that more input information
is provided by the CNN than the DNN (392 vs. 48×48×9)
and CNN can handle it well via the convolutional operations.

Table 1 Performance (CER in %) comparison of different feature
extraction systems on the test set

LDA-MP DNN-MP CNN-MP

Baseline 8.84 7.35 5.83

STM 6.86 6.06 4.5

Table 2 Performance (CER in %) comparison of CNN and CNN-MP
recognizers on the test set

System CNN-MP CNN

CER 5.83 5.63

Table 3 Performance (CER in %) comparison of different adaptation
approaches on the test set using 6000 adaptation samples

STM DLR IDLR-LI IDLR-DP IDLR

CER 4.43 3.91 3.83 3.76 3.68

For the adaptation using STM, 1000 samples for each writer
are used for learning the transformation. Large performance
gains are consistently achieved by STM adaptation over the
baseline for all systems.With STM adaptation “CNN-MP” is
still the best system, yielding relative CER reductions of 34%
and 26% over the “LDA-MP” and “DNN-MP” approaches,
respectively. By considering this, all the subsequent adap-
tation experiments are conducted on top of the “CNN-MP”
system.

Table 2 shows a performance comparison of two CNN-
based systems averaged on all 200 writers of the test set
without writer adaptation. The “CNN-MP” system uses the
multi-prototype-based classifier with the CNN-based fea-
ture extraction proposed in this work. The “CNN” system
is a conventional purely CNN-based classifier. Our proposed
“CNN-MP” system is slightly worse than the “CNN” sys-
tem, but can be designed to be more compact and is efficient
as a practical solution. Furthermore, the “CNN-MP” sys-
tem with writer adaptation can significantly outperform the
best “CNN” system, which is demonstrated in the following
experiments.

Table 3 compares different adaptation approaches on the
test set using 6000 adaptation samples. The baseline system
without adaptation is “CNN-MP” in Table 2. “IDLR-LI” and
“IDLR-DP” refer to the IDLRsystemsusing only linear inter-
polation or data perturbation, respectively. Obviously, both
“IDLR-LI” and “IDLR-DP” can generate performance gains
over DLR demonstrating the effectiveness of each strategy.
Also an additional gain can be achieved by combining two
strategies in the final IDLR system.

Table 4 lists a performance comparison of three adapta-
tion approaches with different amounts of adaptation data
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Table 4 Performance (CER in %) comparison of three adaptation
approaches with different amounts of adaptation data

# of adaptation samples 200 500 1000 6000

STM 4.8 4.6 4.5 4.43

DLR 4.77 4.5 4.31 3.91

IDLR 4.7 4.42 4.18 3.68

Table 5 Comparison of different classifiers with CNN-based feature
extraction in terms of model size and latency

LC MPC MPC-Opt

Model size (MB) 8.0 11.3 2.1

Runtime latency (ms) 4.2 6.1 2.0

averaged on 200 writers of the test set. The baseline system
without adaptation is “CNN-MP” in Table 2. Four config-
urations with different numbers of adaptation samples are
compared, namely 200, 500, 1000, and 6000. First, on top
of the high-performance baseline with a 5.83% CER, the
STM-based writer adaptation with more than 500 adapta-
tion samples can achieve more than a 20% relative error rate
reduction. Second, with the increased amount of adaptation
data, the performance of the STM-based approach is quickly
saturated, while the error rates of both DLR and IDLR are
still significantly decreased. The superiority of DLR/IDLR
over STM can be explained as the objective function of the
DLR/IDLR-based adaptation, namely the SSM-MCE crite-
rion which is exactly the same as that for the prototype-based
classifier training, is closer to the recognition measure than
the least regularized weighted squared error criterion used in
the STM-based adaptation. Also the discriminative criterion
will be more powerful with more adaptation data. We can
imagine that the performance gap between IDLR and STM
will be larger with more adaptation data, which results in a
better user experience. Finally, the effectiveness of IDLR can
be verified by the observation that the relative performance
gain of IDLR from DLR is consistently comparable to that
between DLR and STM for different amounts of adaptation
data. Overall, a 16.9% relative character error rate reduction
is yielded by IDLR over STMwith 6000 adaptation samples.

Figure 5 gives a performance comparison of different
adaptation approaches for each test set of 20 selected writ-
ers sorted by the baseline recognition performance. For each
writer, no more than 6000 adaptation samples are used. In
general, the similar observations as in Table 4 for each writer
can be made with the same order sorted by character error
rate, namely Baseline>STM>DLR> IDLR. There is only
one exception on writer No.13 where the performance of
DLR is the same as STM. Although the baseline recognition
error rate varies from 17.37 to 1.27% for different writers, Ta
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Fig. 5 Performance (sorted by Baseline CER in %) comparison of different adaptation approaches for each test set of 20 writers selected from all
200 new users of the in-house corpus

the IDLR-based adaptation achieves consistently the best
recognition performance, with the relative character error
rate reductions of 54% at most and 22% at least over the
baseline system.

Finally, we compare different classifiers with CNN-based
feature extraction in terms of model size and runtime latency
(per character) as shown in Table 5. LC denotes the linear
classifier represented by the last hidden layer of the CNN
(100*20,936), while MPC refers to the multi-prototype-
based classifier. MPC-Opt is an optimized version of MPC
by using the well-established split vector quantization (VQ)
[10] and fast match tree [11] techniques. In split VQ, 50
sub-vectors are usedwith two dimensions for each. The code-
book size is 256. For the fast match tree, 2048 buckets are
used. With this configuration, MPC-Opt can achieve exactly
the same recognition accuracy as MPC on the test set. From
Table 5, although themodel size and runtime latency ofMPC
is comparable or slightly more than LC, MPC-Opt needs
much smaller resources and is more efficient than both.

5.3 Experiments on the CASIA-OLHWDB benchmark

In Table 6, the performance comparison of different adapta-
tion approaches for CASIA competition data of each writer
is given. The baseline system with an average CER of 3.34%
among60writers is denoted asCNN-MP,which is namely the
CNN-based feature extraction plus multi-prototype-based
classifier. Most of the STM results are better than those of
the baseline system, with a relative CER reduction of 9.0%
in average. The DLR results are mixed compared with the
STM results, while most of the IDLR results are better than
the STM or DLR results, yielding a relative CER reduc-
tion of 12.9% over the baseline in average. Obviously, the

relative gains from all adaptation approaches on the CASIA-
OLHWDB dataset are smaller than those in Fig. 5. The
possible reasons for those different observations of writer
adaptation are summarized as: (1) The baseline performance
of the CASIA-OLHWDB data is higher than that of real user
data in average, (2) the writer adaptation on the CASIA-
OLHWDB task is more difficult than that on real user data
as there is no character class overlap between adaptation and
test set (only one sample for each character), while for real
applications this overlap is permissible which implies that
more similar writing styles of test data can be learned from
adaptation data, (3) the amount of adaptation data for each
writer in the CASIA-OLHWDB task (no more than 2000
samples) is less than that of real user data (6000 samples at
most).

Finally, in Fig. 6, we make an interesting comparison
between two models trained with the user data of the in-
house corpus (denoted as UD) and the CASIA-OLHWDB
database (denoted as CASIA) for the writer adaptation on
the same real users as in Fig. 5. To perform a fair comparison
between these, only the samples of 3755 character classes
are used for adaptation and test set to guarantee that there is
no sample out of vocabulary for the two models. First, we
could observe thatwithout adaptation theUDmodel achieves
much better recognition performance than the CASIAmodel
on the real user data. In comparison to the results in Table 6,
it is clear that there are huge differences of recognition accu-
racy between two test sets using the same CASIA model.
By considering that a larger CNN and a higher dimensional
feature vector for the prototype-based classifier is adopted
for the CASIA model, we could conclude that the train-
ing data from diversified real users (e.g., used to train the
UD model) are crucial to the recognition accuracy in real
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Fig. 6 Performance (sorted by Baseline-UD CER in %) comparison of two models (trained using UD and CASIA data) with different adaptation
approaches for real user data of each writer. (UD user data of the in-house corpus, CASIA CASIA-OLHWDB database)

applications. Second, the STM-CASIA system almost yields
50% of relative CER reductions over the Baseline-CASIA
system for most of the writers, which are more significant
than those achieved by the UD model. However, after STM-
based adaptation, the UDmodel still outperforms the CASIA
model (with only one exception on No. 14), but the perfor-
mance gap is largely reduced, which is more significant for
DLR-based adaptation. The best recognition performances
(mostly<10%CERs) are consistently obtained by the DLR-
based adaptation on top of both UD and CASIAmodels. This
observation implies that with writer adaptation, the recog-
nition performance might be not highly dependent on the
baseline model. It is really a good news for the developers
without the diversified training data at hands. With a weak
baseline model, it is believed that the Chinese handwriting
recognizer can be progressively boosted with the proposed
writer adaptation approach. With more frequent uses of the
recognizer by the customers, the higher recognition accuracy
can be expected. Finally, for the improvements of STM- and
DLR-based adaptation over the two baseline models, similar
observations could be made as in Fig. 5.

6 Conclusion

In this work, we investigate the writer adaptation for the
prototype-based recognizers using different feature extrac-
tions. The experiments are performed on real user data
including training, adaptation, and test sets.CNN-MPachiev-
es the best recognition accuracy over LDA-MPandDNN-MP
with/without writer adaptation. As for different adaptation
approaches, STM-based adaptation is quite effective with a
small amount of adaptation data, while DLR approach can
significantly improve the recognition accuracy over STM
approach with more adaptation data. Furthermore, our pro-
posed IDLR approach by using distorted samples and a
simple regularization can yield consistently performance
gains over the DLR approach.
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