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Abstract. In this paper, we focus on the challenge of characters synthesis problem: synthesizing highly-stylized 
characters based on just observing very few examples. We treat this problem as image translation problem and propose 
a cascaded stack network which consists of two stages: first synthesize kinds of rough target characters based on 
observed characters; then input the rough characters as a stack to synthesize the final decorated target character. (e.g., 
synthesize rough “A” from other characters and then input these rough “A” as a stack to synthesize the final stylized 
“A”). Additionally, we establish a large-scale dataset that contains various styles of characters. We evaluate the 
proposed method as well as other style transfer methods on our collected dataset and a public dataset. The extensive 
results and quantitative evaluation demonstrate the effective of our method. 
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1 Introduction  

In recent years, neural style transfer (e.g., semantic style transfer [1], fashion style transfer [2], video style transfer [3] 
and character style transfer [4]) has drawn increasingly attention in computer vision field. Among them, character style 
transfer tends to attract attention for its great practical application. For example, taking a poster or a business card into 
consideration that professional artists invest hours of time designing the characters to decorate the poster or business card 
(shown in Fig. 1). Is there an effective way to synthesize the target characters? Could non-professionals synthesize their 
desired characters in a simple way? In this paper, we will explore an efficient method for the problem of characters 
synthesis.   

Previous research on characters synthesis can be classified into two categories: tradition methods which are based on 
statistics [5, 6] and contemporary methods which are based on deep learning [7, 8, 9]. The former generate new characters 
by re-sampling pixels or stylized patches from original characters, and then estimating the correlation between original 
and target characters on pixels or patches to assemble the target characters.  These methods are faster but perform poorly 
on effects. The second kinds of methods synthesize characters based on deep neural network, which could learn the 
mapping between observed and target characters automatically. Such methods could get superiority results and can deal 
with multiple styles. 

In this paper, we propose a novel neural style transfer network to synthesize characters through two parts. The first 
part is an auto-encoder based model acting as a rough characters synthesis network. This part encodes the observed 
characters to character feature representation and then decodes the feature representation to rough results. The auto-
encoder is an effective network which could extract useful texture and content representation of input images [10]. Taking 
the difference between source and target characters into consideration, the first network usually synthesize characters that 
contains missing strokes and uneven color. It is a one-to-one mapping network that forcing a certain target character to 
learn parts of styles from the given character. The similarity between characters effects the synthesize results to a great 
extent. For better utilizing the partial well synthesized style from different characters, we develop an additional auto-
encoder network named as a stack network, which takes the generated characters of first part as input to synthesize the 
final highly-stylized results. Finally, we train the two parts with L1 loss and adversarial loss to synthesize target characters. 

In summary, our contributions are fourfold: 
• We propose a cascaded stack network which can synthesize highly-stylized characters. Compared with other character 

style transfer methods, our approach can produce stable and real-look results for multiple character style transfer;  
• Our proposed model could synthesize high-quality character results based on observing very few samples. 

Effectiveness experiments have shown that only 5 observed samples could generate satisfactory results;  
• A new quantitative evaluation on character style transfer algorithm is proposed by calculating style error and content 

error, which will effectively measure the deviation between source images and target images on style and content; 
• We establish a large-scale dataset for characters synthesis, which includes 30K character images. In order to increase 

the diversity of our collected dataset, we expand our basic font by adding color and texture to produce this large-scale 
dataset. 
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(a)                                                                         (b) 

Fig. 1. Illustration of the character synthesis task. Given a poster with slogan “YES YOU CAN” ( (a) left ). Synthesizing the target 
slogan “JUST DO IT” ( (a) right ) based on the observed slogan. Given a business card with name “Peter Wk” ( (b)  left ). Synthesizing 
the target name “Jush Goa” ((b)  right ) based on the observed name. 

2  Related work  

2.1  Image style transfer  

Gatys et al. [11] firstly successfully applied CNNs to image style transfer. They proposed image representation (i.e., 
content representation and style representation) for neural style transfer. Since then, they opened a new filed named Neural 
Style Transfer (NSF) [12]. But they also remains a mystery. How to extract exact feature lays from VGG19 [13] and why 
Gram matrices of neural activations could represent style remains unclear. Later, Li et al. [14] theoretically proved that 
calculating the Gram matrices is equivalent to minimize a specific Maximum Mean Discrepancy (MMD) [15]. Ulyanov 
et al. [16] employed a feed-forward networks for synthesis of textures and stylized images, their proposed networks are 
remarkably light-weight and can generate quality result with hundreds of times faster. For arbitrary style transfer, Gu et 
al. [17] introduced a method by reshuffling deep feature which can preserve globally similar style images and avoid wash-
out artifacts. 

2.2       Generative Adversarial Networks  

Goodfellow et al. [18] firstly proposed Generative Adversarial Networks (GAN) for image generation, which catches 
attention in both academia and industry. Their proposed networks are divided into a generator and discriminator. The 
generator versus a discriminator and the discriminator tries to distinguish the real or fake images. Since then, GAN has 
attracted rapid development and several fundamental GAN models have been proposed. Such as cGAN [19], DCGAN 
[20], WGAN [21]. Isola et al. [22] employed a cGAN for paired data style transfer and achieved satisfactory results in 
variety scenarios. However paired data are hard to collect. To solve this problem, Liu et al. [23] proposed CoGAN to 
learn joint distribution for unsupervised image synthesis problem. Recently, Zhu et al. [24] employed CycleGAN for 
unpaired training which can learn the mapping between different domains without paired input images. 

2.3       Character Style Transfer  

The goal of character style transfer is to synthesize target fonts and style with several observed referenced images. For 
traditional methods, Xu et al. [25] proposed a method based on shape modeling to automatically generate novel artistically 
calligraphy characters and Lian et al. [26] proposed stroke extraction algorithm for large scale handwriting font synthesis. 
More recently, Yang et al. [5] modeled the distance-based essential characteristics of high-quality text effects and lever-
aged them to guide the synthesis process. For neural network method, Atarsaikhan et al. [27] directly applied [11] to font 
style transfer and achieved remarkable results. Upchurch et al. [28] adopted a supervised method and assigned each char-
acter a one-hot label to solve single-image analogies. A recent work [9] employed cGANs for highly-stylized character 
synthesis. The glyph network is designed for shape prediction and the ornamentation network is designed for color and 
texture prediction. 

3  Proposed method 

In this section, we describe the proposed model in details. As is shown in Fig. 2, our model consists of two cascaded parts 
which have similar network architecture but with different inputs. We named them as auto-encoder network and stack 
network respectively. The first part can transfer a handful of observed characters to rough results through one to one 
mapping. The generated rough results are stacked and input to the second stack network to synthesize the final target. 

3.1       Auto-encoder Network  

The auto-encoder network consists of an encoder and a decoder, where the encoder contains a series of  Convolution - 
BatchNorm-LeakyRuLUs [29] which take a handful of observed characters as input and then produce  a latent feature 
representation. The decoder contains a series of Deconvolution – BatchNorm – LeakyRuLUs [29]  which take the feature  
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Fig. 2. The architecture of our proposed model. The left part is our auto-encoder network, which can synthesis rough results. The right 
part is our stack network, and this part can extract the features of rough results which is put as stack and synthesize stylized target. 
 
representation  as input and  finally produce the rough results. The first convolution layer contains 7 7  kernel size and 
2 2  stride and the rest convolution layers contain 5 5  kernel and 2 2  stride. Respectively the first deconvolution layer 
contains 7 7  kernel size and 2 2  stride and the rest convolution layers contain 5 5  kernel size and 2 2  stride. All Re-
LUs are leaky with slope 0.2. 

The input to auto-encoder are a handful of observed character images set  consists of  k referenced images with same 
style but different contents 

                                                                                   퐶 = {퐼 , 퐼 , … , 퐼 }                                                                          (1) 

3.2  Stack Network  

Although the one-to-one mapping auto-encoder network can generate the synthesized target, the stroke information may 
be lost due to the dissimilarity between the referenced and target characters. Considering these rough results share almost 
same content and style. We design a novel stack network which shares the similar network architecture but takes a stack 
with multiple generated rough results as input. With the stack network, correlations between rough target images are 
learnt by channel concatenation. The input to the stack network are rough results which are concatenated as a stack and 
the vacant characters are valued as zero. The channel is c, where c is the channel of observed image.         

The sort of channel concatenation follows the order of alphabet. For unobserved characters, the channel will take zero 
to replace. As shown in Fig. 2, the upper part stacks the rough results generated from “B”, “H”, “Q”, “S”, “W”, which 
are represented in green. And the rest unobserved characters will be showed in grey. This stack network can increase the 
robustness of proposed method and flexibility of observed characters input. 

                                                                                  푆 = {퐼 , 퐼 , 퐼 , … , 퐼 }                                                                   (2) 

The encoder and decoder of proposed stack network are similar with the auto-encoder part which composed by a 
series of Convolution-BatchNorm-LeakyRuLUs and Deconvolution– BatchNorm-LeakyRuLUs. The input  channel of 
stack network is 26 c , so the channels of feature representation are changed to 128, 256, 256, 512 and 512. 

3.3  Loss Function  

Illustrated in Fig. 2, given a handful of observed characters (e.g., “B”, “H”, “Q”, “S”, “W”). The goal is to generate the 
rest characters in alphabet (e.g., “A”, “C”, “D”, “E”, “F”, “G”, “I”, “J”, “K”, “L”, “M”, “N”, “O”, “P”, “R”, “T”, “U”, 
“V”, “X”, “Y”, “Z”). 

For the auto-encoder network, given the training sample(x, y) where x represent the observed characters and y repre-
sent the target characters. Let 1A  (·) be the auto-encoder network. We use  pixel-wise  L1  loss rather than L2 as L1 loss 
tends to get sharper and cleaner images. We define the loss function as followed: 

                                                                    퐿 = 퐸 , ~ ( , )[||푦 − 퐴 (푥)|| ]                                                      (3)                            

Additionally, since adversarial loss tents to make the output look real. In our work, we let the auto-encoder network 
as the image generator and define D(·) as the discriminator. So we define the adversarial loss as: 

                                      퐿 = 퐸 , ~ ( , )[푙표푔퐷(푥, 푦)] + 퐸 ~ ( )[log (1 − 퐷(푥, 퐴 (푥)))]                         (4) 

For the stack network, we take k rough results as the input and put them as a stack y . The rest characters in alphabet are 
set to zero. Let 2A  (·) be the stack network We use L1 loss and define the loss function as followed: 

                                                                           퐿 = 퐸 , ~ ( )[||푦 − 퐴 (푦 )|| ]                                             (5) 
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Fig. 3.The flowchart of calculating style error and content error. 푎⃗ and  푝⃗ are generated images and  푥⃗ is ground truth images respec-
tively. 퐿  are calculated to give the style error (left) and 퐿  are calculated to give the content error (right). 

 
We also employ the adversarial loss to the stack network as: 

                                                           퐿 = 퐸 , ~ ( , )[푙표푔퐷(푥, 푦)] + 퐸 ~ ( )[log (1 − 퐷(푥, 퐴 (푥)))]                       (6) 

 

3.4  Calculate Style Error And Content Error  

Gatys et al. [11] applied a deep CNNs, such as VGG19 to image style transfer. They proposed deep image representation 
(i.e., style representation and content representation) for style transfer.  VGG19 is pre-trained for neural scene object 
recognition. We use it for calculating the style error and content error as shown in Fig.3. Firstly, the synthesized images   
and ground truth images run through VGG19. Style representation on layers “conv1_1”, “conv2_1”, “conv3_1”, 
“conv4_1”, “conv5_1” are calculated by Gram matrix l lN NlG R  ,where ijG  is the inner product between feature  maps i  
and j in layer l: 

                                                                              퐺 = ∑ 퐹 퐹                                                                            (7) 

Then calculating the total style error as below definition: 

                                                                        퐸 = ∑ (퐺 − 퐴 )                                                                       (8) 

Where lA  and lG  represent their style representation in layer l .  lN and  lM represent the filters has lN feature maps with 
size lM . 
Lastly, the total style error with weighting factors is defined as bellow: 

                                                                              퐿 (푎⃗, 푥⃗) = ∑ 푤 퐸                                                                  (9) 

Similarly, content error on layers “conv4_2” is calculated as below definition: 

                                                                              퐿 (푝⃗, 푥⃗, 푙) = ∑ (퐹 − 푃 )                                                         (10)  

Where  and represent the content representation of generated images and ground truth images in layer l. 

4  Experiments 

In this section, we evaluate the proposed network for characters synthesis. We firstly apply two datasets to validate our 
proposed model. Then we compare the proposed method with other character style transfer methods. 

4.1  Dataset 

lF lP
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Fig. 4. (a) Some character images from MC-dataset grey font, which has 10K latin fonts. (b) Applying random color gradients on grey 
font, resulting 20K character images. (c) Our collected dataset which contains 30K character images. 

 
Azadi et al. [4] collected a dataset including 10K gray-scale Latin fonts which are 64×64 pixels. A few exemplar fonts from 
this large datasets are depicted in Fig. 4. (a). To extent the dataset, they applied random color and gradients outlining on 
Latin font, resulting in a 20K dataset which is partly shown in Fig. 4. (b).  We name this dataset as MC-dataset in this paper.  

Additionally, we introduce a dataset with 30K images which has about 600 fonts. Each font contains 50 colors and 
textures that are depicted partly in Fig. 4. (c). We name it as collected dataset. All character images are reshaped to 64×64 
pixels. In MC-dataset and our collected dataset, 80% of the images are used for training and the rest for test. 

4.2 Experimental Results 

Rough results of auto-encoder network. As shown in Fig. 5(a)-(b), we evaluate the network not only on grey dataset but 
also on colorful dataset. For each kind of dataset, three group samples are displayed. We try to use “B-Z” (i.e., the rest 
character in alphabet except “A”) as input images to synthesize “A”. Comparing with ground truth images, it is obvious 
that the rough results are not satisfied with stroke and texture information lost. But through in-depth analysis, we can 
observe that the rough results of  “I”, “L”, “M” and “R”  are better than the rough results of  “J”,”O”, “U” which indicates 
the potential correspondence between analogous characters will contribute more in the synthesis process. It proves the 
correlations between analogous characters can be learnt. 
Stylized results of proposed stack network. The results of the auto-encoder network indicate the correlations between 
analogous characters. So we employ a stack network to refine our  rough  results.  As shown  in  Fig. 6 ,  We  take the 
rough outputs  as a stack input (i.e., the stack inputs have shape w×h×(c×26),where w, h represent the width and height 
of character image,  c  represents  the  channel  of  image.  As for colorful images, c is valued as 3. For grey images, c is 
valued as 1 ). We use k to represent different number of observed characters. In practice k=25, 10, 5 have tried. All results 
with different k have illustrated in Fig. 6. We can see the superior results are obtained by the proposed stack network.  

4.3 Comparison With Other Style Transfer Methods 

1) MC-GAN [4]: MC-GAN is proposed for Latin characters style transfer. To achieve the task for few examples 
image transfer task, they propose two cGAN models where the first model pays attention on glyph synthesis and the other 
focuses on ornamentation synthesis. The total networks are optimized with L1 loss and adversarial loss. 

2) Patch-based [5]: Patch-based synthesis method is proposed for decorated texts transfer. It aims to convert the high 
correlation between the sub-effects patterns and relative spatial distribution for text effects generation. Since it is designed 
only for characters synthesis on clean glyph. Similar to [4], we use the results of [4] pre-trained Glyph Net as input 
characters to ensure the fair comparison. 

Qualitative evaluation. We train the proposed model and other character style transfer methods as above mentioned. 
The results are shown in Fig. 7. Given a very few examples, the proposed method can achieve better results. We can 
observe that our method perform better than MC-GAN and Patch-based  especially for style and content transfer. This 
benefits from our novel stack design. Correlations between rough target images are learnt which will do much contribution 
on the synthesis process of final target characters. The MC-GAN model achieves better result than the patch- based 
method because of the powerful glyph network which has been trained on nearly 7k font images. Patch-based method 
perform poorly mainly due to the limited of their dependency on patch matching algorithm which fails to capture the 
frequency of stylistic elements .  

54 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 16, No. 2



 
(a) 
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Fig. 5. The rough results of auto-encoder network. (a) Results of MC-dataset colorful fonts. (b) Results of our colorful dataset. For 
each three rows, the upper are the inputs of our model, the middle are rough outputs and the lower are ground truth respectively. 

 
(a) 

 
(b) 

Fig. 6. Results of proposed end-to-end network. From top to bottom are O1: k=25, O2: k=10, O3: k=5. Ground truth are shown in the 
1st column and the generated characters are given in the 2nd column respectively. The rest columns are the inputs which are marked 
in the red rectangle box. 

 

Quantitative evaluation. We calculate the style and content error as the suggestion of “Calculate Style Error And Content 
Error” in section 3.  We also calculate SSIM as the suggestion of [30].The results of random samples of 26 characters are 
displayed at the last three columns in Fig. 7. The best performance is shown in bold. As we can see, the propose method 
can achieve lower style and content error for most samples. Specifically, the higher SSIM are obtained by our method for  
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Fig. 7. The comparison result to generate characters from A to Z. Ground truth are shown in the 1st rows and observed characters are 
depicted in red squares. The 2nd rows are the predictions of MC-GAN [4]. The 3rd rows show the  Patch-based synthesis method [5]. 
The last rows is the results of our method. 

 

the correlations between rough target images. We come to a conclusion that our method achieve the lower style/content 
error and higher SSIM. 

4.4 Discussions 
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The number of observed characters. We use random dataset from the two datasets and generate character “A” from the 
observation of k characters. In practice we have try k=25 (i.e., rough results generated by B-Z), k=10 (i.e., rough results 
generated B-K) and k=5 (i.e., rough results generated “B”, “H”, “Q”, “S”, “W”) to synthesize our final target character. 
As shown in Fig. 6, the more observed rough results usually get better final result. But our experimental results indicate 
that we can achieve satisfactory result when we get very few examples (e.g., k=5). 

5  Conclusion and future work 

In this paper, we proposed a neural style transfer network for characters synthesis which consists of two parts: auto-encoder 
network and stack network. The first part contributes in rough results synthesis with real-like glyph but with texture and 
color lost. The second network focuses on the task of final characters synthesis. The improvement of this part is that we 
take a stack as our input. The stack contains the rough results and the rest characters in the alphabet are valued as zero. 
With this novel stack design, we can synthesize satisfactory results compared with other character style transfer methods. 

In the future, we will pay more attention on the fancy characters synthesis which performs far from satisfied in exist 
methods.  
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