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a b s t r a c t 

We present a simple end-to-end model based on deep learning to automatically decompose sketched 

objects into components by disentangling the visual representation. The performance of visual represen- 

tation learning based models degrades as categories increase. Rather than building a mapping from a 

static image to the whole sketch sequences, we propose an interpretable disentangled representation of 

sketch to understand component concepts and the relationship among such concepts. Our model takes 

the binary image of a sketched object and produces a component stroke sequence set corresponding to 

key components in the sketch. Experiments show that our method significantly outperforms all baselines 

quantitatively at the degree of disentanglement, and our method is more stable while training on tens of 

categories. 

© 2021 Published by Elsevier B.V. 
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. Introduction 

Free-hand sketching is considered as an efficient means of ex- 

ressing thoughts since we can share visual concepts with others 

n a simple and effective way. Compared to photo or edge gen- 

ration, which contains redundant information about background 

nd noise, sketch generation mainly focuses on artistic depictions 

rom humans. The release of the QuickDraw dataset [6] fostered 

he application of the generative models on vector sketch. Sketch- 

NN [6] is a sequence-to-sequence variational autoencoder model, 

hich encodes sequences of strokes into a latent vector and de- 

odes the latent vector into sequences of strokes. Sketch-pix2seq 

4] model was proposed to generate sketches with CNN encoder 

o capture the local structure. However, existing studies on sketch 

eneration are based on the global representation of sketch, lack- 

ng further understanding of its component, which is hard to get 

epresentations of all components of the sketch and more likely to 

enerate incorrect sketches if training on tens of categories. 

Our motivation is to learn basic component representations in- 

tead of global representations for better sketch generation. The 

estalt laws of psychologists [18] state that humans disentangle 

bjects into visual patterns for better understanding. These visual 

atterns are basic components shared among all different kinds of 
� Handled by Associate Editor: Haibin Yan 
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ketches [12] . In this work, we propose a novel method for gener- 

ting sketch point sequences from an input sketch pixel image as 

hown in Fig. 1 . We argue that disentangled component represen- 

ation (DCR) is helpful for sketch generation when specifying the 

ategory label or the component label. Moreover, these DCRs make 

ur generation process model more interpretable, flexible, and di- 

ersifiable. Our method outperforms existing models with regard 

o multi-class generation quality. Beyond that, we can even gener- 

te new kinds of sketches by setting different com ponents manu- 

lly. 

First, we learn about global image representations via a 

NN autoencoder, and component sequence representations by 

STM autoencoder. Then a feature disentangling module (FDM) 

s proposed to disentangle the global image representations into 

CRs. During testing phase, we can generate sketch sequences 

omponent-by-component from the input pixel image. Experi- 

ents on sketch perceptual grouping (SPG [12] ) dataset and our 

nline handwritten Chinese character (OLCC) dataset show that our 

ethod outperforms state-of-the-art method on the multi-class 

ketch generations. 

To sum up, our main contributions in this work are: (1) We 

ropose a novel sketch generation method, which excels in learn- 

ng shared component representations between different cate- 

ories. (2) We release a large online handwritten Chinese character 

ataset with stroke-level and image-level labels. (3) Experiments 

how that our method outperforms state-of-the-art methods be- 

https://doi.org/10.1016/j.patrec.2021.01.016
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patrec
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patrec.2021.01.016&domain=pdf
mailto:zcs@mail.tsinghua.edu.cn
https://doi.org/10.1016/j.patrec.2021.01.016
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Fig. 1. Overview of our work. Our model takes a pixel image as input, disentangles the image into each component (drawn in red, green, blue, and yellow, respectively) 

and generates sketches as output. There is a Chinese character example from OLCC dataset on the top and a flower example from SPG dataset on the bottom. The Chinese 

character has four character strokes as its components. The flower has four components, such as the petals, the stamens, the branch, and the leaves respectively. 500 sketch 

categories of OLCC share 24 kinds of components and 25 sketch categories of SPG share 55 kinds of components. The numbers or types of components vary in different 

sketch categories. (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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ause of DCR. (4) We also analyze the sketch generation of new 

ategories with learned components. 

. Related work 

.1. Sketch generation 

Sketch generation has recently been studied in handwritten 

haracters on the Omniglot dataset [11] . Lake et al. achieves 

uman-level performance but requires parses from a hand-crafted 

lgorithm to initialize training and generating handwritten char- 

cters [11] . More recently, a series of Sketch-RNN based models 

3,4,6,9,17,22] have been proposed to produce new sketches based 

n existing observations. Sketch-RNN [6] , a sequence-to-sequence 

ariational autoencoder, has been widely used in generating sketch 

rawings. The model explores encoding the sequences of strokes 

nto a latent space of embedding vectors using a bidirectional 

NN [16] based on LSTM [7] and reconstructs the sequences of 

trokes via an autoregressive RNN [2] . There are limitations on 

he insufficient quality of the generated sketches and incapability 

o generate multiple categories of sketches in Sketch-RNN. There 

re some works [3,4,17] developing sketch generation method with 

NN encoder to capture the structure information from the im- 

ges. These works (i.e., CNN autoencoder, LSTM autoencoder) are 

he backbone of variational inference for sketch generation. 

.2. Photo-to-sketch translation 

Most of the previous image-to-image translation works 

5,20,23] rely on the assumption of pixel-to-pixel level correspon- 

ence to a certain extent. However, it is not suitable for sketch 

mages since the supervision is noisy and weak at the pixel level. 

hoto-to-sketch translation is employed to generate sketches from 

 CNN encoder embedding feature, resulting in clean and sharp 

ine strokes instead of pixel images. Sketch-pix2seq [4] , AI-sketcher 

3] and photo-to-sketch [17] has extended the sketch generation 

echnique to extract structure information via CNN-based encoder. 

hese models capture the relative positions of strokes in the sketch 

o improve drawing quality. Sketch-pix2seq [4] was the first to 

enerate sketches of multiple categories, AI-sketcher [3] developed 

 high-quality sketch generation model combining CNN-based en- 

oder and RNN-based encoder. Moreover, photo-to-sketch [17] ap- 

lied the sketch generation method to the real-world photos, such 

s shoes and chairs, with the idea of cycle consistency. These 

ethods contributes to sketch generation from images, but there 

re still some issues that can be further studied, such as exploring 

CRs shared among different categories. 
17 
.3. Sketch segmentation and labeling 

It is a hard task to segment all pixels with the right labels, 

ven with well-designed models and parameters. Recent studies 

8,13,15] have explored multiple data-driven approaches to achieve 

ketch pixel image segmentation of free-hand sketch images. There 

re also studies [9,12,19] based on the RNN model to achieve seg- 

entation and labeling on sketch point sequences. Facing the dif- 

culty of segmenting and labeling on each pixels or point coordi- 

ates, we are still able to disentangle the whole sketch into sepa- 

ated components in the view of representations. 

. Method 

.1. Sketch, component and strokes 

We represent a sketch as a list of points, and each point can 

e drawn via a 5-D stroke vector as in Ha and Eck [6] : s t j =
 

�x, �y, p 1 , p 2 , p 3 ] , where the first two elements are the offsets in 

he x and y directions of the pen moving from the previous point 

o the current point, [ p 1 , p 2 , p 3 ] is a one-hot binary v ect or of thr ee

ossible pen states, indicating whether to sketch, whether to lift 

he pen up until the next point and whether to stop sketching. 

hen we divide all strokes 
{

s t j 

}
into n components. Each compo- 

ent is composed of a sequence of strokes s t j annotated with com- 

onent type category cls and location bounding box loc. Remind 

hat stroke s t j in our paper represents the offset between the ad- 

acent point coordinates and pen states while sketching. It has a 

ifferent meaning from Chinese character strokes, i.e., 

omponent t = S t 
{

s t1 , s t2 , . . . , s tk i 

}
, cls t , loc t , (1) 

here s t j means the jth stroke in tth component of the sketch. 

.2. Our model architecture 

Our work tackles the problem of learning DCRs for sketch gen- 

ration. Our model includes three main modules, as illustrated 

n Fig. 2 , a CNN autoencoder module E I as well as D I for learn-

ng image-level representations f con v of pixel image, an LSTM au- 

oencoder module E S as well as D S for learning the correspond- 

ng DCRs z t of sketch components, and an FDM for learning to 

isentangle image-level representations. During test phase, our 

odel first gets the global image representation of input pixel 

mage I via image encoder E I , then disentangles the representa- 

ion into DCRs via FDM, finally outputs the sketch component- 

y-component. Section 3.2.1 proposes FDM, the main difference 

mong our method and existing methods. Section 3.2.2 introduces 
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Fig. 2. Overview of model architecture, including image-level encoder-decoder module E I , D I for learning the image-level representation on pixel image I , component-level 

encoder-decoder module E S , D S for learning DCR on each component S t and FDM for disentangling image-level representations to DCRs. 

Fig. 3. Features disentangling module, disentangling the image-level feature f con v 
into DCRs { ̃ z t } t= n t=1 . We predict the distribution of DCRs and the location of the com- 

ponents by FDM. 
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he LSTM autoencoder, which encodes the sketch components to 

 t and generates sketches based on these z t and component loca- 

ions. Section 3.2.3 describes how to extract suitable global image 

eatures while preserving local details for potential disentangle to 

CRs. 

.2.1. Feature disentangling module 

The main purpose of this part is to disentangle image-level 

eature f con v ∈ R 

W ×H×C to DCRs { z 1 , z 2 , . . . , z n } where z t ∈ R 

D , n ≤ N, 

nd N is the maximum number of components in all sketches. Be- 

ides, we need to regress the bounding boxes loc t of each com- 

onents because relative coordinates can be calculated via compo- 

ent strokes. Our disentangling module is a spatial attention LSTM 

odel [14] , composed of three sub-modules: spatial serialization, 

ttention LSTM , and mapping network ( Fig. 3 ). 

Spatial Serialization Network takes an image-level feature f con v ∈ 

 

W ×H×C as input, and then expands the channel dimensions to 

et feature f ′ con v ∈ R 

W ×H×C ′ with a 1 × 1 convolution layer, and 

erializes the feature according to their spatial regions. We ob- 

ain a spatial embedding sequence F F F = [ f 1 , f 2 , . . . , f l , . . . , f L ] where 

f l ∈ R 

C ′ , L = W × H. 

Attention LSTM N etwork Given the spatial image features F F F ∈ 

 

C ′ ×L and hidden state h t ∈ R 

d of the LSTM, we feed them through 

 linear layer neural network respectively to get vectors u u u ∈ R 

d ′ ×L , 

 t ∈ R 

d ′ , and get inner product followed by a softmax function to 

enerate the attention distribution over the L regions of the im- 
18 
ge: 

u 

u u = tanh (W f F F F + b f ) , u 

u u ∈ R 

d ′ ×L 

v t = tanh (W h h t + b h ) , v t ∈ R 

d ′ 

t = softmax ( u 

u u 

T v t ) , αt ∈ R 

L . (2) 

ased on the attention distribution, the input of LSTM can be ob- 

ained by F F F αt = 

∑ L 
l=1 αt,l f l , where αt,l is the lth value of αt . Then 

he next hidden state h t+1 and cell state c t+1 of the LSTM can be 

alculated as: 

 t+1 , c t+1 = LSTM ( F F F αt , h t , c t ) . (3) 

Mapping Network learns a mapping from hidden state h t to the 

eans and variances ˜ μt , ˜ σt of the distribution p( ̃ z t ) with two 

ully connected layers (FC512-BatchNorm512-FC128), from which 

he predicted DCR ˜ z t is sampled. � is Hadamard product. 

˜ 
 t = ˜ μt + ˜ σt � N (0 , I) . (4) 

e also predict the bounding boxes ˜ loc t = [ x, y, w, b] with two fully

onnected layers (FC512-BatchNorm512-FC4), where x, y for the 

omponent center, and w, b for the component scale. We can com- 

ine all translated and scaled components as generated sketches. 

ince different sketches may have different number of components, 

e set the ground truth loc t as (0 , 0 , 0 , 0) for n < t ≤ N. Similar to

ariational inference [10] , the objective is to maximize an evidence 

ower bound (ELBO) using a log-likelihood based reconstruction 

erm. The loss contains three parts. One is the Kullback–Leibler 

ivergence between two Gaussian distributions of z t and Gaus- 

ian distribution. The second is the Kullback–Leibler divergence be- 

ween the distributions of the DCR ˜ z t calculated from FDM and 

he ground truth DCR z t calculated from the component encoder 

 S (see details in Section 3.2.2 ). The third is the L 2 loss of the

ocations of the components. The FDM loss for each sketch is as 

ollows: 

 

feat = 

n ∑ 

t=1 

[ −D KL (p( ̃ z t ) ‖N (0 , I)) − D KL (p( ̃ z t ) ‖ p(z t ))] 

+ 

N ∑ 

t=1 

[ L 2 ( ˜ loc t , loc t )] , (5) 

here p( ̃ z t ) , ˜ loc t are the predictions of FDM, and p(z t ) , loc t are the

round truth distribution of DCR and the ground truth location of 

he component. It is difficult, sensitive and hard for generation to 

egress DCR directly. In contrast, learning the distribution of DCR 

ontributes to convergence and better performance of sketch gen- 

ration. We replace the Kullback–Leibler divergence with L 2 loss 

unction of direct regression of DCR as a comparative experiment 

w/o KL’, see more details in Section 4.4 ablation study. 
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Fig. 4. Component-level autoencoder module, including component-level encoder 

E S , component-level decoder D S on all basic components. The autoencoder module 

learns DCR z t of each component S t . 
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.2.2. Component-level encoder-decoder module 

The main purpose of this module, including stroke-level en- 

oder E S , stroke-level decoder D S , is to model various components 

f the sketch. There are various categories of sketches composed of 

imited types of basic components. For example, we draw an ani- 

al sketch with the animal’s head, eyes, body, legs, and so on. The 

ifferences between different animals can be found in the compo- 

ents as well as the relationship between these components. We 

an model different categories better with the knowledge in learn- 

ng basic components, especially in multi-class sketch generation 

asks. 

Unlike the previous methods [1,3,6] which takes all strokes of a 

ketch to obtain a hidden vector for sketch generation, our method 

reprocesses the whole sketch into components, and then learns 

CRs on these components shared among different categories. 

pecifically, our model takes strokes sequence S t 
{

s t1 , s t2 , . . . , s tk t 

}
f tth component of sketch as input, gets DCR z t represented 

y a bidirectional LSTM, and passes z t through an unidirectional 

STM to output the sequence strokes S t . As illustrated in Fig. 4 ,

ur encoder-decoder module on the components is composed of 

omponent-level encoder E S , component-level decoder D S . We feed 

he strokes 
{

s t1 , s t2 , . . . , s tk t 

}
, and also the same sequence in re- 

erse order, 
{

s tk t 
, . . . , s t2 , s t1 

}
int o BiLSTM made up b y two encod- 

ng LSTMs, to obtain two sequences of hidden states and then con- 

atenate the last forward and backward hidden states to a joint 

idden state: 

 

E S 
t = 

[
h 

E S 
forward 

; h 

E S 
backward 

]
. (6) 

The hidden state h 
E S 
t is then transformed into two vectors μt 

nd σt , which are the parameters of a normal distribution used 

o capture the distribution of the tth component. A latent vector 

 t is randomly sampled from the distribution via a vector of IID 

aussian variables, as the approach in VAE [10] : 

t = W μh 

E S 
t + b μ, σt = exp 

(
W σ h 

E S 
t + b σ

2 

)
, 

z t = μt + σt � N (0 , I) . (7) 

l

19 
Our decoder D S is a unidirectional LSTM that outputs strokes 

˜ s t1 , ̃  s t2 , . . . , ̃  s tk t 

}
step by step if given DCR z t , where ˜ s t j = 

 

˜ �x , ˜ �y , q 1 , q 2 , q 3 ] . We adopt L 2 loss to measure the similarity be-

ween the generated offset 
[

˜ �x , ˜ �y 
]

sequence and the original off- 

et [ �x, �y ] sequence, and use the cross-entropy loss L CE to mea- 

ure the difference between the predicted pen state [ q 1 , q 2 , q 3 ] and 

he ground truth pen state [ p 1 , p 2 , p 3 ] . As the length k t of tth com- 

onent is usually shorter than K (the max length of all strokes), 

e set s t j to be (0 , 0 , 0 , 0 , 1) for j ≥ k t to pad strokes to the fixed

ength K. The reconstruction loss of all components of one sketch 

s: 

 

S = 

n ∑ 

t=1 

K ∑ 

j=1 

(
L 2 ( ̃  s t j [: 2] , s t j [: 2]) + L CE ( ̃  s t j [2 :] , s t j [2 :]) 

)
, (8) 

here ˜ s t j , s t j are generated and original sequences of component 

trokes, respectively. 

.2.3. Image-level encoder-decoder module 

The image autoencoder module consists of CNN encoder and 

ecoder. CNN encoder E I takes a pixel image I as input to get 

he representation, followed by CNN decoder D I to reconstruct 

he image as ˜ I . We denote the Convolution-BatchNorm-leakyReLU 

lock as CONV 

Stride 
KernelSize Channel, and set padding as 1 when kernel 

ize is 3, padding as 0 when kernel size is 1. Then we build im-

ge encoder as CONV 

2 
3 64 − CONV 

1 
3 128 − CONV 

1 
1 64 − CONV 

2 
3 128 −

ONV 

2 
3 64 − CONV 

2 
3 64 − CONV 

2 
3 64 . The last three block output fea- 

ures with size 8 × 8 , 4 × 4 and 2 × 2 respectively when input 

ize is 64 × 64 . We upsample the last block features with stride 

, and the second last block features with stride 2, and concate 

hese upsample features with the third last block features to get 

mage-level representation f con v as size 8 × 8 with 192 channels. 

enote TransposeConvolution-BatchNorm-ReLU block as CT, and 

e build decoder as CT 1 1 128 − CT 2 3 64 − CT 1 1 128 − CT 2 3 64 − CT 2 3 32 −
ONV 

1 
3 1 . Remind that the final block in decoder is convolution 

lock rather than transpose convolution block. We adopt MSE loss 

unction L MSE on the reconstruction images. 

 

I = L MSE ( ̃ I , I ) , (9) 

Representation f con v combining multi-scale layer features per- 

orms better than the feature from one of the layers. We replace 

f con v with only features from one of the last three blocks of en- 

oder, and increase the channel of the layer to 192 and upsample 

o 8 × 8 for fair comparison. We guess that both global image fea- 

ures and local image features are beneficial to obtain DCRs. See 

ore details in Section 4.4 ablation study. 

.3. Training and inference 

Our training procedure has three main information paths, one 

s self-reconstruction of sketch image, I → E I (I ) → D I (E I (I )) , one

s self-reconstruction of the component sequences, S t → E S (S t ) → 

 S (E S (S t )) , the last is from the pixel image to the sketch, I →
 I (I ) → 

{
˜ z t , ˜ loc t 

}
t=1 , 2 , ... ,n 

→ 

{
D S ( ̃ z t ) , ˜ loc t 

}
t=1 , 2 , ... ,n 

. DCRs come from 

DM rather than D S as in the last information paths at testing 

hase. 

We adopt four kinds of training strategies. The first one is train- 

ng CNN autoencoder E I , D I with L 

I and LSTM autoencoder E S , D S 

ith L 

S to get f con v and DCRs individually, then freeze these four 

odules and train FDM to learn disentangling f con v into DCRs with 

 

f eat . The second one is training all five modules together with 

um of three losses L 

I , L 

S and L 

f eat . The third one is training

 I , D I , E S , D S individually to get pretrain modules (the same as the

rst strategy), and fine-tune these five modules via sum of all three 

osses. The fourth one is progressive training strategy as follows. 
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Fig. 5. Multi-class generation results. The left parts are results on Chinese characters while the right on SPG (coffee cup, alarm clock, airplane, campfire from up to bottom). 

The samples in the red rectangle are wrong as their categories are not expected. (About 1/2 are wrong for sketch-pix2seq, About 1/3 are wrong for sketch-photo2sketch, and 

the quantitative results are shown in Table 1 .) (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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Our test goal is to generate sketch directly from ˜ z t , ˜ loc t rather 

han z t , loc t . Even if the distribution p( ̃ z t ) of DCR calculated from

DM is close to the ground truth distribution p(z t ) of DCR cal- 

ulated by E S , the generated component D S ( ̃ z t ) may be some- 

imes different from D S (z t ) . We have introduced that D S gener- 

tes sketches based on DCRs sampled from p(z t ) in Fig. 4 . Now

e change the sample strategy as sampling DCRs from p(z t ) with 

robability P progress and from p( ̃ z t ) with probability (1 − P progress ) . 

t the first some epochs of training, we set P progress close to 1 and 

enerate sketches mostly based on DCRs sampled from p(z t ) . As 

he progresses of training, we can gradually decay P progress to 0 

nd generate sketches mostly based on DCRs sampled from p( ̃ z t ) . 

e set P progress = 0 . 9 epoch in experiments. The training loss under 

his strategy is the sum of all three loss function L 

I , L 

S−progress and

 

f eat . L 

S−progress is the same form as L 

S but only replacing the in-

ut of D S with new sampled DCRs. We compare these four train- 

ng strategies and find the fourth one outperforms others training 

trategies. See more details in Section 4.4 ablation study. 

. Experiments 

We do experiments on handwritten Chinese characters and 

ketches of human painting. We constructed an online handwrit- 

en Chinese character dataset (OLCC) for this purpose. It contains 

71,0 0 0 sketches distributed over 500 categories, with each sketch 

anually annotated into 1–16 components. We hired 187 people 

nd 155 wrote 500 categories 500 categories twice, 32 wrote 500 

ategories once and 13 quit halfway. We split the dataset into train 

et and valid set as 283:59. We also test our method on simplified 

rawings from the Sketch Perceptual Grouping dataset [12] , the 

argest free-hand sketch with component labels, 3–8 components 

or each category. It contains 25 categories, 800 samples each cat- 

gory, composelected from QuickDraw, which is by far the largest 

ublic sketch dataset collected by Google. Please refer to the ap- 

endix for detailed experimental settings. 

.1. Multi-class generation 

Our method can generate samples with more specific compo- 

ent information because of FDM. And our model is more sta- 

le to generate tens of categories because it can capture both 

omponent-level and image-level representations. Fig. 5 shows 

he comparison of our model with sketch-pix2seq and sketch- 

hoto2seq. The accuracy of our results is greatly improved after 

xtracting the DCRs rather than mapping the whole image repre- 

entation to all of the stroke sequences. 

.2. Generation quality 

In order to quantify the quality of multi-class generation and 

he effectiveness of disentangling, we compare the classification 
20 
ccuracy of generated images and that of generated components. 

hese classifiers are trained on training dataset, please refer to 

upplementary for more details about classifiers. Table 1 presents 

he results of the ablation study and comparison to sketch-pix2seq 

nd sketch-photo2seq. As there are not component-level labels 

n sketch-pix2seq or sketch-photo2seq generated results, we use 

ketch-segmentation [9] to get disentangled component-level la- 

els on primary data and the results generated by sketch-pix2seq 

nd sketch-photo2seq methods. The accuracy of the generated im- 

ges shows generation quality on multiple categories, and the ac- 

uracy of the disentangled components shows the effectiveness of 

isentangling. Table 1 shows our method outperforms others by 

he better generation quality and disentangling accuracy. 

.3. Generation diversity 

We compare the generation diversity [3] of our method, sketch- 

ix2seq, and sketch-photo2seq in five categories, respecti vely, 

ased on two datasets. Specifically, we generate a set of 50 

ketches in each of the five preselected categories in each dataset. 

e calculate the pairwise distances between generated sketches in 

he same category based on perceptual hash [21] . A large average 

istance means higher generation diversity. We find that the mean 

f distances in sketch-pix2seq is generally larger than the mean 

n sketch-photo2seq. So we do a t -test experiment to compare our 

ethod and sketch-pix2seq. The unpaired t -test in Table 2 shows 

hat our method and sketch-pix2seq have no significant difference, 

lthough samples generated by our method are almost classified in 

he correct categories, which means our method has higher gener- 

tion diversity in the correct categories. 

.4. Ablation study 

We compare three kinds of image-level representations as f con v . 

he last three convolution block features of our D I are 64 channels 

ith 8 × 8 , 4 × 4 , 2 × 2 sizes. We upsample 4 × 4 features to 8 × 8

ith stride 2, and 2 × 2 features to 8 × 8 with stride 4. Then we

oncate these three features and obtain 192 channels with 8 × 8 

ize f con v . For comparison, we just use one of the three layer fea- 

ures as f con v . Specifically, we take the i th last features and up- 

ample (3 − i ) times with stride 2 to get 8 × 8 representations, 

here i = 1 , 2 , 3 , then expand channels to 192 with a 1 × 1 con-

olution layer, and denote the representations as ‘w f 2 ×2 ’, ‘w f 4 ×4 ’, 

nd ‘w f 8 ×8 ’, respectively. The results are shown in the first part of 

able 3 . We think multi-layer representations contribute to disen- 

angling images into components since different components vary 

n shape and size. 

We then compare three kinds of FDM. We explore that whether 

earning DCR distribution p( ̃  z t ) to ground truth distribution p( z t ) 

s more effective than learning direct regression of DCR or not. We 
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Fig. 6. Attention examples. The focus area of attention moves with the change of the generated components. 

Table 1 

Comparison of generation quality. The image classifier and component classifier are trained on the 

training dataset and used to test the quality of our sketch generations. Human level means the 

sketch images were drawn by humans. 

Model 

OLCC SPG 

acc@image acc@component acc@image acc@component 

Sketch-Segmentation [9] – 84.7% – 65.4% 

Sketch-pix2seq [4] 47.8% 45.6% 33.1% 15.2% 

Sketch-photo2seq [17] 71.4% 33.7% 55.3% 13.1% 

Ours 87.9% 99.9% 66.0% 82.3% 

Human Level 100% – 92.3% –

Table 2 

Comparison of generation diversity. 

Model � 	 � 	 � 	 � 	 � 	 

Mean 31.923 32.049 30.866 30.792 31.906 31.863 31.754 31.806 31.974 31.952 

SD 16.830 15.178 19.159 21.188 15.190 16.261 16.280 17.327 16.277 16.178 

t 0.777 0.405 0.268 0.310 0.135 

p 0.437 0.686 0.789 0.756 0.892 

Model � 	 � 	 � 	 � 	 � 	 

Mean 31.919 32.104 31.895 32.088 32.122 31.916 31.890 31.906 31.846 31.934 

SD 17.032 15.434 16.577 17.008 15.186 17.029 15.905 17.732 16.567 15.787 

t 1.138 1.168 1.268 0.394 0.546 

p 0.255 0.243 0.205 0.968 0.585 

�Sketch-pix2seq , 	 Our model 

Table 3 

Ablation study. 

Model 

OLCC Accuracy SPG Accuracy 

Image Component Image Component 

w f 2 ×2 64.7% 75.3% 34.2% 45.1% 

w f 4 ×4 76.2% 84.6% 56.4% 64.2% 

w f 8 ×8 80.4% 87.3% 60.1% 78.5% 

w/o lstm 44.0% 85.2% 35.4% 72.3% 

w/o KL 75.1% 94.5% 48.9% 80.5% 

w/o attn 83.6% 95.7% 63.5% 81.2% 

independent 47.2% 54.9% 35.3% 47.6% 

end-to-end 77.6% 78.8% 58.9% 67.1% 

fine-tune 82.4% 81.8% 62.3% 79.2% 

Ours 87.9% 99.9% 66.0% 82.3% 
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eplace the two negative Kullback–Leibler divergenc in Eq. (5) as 

 2 ( ̃  z t , z t ) , denoted as w/o KL. We also try removing attention

echanism, and input f 1 , f 2 , . . . , f L sequentially into LSTM, de- 

oted as w/o attn. And we try a toy model ‘w/o lstm’ consist of 

 1 × 1 convolution layer followed by three fully connected layer 

eplacing FDM. We first change the channel of f con v to N with a 

 × 1 convolution layer, then flatten each channel 8 × 8 to vec- 

or R 

64 , and map each vector to each DCR via three linear lay-
21 
rs FC64-BatchNorm-FC512-BatchNorm-FC(128+4), where first 128 

imension for z t and last 4 dimension for bounding box loc t . Re- 

ults show the improvements brought by LSTM, variational infer- 

nce and attention mechanism. 

We finally compare four training strategies introduced in 

ection 3.3 . The fisrt one ‘independent’ is training CNN autoen- 

oder and LSTM autoencoder for 40 epochs individually, and train- 

ng only FDM for 40 epochs. The second one ‘end-to-end’ is 

raining all five modules together with sum of losses for 80 

pochs. The third one ‘fine-tune’ is training individually for 40 

pochs, and fine-tune all modules for 40 epochs. The fourth one 

progress’ is progressive training strategy that sampling DCRs from 

p( z t ) with probability P progresses and from p( ̃  z t ) with probability 

1 − P progresses ) , where P progresses = 0 . 9 epoch , epoch = 1 , . . . , 80 . The

esults ‘independent’ are quite far behind others, we guess it is 

ard to learn FDM if fixing the image-level representations and 

CRs. 

.5. Visualization 

Attention mechanism Our FDM is an attention LSTM to disen- 

angle the image-level feature into the DCRs. Section 4.4 show the 

ulti-layer representations and attention mechanism help to im- 

rove the performance of multi-class sketch generations. In this 
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Fig. 7. Composed generation results. The model decomposes two sketch images into components, combines the yellow highlight parts at stroke-level representation, and 

outputs new class examples. For example, the second line on the right is replacing windows of house with the facial expression. Because the model can output the sketch 

component-by-component, thus we can manually combine different components from two input images. 

p

s

e  

s

c

o

s

u

t  

h

s  

a

a

d

h

5

c

m

o

t

s

i

e

t

t

g

D

c

i

A

(

C

6

S

f

R

 

 

 

 

[  

 

 

 

 

 

[  

[

[  

[  
aragraph, we upsample the attention map to the original image 

ize and visualize the attention distribution during the sketch gen- 

ration process as show in Fig. 6 . Our FDM can focus on the corre-

ponding regions component-by-component. 

Manually generation We analyze the sketch generation of new 

ategories with learned components in this paragraph. Once DCRs 

f various components are learned, we can manually generate 

ketches by composing DCRs as shown in Fig. 7 . We provide man- 

al how new categories are composed of learned DCRs by setting 

he value of loc t . For example, people usually express “It is a happy

ouse” by sketching a happy face on the wall as shown in the right 

econd line of Fig. 7 . If provided DCRs of happy faces and houses

s well as their location on the final sketch, the model can output 

 house with a happy face. Although the manual generation con- 

itions are harsh, it still provides a potential research direction on 

ow to generate sketches flexible. 

. Conclusion 

In this paper, we tackle the problem of generating sketches 

omponent-by-component. We have proposed a sketch generation 

ethod based on DCRs. Experiments on two datasets show that 

ur method outperforms the state-of-the-art method in terms of 

he component accuracy and sketch generation accuracy. It is more 

table when training on tens of categories. In the future, we will 

nvestigate weather we can achieve unsupervised DCRs sketch gen- 

ration. In addition, by making a large dataset of Chinese charac- 

ers with component-level annotation available, we encourage fur- 

her research and development in interactive teaching and sketch 

eneration. 
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