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Background – Image Process
Cate Paper Title Authors Conference/Journal Method

Super 

Resolution Automatic photo adjustment using deep neural networks Zhicheng Yan et al.
ACM Transactions on 

Graphics
DNN, CNN

Residual Dense Network for Image Super-Resolution Yulun Zhang, et al. CVPR'18 ResNet

Sketch 

Simplification
Learning to simplify: fully convolutional networks for 

rough sketch cleanup
Simo-Serra et al.

ACM Transactions on 

Graphics
CNN

Sketch simplification by classifying strokes Toru Ogawa et al. ICPR'16
CNN, Auto 

Encoder

Style 

Transfer Image style transfer using convolutional neural networks. Gatys et al. CVPR'16 CNN, VGG

Painting style transfer for head portraits using 

convolutional neural networks
Selim et al.

ACM Transactions on 

Graphics (TOG)

CNN, Auto 

Encoder

Inpainting
Context Encoders: Feature Learning by Inpainting Pathak et al. CVPR'16

CNN, Auto 

Encoder

Foreground-Aware Image Inpainting Wei Xiong et al. CVPR'19 CNN

Image 

blending 
Learning a Discriminative Model for the Perception of 

Realism in Composite Images
Zhu et al. ICCV'15 GAN

GP-GAN: Towards Realistic High-Resolution Image 

Blending
Huikai Wu et al. ACMMM'19 GAN

Denoising
Deep joint demosaicking and denoising Gharbi et al.

ACM Transactions on 

Graphics

Auto 

Encoder

Real Image Denoising with Feature Attention
Saeed Anwar and Nick 

Barnes
ICCV'19

CNN, Self-

Attention

Colorization

Real-Time User-Guided Image Colorization with Learned 

Deep Priors
Richard Zhang et al. SIGGRAPH'17 U-Net



Background – Related Works

Self-AttentionAuto Encoder-DecoderCNN

U-Net
O. Ronneberger, 

MICCAI’15

GAN
I. Goodfellow, ArXiv’14

CGAN
Mehdi Mirza, ArXiv’14

PatchGAN
C. Li, ECCV’16

Pix2Pix 
P. Isola, CVPR’17

Cycle GAN
J.Y. Zhu, ICCV’17

NL-means
A. Buades, CVPR’05

NLNet
X.L. Wang, CVPR’18

GCNet
Y.Cao, ICCVW’19

LightNLNet
Y.W. Li, CVPR’20

AlexNet
A. Krizhevsky, NIPS'12

VGG16
K. Simonyan, arXiv'14

ResNet
K.M. He, CVPR'16

AdaIN
X. Huang, ICCV’17

AAMS
Y. Yao, CVPR’19

WCT
Y. Li, NIPS’17

ASMA (Proposed Model)
X.H. Chen, ACM MM’20
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Background – Related Works
Auto-Encoder Conference Loss Function

U-Net MICCAI'15 Binary Cross Entropy Loss

GAN ArXiv'14 GAN Loss

CGAN ArXiv'14 Condition Loss

PatchGAN ECCV'16 GAN Loss

Pix2Pix CVPR'17 Condition Loss+L1 Loss

Cycle GAN ICCV'17 Cycle Loss

AdaIN ICCV’17
GAN Loss+ Context Loss 
+ Style Loss

WCT NIPS’17 GAN Loss

AAMS CVPR’19
GAN Loss + Context Loss +
+ Attention Loss 

ASMA
(proposed)

ACM MM’20
GAN Loss + Transform Loss
+ Style-aware Context Loss

෍
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𝑤 𝑥 log(𝑃ℓ 𝑥 𝑋 ))
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min
𝜃𝑔

ma𝑥
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Art Statement

This work present an novel Multi-Scale Projection 

Discriminator to realize the texture-level conditional 

generation. In contrast to the single-scale 

conditional discriminator, this discriminator is able 

to capture multi-scale texture clue to effectively 

distinguish a wide range of artistic styles. Their 

framework can transform a photograph into 

different artistic style oil painting via only ONE 

single model. Furthermore, the results are with 

distinctive artistic style and retain the anisotropic 

semantic information.
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Method

• ASM: 

ASM is a variant of GRU with much lighterweight. It can fuse features of two different scales 

to achieve dynamic adjustment of style-stroke.

Ct
Ot

Zt

attention

attention

LSTM GRU ASM

Zt
attention

CT: Current Memory State Gate

Ot: Forget Gate

Zt: Update Gate



Method

• Conditional ResBlock: 

Different sizes of style-stroke regard to 

different down-sample rates. They put 

ResBlocks in places of different down-

sample rates between the Encode and the 

Decoder to show the relationship between 

down-sample rate and stylization extent. As 

shown above, granularity of stylization 

increases as down-sample rate grows.



Method

• Multi-Scale Projection Discriminator : 

Projection Discriminator comprehensively uses the features of different scales, which greatly 

strengthens the discriminator to recognize the stroke textons of different scales in the painting.



• Comparison with State-of-Art: 

Comparison of anisotropic semantic preserving effect from Style-Aware, AAMS, AdaIN, WCT and 

ours. ASM1, ASM2, ASM3 indicate that ASM is placed in different layers of Generator.

Result



Result



Result

• Comparison with Multi-Scale and Single-Scale Projection Discriminator : 

Comparison of the Multi-Scale Projection Discriminator and the Single-Scale Projection 

Discriminator.



Result
• Author generate 200 result images for each artist’s style, and measure the Style Accuracy of the 

stylization by sending these result images to the style classifier. The higher the accuracy of the 

classification result, the closer the class is to the corresponding painting style.



Connection

• Anisotropic Stroke Control

• One Model

• Not only Channel-wise Attention, but Spatial-wise Attention

• It might be better to add smooth L1-Loss



Connection
• Spatial-wise Attention generalizes standard dot-product attention and is fundamentally a set operator, which 

has the following form. 

 ⊙ is the Hadamard product, i is the spatial index of feature vector xi (i.e., its location in the feature map).

 R(i) is the local footprint of the aggregation. The footprint R(i) is a set of indices that specifies which feature 

vectors are aggregated to construct the new feature mi.

 The function β produces the feature vectors β(xj) that are aggregated by the adaptive weight vectors α(xi,xj).  

i

R(i): 

local 

footprint

Hadamard 

productj

i

jβ(        )

jiα(      ,       )

⊙ Σ

𝑥𝑖: 𝑓𝑒𝑎𝑡𝑢𝑟𝑒s
𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑖𝑛𝑔
𝑏𝑦 𝛼(𝑥𝑖 , 𝑥𝑗)

𝑚𝑖: 𝑛𝑒𝑤 𝑓𝑒𝑎𝑡𝑢𝑟𝑒s

𝒎𝒊 = ෍

𝒋∈𝑹(𝒊)

𝜶(𝒙𝒊, 𝒙𝒋) ⊙ 𝜷(𝒙𝒋)



Connection
• Smooth L1 Loss

δ=1

ℒ ℱ 𝑋, 𝑈; 𝜃 , 𝑌 =෍

ℎ,𝑤

෍

𝑞

ℓ𝛿(ℱ 𝑋, 𝑈; 𝜃 ℎ,𝑤,𝑞 , 𝑌ℎ,𝑤,𝑞)

ℓ𝛿 𝑥, 𝑦 =
1

2
(𝑥 − 𝑦)2𝕝{ 𝑥−𝑦 <𝛿} + 𝛿( 𝑥 − 𝑦 −

1

2
𝛿)𝕝{|𝑥−𝑦|≥𝛿})

𝐿2 𝑥 = 𝑥2

𝐿1 𝑥 = |𝑥|

𝑠𝑚𝑜𝑜𝑡ℎ𝐿1 𝑥 =

0.5𝑥2, 𝑖𝑓 𝑥 < 1

𝑥 − 0.5, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑑𝐿2(𝑥)

𝑑𝑥
= 2𝑥

𝑑𝐿1(𝑥)

𝑑𝑥
=

𝑑𝑠𝑚𝑜𝑜𝑡ℎ𝐿1(𝑥)

𝑑𝑥
=

1, 𝑖𝑓 𝑥 ≥0

−1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

x, 𝑖𝑓 𝑥 <0

±1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Loss Function Derivative of Loss Function

L1

L2

L1

min
𝜃𝑔

ma𝑥
𝜃𝑑

𝔼𝑥~𝑝 𝑥 log 𝐷𝜃𝑑 𝑥|𝑦 + 𝔼𝑧~𝑝 𝑧 log 1 − 𝐷𝜃𝑑 𝐺𝜃𝑔 𝑧|𝑦 + 𝜆𝑆𝑚𝑜𝑜𝑡ℎℒ𝐿1(𝐺)
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