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 Seminal work of NST

Gatys L A, Ecker A S, Bethge M. Image style transfer using convolutional neural networks[C]//Proceedings of the IEEE
conference on computer vision and pattern recognition. 2016: 2414-2423.

Landscape (content) + Scream (style)

Optimize a generated image that resembles a style image in style while preserving
content of a content image.
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e Seminal work of NST

Gatys L A, Ecker A S, Bethge M. Image style transfer using convolutional neural networks[C]//Proceedings of the IEEE conference on
computer vision and pattern recognition. 2016: 2414-2423.
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* NST Applications

Art head portrait generation

A. Selim, M. Elgharib, and L. Doyle, “Painting style transfer for head portraits using convolutional neural
networks,” ACM Transactions on Graphics (ToG), vol. 35, no. 4, p. 129, 2016.
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* NST Applications

Logo decoration
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Style Decorated Content Style Decorated

Content

G. Atarsaikhan, B. K. Iwana, and S. Uchida, “Contained neural style transfer for decorated logo
generation,” in 2018 13th IAPR Interna- tional Workshop on Document Analysis Systems (DAS).

IEEE, 2018, pp. 317-322.
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* NST Applications

Fashion design
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S. Jiang and Y. Fu, “Fashion style generator.” in IJCAI, 2017, pp. 3721-3727.

Why the Gram matrix can represent image style?
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* Demystifying NST ‘
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Li Y, Wang N, Liu J, et al. Demystifying neural style transfer[C]//Proceedings of the 26th International Joint Conference on
Artificial Intelligence. 2017: 2230-2236.
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* Demystifying NST ‘
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(1) Linear kernel: k(x,y) = xTy;
(2) Polynomial kernel: k(x,y) = (xTy + c)d;
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(3) Gaussian kernel: k(x,y) = exp ( _

Li Y, Wang N, Liu J, et al. Demystifying neural style transfer[C]//Proceedings of the 26th International Joint Conference on
Artificial Intelligence. 2017: 2230-2236.



Background Seminar 2023/9/10

* More Style Losses

Gram Loss Image style transfer using convolutional CVPR 2016
neural networks
MMD Loss Demystifying neural style transfer IJCAT 2017
Mean-Variance LLoss Arbitrary style transfer in real-time with ICCV 2017
adaptive instance normalization
Histogram Loss Stable and controllable neural texture Arxiv 2017
synthesis and style transfer using histogram
losses
EMD Loss Style Transfer by Relaxed Optimal Transport CVPR 2019
and Self-Similarity

Typical style losses wided used in style transfer literature
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e Real-Time NST

J. Johnson, A. Alahi, and L. Fei-Fei, “Perceptual losses for real- time style transfer and super-resolution,” in European conference
on computer vision. Springer, 2016, pp. 694-711.
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Extending on-line optimized based algorithm to real-time generation.
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* Multi-Style NST

(1) Model style with Instance Normalization
affine transformation parameters

V. Dumoulin, J. Shlens, and M. Kudlur, “A learned representation
for artistic style,” arXiv preprint arXiv:1610.07629, 2016.
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. Multi-Style NST

(2) Use specific convolutional kernel to render specific style

Encoder £ StyleBank Layer Decoder D Stylized O

Image /
Reconstructed O

D. Chen, L. Yuan, J. Liao, N. Yu, and G. Hua, “Stylebank: An explicit representation for neural image style transfer,” in
Proceedings of the IEEE conference on computer vision and pattern recognition, 2017, pp. 1897-1906.

(3 Use specific conditional signal to
indicate specific style

Y. Li, C. Fang, J. Yang, Z. Wang, X. Lu, and M.-H.
Yang, “Diversified texture synthesis with feed-forward
networks,” in Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition, 2017, pp.
3920-3928.

Style loss

network |
Diversity loss
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* Arbitrary-Style NST

(1) AdaIN
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X. Huang and S. Belongie, “Arbitrary style transfer in real-time with adaptive
instance normalization,” in Proceedings of the IEEE International Conference
on Computer Vision, 2017, pp. 1501-1510.

(2) WCT

L
Content Image
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"Result

Y. Li, C. Fang, J. Yang, Z. Wang, X. Lu, and M.-H. Yang, “Universal style
transfer via feature transforms,” in Advances in neural information
processing systems, 2017, pp. 386-396.

(3) MSG-Net

Multi-style Generative Network
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Content _a
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H. Zhang and K. Dana, “Multi-style generative network for real-time transfer,”
in Proceedings of the European Conference on Computer Vision (ECCV), 2018,
pp. 0-0.

(4) Linear Transformation

JuduUod

J[npout ssoj
DDA

¢ 1 compress
U : uncompress
®: matrix multiplication

X. Li, S. Liu, J. Kautz, and M.-H. Yang, “Learning linear transforma- tions for
fast arbitrary style transfer,” arXiv preprint arXiv:1808.04537, 2018.
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* Arbitrary-Style NST
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Park D Y, Lee K H. Arbitrary style transfer with style- Liu S, Lin T, He D, et al. Adaattn: Revisit attention mechanism in
attentional networks[C]//proceedings of the IEEE/CVF arbitrary neural style transfer[C]//Proceedings of the IEEE/CVF

conference on computer vision and pattern recognition. 2019: international conference on computer vision. 2021: 6649-6658.

5880-5888.
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* Arbitrary-Style NST

(7) Sty'Tr2

---------- S
Add&Norm A . . \
T “EHEERY i" o) |
Pl i B S N e Transformer decoder |
i o ,-l 1 (@] 0
chu SEm e S D Ceamem : |
— | THECREE . e
Add&Norm S| . 'L[_'___: : m Transformer decoder layer
1 Style value&key bank | N

1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
I A 1
1 1| !
1 I
! Multi-head Attention ] !
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I
1 I

H
1 L \
! \
i %
\ e L
—————A ———— --‘ S -“"-,-'T-‘\I

: AR i

1

1

1

1

-

1

1

1

r

1

]

1

1

1

1

I/

i

VI K] Q] o | L]
g [ I | I
= v i - i [] -
Add&Norm 3 é g : : 1 )
) S8 L al o [ : 1} s
T N Q‘: EJ g 1 : | 8
) = g1 | I O R
Multi-head Attention ] f’é’ = : i ] ]
vl K Q — e L ] o
Style Content { L \ / K
a) Transformer decoder layer b) StyTr?2 Network
y

Deng Y, Tang F, Dong W, et al. Stytr2: Image style transfer with transformers[C]//Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition. 2022: 11326-11336.



® Related Work

Seminar 2023/9/10

* NST Quality Improvement

(1) Remove noisy elements

Content image

Synthesized image Style image

S

Content Gram
Loss Loss

H_-_:[t Laplacian Filter

Laplacian

Convl_1 Content layer L.oss Style layers Convl_1

(a) Content image (b) Style image (c) Gatys-style output (d) Lapstyle output

S. Li, X. Xu, L. Nie, and T.-S. Chua, “Laplacian-steered neural style
transfer,” in Proceedings of the 25th ACM international conference on
Multimedia. ACM, 2017, pp. 1716-1724.

(2) Promote structure consistency
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style

style style style
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fW Loss Network ¢, (object recognition)
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Target

Style image Content image Fast NST Depth-aware NST

X.-C. Liu, M.-M. Cheng, Y.-K. Lai, and P. L. Rosin, “Depth-
aware neural style transfer,” in Proceedings of the Symposium on
Non- Photorealistic Animation and Rendering, 2017, pp. 1-10.
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* NST Quality Improvement

(3) Semantic Style Transfer

(a) Content image and mask

e | h

(a) Content (b) Style (c) Stylization results with
image and image and spatial control
semantic map semantic map

(c) W/O spatial control  (d) With spatial control

L.A.Gatys,A.S.Ecker,M.Bethge, A Hertzmann,andE.Shechtman, “Controlling perceptual factors in neural style transfer,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2017, pp. 3985-3993.

; u
Semantic

VGG Feature

Fusion
@

M. Lu, H. Zhao, A. Yao, F. Xu, Y. Chen, and L. Zhan, “Decoder network over lightweight reconstructed feature for fast semantic style transfer,” in Proceedings of
the IEEE International Conference on Computer Vision, 2017, pp. 2469-2477.
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* NST Quality Improvement

(4) Promote style saliency for large image

Enhance Subnet Refine Subnet

Total Loss

YyvYyY

Loss Network
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X. Wang, G. Oxholm, D. Zhang, and Y.-F. Wang, “Multimodal transfer: A hierarchical deep convolutional neural network for

fast artistic style transfer,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2017, pp.
5239-5247.
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* NST beyond image

Video Style Transfer
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Huang H, Wang H, Luo W, et al. Real-time neural style transfer for videos[C]//Proceedings of the IEEE conference
on computer vision and pattern recognition. 2017: 783-791.
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* NST beyond image
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Huang H, Wang H, Luo W, et al. Real-time neural style transfer for videos[C]//Proceedings of the IEEE conference
on computer vision and pattern recognition. 2017: 783-791.
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* NST beyond image
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NST without / with temporal consistency
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* NST beyond image

Stereoscopic Neural Style Transfer
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Chen D, Yuan L, Liao J, et al. Stereoscopic neural style transfer[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2018: 6654-6663.
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* NST beyond image

Stereoscopic Neural Style Transfer

Chen D, Yuan L, Liao J, et al. Stereoscopic neural style transfer[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2018: 6654-6663.
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* NST beyond image

Style Transfer for 3D reconstruction

A

Depth-Aware Patchwise Stylization

2
3

coarse patterns () [

— w.’L‘
fine details a I Ty ¢

Angle-Aware Level of Detail

Input: RGB-D Scan + Style Image

Output: Mesh + Styled Texture

Hollein L, Johnson J, NieBner M. Stylemesh: Style transfer for indoor 3d scene
reconstructions[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.

2022: 6198-6208.
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* NST beyond image

Style Transfer for 3D reconstruction

Multi-view Content Images Reference Style Images + Stylized Novel Views

Liu K, Zhan F, Chen Y, et al. StyleRF: Zero-shot 3D Style Transfer of Neural Radiance Fields[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023: 8338-8348.
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* Patch-Matching Based NST

CNNMRF C. Liand M. Wand, “Combining markov random fields and convo- lutional neural networks for image synthesis,”
in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2016, pp. 2479-2486.

1=1
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* Patch-Matching Based NST

Liao J, Yao Y, Yuan L, et al. Visual attribute transfer through deep image analogy[J]. ACM Transactions on Graphics, 2017, 36(4): 1-15.
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* Patch-Matching Based NST

Deep Image Analogy

Preprocessing
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Figure 4: System pipeline.
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* Patch-Matching Based NST

Experiment results
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* Patch-Matching Based NST

Experiment results
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* Patch-Matching Based NST

Experiment results

A (input) A’ (output) B (output) B’ (input)



® Related Work Seminar 2023/9/10

e GAN based NST

Sanakoyeu A, Kotovenko D, Lang S, et al. A style-aware content loss for real-time hd style transfer[C]//proceedings of the European
conference on computer vision (ECCV). 2018: 698-714.
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e GAN based NST
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D. Kotovenko, A. Sanakoyeu, P. Ma, S. Lang, and B. Ommer, “A content
transformation block for image style transfer,” in Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2019, pp. 10 032-10
041.
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e GAN based NST

} ['content

Content loss
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Zheng Z, Liu J. P2-GAN: efficient style transfer using single
style image[J]. arXiv preprint arXiv:2001.07466, 2020.

(a) stride = 2, kernel_size =3  (b) stride = kernel_size =3  (a) Content (b) Style (c) Patch  (d) Our results
images images Permutation
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e CL based NST

Artistic Style Transfer
with Internal-external
Learning and
Contrastive Learning

i

1

i

Chen H, Wang Z, Zhang H, et al. Artistic style transfer with Q _ E
. . . . identity

internal-external learning and contrastive learning[J]. |

1

1

Advances in Neural Information Processing Systems, 2021, Decoder
34:26561-26573.
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e Generalized NST

Isola P, Zhu J Y, Zhou T, et al. Image-to-image translation with conditional
adversarial networks[C]//Proceedings of the IEEE conference on computer
vision and pattern recognition. 2017: 1125-1134.

"
X e >hx
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G —> Gl z) Real
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) Fake
X
: |
) Pix2Pix

Yi R, Liu Y J, Lai Y K, et al. Apdrawinggan: Generating artistic portrait
drawings from face photos with hierarchical gans[C]//Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition. 2019:
10743-10752.

Qi X, Sun M, Wang W, et al. Face sketch synthesis via semantic-
driven generative adversarial network[C]//2021 IEEE International
Joint Conference on Biometrics (IJCB). IEEE, 2021: 1-8.
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(a) Sample text

(b) Text rendering in style 1

2HBBHBL, LAHES
ERNKF ! SEAHARL?

am F, BRAKA. Wi %
5 RERRBEREL. 12
MEL K, LHFAK?

L HAtHhS Y, LA
BARRF ! SR BRBEIL?
MR, RREKA, vHA
&, kREARGERER, B
MARFHAY, LHHAR?

{c) Text rendering in style 2

(d) Text rendering in style 3

Jiang Y, Lian Z, Tang Y, et al. DCFont: an end-to-end deep Chinese font
generation system[M]//SIGGRAPH Asia 2017 Technical Briefs. 2017: 1-4.
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e Generalized NST

Zhu J Y, Park T, Isola P, et al. Unpaired image-to-image translation using
cycle-consistent adversarial networks[C]//Proceedings of the IEEE
international conference on computer vision. 2017: 2223-2232.

Source

Reference

A e OO - Vid
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R - Y
DX | : ] Dy
xll - -
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CycleGAN Xig <+ - X

Aanist

Input Photo Generated Painting  Real Painting

He B, Gao F, Ma D, et al. Chipgan: A generative adversarial network for
chinese ink wash painting style transfer[C]//Proceedings of the 26th ACM

international conference on Multimedia. 2018: 1172-1180.

Chang H, Lu J, Yu F, et al. Pairedcyclegan: Asymmetric style transfer
for applying and removing makeup[C]//Proceedings of the IEEE
conference on computer vision and pattern recognition. 2018: 40-48.

Gao X, Zhang Y, Tian Y. Learning to Incorporate Texture Saliency
Adaptive Attention to Image Cartoonization[C]//International Conference on
Machine Learning. PMLR, 2022: 7183-7207.
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First author:
Yuxin Zhang 2020 PhD at

Institute of Automation, Chinese Academy of Sciences

* Domain Enhanced Arbitrary Image Style Transfer via Contrastive
Learning (SIGGRAPH 2022)

* Inversion-Based Style Transfer with Diffusion Models (CVPR 2023)

* A Unified Arbitrary Style Transfer Framework via Adaptive
Contrastive Learning (ToG 2023)
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Corresponding author:

Weiming Dong, Professor, Institute of
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Corresponding author:

Weiming Dong, Professor, Institute of Automation, Chinese
Academy of Sciences
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‘A painting of a girl reads a book
in the style of Modernism’

Text-to-lmage 4 % ->
Generative
Model w -
(a)

‘A painting of a girl reads a book

Target in the style of Tony Toscani’
Style 1
e
Text-to-lmage I&‘ ->
Generative —
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(d)

‘A painting of a girl reads a ‘
book in the style of [C]’

Vit-Based Text-to-lImage

Style Transfer =» Generative
Model § Model
(b) (c)
1 [C] I
CNN-Based Text-to-Image
Style Transfer =»- =»  Generative
Model Model

(e) (f)
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If a photo speaks 1000 words, then every painting tells a story.

Model architecture

—>  Linear Linear : X(T 1) s Latent Space
Denoising U-Net
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& | add random noise | predict noise | add predicted noise ) - Synthesis Process /\
) < . v v
content noisy predicted content noisy result
image version | noise image version |l ‘cr
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CLIP text embedding process

class nn.Module

def version = "openai/clip-vit-large-patchl4", device="cuda:0", max_length =77

.tokenizer = CLIPTokenizer.from_pretrained( version

.transformer = CLIPTextModel.from_pretrained version .eval

.device = device
.max_length = max_length

def prompts: List
batch_encoding = .tokenizer(prompts, truncation=True. max_length= .max_length, return_length=True
return_overflowing_tokens=False, padding="max_length", return_tensors="pt"
tokens = batch_encoding "input_ids"|.to .device

return .transformer(input_ids=tokens ) .last_hidden_state



O Paper Reading Seminar 2023/9/10

Experiment results

Content Reference
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Experiment results

Content Reference Ours CAST StyTr2 StyleFormer IEST AdaAttN ArtFlow
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Experiment results

Painting name: ‘A space ship [C]’ ‘A painting of space ‘A painting of ‘The Sun [CT | ‘A pain{ing ofthe ‘A painting of the
Composition VIl ship in the style of space ship in the Sun in the style of Sun in the style of
the Composition by style of * the Composition by =

Wassily Kandinsky’ Wassily Kandinsky’

‘A painting of Flowers ‘A painting of

Painting name: ‘The Solar ‘A painting of the ‘A painting of the ‘Flowers [C]

Small Worlds IV System [C]’ Solar System in the Solar System in in the style of the Flowers in the
style of the Small the style of * Small Worlds by style of *
Worlds by Wassily Wassily Kandinsky’
Kandinsky’
Reference Ours Stable Diffusion Textual Inversion Ours Stable Diffusion Textual Inversion

text-to-image synthesis with placeholder
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Experiment results

Reference Content ‘A comic of a ‘A cartoon of a ‘A caricature of ‘A paintingof a Ours
woman’ woman’ a woman’ woman’

Comparison with SDM conditioned on human caption

CAST [59] StyTr? [7] StyleFormer [55] IEST[3] AdaAttN [34] ArtFlow [1] TexIn [15]
img2img | txt2img
Preference? 0.368 0.310 0.218 0.161 0.310 0.276 0.379 0.121
Ours 0.632 0.690 0.782 0.839 0.690 0.724 0.621 0.879

User Study
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Experiment results

_~

Jl}Seya0i}s yim

content

strength=0.6

onseq'om,s o/M

style strength=0.4 stenth=0.6 | style B stength0.4 strength1=0'.6-
(a) The ablation study of our stochastic inversion and the impact of hyper parameter strength

& keﬁ?’ O

“a cat [C]” “a car [C]" “a cat [C]" “a car [C]" “a cat [C]” “a car [C]" “a cat [C]" “a car [C]"
ours (cross-attention with dropout) replace attention with MLP w/o dropout Replace attention with MLP, w/o dropout

(b) The ablation study of cross-attention and dropout.

Ablation Study
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The End

Thanks for your attention.



