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What is Unpaired Image-to-Image Translation??
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Training Set Test-time behavior
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cycle-consistency loss

CycleGAN (Zhu et al., ICCV’17)
DiscoGAN (Kim et al., ICML17)
DualGAN (Yi et al., ICCV'17)

Also used in

MUNIT (Huang et al., ECCV'18)
DRIT (Lee et al., ECCV'18)
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What makes for a good output?

Input (horse) Output (zebra)




Retaining input content

Input (horse)

Output (zebra)
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Discriminator




Retaining input content

Input (horse) Output (zebra)

Sensitive

Invariant
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Corresponding patches should have high similarity



Patch-based Contrastive Loss

Input (horse) Output (zebra)
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softmax
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softmax ( cosine similarities /1 )
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 |InfoNCE loss (Gutmann et al., AISTATS18 , van den Oord et al., 2018) USed 1N MoCo and SImCLR

« o produce positive pairs:

« Handcrafted data augmentation (MoCo, SImCLR, etc.)
* Input and synthesized image (ours)

MoCo: He et al., CVPR20, SImCLR: Chen et al., ICML20



Patchwise contrastive loss




Patchwise contrastive loss

Multilayer, Patchwise
Contrastive Loss




Patchwise contrastive loss

Multilayer, Patchwise
Contrastive Loss
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L < 15

+ No fixed similarity metric (e.g., L1 or perceptual loss)
+ One-sided (no inverse mapping needed)




Internal vs External Patches

Internal Patches




Internal vs External Patches

Internal Patches

External Patches

WAL
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MoCo: He et al., CVPR20;
~ SimCLR: Chen et al., ICML20
. use a large set of external images as negative samples

External patches make things worse



Power of Internal patches

Texture Synthesis by Non-parametric Sampling (Efros & Leung, ICCV’99, Efros & Freeman, SIGGRAPH'01)
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Internal vs External Patches

input internal patches external patches Mode Collapse!




|dentity Loss Regularization
X G(X)

VAL

Normally,
Contrastive Loss between X and G(

DTN (Taigman et al., ICLR’17), CycleGAN (Zhu et al., ICCV’17)



|dentity Loss Regularization

Normally, |
Contrastive Loss between X and G(X)© =

Identity loss regularization
Contrastive Loss between Y and G(Y

DTN (Taigman et al., ICLR’17), CycleGAN (Zhu et al., ICCV’17)



CUT FastCUT

Contrastive Unpaired Translation

Contrastive Loss

A=1 A =10

|dentity Loss Regularization

v X
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Flexible, Conservative,
Faster than CycleGAN Even Faster than CUT




Lighter Footprint

Training time (sec/iter, lower is better)

0.8
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CycleGAN CUT FastCUT

< 0.5x




Lighter Footprint

Training time (sec/iter, lower is better)

0.8
0.7
0.6
0.5

0.4
0.3
0.2
0.
0

< 0.5x
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CycleGAN MUNIT DRIT CUT FastCUT



Lighter Footprint

Training time (sec/iter, lower is better)

0.8
0.7
0.6
0.5

0.4

0.3
0. < 0.5x
o- 111 I

0

CycleGAN MUNIT DRIT DistanceGAN Self-DistGAN  GCcGAN FastCUT
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Dealing with Dataset Bias

Source training set Target training set

horse 1 79%



Dealing with Dataset Bias

FastCUT CycleGAN ~ Target training set
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FID evaluating the realism of output images (lower is better)

CycleGAN MUNIT DRIT DistanceGAN  SelfDistanceGAN GCGAN FastCUT
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Segmentation Score evaluating correspondences

mean Intersection-over-Union (%), higher is better
30
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Single Image Translation

Claude Monet’s painting

g
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Internal contrastive loss is well-suited for single image translation.
Also see INGAN (Shocher et al., ICCV’19), SINGAN (Shaham et al., ICCV'19)



Reference photo

Single Image Translation

Claude Monet’s painting

Internal contrastive loss is well-suited for single image translation.
Also see INGAN (Shocher et al., ICCV’19), SINGAN (Shaham et al., ICCV'19)



Reference photo

Single Image Translation

Claude Monet’s painting

Internal contrastive loss is well-suited for single image translation.
Also see INGAN (Shocher et al., ICCV’19), SINGAN (Shaham et al., ICCV'19)



Painting



Reference Photo

Painting



Reference Photo

Painting Gatys et al. CVPR'16



Reference Photo

g

Pinting | STROTSS (Kolkin et al., CVPR19)
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Reference Photo

WCT? (Yoo et al., ICCV’19)




Reference Photo

Our translation result




Reference Photo




Painting



Reference Photo

Painting Gatys et al. CVPR’16




Reference Photo

Painting STROTSS (Kolkin et al., CVPR'19)




Reference Photo

Painting WCT? (Yoo et al., ICCV’19)




Reference Photo

Painting




Reference Photo

Painting CycleGAN




Reference Photo

Painting ur translation result




Reference Photo
.. ]

Painting Our translation result
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Painting

Reference Photo



Reference Photo
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Questions or Comments?

invariant

sensitive

Patch-based Contrastive Loss
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To produce posidive pairs:
* Handcrafted data augmentation (MeCo, SImCLR, etc.)
» Input and synthesized image (ours)

2 mused n MoCo and SImCLR

horse 17.9%
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Power of Internal patches

Tenture Synthesis by Non-parametne Sempling (EXas & Leung, 5ICCV'S9, E¥os & Freeman, SIGGRAPH D)
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intra-image

inter-image
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Disentanglement?
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MUNIT (Huang, Liu, Belongie, Kautz, ECCV’18)




Structure for each row




Style for each column
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dark brown, light brown, white  white, black
uniform spotted striped
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Extracting style and structure from an image

style code

structure code




Extracting style and structure from an image

style code

structure code




Extracting style and structure from an image

style code

structure code




Extracting style and structure from an image

Co-occurrence
Patch-based

Discriminator

style code

structure code




Auto-
encode

Reconstruction

. structure code
, style code







"""""""""""" *  Reconstruction

Auto-
encode

Reference patches Real/fake?
Patch co-occurrence discriminator Dy,¢ch
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Patch Co-Occurrence Discriminator is a Texture Discriminator

What is Texture?
“An image that can be represented by first and second-order statistics”

Conjecture by Bela Julesz, 1962

Two textures that differ by first-order statistics



Patch Co-Occurrence Discriminator is a Texture Discriminator

What is Texture?
“An image that can be represented by first and second-order statistics”

left adjacent pixel
dark bright

left adjacent pixel
dark bright
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Conjecture by Bela Julesz, 1962 _ o
Two textures that differ by second-order statistics



Patch Co-Occurrence Discriminator is a Texture Discriminator

What is Texture?

“An image that can be represented by first and second-order statistics”

(almr

Modeling Jomt probabi\ity S

ost) enough to Capture texture

Conjecture by Bela Julesz, 1962
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Two textures that differ by third-order statistics



Patch Co-Occurrence Discriminator is a Texture Discriminator




Patch Co-Occurrence Discriminator is a Texture Discriminator




Patch Co-Occurrence Discriminator is a Texture Discriminator




Patch Co-Occurrence Discriminator is a Texture Discriminator




Patch Co-Occurrence Discriminator is a Texture Discriminator




Patch Co-Occurrence Discriminator is a Texture Discriminator




Patch Co-Occurrence Discriminator is a Texture Discriminator




Patch Co-Occurrence Discriminator is a Texture Discriminator

structure image



"""""""""""" *  Reconstruction

Auto-
encode

Reference patches Real/fake?
Patch co-occurrence discriminator Dy,¢ch
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Reference patches Resl/fake?
Patch co-occurrence discriminator Dy aen
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Embedding a Real Input Image
Input Ours StyleGAN2 Im2StyleGAN

W

| 1

Fast

feed-forward pass of the encoder.
Magnitudes faster than baselines.

Accurate

Prior distribution not enforced on
the latent space.

Spatial resolution is retained.

StyleGAN2 (Karras et al., CVPR’20), Im2StyleGAN (Abdal et al., ICCV’19)



Embedding a Real Input Image

Input Ours StyleGAN2 Im2StyleGAN

Fast

feed-forward pass of the encoder.
Magnitudes faster than baselines.

Accurate

Prior distribution not enforced on
the latent space.

Spatial resolution is retained.

StyleGAN2 (Karras et al., CVPR’20), Im2StyleGAN (Abdal et al., ICCV’19)



Photorealistic and Disentangled Swapping Quality

Structure Texture

StyleGAN2

StyleGAN2 (Karras et al., CVPR’20), Im2StyleGAN (Abdal et al., ICCV’19)
STROTSS (Kolkin et al., CVPR’19), WCT? (Yoo et al., ICCV’19)



Photorealistic and Disentangled Swapping Quality

Structure Texture

StyleGAN2 (Karras et al., CVPR’20), Im2StyleGAN (Abdal et al., ICCV’19)
STROTSS (Kolkin et al., CVPR’19), WCT? (Yoo et al., ICCV’19)



Realism of generated images

Method Runtime  Huoman Perceptual Study (AMT Fooling Rate) (1)

SRR Church FFHOQ Waterfall  Average
“Swap Autoencoder (Ours) 0113 313334 208235 418222 M4tid
T Im2SyleGANT. ] 9907 0 8S5E2T 0 1lex23 128234 11013
StyleGAN2 | 4] 192 243422 228£25 35324 27.5%14
----- STROTSS[A7]  ~ 166 — 13.74£23  136x35 3302301 16713

WCT? '] 1.35 27,9423 266+24 358424  30.1+14
StyleGANZ2 STROTSS

WCT? Ours




Which do you think is Which do you think is more
more similar in style? similar in structure/content?

76.0 '_'—B I 776 n-l-c_l Im2StyleGAN
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Ours ; i —
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StyleGAN2

STROTSS




Smooth Latent Space

Encoder Encoder
Z1,21,--,ZN Z1,2Z1,--,ZN
l average l average
Zsummer ZSTLOW

Zadd_snow= Zsnow — Zsummer



Smooth Latent Space

< . .
less snow input image more snow



PCA on the Latent Space

All kinds of mountains (summer, snow, desert, canyon, ...)

o0 0 T )
Encoder
Z1,Z1s-sZN

j PCA

discovered edit vectors
GANSpace (Harkonen et al., 2020)



Interactive Ul

“Preview”
of each principal axis




Structural Editing

Extract the structure code at this position

structure code

style code




StrU CtU ral Edltlng Overwrite the structure code here




User-Guided Portrait Painting to Photo




User-Guided Animal Face Transformation

same pose, different styles



PCA on the Structure Code

gaze more smile 5 o'clock
direction shadow



Editing Landscape Images




Editing Landscape Images

PCA on the structure code,
with user-drawn mask




Summary

. *  Reconstruction [* i D

. structure code [ |
L , style code

GAN that can embed images




Summary
inter-image (style)
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Summary
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interactive user editing



Thank you!

https://taesung.me/ContrastiveUnpairedTranslation
https://taesung.me/SwappingAutoencoder



