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Challenge: Others

* Internal Distribution Modelling
 InGAN
* SinGAN
* Whatisin the Frequency Domain
* CNN-generated images
 Learning in the frequency domain
* What It Learns
* GAN Dissection
* Mode Collapse
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INnGAN

* InGAN: Capturing and Remapping the "DNA" of a Natural Image

Conditional generative model
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INGAN

e Architecture
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INnGAN

* Generator architecture
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INnGAN

e Adaptive Multi-Scale Patch Discriminator
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INnGAN

input Non-stationary [31] Spatial-GAN [ 18]
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INnGAN

Multiple Tasks:

Natural image
retargeting

Seam-Carving

ez ¥

PEKING UNIVERSITY




»
@ eixy

PEKING UNIVERSITY

INnGAN

Multiple Tasks: Pure homography

* Retargeting to
Non-Rectangular
Outputs

._ | ,d_ "-. -
InGAN —output2 Pure homography
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* Internal Distribution Modelling

* SinGAN
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SinGAN

 SinGAN : Learning a Generative Model from a Single Natural Image

Single training image Random samples from a single image
—— oS — Sam RTINS s, —JA—— e o, A T

SinGAN: Unconditional VS. InGAN: Conditional
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. SlnGAN s multi-scale pipeline: A pyramld of GANs

Real

Training Progression

Mult—scale }jatch L Mult-scale Patch Effective
aner;{tor Discriminator Patch Size
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SinGAN

* Single scale generation

Tn = (Tnt1) T+ Vn|(2n + (@ng1) T7)
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SinGAN

* Training
Sequentially train from the coarsest scale to the finest one

Once each GAN is trained, it is kept fixed

min max Ly (Gpn, Dyn) + aLliec(Gr)

]

WGAN-GP loss Lrec = |Gn(0, (Z551) 1) — 24]|?
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SinGAN

* Applications: Super Resolution

Input SRGAN (24. 865/3 640) EDSR (28. 367/8 083) DIP (27. 485/7 188) ZSSR (27. 933/8 455) SlnGAN (26 068/3 831)

frained on a dataset frained on a single image
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SinGAN

e Applications: Paint-to-Image

Training Example Input Paint Neural Style Transfer Contextual Transfer SinGAN (Ours)

’ -
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SinGAN

e Applications: Harmonization

Input Deep Paint. Harmonization SInGAN (Ours)
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* Whatisin the Frequency Domain
* CNN-generated images
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What it is in the frequency domain

* CNN-generated images are surprisingly easy to spot... for now

Are CNN-generated images hard to distinguish from real images?

i g
; e
%)
A
S8 Z e
e oS i e
VTR ¢
A a®
> \ ;
|- B

g )

B 7

ProGAN [21] |StyleGAN [22] BigGAN [?] CycleGAN [54] StarGAN [12] GauGAN [34] CRN[11] IMLE [26] SITD [10]  Super-res. [1 5] Deepfakes [39]

A classifier trained to detect images generated by only one CNN (ProGAN, far left)
can detect those generated by many other models (remaining columns)
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What it is in the frequency domain

ForenSynth : A dataset of CNN-based generation models

CNN-generated images are surprisingly easy to spot... for now

Family Method Image Source # Images
U ditional ProGAN [ LSUN 8.0k
GO SiyvIeGAN | LSUN 12.0k
_________ BigGAN[9] _ _ _ ImageNet 40k
o CycleGAN [54] Style/object transfer 2.6k
Conditional
GAN StarGAN [ CelebA 4.0k
GauGAN [ COCO 10.0k
Perceptual CRN [ GTA 12.8k
loss MLE(]  GTA 128
Low-level SITD [10] Raw camera 360
vision SAN [ Standard SR benchmark 440
Deepfake FaceForensics++ [ Videos of faces 5.4k
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* CN N'generatEd IMages are su rp”Slneg €asy to SpOt... for now
Effect of data augmentation
Training settings Individual test generators Total
Family Name .
. No. Augments Pro- Style- Big- Cycle- Star- Gau- Deep-
Train  Input o m GAN GAN GAN GAN GAN GAN CRN IMLE SITD SAN ..~ mAP
Zhane Cyc-Im CycleGAN RGB - 84.3 65.7 55.1 100. 99.2 799 745 90.6 67.8 82.9 53.2 77.6
(M€ CyeSpee  CyeleGAN Spee - 514527 796 100 100 708 647 73 922 785 445 732
[ ] Auto-Im AutoGAN RGB - 73.8 60.1 46.1 99.9 100. 49.0 82.5 71.0 80.1 86.7 80.8 75.5
Auto-Spec AutoGAN  Spec - 75.6 68.6 84.9 100. 100. 61.0 80.8 75.3 89.9  66.1 39.0 76.5
2-class ProGAN RGB 2 v v 08.8 78.3 66.4 88.7 87.3 87.4 94.0 97.3 85.2 52.9 58.1 81.3
4-class ProGAN RGB 4 v v 99.8 87.0 74.0 93.2 92.3 94.1 95.8 97.5 87.8 58.5 59.6 85.4
8-class ProGAN RGB 8 v v 99.9 94.2 78.9 94.3 91.9 954  98.9 99.4 91.2 58.6 63.8 87.9
 l6cas  PGAN RGB 16 ¥ /100 982 77 94 955 981 990 997 953 6.1 719 9l4
Ours No aug ProGAN RGB 20 100 96.3 72.2 84.0 100 67.0 93.5 90.3 96.2 93.6 98.2 90.1
Blur only ProGAN RGB 20 v 100 99.0 82.5 90.1 100 74.7 66.6 66.7 99.6 53.7 95.1 84.4
JPEG only ProGAN RGB 20 v 100 99.0 87.8 93.2 91.8 97.5 99.0 99.5 88.7 78.1 88.1 93.0
Blur+JPEG (0.5) ProGAN RGB 20 v v 100 98.5 88.2 96.8 95.4 98.1 98.9 99.5 92.7 63.9 66.3 90.8
Blur+JPEG (0.1) ProGAN RGB 20 1 ] 100 99.6 84.5 93.5 98.2 89.5 98.2 98.4 97.2 70.5 89.0 92.6

22
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 CNN-generated images are surprisingly easy to spot... for now

Effect of data augmentation

100 A
Chance
I No aug.
[ Blur only
% 50 JPEG only
I Blur+JPEG(0.5)
B Blur+)JPEG(0.1)
0_

ProGAN StyleGAN BigGAN CycleGAN StarGAN GauGAN CRN IMLE SITD SAN DeepFake
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What it is in the frequency domain

* CNN-generated images are surprisingly easy to spot...
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What it is in the frequency domain
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 CNN-generated images are surprisingly easy to spot... for now

Frequency analysis on each dataset

ProGAN StyleGAN BigGAN CycleGAN

StarGAN

: . \
4
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:
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GauGAN IMLE SITD DeepFake
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* Whatisin the Frequency Domain

* Learning in the frequency domain

27



What it is in the frequency domain

Learning in the Frequency Domain

Why in the frequency domain?

Pre-processing (CPU) g3

Pre-processing (CPU)

DCT Channel

selection

Inference

(GPU or accelerator)

Inference
(GPU or accelerator)
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What it is in the frequency domain

* Learningin the Frequency Domain

Data pre-processing pipeline

3 3 3 _____F =

Spatial resize and crop DCT transform DCT reshape DCT channel select DCT concatenate DCT normalize
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What it is in the frequency domain

Learning in the Frequency Domain

How to convert into the frequency domain?

|\~ - - 1
DCT:56x56x64 | RGB:224x224x3 |
— — — —.— — —
j——— y___
| 7x7 conv, 64, /2 |
— — — —'— — —
y__— 1
1 3x3 Max Pool, /2
————___r 777
A 4
1x1 Conv, 64
3x3 Conv, 64
1x1 Conv, 256

>
NELF TS
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What it is in the frequency domain

* Learningin the Frequency Domain

Channel Selection

1x1xC 1x1xC 1x'1xCx2
o —al —g LY |

Tensor 2 Tensor 3 Tensor 4 Gumbel samples

Tensor 1
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* Learningin the Frequency Domain

27 28 15 27 28 5 n 14 15 27 28 1.0
16 29 42 26 29 42 4 7 13 16 26 29 42 0.8

17 25 30 41 43 30 41 43 3 8 12 17 25 30 41 43
18 24 31 40 44 53 40 44 53 n 11 18 24 31 40 44 53 ‘0-5

23 32 39 45 52 54 10 19 23 32 39 45 52 54 10 19 23 32 39 45 52 54
33 38 46 51 55 60 20 22 33 38 46 51 55 60 20 22 33 38 46 51 55 60 [
21 34 37 47 50 56 59 61 21 34 37 47 50 56 59 61 21 34 37 47 50 56 59 61 -0.2
35 36 48 49 57 58 62 63 35 36 48 49 57 58 62 63 35 36 48 49 57 58 62 63 0.0

Y Cb Cr
(a) Heat maps of Y, Cb, and Cr components on the ImageNet validation dataset.

_. 27 28 . 5 . 14 15 27 28 - 5 . 14 15 27 28 1o
13 16 26 29 42 4 7 13 16 26 29 42 . 4 7 13 16 26 29 42 0.8

17 25 30 41 43 3 8 12 17 25 30 41 43 3 8 12 17 25 30 41 43
24 31 40 44 53 . 11 18 24 31 40 44 53 . 11 18 24 31 40 44 53 0.6
23 32 39 45 52 54 10 19 23 32 39 45 52 54 10 19 23 32 39 45 52 54 o4
33 38 46 51 55 60 20 22 33 38 46 51 55 60 20 22 33 38 46 51 55 60 .
37 47 50 56 59 61 21 34 37 47 50 56 59 61 21 34 37 47 50 56 59 61 -0.2
35 36 48 49 57 58 62 63 35 36 48 49 57 58 62 63 35 36 48 49 57 58 62 63 0.0
Y Cb Cr N

32

(b) Heat maps of Y, Cb, and Cr components on the COCO validation dataset
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What it is in the frequency domain

* Learningin the Frequency Domain

33
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e What It Learns
e GAN Dissection
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What it learns

e GAN Dissection

How to visualize GANs?

How to understand GANSs?

Bau, David, et al. "Gan dissection: Visualizing and understanding
generative adversarial networks." arXiv preprint arXiv:1811.10597 (2018).
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What it learns

* GAN Dissection

Analytical Framework: Characterizing Units by Dissection

featuremap thresholded
- - '/"
single unit u N upsample §

[

=
Fup r,, >t agreement
: . loU
generated image segmentation u.c

: | enerate
Z

I
generator

G
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What it learns

* GAN Dissection
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Analytical Framework: Measuring Causal Relationships Using Intervention

%

N O

force Fyp ON

unforced units causal units U

force r, off

inserted image

segment

segmentation

e
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s.(x)

segmentation

causal effect

U—c
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What it learns

e GAN Dissection

Finding concepts

(d) Activating units adds trees

38
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What it learns

* GAN Dissection

Effect of Intervention

Where Can a Door Go?

IRBEIVER Cnonteannch % DIETEmw IR BHN0ER ThoNCE MNch W DIET Enw

(€)
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* GAN Dissection

Results
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droom images with artifacts

(a) Example artifact-causing units (c) Ablaig “artifact” units improves results
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What it learns

e GAN Dissection

https://gandissect.csail.mit.edu
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e What It Learns

* Mode Collapse

42
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What it learns

« Mode Collapse

How do we know what a GAN cannot generate?

How to visualize the problem of mode collapse ?

Bau, David, et al. "Seeing what a GAN cannot generate." Proceedings of the IEEE
International Conference on Computer Vision. 2019.
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* Seeing what a GAN cannot generate

Generated vs. Training object segmentation statistics

original image reconstruction original image reconstruction

(b) real images vs. reconstructions 45
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What it learns

* Seeing what a GAN cannot generate

Method: Quantifying instance-level mode collapse

I
l loss |
Step 1: train , \ il
encoder E ) . Z'
E(G(z)) > z oo, -

generator G synthesized encoder E
G(z2)

Step 2:initialize
Zo= E(x)
fo = gn(...(81(20)))

Step 3: optimize
Gt(r) > x

r=ry

reconstruction target x
Ge(r*)

G = Gr(gn(---((91(2))))

L = Eyl||ric1 — e(gi(ri—1))]]1]
Lr = E,[||r; — gi(e(r;))||1]
e; = argmin Ly + ArRLR,

e

E* = ei(e2(--- (en(er(x)))))

x' = Gy(r*),
where r* = arg min /(G ¢(r), x)

47
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What it learns

Seeing what a GAN cannot generate

Results

Progressive GAN on LSUN Bedrooms
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What it learns P ST
* Seeing what a GAN cannot generate
Results
photograph generated photograph generated photograph generated photograph generated
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What it learns

* Seeing what a GAN cannot generate

Results
photograph generated photograph generated photograph generated
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Summary

* Internal Distribution Modelling
 InGAN
* SinGAN
* Whatisin the Frequency Domain
* CNN-generated images
 Learning in the frequency domain
* What It Learns
* GAN Dissection
* Mode Collapse
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Thanks
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