One-shot unsupervised Cross
Domain Translation (2018)

Sagie Benaim, Lior Wolf. advances in neural information processing systems conference on computer vision and pattern recognition. 2018.

IIE8557-01 SHAZ ket

AAE QIEIaHA 917IAl ZiBIAl



Table of Contents

Background

Introduction

One-shot translation

Experiment

Conclusion

* Appendix

(©Saebyeol Yu. Saebyeol’'s PowerPoint




Background

Fewsshot leaming
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Background

Fewsshot leaming
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Domalin translation
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Introduction

One-shot unsupervised cross domain transition
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One-shot unsupervised domain transition
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Proposed : One-shot translation(OST)

One~shot transkation(OST)
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Proposed : One-shot translation(OST)
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Proposed : One-shot translation(OST)
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Experiment

Expenment (1) MNIST-SVHN Translation

« [Domain A: MNIST, Domain B: SVHN] Target Image©] o3 &5 A<= 2 Ablation Study %133
e  Aot=l OSTo| BaselineE 57RF=A53 Y
= Domain SampleQ] =7} Z7}gto| webA AstE Z7)st= 74k
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O

= Z7} A (Shared Encoder & Decoder freezing & 73-$-) Target domain distribution o] w] X] A#ASF <= 1 1-S(Domain transition2] 4] Q 44)

Table 1: Ablation study for the MNIST to SVHN translation (and vice versa). We consider the
contribution of various parts of our method on the accuracy. Translation is done for one sample.

Augment- One-way Selective Accuracy Accuracy
ation cycle backprop (MNIST to SVHN)  (SVHN to MNIST)
e ,,-f"_ | False False False (.07 (.10 |
P —— = True False False 0.11 0.11
- . - False True False 0.13 0.13
e True True False 0.14 0.14
R ; | False False True 0.19 0.20 |
B R : i True False True 0.20 0.20
— "' T e T False True True 0.22 0.23
True True No Phase II update 0.16 0.15
of E and G°
True Two-way cycle True 0.20 0.13
S T True Two-way cycle False 0.11 0.12
- - - - " H True True True 0.23 0.23

{MNIST-SVHN Transition 2@ A3} () sample $°f ©2 FS = () Ablation 2 )
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Experiment

Expenment (2) Style transfertask
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Component  Dataset OST| UNIT [7] |CycleGAN [2] | UNIT [7] CycleGAN [2]
Samples in A 1 1 1 All All

(1) Content  Summer2Winter | 0.64 3.20 3.53 1.41 0.41
Winter2Summer | 0.73 3.10 348 1.38 0.40
Monet2Photo 3.75 6.82 5.80 1.46 1.41
Photo2Monet 1.47 292 2.98 2.01 1.46 5

(ii) Style Summer2Winter | 1.64 6.51 1.62 1.69 1.69 s
Winter2Summer | 1.58 6.80 1.31 1.69 1.66 i
Monet2Photo 1.20 6.83 0.90 1.21 1.18
Photo2Monet 1.95 7.53 1.91 2.12 1.88

(Style transfer task

212 &K : Sagie Benaim, Lior Wolf. (2018, Oct). One-Shot Unsupervised Cross Domain Translation
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Experiment

Expenment (3) Draming task

. T A= Z k&4 OSTS AA| A== 51455 Cycle GAN, UNITE} S-AF3H Perceptual distanceg} Style difference 8-S
Y MEZ 515E Cycle GAN, UNITS] 9L Target distribution?] AEZ-2 A AJ5HA] B3t

-+ F71 H35<= #1%0 Source o]w]X| 2} Target o u|Z[o]| 7t L] o] Tt AEAL B7HE KB (%)

MapsTo

Method Imagesto  Facades Images Mapsto Labelsto  Cityscapes
Facades toImages To Maps Images Cityscapes to Labels
(1) OST1 4.76 5.05 2.49 2.36 3.34 2.39 é
UNIT [7] All 3.85 4.80 242 2.30 2.61 2.18 =y
CycleGAN [2] All 3.79 4.49 2.49 2.11 2.73 2.28
(1) OST 1 3.57 7.88 2.24 1.50 0.67 1.13 g
UNIT [7] All 3.92 7.42 2.56 1.59 0.69 1.21 =
CycleGAN [2] All 3.81 7.03 2.33 1.30 0.77 1.22 E
(111) OST 1 91% 90% 83% 67% 66% 56% "
UNIT [7] ALL 86% 83% 81% 75% 63% 37% &
CycleGAN [2] ALL  93% 84% 97% 81% 72% 45% %
(i) Perceptual distance (ii) Style difference (iii) User evaluation g

(Drawing task A8 A3} () A3 23} 7 () AA o]u|z] AHA)

212 &K : Sagie Benaim, Lior Wolf. (2018, Oct). One-Shot Unsupervised Cross Domain Translation
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Conclusion
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Appendix

One shot transition loss function

{(Phasel: Loss function)

LrEC, = Z |GB(EB(s)) — 5|1

seP(A)

Lvag, = Z KL(Eg o P(A)|IN(0,1))

seP(A)

Lown = Y. ~UD5(G(Es(s),0)

seP(A)

Lo, = Y +{(Dp(Gs(Es(s))).0)+((Dp(s).1)

seP(A)

(1)

(2)

(3)

(4)

(Phase2: Loss function)

Lrec, = Z ITa4(s) — sl

scP(x)

Loce = Y [ Tra(Tan(s)) = sl
sEP(x)

LeaN,p = Z —{(Dp(Tap(s)),0)
scP(x)

Lowe = 3 +(Dp(Tag(s)),0) +€(Ds(s),1)
scP(x)

(10)

(11)

(12)

(13)




