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Introduction

Common Approach:

1. find a mapping from representations of the source domain to those of the
target (Pixel level method: CycleGan etc)

2. find domain-invariant representations that are shared between the two
domains(Feature level method/distengle method)

3. Semi-Supervised Learning method (Self training)




Introduction

Method outline:

1.Image Generating Loss
1).pixel level GAN loss 2).Reconstruction loss
3).Sub-domain aggregation loss 4).cross-domain cycle loss

2. Semantic Based Loss
1).task loss 2).Semantic consistency |oss

3. Feature Level Loss
-Feature level GAN loss




Source
Domain
Generator

method

Target
Domain
Generator

Source Domain Source Domain
D1

Discriminator S1 Generator

5°““eD[;°ma'" Source Domain Target Domain Target Domain
e S2 Generator T Generator T Discriminator

S°”rceD';°ma'" Source Domain

Discriminator S$3 Generator

Pixel level GAN loss:
f;;;(GS o1, Dr, Xi, X7) = Ex,~x, log Dr(Gs,»7(xi)) + Ex,~x, log[l — Dr(x7)].
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method

Task loss:
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Semantic consistency |oss:
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Similar semantic consistency loss in other paper[3]:
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[2].Yunchun Chen et al,CrDoCo: Pixel-level Domain Transfer with Cross-Domain
Consistencvy CVPR2019
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Feature level gan loss:

ﬁfeat(Ff:DFfaX’:XT)

= Ex~x'l0g Dp, (F;(x')) + Expxy log[l — Dr, (Fr(x7))],




Result
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Standards Method s = 2 = = £ g £ 3|5

T 3 2 5 2 2 2B 2 & 5 . 4 B 7| E

e 2 = & & 1 Z g % & £ § B E 2 =
GTA 541 196 474 33 52 33 05 30 692 430 313 01 593 83 02 00 | 217
Source-only SYNTHIA 39 145 450 07 00 146 07 26 682 684 315 46 315 74 03 14 | 185
GTA+SYNTHIA | 440 190 60.1 11.1 137 101 S0 47 747 653 408 23 430 159 13 14 | 258
FCNWId 7] | 704 324 621 149 54 100 142 27 792 646 441 42 704 73 35 00 | 271

CDA 48] 748 220 717 60 119 B84 163 11.1 757 665 380 93 552 189 168 14.6 | 28.9

GTA-only DA ROAD 854 312 786 279 222 219 237 114 807 689 485 141 780 238 83 00 | 390
AdaptSeg [71] 873 298 786 21.1 182 225 215 110 797 713 468 65 801 269 106 03 | 383

CyCADA [32] 85.2 372 76,5 21.8 150 238 229 215 805 607 505 90 769 282 45 0.0 | 387

DCAN 823 267 774 237 205 204 303 159 809 695 526 11.1 796 212 170 6.7 | 39.8

FCN WIid 7] 115 196 308 44 00 203 01 11.7 423 687 512 38 540 32 02 06 | 202

CDA 652 261 749 0.1 05 107 37 30 761 706 471 82 432 207 07 13.1 | 29.0

SYNTHIA-only DA | ROAD 777 300 775 96 03 258 103 156 776 798 445 166 678 145 70 238 | 36.2
CyCADA [32] 662 296 653 05 02 151 45 69 67.1 682 428 141 512 126 24 20.7 | 292

DCAN 799 304 708 16 06 223 67 230 769 739 419 167 617 115 103 38.6 | 354

Source-combined DA | CyCADA [32] 828 358 782 175 151 108 6.1 194 786 772 445 153 749 17.0 103 129 | 373

Multi-source DA MDAN 642 197 638 131 194 55 52 68 716 eol1 420 120 627 29 123 &1 | 294 /

MADAN (Ours) | 86.2 37.7 79.1 201 178 155 145 214 785 734 497 168 778 283 17.7 275 | 414

Oracle-Train on Tgt | FCN [5] 964 745 871 353 378 364 469 601 B89.0 898 656 359 769 641 405 651 | 62.6




‘. Improvement
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[3]. Yunjey Choi,et al.StarGAN: Unified Generative Adversarial Networks for Multi-Domain
Image-to-Image Translation CVPR2018




Improvement

Feature Adversarial Training vs Output space Adversarial Training:

Segmentation Network Domain Adaptation Module
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Baseline (ResNet) 75.8 16.8 77.2 12,5 21.0 25.5 30.1 20.1 81.3 24.6 70.3 538 264 499 17.2 259 6.5 253 36.0 36.6
Ours (feature) 83.7 276 75.5 203 199 27.4 283 27.4 79.0 284 70.1 55.1 20.2 72.9 22.5 35.7 8.3 20.6 23.0 393
Ours (single-level) 86.5 259 79.8 22.1 20.0 23.6 33.1 21.8 81.8 259 759 57.3 26.2 76.3 29.8 32.1 7.2 295 325 414
Ours (multi-level) 86.5 36.0 79.9 23.4 233 239 35.2 14.8 83.4 33.3 75.6 58.5 27.6 73.7 32.5 354 3.9 30.1 28.1 424

[4]. Yi-Hsuan Tsai ,et al Learning to Adapt Structured Output Space for Semantic Segmentation
CVPR2018




Improvement

Pixel level adaptation vs distengled based adaptation:
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Improvement

Adaptation+semi-supervised learning:

amount of labeled data | prec recall dice | MIOU | AUC
200 0.5553 | 0.5299 | 0.5061 | 0.4063 | 0.7618
400 0.6231 | 0.5664 | 0.5430 | 0.4359 | 0.7806
800 0.6330 | 0.6434 | 0.5990 | 0.4947 | 0.8149
1600 0.6350 | 0.6435 | 0.6034 | 0.4971 | 0.8188
all(7400) 0.6535 | 0.6325 | 0.606 | 0.4976 | 0.8137

[6]. Hexin Dong et aLANNOTATION-FREE GLIOMAS SEGMENTATION BASED ON A FEW LABELED GENERAL
BRAIN TUMOR IMAGES ,ISBI 2020 TR




@ Conclusions

Multi source pixel level domain adaptation:

- CycleGAN based pixel adaptation method
- Task loss and Semantic Consistcy loss
- Feature level Adversarial learning

Improvement:

Scalability —— starGAN

Feature Adversarial Training vs Output space Adversarial Training
Pixel level adaptation vs distengled based adaptation
Semi-supervised method
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