Problem Description

Target-domain data encountered at test time may have different distribution
from source-domain data encountered at training time.

Problem: Models trained on source do not generalize well on the target domain.
Potential Solution: Unsupervised domain adaptation (UDA) to adapt a
source model to the target-domain dataset.

Prior work: Deterministic translation for UDA
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* Translate a source-domain image to a single target-domain image relying on
deterministic translation [1].

* Train a target network based on ground-truth originally available in the source
domain.

Our work: Stochastic translation for UDA
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* Relies on stochastic translation [2, 3] to generate diverse outputs
conditioned on the same input.

1. Zhu et al., Unpaired image-to-image translation using cycle-consistent adversarial networks, ICCV 2017
2. Huang et al., Multimodal Unsupervised Image-to-Image Translation, ECCV 2018
3. Lee et al., Diverse Image-to-Image Translation via Disentangled Representations, ECCV 2018

Proposed Method

Stochastic Translation and UDA
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Source ground-truth

* Rely on a content-style disentanglement network [3].

« Associate a source-domain image, x € §, with a distribution of image translations to the
target domain:

T|x,v] = G(Ci(x),v),v~N(0,I),x € S,
where we encode the content of the source image through C,(x) and then pass it
to the target-domain generator G; that is driven by the random style code v.

Stochastic Translation and Pseudo-labelling
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« Consider a complementary source CNN, F, that operates in the source domain.

* Obtain Monte Carlo estimate of pseudo-labels by exploiting the whole distribution of
iImage translations from the target to the source domain:

K
1
§(x) = E,[F.(I[x,v])],x € T,v~N(0,I) ~ Ez F.(I[x, vi.])
k=1

where 1 is the inverse transform from the target domain, 7", to the source and vy
Is independently sampled from the normal distribution.

Ensemble of a triplet of networks

Target Predictions

Target image

Target pseudo-labels

* Train two target networks, one with the variance left intact and the other with the
variance scaled by a constant.

* Average their predictions with those of the source-domain network described previously.

4. Vu et al., ADVENT: Adversarial Entropy Minimization for Domain Adaptation in Semantic Segmentation, CVPR 2019
5 Cheng et al., Dual Path Learning for Domain Adaptation of Semantic Segmentation, ICCV 2021

Code: https://github.com/elchiou/Beyond-deterministic-translation-for-UDA
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Results

Ablation studies on GTA-to-Cityscapes
« Stochastic vs deterministic translation

Method Output space  Pixel space  mloU
ADVENT[4] v 43.8
ADVENT * v 42.9
ADVENT *+
CycleGAN* v v 45.1
Ours v v 46.2
Ours W/ Ly, v v 46.6

Train ADVENT[4] using synthetic images
obtained from deterministic translation
(CycleGAN) and stochastic translation
(Ours). Stochastic translation improves
performance. * denotes our retrained
models.

* Robust pseudo-labelling through network ensemble

Rows 1-3: performance of the source network

F,, K=1 F,, K=5 F,K=10 | F,0°=1 | F,o0*=10 mloU
/ ; 53| Fgwhen averaging the predictions of multiple
% u4 | translations K, of a target image. Rows 4-5:
v 46.6 .
7 w1 | performance of the target networks F,, trained
/ / 47-7 L ] [ ] | | | |
7 7 76 | with different degrees of stochasticity in the
v v 47.7 : .
~ > v w2 translation. Row 6-8: performance when
Benchmark results averaging the predictions.
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ResNet101 backbone On GTA5—)CItyscapeS_
AdvEnt[30] 894 33.1 81.0 266 268 27.2 335 24.7 83.9 367 788 587 305 84.8 38.5 445 1.7 31.6 32.4 45.5
BDL [16] 91.0 447 842 346 27.6 302 360 360 850 43.6 830 586 316 833 353 497 33 28.8 356 485
LTIR [14] 929 550 853 342 31.1 349 407 340 852 40.1 87.1 61.0 31.1 825 323 429 03 36.4 46.1 50.2 Per-CIaSS IOU and mean
FDA-MBT [36] 92,5 533 824 265 27.6 364 40.6 389 82.3 30.8 78.0 62.6 344 849 34.1 53.1 169 27.7 46.4 50.5 I U I U bt . d .
PCEDA [37] 91.0 492 856 372 297 337 381 392 854 354 85.1 61.1 328 84.1 45.6 469 0.0 342 445 50.5 ( ) g
TPLD [26] 942 60.5 828 366 16.6 393 290 255 85.6 449 844 60.6 274 84.1 37.0 470 31.2 36.1 50.3 51.2 O m O O alne USIn
Wang et al. [32] 90.5 387 86.5 41.1 329 40.5 482 42.1 86.5 368 842 645 38.1 872 348 504 0.2 41.8 546 526
PixMatch [21] 91.6 512 84.7 373 29.1 246 313 372 86.5 443 853 628 226 876 389 523 0.65 37.2 50.0 50.3 VGG and ReSNet1 01
DPL-Dual (Ensemble) [5] 92.8 544 862 416 327 364 49.0 340 858 413 86.0 632 342 872 393 445 187 42.6 43.1 53.3
SUDA [38] 91.1 523 829 30.1 257 380 449 382 83.9 39.1 79.2 584 264 84.5 377 456 10.1 23.1 36.0 48.8
CaCo [11] 919 543 827 31.7 250 381 46.7 392 826 397 762 635 236 851 386 47.8 103 234 35.1 49.2 baCkbO n eS -
Ours 933 56.5 859 410 33.1 348 43.8 438 86.6 465 825 61.1 304 870 397 50.7 8.8 349 46.8 53.0
Ours (Ensemble) 934 558 864 444 361 346 450 398 869 48.0 844 61.7 309 877 449 559 11.1 384 454 543
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ResNet101 backbone On GTA5—)CItysca peS_
AdvEnt[30] 85.6 422 79.7 5.4 8.1 804 84.1 579 238 733 364 14.2  33.0 - 48.0
LTIR [14] 92.6 532 792 1.6 7.5 78.6 844 526 200 82.1 34.8 14.6 39.4 - 493 -
W RS wy e me ml s we w4 Per-class loU and mean
FDA-MBT [36] 79.3 350 732 199 240 61.7 826 614 31.1 839 408 384 51.1 - 52.5 . .
PCEDA [37] 85.9 446 808 - - - 248 231 795 831 572 293 735 348 324 482 - 53.6 |OU (m|OU) Obtalned US|ng
TPLD [26] 80.9 443 822 199 03 40.6 205 30.1 77.2 809 60.6 255 84.8 41.1 247 4377 473 53.5
Wang et al. [32] 794 346 835 193 2.8 353 321 269 788 796 66.6 30.3 86.1 36.6 19.5 56.9 48.0 54.6 GG
PixMatch [21] 92.5 546 798 47 0.08 24.1 228 17.8 794 765 60.8 24.7 857 335 26.4 54.4 46.1 54.5 V and ReSNet1 01
DPL-Dual (Ensemble) [5] 87.5 457 828 133 06 332 220 20.1 83.1 86.0 56.6 219 83.1 403 29.8 457 470 54.2
SUDA [38] 834 360 713 87 0.1 260 182 267 724 802 584 308 80.6 387 36.1 461 446 522 b acC kb ones.
CaCo [11] 87.4 489 79.6 8.8 0.2 30.1 174 283 799 812 563 242 786 392 28.1 48.3 46.0 53.6
Ours 85.8 417 824 7.6 1.9 332 265 184 833 86.5 620 29.7 839 52.1 34.6 51.4 48 .8 56.8
Ours (Ensemble) 87.2 44.1 82.1 6.5 1.4 331 247 179 834 866 624 304 86.1 58.5 36.8 52.8 49.6 57.9

Qualitative Results
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