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01 | Summary of the Paper

Our Motivations: Traditional Data-Based Adaptation Unsupervised Model Adaptation

« Existing Unsupervised Model Adaptation (UMA) methods adopt offline self-

training (OST) but it requires expert intervention. S ,: 1 k.
. e o . . . *
+  Online self-training (ONST) avoids the drawback of OST by online co-evolving S K :_+ +
* +
pseudo-labels, showing potential in unsupervised domain adaptation (UDA) o +++’ +*
.+
with accessing source data.
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Figure. The dashed line is the ONST methods of
UDA, and the solid line is the UMA methods.

« How to apply ONST to UMA without accessing source data?

Contributions:

O We explore two reasons for the poor stability and
adaptability of ONST in UMA: (1) the inopportune
update of the teacher model; (2) the bias towards
minority classes .

For (1), we propose a Dynamic Teacher Update
mechanism, which dynamically controls the update
interval of the teacher model.

O For (2), we propose a Training-Consistency based
Resampling strategy, which adaptively estimates the
biased classes and resampling.

(m ]

XIDIAN UNIVERSITY



| /

Research |

ations



02

Research Motivations

Task Setting:

« Unsupervised domain adaptation (UDA) in semantic segmentation transfers the knowledge of the source domain to
the target one to improve the adaptability of the segmentation model in the target domain.
« However, the need to access labeled source data makes UDA unable to handle adaptation scenarios involving privacy,

property rights protection, and confidentiality.

Training Adaptation 7

. % »
. »

L
/ /" without accessing

Source Domain with Labels Unlabeled Target Domain

« The setting of Unsupervised Model Adaptation (UMA) is proposed, aiming to adapt the source-trained model to the

unlabeled target domain without using source domain data.

MA % Sir XIDIAN UNIVERSITY



02 Research Motivations

Problem:

« Existing UMA methods adopt offline self-training (OST) that iteratively updates the pseudo-labels to retrain the
models but it requires expert intervention.

« Online self-training (ONST) avoids the drawback of OST by online co-evolving pseudo-labels, showing potential in

unsupervised domain adaptation (UDA) with accessing source data.
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Figure 1. The dashed line is the ONST methods of UDA, and accessmg source data'

the solid line is the UMA methods.
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03 | Method Design

Analyze:

« To apply ONST to UMA, we explore fwo reasons for the poor stability and adaptability of ONST in UMA:
> (1) the inopportune update of the teacher model;

> (2) the bias towards minority classes in the source-trained model.

Method Proposed:

v For (1), we propose a Dynamic Teacher Update mechanism, which dynamically controls the update interval of the
teacher model.

v For (2), we propose a Training-Consistency based Resampling strategy, which adaptively estimates the biased classes
and resampling.

(Tsa)— .—*Q -@

Xsa —*-:'.~ @ (e -_’@ ",
e 1) - InFig.2 b and Fig.2 c,
A » .—@ denotes a fixed update
Current teacher “"‘“‘“““F"Md . fcortecher history model <:I interval;
o s e . « InFig.2d, ~ denotes a
(%4 |® . gsource domain data (X¢q ) target domain data @ not access dynamic update interval.
Emodel ofiterationt () probability (F) pseudo label :

—— :

.......
Dynamic history teacher

d. Ours
Figure 2. Schematics of different online self-training methods.
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Task Background:

-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
*

« Symbol definition:

> Let = , be the labeled source domain data, = _ be the unlabeled target domain data;
> The and share categories;
>

Let and be the source-trained segmentation model and its parameters.

3 *
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

---------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

« Online Self-training (ONST) in UDA:
> Generally, in ONST, given a student model and an online updated teacher model . For , two losses

are used for supervision:

on source domain - = : :

on target domain - = \ :

is the model with parameters , is the update interval of , is the number of iterations.

> For , its parameters are the " s momentum-updated version:

is the update weights.
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Dynamic Teacher Update (DTU):

« The gain rate of the student model over historical samples is positively correlated with stable co-evolution.

> gain rate (GR): - g - is a comparison function, - is a evaluation function.

1 ]

> I|EGR: - is information entropy; SNDGR: - is soft neighborhood density.
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Figure 3. Training curves using different teacher update intervals.

« So - can measure whether the student model is evolved to dynamically control update interval .
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Training-Consistency based Resampling (TCR):

« Online average class score is calculated from the output probability of the teacher model:

11,

is the probability map generated by the . The low-confidence classes in are considered to be minorities.

«  We then use to determine the sampling rate for -th class:

= — . <:I of the biased classes is larger!

« We regard the prediction consistency of as reliability to build reliable candidates for copy-paste resampling:

> For each class , we sort target images according to , and take the samples from the top as the reliable

candidates.
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Comparative Experiment:
« We use pre-trained models from two simulation datasets GTA5 and SYNTHIA, and adapt them to real scenes Cityscapes

and BDD-100k datasets.

¥
« =1 = o
3 = —_ Q - 3 i}
= o = = 1 © = = a - bz b5} o = o
= g E| 8 ¥ & £ & & & 3§ £ £ 2 2 § 2 £ 2 |moU|mlur
Z = s o 55 g g o )
|3 § 2 8 § ¢ % 5 » E o B £ . % = 4§ Z g IAST(ECCV'20)[+0] | X | 819 415 833 177 46 323 309 288 834 850 655 30.8 865 382 33.1 527 | 498 | 570
a8 2 =& B & & & ¥ = 2 = & = & & & 5 & B |moU  pepcom(CVPR2D[14] | X | 926 527 813 89 24 281 130 73 835 850 60.1 197 848 372 215 439 | 451 | 525
IAST (ECCV'2020) [10] | X | 938 578 851 395 267 262 43.1 347 89 329 80 626 2900 873 392 496 232 347 396 | 5.5  ProDA(CVPR'2021)[59] | X [ 87.1 44 832 269 07 42 458 342 867 813 684 221 877 50 314 386| 519 | 585
MetaCorr (CVPR'2021)[11] | X | 928 581 862 397 331 363 420 38.6 855 378 8776 628 317 848 357 503 20 368 480 | 521 SAC(CVPR2021)[I] | X | 893 472 855 265 13 43 455 32 871 893 636 254 869 356 304 53 | 526 | 593
ProDA (CVPR2021)[59] | X | 915 524 829 42 357 40 444 433 87 438 795 665 314 867 411 525 0 454 538 | 537 CPST (CVPR2022) [31] | X | 87.3 444 838 250 04 429 475 324 865 833 696 201 894 521 426 541 | 544 | 617
e e T SR h el o i ot By e L o Source model 22 26 @2 60 02 B3 73 127 17 157 235 102 130 246 85 103] B | 3
( A1) : = - : 2 : " : : : - 5 : : - : : 3 URMDA (CVPR2021)[9] | v/ | 593 246 77 14 18 315 183 32 831 804 463 17.8 767 17 185 346 | 396 | 45
Source model 650 161 687 186 168 21.3 314 112 8.0 220 780 544 338 739 127 307 137 281 197 | 36.8 SFDA (CVPR2021)[57] | v | 67.8 319 771 83 1.1 359 212 267 798 794 588 273 804 253 195 374 | 424 | 487
URMDA (CVPR'2021)[9] | v/ | 923 552 816 308 188 37.1 17.7 121 842 359 838 577 241 817 275 443 69 241 404 | 45.1 SDF (MM2021)[57] | v/ | 909 455 808 3.6 05 286 85 261 834 836 552 25 795 328 202 439 | 442 | 519
SFDA (CVPR'2021) [*6] | v/ | 917 527 822 287 203 365 30.6 23.6 817 356 848 595 226 834 206 324 118 238 396 | 458 HCL (NIPS2021)[21] | v/ | 809 349 767 66 02 361 2001 282 79.1 831 556 256 788 327 241 327 | 435 | 502
SDF (MM'2021) [57] v | 952 406 852 306 261 358 347 328 853 417 795 610 282 865 412 453 156 33.1 400 | 494 DT-ST (Ours) v | 794 414 739 59 15 306 353 198 860 860 638 28.6 863 366 352 532 | 477 | 5538
HCL(NIPS2021)[21] | v/ | 920 550 804 335 246 37.1 351 288 83.0 376 823 594 276 83.6 323 366 141 287 430 48.1 Source model + DG [32] Fe= w05 b0 03 595 BE IBE 00 a8 i TiE T 5 1% 5 | oa || 9
DIT-ST (Ours) v 903 478 843 388 227 324 418 412 858 425 $7.8 626 370 LS 258 320 28 480 569 | 521 ppaicvpR202D[59] | v | 799 357 755 207 0 396 365 315 842 806 642 96 853 409 249 358 | 466 | 527
Source model + DG [32] 802 302 796 307 203 319 361 186 80.6 239 752 630 362 848 312 361 44 312 280 | 433 SACI(CVPR2021)[1] | v/ | 847 396 809 163 02 384 409 274 825 847 59.1 166 823 31 208 361 | 463 | 528
ProDAT(CVPR'2021) [59] | v/ | 85.6 454 765 401 319 389 364 474 8§58 457 801 636 0 856 337 512 0 376 523 | 494 CPSTI(CVPR2022)[21] | v/ | 809 287 81 204 12 386 363 314 853 744 642 126 872 319 163 428 | 458 | 518
SACI(CVPR2021)[1] |+ | 891 527 821 403 267 407 441 401 816 401 816 674 261 851 445 488 38 264 431 | 508 HCL (NIPS'2021)[21] | v/ | 867 381 827 100 06 303 254 297 828 859 619 248 845 389 226 379 | 464 | 540
CPSTH(CVPR2022)[31] | v/ | 867 386 822 398 321 408 415 432 856 427 736 655 2201 873 271 41 0 37.6 495 | 493 DT-ST (Ours) V| 889 458 833 137 08 327 316 208 857 825 644 27.8 881 509 37.6 573 | 507 | 588
HCL(NIPS2021) [21] | v/ | 926 546 828 332 262 39.8 381 319 845 386 853 613 302 854 33.1 416 144 273 440 | 49.7 z ;
DTST (Ours) vV | 935 576 847 365 252 334 447 367 868 428 813 623 372 $8.1 487 50.6 355 483 591 | 554 Table 2. Experimental results for SYNTHIA — Cityscapes.
Table 1. Experimental results for GTA5 — Cityscapes. building : traffic light traffic sign
Compound Open Avg
Source GTA— | SF | Rainy  Snowy Cloudy | Overcast | C  C+O
Source Only 19.7 18.4 20.5 22.5 19.7 | 21.0
CBST [63] X | 213 20.6 239 24.7 222 | 226
IBN-Net [42] X | 206 21.9 26.1 25.5 228 | 23.5
PyCDA [34] X | 217 223 259 254 233 | 23.8
OCDA [37] X | 20 22.9 27.0 27.9 245 | 25.0
MOCDAT[I2] | X | 244 275 301 314|277 | 294
HCL 211 v | 28 25.8 28.6 21.7 259 | 26.2
DIST (Ours) | v/ | 267 281 321 | 325 |30 313 : o — —
Input image 1k iterations 5k iterations 15k iterations
Table 3. Experimental results for GTA5 — BDD-100k. Figure 4. Visualization of output from the teacher model for different iterations.
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Different pre-trained models

Ablation Studies and Sensitivity Analysis: 1

[ @
source-trained | Base ST DTU-E DTU-SND TCR-Prob TCR | mloU  gain 52 e szmcr
36.8 " 54
v 462 +9.4 501 i
v v 472 +104 i 52
original v v 478  +11.0 481 5 SIIRIIIIITRR
Y ] ’lw
v 'S 493 +125 < e D
= ! S 504
v v | s06 +138 =461 e —— 550
v v v 502 +11.0 < L il I
v v v | 523 4155 Bad4q & 481
Ul
43.3 Y
42 414 ]
v 507  +7.4 73 46
v v 51.3 +8.0 ,',' ——- ONST+DTU+TCR —— ONST+DTU+TCR
DG [32] - v 507 494 40 ] —=- ONST+DTU 44 —— ONST+DTU
»? ——- base ONST base ONST
v ¥ 528  49.5
& v | 544 #1141 0 5000 10000 15000 20000 0 5000 10000 15000 20000
v ¥ v 53.8  +10.5 Original source-trained model Domain generalization model
Y v v 1554 #1241 Figure 5. The mloU score curve (val) of adding DTU and TCR.

Table 4. We report mloU scores (%) (val) using two source-
trained models on GTA5 — Cityscapes task Under UMA setting.

TCR-Prob denotes a strong copy-paste baseline using softmax
entropy as reliability metrics.

C I— 2000 3000 4000 5000
¢ Table 5. The mloU (%) score

30 541 542 543 541 Bl R e sear oD
40 543 545 546 548 varying % and using
30 348 552 355 551 domain generalization model.
60 548 551 553 552
M | 30 50 70 90 110 Table 6. The mloU

GTAS — Cityscapes 55.0 554 553 551 549 scores (%) with varying

PURIHEA=pEtenenes | 900 08 o61 30 S on different tasks. Figure 6. Visualization of the adaptation results from single-domain to mixed-domain,
including rainy, snowy and cloudy scenes (i.e. GTA5 — BDD-100K).
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