. . o Experiment: GTA5 —> Cityscapes
Confidence Regularized Self-Training
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Method Backbone | Road SW  Buwld  Wall Fence Pole TL TS  WVeg. Terran Sky PR Rider Car Truck Bus Train  Motor Bike mlol
Source DRN.G | 427 263 517 55 68 138 236 69 755 115 368 493 09 467 34 50 00 50 14 | 217
CyCADA [23] 79.1 331 779 234 173 321 333 318 8BlS 267 690 628 147 745 209 256 69 188 204 | 395
* * Source DRN-105 4 142 674 164 120 201 87 07 698 133 569 370 04 536 106 32 0.2 0.9 0.0 22.2
: A1 . . : = . MCD [51] ' 903 31.0 785 197 173 286 309 161 837 300 69.1 585 196 815 238 300 57 257 143 | 397
Yang Zou*, Zhiding Yu*, Xiaofeng Liu, B. V. K. Vijaya Kumar, Jinsong Wang Sowce | 758 168 72 135 20 255 01 201 83 M6 03 18 24 99 172 259 65 253 360 3¢
e Jeo e Jeo . . AdaptSegNet [60] | P | 36.5 360 799 234 233 239 352 148 B34 333 7546 S5BS5S 276 73T 325 354 39 30.1  28.1 | 424
yZOUZ@and rew.cmu.edu, ZhIdIngy@nVIdIa.Com, lIUXIaOfeng@Cmu.edu . AdvEnt[0] | Deeplabv2 | 894 331 B8LO 266 268 272 335 247 839 367 788 587 305 848 385 445 17 316 324 455
Source - - - - - - - - - - - - - - - - - - - 29.2
FCAN([67) | Deepladvz | : - : - - e : e : - : .| 466
Source 713 192 691 184 100 357 273 68 796 248 721 576 195 555 155 151 117 21.1 12.0 | 338
CBST 91.8 535 BOS5S 327 210 340 289 204 839 342 B9 531 240 B27 303 359 160 259 428 | 459
MRL2 Deeolabyy | 19 552 809 321 215 367 300 190 848 349 801 561 238 839 280 294 205 240 403 | 460
o o . . ° . e o, .0 MRENT PLADVE | 918 534 806 326 208 343 297 210 840 341 806 539 246 828 308 349 166 264 426  46.1
U n S u pe rVI Se DOI I la I n A a ptah O n P re | I I l I n a rl es a n De n I'tl O n S MREKLD 91.0 554 800 337 214 373 329 245 850 341 808 577 246 841 278 301 269 260 423 | 471
LRENT | 918 535 805 327 210 340 290 203 839 342 809 531 239 827 302 356 163 259 428 | 459
Source 700 237 678 154 181 402 419 253 788 1.7 314 629 298 o601 215 268 7.7 28.1 12.0 | 354
________________________________________________________________________________________________________ | CBST [(9] 86.8 467 769 263 248 420 460 386 807 157 480 573 279 782 245 496 177 255 451 | 452
r-—— = =-=-=-=-= r | o« o MRL2 84.4 527 747 380 322 437 537 386 739 244 644 456 246 632 322 319 459 442 348 | 460
| : | | ! , Class-Balanced SEIf-Tralnlng (CBST) : MRENT ResNet-38 | ¢46 495 739 358 251 462 533 433 752 242 638 482 338 657 280 326 392 500 347 | 464
I | Adaptation | ! I : MREKLD 845 477 741 279 22,1 438 465 378 817 2277 561 568 268 BLT 225 462 275 323 419 468
Image : I I I : | | Car : LRENT | 803 408 658 246 305 431 495 403 821 260 546 594 321 680 319 300 219 448 467 | 459
lassificati | ” | | . | | = : CBST-SP 85.6 551 769 268 234 389 471 469 834 255 687 456 157 797 217 503 382 334 446 | 481
classification ' i ' | | min Lop(w,Yr) = ZZyg’f) log p(k|xs: W) — ZZ@“‘] log 24 "‘*’ w) | Lo : MRKLD-SP ResNet-38 | 90.8 460 799 274 233 423 462 409 835 192 591 635 308 835 368 520 280 368 464 492
| I | I | WYy i ot Ak | g - {p(k\xt;w)} |1 Bus i Pseudo-label Network : MRKLD-SP-MST 917 451 809 290 234 438 471 409 840 200 606 640 319 858 395 487 250 380 470 498
I y 1 = arg max I '
: I : I : st §p = (yu) _ jggﬁ'}) c AK-1( [0}, vt | y"gk}* e Ak | generatmn retralmng :
I | A >0 | and p(k|xy;w) > Mg | I
! | : I . |
! ! , ! | | |0, otherwise ! Balanced softmax Pseudo-label ¥ Network output :
I | Adaptation | ! : where: x: input sample p: class predication vector y: label vector $: pseudo-label vector ! ! (k| w) after self-training
Semantic | ! I ! | w: network parameters s: source sample index : target sample index A®~': probability simplex : : M I
segmentation | | I | ! ,
| | | | O RO !
I [
: | : |
| | Confid Regul d Self-T
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Source Domain (Labeled) Target Domain (Unlabeled)
f - - - - ----------"---------"-"---"-"----"----"-"---"-""-"=-=-"=-"=-""-"=-=-"=-"-=-""=-"=-"=-""="-"="-=-"=-=-"""-"=-""=-"=-=-"""-"=-"=-=-"""""-""-=-"-""-""=-""=-"=-"="-"=-""=-"=-""="-=-""=/-"=-"=-"=-"="-""=-""=-"=-""=-=-""=-""=" I
| Label Regularized Self-Training (LR) !
° 1 I K | i
. Car
Proposed lterative Framework . R TR TE) YL FURTPA R B .
| ! Ak | “Person?! I
: K (] ) I k=1 I l."=_=. a=0.5 a=05 I
(k) ~(k) DRX¢y; W) - I I E' B . .
| min Lpp(w, Yr) = ZZ% logp(kpxsiw) =Y | >~ ;" log " are(1)| L o | e Pseudo-label Network ! Original Image Ground Truth Source Model CBST CRST (MRKLD)
| wYT SeS k1 teT k=1 : y; =argminC(y) [ generation retraining I
U st 5= G, ., 550) € AK-TU {0}, Vi | Y | —_— -— ! E
[ T ! s.1. Y € AP , Vi | t o— t
Source Labels (GTAbD) | Ak > 0 ! ! Balanced softmax Pseudo-label - Network output  ° X p e rl I I l e n > I S Ca e S
. . ! I . . I
: where: a: regularizer weight | g1 if c(yl) < c(o) | p(k|xs;w) after self-training I Method ~ Backbone | Road SW  Build Wall* Fence* Pole* Veg. Sky PR Rider Car Bus Motor Bike | mloU | mloU*
oy =10 : ' I Source 149 11.4 58.7 1.9 0.0 24.1 ]-2 ﬁ.ﬂ 688 760 543 7. 342 150 0.8 0.0 234 26.8
I | A
0 . otherwise ' k DEN-105
[ [ MCD [51] R348 436 T79.0 3.9 0.2 29.1 7.2 55 838 B3l 510 1.7 799 27.2 6.2 0.0 37.3 43.5
b e e e e e e e e e e e ————— o —— l Source Deenlabya | 330 238 746 - - — 61 121 748 790 553 191 396 233 137 250 | - 38.6
________________________________________________________________________________________________________ I AdaptSegNet [60] P 84.3 4277 715 - - - 4.7 70 7719 825 3.3 210 723 322 189 323 - 46.7
I . | ! | |
l Model Regularlzed SeIf-Tralnmg (MR) | AdvEnt [67] DeepLabv2? | 85.6 422 797 8.7 04 259 54 81 804 841 579 238 733 364 142 330 | 412 | 480
I | Source ResNet-38 326 215 46.5 4.8 0.1 265 148 131 708 603 566 3.5 741 204 8.9 13.1 | 29.2 33.6
' | | Car : CBST [oY] _ | 33.6 237 750 12.5 0.3 64 235 263 B48 747 672 175 B45 284 15.2 558 | 42.5 - 484
: : : — : Source 64.3 21.3 731 2.4 1.1 31.4 7.0 277 631 676 422 199 731 153 105 38.9 | 349 40.3
I ' ' !.'IT.E.LT'.]-._ a=0.2 a=02 I CBST 68.0 299 763 10.8 1.4 339 228 295 776 783 606 283 Bloe 235 18.8 398 | 42.6 48.9
_ : « « | | Bus Pseudo-label Network | MRL2 Deenlabyy | 634 271 764 142 14 352 236 294 785 778 614 295 822 228 189 423 | 428 | 487
Target Images (Cityscapes) Pseudo-labels (Cityscapes) | min Lya(w, ¥7) = — 303 4P log p(klxaw) — 3 [ 3 i log p(k[x:; w)  are(pxisw)) | , seneration retraining | MRENT P 69.6 326 758 122 18 353 233 295 777 789 600 285 B8LS 259 196 418 | 434 | 496
| wYr il el St Ak | min _Z[Zuf ) log p(k|xe; w) — are(p(xe; w))] ! - — l MRKLD 677 322 739 107 16 374 222 312 808 805 60.8 291 828 250 194 453 | 438 | 50.1
Lt 5= 0, 5y € AK1U {0}, Ve R 1=t | | LRENT | | 656 303 746 138 15 358 231 201 770 775 60.1 285 822 226 200 419 | 427 | 487
: o ‘? . Dyt v e ’ ! | Balanced softmax Pseudo-label §#* Network output :
| k | ; p(k|x;: W) after self-training | EX . VI S DA_ 1 7
1 where: a: regularizer weight : : A I .
! |
—— _ e o e e e e e e e e e e e e e e e e e e e e e e e e e mm e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e mm e e e e e e = e = I Method Aero Bike Bus Car Horse Knife Motor Person Plant Skateboard Train Truck Mean
Source [50] 53.1 53.3 61.9 59.1 80.6 17.9 79.7 31.2 81.0 26.5 73.5 8.5 52.4
Source Images (GTAS
ges ( ) . o MMD [33] 87.1 63.0 76.5 42.0 90.3 42.9 85.9 53.1 49.7 36.3 85.8 20.7 61.1
Re U | arizer DESI Nn an d Th eor DANN [15] 81.9 77.7 82.8 443 81.2 29.5 65.1 28.6 51.9 54.6 82.8 7.8 57.4
g g y ENT [1 4] %0.3 75.5 75.8 48.3 77.9 27.3 69.7 40.2 46.5 46.6 79.3 16.0 57.0
Predicti Cit MCD [51] 87.0 60.9 83.7 64.0 88.9 79.6 84.7 76.9 88.6 40.3 83.0 25.8 71.9
redictions (Cityscapes) o el | ADR [50] 87.8 79.5 83.7 65.3 92.3 61.8 88.9 73.2 87.8 60.0 85.5 32.3 74.8
. SimNet-Resl152 [44] 94.3 K23 735 47.2 ®7.9 49.2 713.1 19.7 83.3 68.5 g1.1 50.3 129
| | !
_ . ! Confidence Regularizers . Theoretical Analysis | GTARes1S2[53] | - - - - : - - : - - - - 7.
O -ﬁ d t M t k e D : Source-Res 101 68.7 36.7 613 70.4 679 5.9 82.6 25.5 75.6 29.4 838 10.9 51.6
Ve rCO n e n IS a es ! « .: : K o I CBST 87.2+2.4 T88+1.0 56.5+22 554436 B51+14 79.2+103 R3804 T7.7+4.0 B28+28 888132 69.0+29 T2.0+38 | 76.4+09
|1 LR-Entropy (LRENT) r.(3,) =5 % log (5®) |1 MR-KLDV (MRKLD)  r(p(xiiw)) = — 3 flogp(klx) 4 1 1§ 7T T T T T oo oo oo oo m oo oo oo oo 'l MRL2 87.0+42.9 79.5+19 57.1+32 547429 855+1.1 78.14117 830415 777437 824417 886427 69.142.2 71.843.0 | 76.2+1.0
11 k=1 : l k=1 ! oge 4 o . I MRENT 87.1+2.7 T83x0.7 56.1+4.0 544127 B441+23 799+106 83.7+1.1 7T779+44 827+24 87428 70014 7T2.8+3.3 | 76.2+08
|
|} smmmmmmmmmm e 0 e WRENT) (0wl — & pikbe loma(kie + 1) Probabilistic Explanation | MRKLD 87.342.5 79.4+19 605424 597425 87.6+1.4 824444 865+1.1 784426 846417 864428 725424 69.8425 | 77.9+0.5
w (plix)y 2 ' MR-Entropy ( ) relp(xiiw)) = 2 p(klxe)logplklxe) |1y ' LRENT 87.742.4 787408 573433 545440 84.8+1.7 79.7+103 842414 774437 83.1+15 883126 709421 726424 | 76.6+09
I} Pseudo-label solver gt = 2 L p L Proposition 1. CRST can be modeled as a regularized maximum likelihood for classification (RCML) problem . MRKLD+LRENT | 88.0+0.6 792422 61.043.1 60.0+£1.0 875412 814456 863415 788421 856+09 86.6425 73.9+1.3 68.8+23 | 78.1+0.2
: | > (P{ﬂ:t})é ' 1 MR-L2 (MRL2) re(p(x; w)) = 3 plk|x)? : : : | optimized via classification expectation maximization. ! :
I k=1 I k=1 I ®
! !
oo oo I ; Exp: Office-31 Reference
|
l I T e R !
Samples from VisDA-17 (With label “Car”) | , 1 | Method AW D—W W—D A—D D—A W—A | Mean . Zou et al.,, Unsupervised domain adaptation for semantic segmentation via
 ameee from BOBTOOR : | MRKLD 10 —RENT 10 ) | ResNet:50 [01] | 68.4£02 96.7+0.1 993+0.1 689402 625403 60.7403 | 76.1 class-balanced self-training, ECCV 2018, (CBST)
reen: Correctly classifie | -0 1l ! == . g, :
Red: Misclassified Car ' 3 | 7 3 8 —a=0.5 3 8 R . DAN [33] 80504 97.1£02 996201 786102 63.6=03 628402 | 304 . Tsai et al., Learning to adapt structured output space for semantic segmenta-
’ — | PY : S o S B N RTN [25] 84.5+02 96.84+0.1 99.440.1 77.5+03 662402 64.8+03 | 81.6 , "
(Person’ . i | i 3 ., 3 . 1! Convergence Analysis X DANN[I5] | 820404 969402 99.1+0.1 797404 682+04 67.4+05 | 822 tion, CVPR 2018. (AdaptSegNet)
P Bus Pseudo-label Network | 51l | 5 s, 5 11, y ADDA [61] 86.2+0.5 96.24+0.3 98.4+03 77.8+0.3 69.5+04 68.9+0.5 | 829 . Saito et al., Maximum classifier discrepancy for unsupervised domain adapta-
generatlon retralmng I ?—; | ;-; ;-; 0 g‘-}: 0 N Proposition 2. Given pre-determined 1,’s, CRST is convergent with gradient descent for network retraining : I JAN [3_{1] 85.4+0.3 974402 99.8+0.2 84.7+0.3 68.6+0.3 70.0+04 | 84.3 tion, CVPR 2018. (MCD)
[l_’ ' LUD e oE o | LT — 1 o3 o5 oor 1 - AP a— Lo optimization. ] GTA [53] 89.5+0.5 979403 99.8404 87.7+0.5 72.840.3 71.4+04 | 86.5 . CyCADA:Cycle-consistent adversarial domain adaptation,ICML 2018(CyCADA)
' | o | | A | o Lo ' CBST 87.8+08 98.5x0.1 100+£0.0 36.5+1.0 71.2+04 70.9+0.7 | 85.8 . Sankaranarayanan et al., Generate to adapt: aligning domains using genera-
[ y P P P I a MRL2 88.4+0.2 98.6+0.1 100+0.0 §87.7+09 71.8+0.2 7T2.1+0.2 | 86.4 : g il K
Backbone ~ Network output before Pseudo-label Sharp output after l . . - N ' MRENT | 88.0+0.4 98.6+0.1 100400 87.4+08 727402 710404 | 864 tive adversarial networks, CVPR 2018. (GTA)
Image label: car Network Self-training se[f-training | Pseudo-label generaﬁtmn loss ReQu"anZEd rEtra}r:”ng loss | | Y e e e e e e e e e e e e e e, e e e e e e e | MREKLD 22 4409 98.7+0.1 100+0.0 8R.04+09 71L.7+0.8 70.9+0.4 R6.3 . Grandvalet et aI., Semi-supervised Iearning by entropy minimization, NeuriPS
! v.s. probability v.s. probability o | LRENT 88.640.4 98.7+0.1 100:0.0 89.0+0.8 72.0+0.6 71.0+0.3 | 86.6 2007. (ENT)
!_ __________________________________________________ _! !_ __________________________________________________ _! MRKLD+LRENT | 89.4+0.7 98.9+0.4 100+0.0 88.7+£0.8 72.6+0.7 709+0.5 | 86.8 « Adversarial discriminative domain adaptation, CVPR 2017 (ADDA)




