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However, they typically focus on reducing the domain discrepancy globally, and fail to keep pixel-level semantics
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« Contribution

We introduce a novel contrastive learning framework using bi-directional pixel-prototype
correspondences to learn domain-invariant and discriminative feature representations for UDASS

We propose a nonparametric approach to generating dynamic pseudo labels. We also present a calibration
method to reduce domain biases for pixel-prototype correspondences between target and source domains
We set a new state of the art on standard benchmarks for UDASS, and demonstrate the effectiveness of
our contrast learning framework
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Bi-directional contrastive learning (Sec 3.2)
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Dynamic pseudo labels (Sec 3.3)
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* Experimental Results

* GTAS:

GTASL — Cityscapes

%' Methods - § "7: 2 § 83 2 2 ;c :L»? E o 2 = S B 2 E g ch 'E
Source-only - 454 165 66.4 144 21.6 25.1 36.3 17.2 80.1 16.3 69.1 61.4 249 68.6 284 4.7 4.4 40.8 27.5 35H.2
AdaptSeg [13] AT 86.5 36.0 79.9 234 233 239 352 148 834 333 75.6 585 27.6 73.7 325 354 3.9 30.1 28.1 424
CBST |7 ST 91.8 53.5 80.5 327 21.0 34.0 28.9 20.4 83.9 342 80.9 53.1 24.0 82.7 30.3 359 16.0 25.9 428 45.9
CRST |79 ST 91.0 55.4 80.0 33.7 21.4 37.3 32.9 245 85.0 34.1 80.8 H7.7 24.6 84.1 27.8 30.1 26.9 26.0 423 47.1

£ PLCA [20] - 840 304 824 353 24.8 322 36.8 245 8h5H 37.2 TRE 66.9 328 855 404 48.0 8.8 298 41.8 47.7

= CAG_UDA [53] ST 90.4 51.6 83.8 342 27.8 384 25.3 484 854 38.2 78.1 586 346 84.7 219 427 41.1 29.3 37.2 50.2

% FDA |51] ST 92.5 53.5 824 265 27.6 36.4 40.6 389 82.3 39.8 TR0 626 344 84.9 34.1 53.1 169 27.7 46.4 50.5

— TPLD |37] ST 94.2 60.5 82.8 36.6 16.6 39.3 29.0 25.5 85.6 449 84.4 60.6 274 84.1 37.0 47.0 31.2 36.1 464 51.2
CorDA [17] ST 94.7 63.1 87.6 30.7 40.6 40.2 47.8 51.6 87.6 47.0 89.7 66.7 359 90.2 48.9 57.5 0.0 39.8 56.0 56.6
ProDA |32] ST 87.1 55.1 781 45.6 43.8 44.6 52.5 53.4 89.1 44.7 82.1 70.1 39.1 88.4 43.8 59.1 1.0 48.7 5H4.4 56.5
Ours ST 93.5 60.2 88.1 31.1 37.0 41.9 54.7 37.8 89.9 45.5 89.9 72.7 38.2 90.7 34.3 53.2 4.4 472 58.5 57.1
AdaptSeg [13] AT 88.5 40.4 81.0 26.3 20.6 25.6 36.0 12.9 84.8 45.5 87.2 63.7 358 76.4 27.7 280 2.9 33.0 26.1 44.3
CBST [+] ST 91.0 55.4 80.0 33.7 21.4 37.3 32.9 245 85.0 34.1 80.8 H7.7 24.6 84.1 27.8 30.1 26.9 26.0 423 47.1

HCRST 159] ST 93.5 57.6 84.6 39.3 24.1 252 35.0 17.3 85.0 40.6 86.5 58T 28.7 85.8 49.0 564 5.4 31.9 43.2 499

é FDA-MBT [51] ST 934 55.8 83.6 254 23.1 332 39.0 36.9 84.0 47.2 888 66.3 40.6 874 269 496 12.8 352 428 51.2
CorDA [17] ST 94.2 62.9 83.1 30.2 41.2 40.1 49.1 49.9 89.1 49.1 90.1 69.1 289 86.2 46.2 59.5 1.2 352 h2.3 77.5
ProDA |72] ST 88.1 57.1 81.2 46.1 45.2 41.5 55.1 56.2 86.1 45.1 78.1 73.2 40.1 88.8 487 60.1 1.1 50.3 53.1 577.6
Ours ST 93.8 59.7 90.1 38.0 33.4 39.9 45.3 30.5 92.2 58.2 94.8 81.9 47.9 93.2 40.1 53.1 13.1 51.2 58.2 58.5
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* Experimental Results

« SYNTHIA:

SYNTHIA — Cityscapes
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Methods =S om0 2 = £ 2 =X = g < &2 = & = = B = =
Source-only AT H3.4 234 73.0 55 0.0 2.7 6.6 7.0 779 553 529 21.0 609 6.6 21.8 33.7 325 376
AdaptSeg ILii] AT 81.3 427 77.5 - - A7 7.0 779 825 b4.3 21.0 72.3 322 189 32.3 - 46.7

CBST [+] ST 68.0 29.9 76.3 10.8 1.4 33.9 228 295 77.6 78.3 60.6 28.3 81.6 23.5 188 39.8 389 426
CRST [59] ST 67.7 32.2 73.9 10.7 1.6 374 222 31.2 80.8 80.5 60.8 29.1 82.8 25.0 194 453 43.8 50.1
CAG_UDA [52]ST 84.7 40.8 81.7 7.8 0.0 35.1 13.3 22.7 84.5 77.6 64.2 27.8 80.9 19.7 227 483 44.5 51.5
FDA [51] ST 79.3 35.0 73.2 - - - 199 24.0 61.7 82.6 61.4 31.1 839 40.8 384 5H1.1 - 525
PLCA [20] - 826 29.0 81.0 11.2 0.2 33.6 249 183 82.8 823 62.1 265 85.6 489 26.8 522 46.8 54.0
TPLD [37] ST 80.9 44.3 82.2 199 0.3 40.6 20.5 30.1 77.2 80.9 60.6 25.5 84.8 41.1 24.7 43.7 A7.3 53.5
CorDA [17] ST93.3 61.6 85.3 19.6 5.1 37.8 36.6 42.8 81.9 904 69.7 41.8 85.6 38.4 32.6 53.9 55.0 62.8
ProDA [72] ST 87.3 45.1 84.2 36.5 0.0 43.3 54.7 36.0 88.3 83.1 71.5 244 88.4 50.1 40.1 45.6 55.1 61.3
Ours ST 83.8 42.2 85.3 164 5.7 43.1 483 30.2 89.3 92.1 68.2 43.1 89.7 47.2 42.2 54.2 55.6 62.9
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« Ablation study

r Foce Lo Firm Fup Source dataset
pase SHCEBC (w o cal.) (w/ cal.) GTAS SYNTHIA
v 19.5 15.1
s s 51.2 48.8
v v v 5% 331 51.3
v v v h5.a 53.5
s v v a7.1 ha.6

Table 4: Quantitative results for
various pseudo labels of a target
domain. We report the densities
ol static, dynamic, and hybrid
pseudo labels and corresponding
label accuracies.

(a) W/D cal. (b) w/ cal. (¢) GT labels. Pscudo labels Density (%) Accuracy (%)
i : ; : : : Static |5H . 98.5
Fig. 6: Visualization of dynamic pseudo labels. (a-b) Static [55] 201 8.5
. Dyn. (w/o cal.) 22.2 08.6

Pseudo labels obtained without and with calibrating o oy - aa
_ Dyn. (w/ cal) 3.3 08.6
prototypes of a source domain; (c¢) Target labels. Hybrid 12.3 0.8




