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Figure 1: Main content of our paper. Left: We present three cross-domain detection benchmarks and visualize the image distributions
from source and target domains using the UMAP method. It is evident that there is a large gap between different domains. Middle: We
utilize a frozen-weight diffusion model as the backbone to extract features, and employ a detector with the diffusion backbone as the teacher
to guide the learning of the student model on the target domain with the self-training framework. Based on the visualization results of
the feature distributions, our method significantly reduces the domain gap. Right: Our method substantially enhances the performance of

cross-domain object detection without increasing the inference cost.

1 ADDITIONAL ABLATION STUDIES

In this section, we present additional ablation studies and com-
parisons to further investigate the effectiveness of our proposed
Diffusion Domain Teacher (DDT).

Ablation Study on Unsup Loss Weight 1. We investigate the
impact of different unsupervised loss weight A on cross-domain de-
tection in Tab.1, including Cityscapes [8] to BDD100K [47] (Cs—B),
Sim10K [21] to Cityscapes [8] (§—Cs), and VOC [12] to Clipart [19]
(V—Ca). Excessively high or low weight A will degrade the perfor-
mance of cross-domain detection, so we simply set the parameter
Ato 1.

Ablation Study on the Threshold ¢ of Pseudo Labels. In
Tab. 2, we show the impact of different pseudo label threshold o on
the final results. The threshold plays a crucial role in determining
the quality of the generated pseudo labels during self-training,
and inappropriate threshold will affect cross-domain performance.
Ultimately, we choose 0.5 as the default threshold o setting in all
our experiments.

Ablation Study on Data Augmentation of Sup. and Unsup.
Branches. We follow previous work [31] and utilize Strong Aug-
mentation and Weak Augmentation during the self-training process.
Tab. 3 presents the impact of Strong Augmentation on both super-
vised and unsupervised data, highlighting the importance of data
augmentation in the self-training process.

Ablation Study on Different Versions of Stable Diffusion. In
Tab. 4, we present the results of using the popular Stable Diffusion
V1.5 (SD-1.5) and the latest version (SD-2.1) respectively. Overall,
the results of SD-1.5 are superior to those using SD-2.1, except for
the cross-domain detection from Sim10K to BDD100K.

Comparison of Backbone Efficiencies. In Tab. 5, we present
a comparative analysis of these models with respect to their ar-
chitectural sizes, training cost, and inference latency. Diffusion
model, with its substantial parameter count and protracted infer-
ence time, emerges as an impractical choice for deployment in
routine detection tasks within operational settings. Nevertheless,
the employment of this model as a strong teacher in self-training
framework offers a strategic avenue to leverage its exceptional
cross-domain prowess, achieving an average absolute improvement
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Table 1: Ablation Result of Unsup. Loss Weight A.

A Cs—B S—Cs V—Ca
0.33 42.7 63.5 54.7
0.50 42.4 63.7 55.3
1.0 43.4 64.0 55.6
2.0 43.0 64.0 53.3
3.0 42.9 63.9 50.0

Table 2: Ablation Result of Threshold o for Pseudo Labels.

c | Cs»B  S$S—Cs  V-Ca
0.3 419 63.7 524
0.4 423 64.2 53.9
05 43.4 64.0 55.6
0.6 432 62.1 56.1
0.7 43.0 60.3 53.2

Table 3: Ablation Study of Data Augmentation.

Settings of data Aug. Cs—»B S—Cs V—Ca
DDT(Ours) 43.4 64.0 55.6

w/o Strong Aug. on Sup. 42.0-1.4  62.0-20 54.3-13
w/o Strong Aug. on Unsup | 42.5-09 62.2-1.8 52.3-33
w/o All Aug. 42.0-14  61.822  52.135

Table 4: Ablation Result of Different Stable Diffusion Ver-
sions.

Detector Version Cs—B S—Cs S—»B V—Ca V—Co VW

SD-1.5 327 582 501 474 444 58.7
SD-2.1 346 589 564 454 42.8 55.2

Diffusion Detector

SD-1.5 434 64.0 583 55.6 50.2 63.7
SD-2.1 423 634 61.6 537 48.9 63.3

DDT

of 21.2 mAP and a relative improvement of 39.7% compared to the
baseline, without introducing any additional inference overhead.

2 ADDITIONAL EXPERIMENTS

In this section, we showcase further experiments, including: (1)
Cityscapes [8] to FoggyCityscapes [39], aiming to validate the re-
sults of adverse weather adaptation, and (2) the outcomes of our
DDT method employing the FCOS [42] detector, aiming to assess
the performance of our approach across different detectors.
Adverse Weather Adaptation from Cityscapes to FoggyCi-
tyscapes. We present the result of adverse weather adaptation in
Tab. 6. Compared to the baseline, our method with R18, R50, and
R101 show improvements of 11.8, 18.0, and 21.6 mAP, respectively.
However, our method (50.0 mAP) still falls short of surpassing CMT
[1] (50.3 mAP) and HT [10] (50.4 mAP). FoggyCityscapes [39] is a
dataset where foggy weather conditions are added to Cityscapes,

Anonymous Authors

with similar images and identical labels from Cityscapes. We ob-
serve that our DDT method does not demonstrate superior perfor-
mance in inter-domain as train and test on Cityscapes, which might
be the reason for our weaker performance on the FoggyCityscapes
compared to the current state-of-the-art results.

Results of Adaptation with FCOS Detector. Previous do-
main adaptation methods for detection primarily employ the Faster
RCNN and FCOS detectors. In main text, we report the results of
our method using the Faster RCNN [6] detector. To further validate
the effectiveness of our approach, we also present the performance
using the FCOS [42] detector in Tab. 7, 8, 9, 10, 11, 12. Overall,
the FCOS detector yielded results comparable to the Faster RCNN
and outperforms the previous SOTA results in five out of the six
datasets, with the exception of Sim10K to Cityscapes where it falls
short of HT [10].

3 ADDITIONAL VISUALIZATION RESULTS

In Fig. 2, 3, 4, 5, 6, 7, we present additional visualization results
for Cityscapes to BDD100K (Cs—B), Sim10K to BDD100K (S—B),
Sim10K to Cityscapes (§—Cs), VOC to Clipart (V—Ca), VOC to
Comic (V—Co), and VOC to Watercolor (V—W).
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233 Table 5: Results of the efficiency comparison of detectors with different backbones. 201
234 292
235 Train Time Inference Time Average Average Rel. 293
236 Methods Params (M) Flops (G) (s/iter) (ms/image) Gain (mgAP) Improgve (%) 294
i; ConvNext-Base [36] 105 401 0.672 73.2 / / iz
o Swin-Base [35] 104 413 0.693 79.4 / / .
o VIT-Base [11] 107 605 0.634 116.5 / / s
" MAE (VIT-Base) [11, 15] 107 605 0.634 116.5 / / oo
v GLIP (Swin-Tiny) [24, 35] 45 198 0.486 84.1 / / 0
s Diff. (Ours) 991 8,256 1.56 780.4 / / o
244 DDT (R18) 28 137 0.82 24.6 19.0 38.9 302
245 DDT (R50) 41 184 0.90 33.6 21.7 40.1 303
246 DDT (R101) 60 262 1.04 40.9 22.9 40.2 304
247 305
248 Table 6: Quantitative results on adaptation from Cityscapes to FoggyCityscapes. The bold indicates the best results. 306
249 307
:i? Method Reference Detector bus Dbicycle car mcycle person rider train truck mAP izz
252 UMT [9] CVPR’21  FRCNN-Ri01 | 56.5 373 486 304 33.0 467 468 341 41.7 310
253 110D [43] TPAMI’2z1  FRCNN-vis | 46.1 353  49.6  29.9 328 444 380  33.0 38.6 31
254 SADA [7] jcvzl FRCNN-Rs0 | 50.3 454 621 324 485 526 315 295 44.0 312
255 CDG [25] AAAI21 FRCNN-vie | 475 389 531 383 38.0 474 411 342 42.3 513
26 UaDAN [14] TMM’21 FRCNN-Rs0 | 49.4 389 536 323 36.5 46.1 427 289 41.1 3
o VDD [44] [ccvizi FRCNN-vie | 520 368 517  34.2 334 440 347 339 40.0 w
ji O2Net [13]  ACMMM’22 DDETR-Rso | 47.6 459  63.6 380 487 515 478 311 46.8 i:
o SSAL [37] NeurIPS’22 FCOS 50.0 387 594 260 45.1 474 257 245 39.6 s
s DDF [32] TMM’22 ~ FRCNN-Rso | 50.4 398 561  31.1 376 455 470 307 42.3 .
262 D-ADAPT [20] ICLR’22 FRCNN-Rs0 | 363 461 617  37.3 449 542 247 256 42.2 520
263 SCAN [27] AAAI'22 FCOS-Rs0 | 48.6 373 573 310 417 439 487 287 42.1 321
264 SIGMA [238] CVPR’22 FCOS-Rso | 50.4 406 603 317 440 439 515 316 44.2 322
265 TIA [49] CVPR22  FRCNN-vie | 521 381 497  37.7 348 463 486 311 42.3 323
266 TDD [16] CVPR'22  FRCNN-vis | 53.0 491 682 389 50.7 537 451  35.1 49.2 324
267 NLTE [33] CVPR’22 FRCNN-Rso | 56.7 433 587  33.7 43.1 507 427 336 45.4 32
208 LODS [26] CVPR22  FRCNN-vie | 39.7  37.8 488 332 340 457 196  27.3 35.8 e
j:: PSN [41] CVPR22  FRCNN-vis | 487 392 530  33.1 374 452 388 311 40.9 :Z
. MGA [52] CVPR’22 FCOS-r101 | 53.2 369 615 279 43.1 473 503 302 43.8 o
. MTTrans [48]  ECCV22  DDETR-Rs0 | 459 465 652  32.6 477 499 338 258 43.4 430
3 OADA [46] ECCV’22 FCOS-vis | 485  39.8 629 343 478 465 509 321 45.4 351
274 SCAN++ [27] TMM’22 FCOS-r101 | 48.1 395 579  30.1 442 439 512 282 42.8 332
275 MIC [17] CVPR'23  FRCNN-R101 | 524 475  67.0  40.6 509 553 337 339 47.6 333
276 SIGMA++ [29]  TPAMI'23  FRCNN-vis | 522 399 610 348 464 451 446 321 44.5 334
277 CIGAR [34] CVPR’23 FCOS-vis | 56.6 413 621 337 46.1 473 443 278 44.9 335
8 CMT [1] CVPR’23 FRCNN-vi6 | 66.0  51.2 637 414 45.9 557 388 396 50.3 336
j:z HT [10] CVPR23 FCOS-vis | 55.9 503 675  40.1 521 558 491 327 50.4 :;
iiﬁ Baseline ; FRCNNis | 386 313 456 261 376 456 139 176 32.0 :Z
DDT(Ours) 494 440 590  36.3 479 565 278 300  43.8+118
z: Baseline ; FRCNNmeo | 391 320 422 238 364 446 147 197 31.6 Z;
" DDT(Ours) 532 515 638 441 503 593 417 331  49.6+18.0 »
e Baseline ; FRCNNmior | 357 319 416 238 349 419 57 197 29.4 -
. DDT(Ours) 535 522 642 435 509  60.0 424 336  50.0+216 s
288 346
289 347

290 3 348
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349 Table 7: Quantitative results on adaptation from Cityscapes to BDD100K (Cs—B) with FCOS. The bold indicates the best results. 407
350 408
351 Method Reference Detector bicycle  bus car mcycle person rider truck mAP 409
352 410
353 DA-Faster [6] CVPR’18  FRCNN-vi6 224  18.0 44.2 14.2 28.9 274 19.1 24.9 41
354 SWDA [38] CVPR’19  FRCNN-v1e 23.1 207 4438 15.2 29.5 29.9  20.2 26.2 412
355 SCDA [54] CVPR’19 ~ FRCNNw16 23.2 19.6 444 14.8 29.3 29.2 203 25.8 413
36 CRDA [45] CVPR’20  FRCNN-R101 25.5 20.6 45.8 14.9 32.8 293 227 27.4 e
:; SED [30] AAAT21 FRCNNwie | 250 234 504  18.9 324 326 206 29.0 ;‘:
1o TDD [16] CVPR’22  FRCNN-V16 288 255 539 245 39.6 389 241 33.6 i
260 PT [5] ICML’22  FRCNN-v16 28.8 338 527 230 40.5 39.9 258 34.9 s
361 EPM [18] ECCV’20 FCOS-R101 20.1 19.1 558 14.5 39.6 268  18.8 27.8 419
362 SIGMA [28] CVPR’22 FCOS-R50 263 236 641 17.9 46.9 29.6  20.2 32.7 420
363 SIGMA++ [29]  TPAMI'23  FRCNN-vi6 271 263  65.6 17.8 475 304 211 33.7 421
o NSA [53] 1ccvizs FRCNNwie / / / / / / / 35.5 2
izz HT [10] CVPR'Z3  FCOS-is 380 306 635 282 534 404 274 40.2 zi
367 Baseline 18.7 12.6  49.0 11.0 40.1 234 145 24.2 425
368 / FCOS-r18 426
i DDT(Ours) 357 262 632 @ 243 53.5 357  27.0 | 37.9:13.7 o
Baseline 21.7 15.9 49.1 13.7 404 266  14.6 26.0
370 / FCOS-rs50 428
o DDT(Ours) 38.0 320 640 259 55.9 368 293 | 40.3:143 129
372 Baseline ; ECOS-R101 27.0 164 514 14.7 44.0 28.8 212 29.1 430
373 DDT(Ours) 379 361 645 308 56.9 387  31.8 | 42.4+133 431
374 432
375 433
376 434
377 435
378 436
379 437
380 438
381 439
382 440
383 441
384 442
385 443
386 444
387 445
388 446
389 447
390 448
391 449
392 450
393 451
394 452
395 453
396 454
397 455
398 456
399 457
400 458
401 459
402 460
403 461
404 462
405 463
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Table 8: Quantitative results on adaptation from Sim10K to
BDD100K (S—B) with FCOS. The bold indicates the best re-

sults.

Method Reference  Detector ‘ mAP(car)
SWDA [38] CVPR'19 FRCNNwvis | 42.9
CDN [40] Eccv’2o0 FRCNN-vie 45.3
B i .
aseline / FCOS-R18 36.5
DDT(Ours) 56.0+19.5
B i .
aseline / FCOS-RS0 38.7
DDT(Ours) 56.2+17.5
B i .
aseline / FCOS R1o1 36.5
DDT(Ours) 57.4+20.9

Table 9: Quantitative results on adaptation from Sim10K to
Cityscapes (S—Cs) with FCOS. The bold indicates the best

results.
Method Reference  Detector ‘ mAP(car)
DA-Faster [6] CVPR’18  FRCNN-vi6 39.0
SWDA [38] CVPR’19 FRCNN-v16 40.7
HTCN [3] CVPR’20  FRCNN-R101 42.5
UMT [9] CVPR21  FRCNNwRio1 | 43.1
SSAL [37] NeurlPS’22 FCOS-Rs0 51.8
O2NET [13] AcMMM’22 DDETR-R50 54.1
DDF [32] TMM’22 ~ FRCNN-R50 44.3
D-ADAPT [20]  ICLR22  FRCNN-=Rso |  51.9
SCAN [27] AAAI22 FCOS-vi6 52.6
MTTrans [48] ECCV’22  DDETR-R50 57.9
SIGMA [28] CVPR’22 FCOS-rs0 53.7
TDD [29] CVPR22  FRCNN-vi6 53.4
MGA [52] CVPR’22 FCOS-r101 54.1
OADA [46] ECCV’22 FCOS-v1e 59.2
SIGMA++ [29]  TPAMI’23 FCOS-vi6 53.7
CIGAR [34] CVPR’23 FCOS-vie 58.5
NSA [53] fccvzs FRCNNwie | 563
HT [10] CVPR23  FRCNN-ie 65.5
Baseline / FCOS.R1s 47.0
DDT(Ours) 61.4+14.4
Baseline / FCOS-Rs0 48.4
DDT(Ours) 62.5+14.1
Baseline / FCOS-RI01 51.5
DDT(Ours) 63.5+12.0

ACM MM, 2024, Melbourne, Australia

Table 10: Quantitative results on adaptation from VOC to
Comic (V—Co) with FCOS. The bold indicates the best results.

Method Reference  Detector ‘bicycle bird car cat dog person‘ mAP
DA-Faster [6] CVPR'18 FRCNN-vie| 31.1 103 15.5 12.4 19.3 39.0 21.2
SWDA [38] CVPR’19 FRCNN-vie | 36.4 21.8 29.8 15.1 23.5 49.6 29.4
STABR [22] CVPR’19 SSD-v16 50.6 13.6 31.0 7.5 164 414 26.8
MCRA [50] ECCV’20 FRCNN-vie | 47.9 20.5 37.4 20.6 24.5 50.2 335
I3Net [4] CVPR21 SSD-v16 47.5 19.9 332 114 194 49.1 30.1
DBGL [2] IcCv’21 FRCNN-r1o1| 35.6 20.3 33.9 16.4 26.6 453 29.7
D-ADAPT [20] ICLR22 FRCNN-Ri01| 524 254 42.3 43.7 25.7 53.5 40.5
Baseli 17. 1 83 24 5. 25. 11.1
aseline / FCOS-R1s 77 7 8.3 5.7 5.3
DDT(Ours) 54.2 26.6 45.5 29.8 344 72.2 |43.8+32.7
Baseli 209 7.2 113 47 79 270 13.2
aseane /' FCOS-Rso
DDT(Ours) 55.1 32.2 51.4 33.8 38.7 74.6 |47.6+34.4
Baseli 260 95 154 73 80 293 15.9
aseune / FCOS-Ri01
DDT(Ours) 55.6 38.2 55.6 36.6 48.1 75.9 |51.6+35.7

Table 11: Quantitative results on adaptation from VOC to
Watercolor (V—>W) with FCOS. The bold indicates the best

results.

Method Reference Detector ‘bicyclebird car cat dog person‘ mAP

SWDA [6] CVPR19 FRCNN-vie| 82.3 55.946.532.735.5 66.7 53.3
MCRA [51] ECCV20 FRCNN-vie| 87.9 52.151.841.633.8 68.8 56.0
UMT [9] CVPR21 FRCNN-R1i01| 88.2 55.351.739.843.6 69.9 58.1
IIOD [43] TPAMI21 FRCNN-vie| 95.8 54.348.342.435.1 65.8 56.9
I3Net [4] CVPR21  SSD-vie 81.1 49.346.235.031.9 65.7 51.5
SADA [7] 1jcv2i FRCNN-Rso| 82.9 54.6 52.340.537.7 68.2 56.0
CDG [25] AAAr2i FRCNNwvie| 97.7 53.152.147.338.7 68.9 59.7
VDD [44] Iccv21 FRCNN-vie| 90.0 56.649.239.538.8 65.3 56.6
DBGL [2] 1cCv’21 FRCNN-Rio1| 83.1 49.350.639.838.7 61.3 53.8
AT [31] CVPR’22 FRCNN-vi6| 93.6 56.158.937.339.6 73.8 59.9
LODS [26] CVPR22 FRCNN-Ri01| 95.2 53.146.937.247.6 69.3 58.2
Baseline / FCOS-R1s 69.8 34.937.823.316.0 48.7 38.4
DDT(Ours) 80.3 60.152.542.434.3 75.8 |57.6+19.2
Baseline / FCOS-Rso 66.9 42.444.621.513.7 483 39.6
DDT(Ours) 94.4 63.151.840.834.3 75.9 |60.1+20.5
Baseline / FCOS-R101 64.0 44.341.825.721.5 53.6 41.8
DDT(Ours) 96.9 65.655.449.640.5 77.2 |64.2+22.4
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581 Table 12: Quantitative results on adaptation from VOC to Clipart (V—Ca) with FCOS. The bold indicates the best results. 639
582 640
o83 Method  Reference Detector |aero beycle bird boat bottle bus car cat chair cow table dog horse bike psn plant sheep sofa train tv | mAP 641
:Z: SWDA [38] CVPR’19 FRCNN-vie |26.2 48.5 32.6 33.7 38.5 54.337.118.6 34.8 58.3 17.0 12.5 33.8 65.561.6 52.0 9.3 24.9 54.1 49.1] 38.1 ZE
536 CRDA [45] CVPR’20 FRCNN-R101|28.7 55.3 31.8 26.0 40.1 63.636.6 9.4 38.7 49.3 17.6 14.1 33.3 74.3 61.3 46.3 223 24.3 49.1 443| 383 644
587 HTCN [3] CVPR’20 FRCNN-R101|33.6 58.9 34.0 23.4 45.6 57.039.812.0 39.7 51.3 21.1 20.1 39.1 72.8 63.0 43.1 19.3 30.1 50.2 51.8| 40.3 645
588 SAPNet [23] ECCV’20 FRCNN-R101{27.4 70.8 32.0 27.9 42.4 63.547.514.3 48.2 46.1 31.8 17.9 43.8 68.0 68.1 49.0 18.7 20.4 55.8 51.3| 42.2 646
589 UMT [9] CVPR’21 FRCNN-R101{39.6 59.1 32.4 35.0 45.1 61.948.4 7.5 46.0 67.6 21.4 29.5 48.2 75.9 70.5 56.7 25.9 28.9 39.4 43.6| 44.1 647
590 110D [43] TPAMI'21 FRCNN-vi6|41.5 52.7 34.5 28.1 43.7 58.541.8 15.3 40.1 54.4 26.7 28.5 37.7 75.4 63.7 48.7 16.5 30.8 54.5 48.7| 42.1 648
591 SADA [7] Ijcv’21 FRCNN-R50(29.4 56.8 30.6 34.0 49.5 50.547.7 18.7 48.5 64.4 20.3 29.0 42.3 84.173.4 37.4 20.5 39.8 41.2 48.0| 43.3 649
592 UaDAN [14] TMM’21 FRCNN-=Rs0(35.0 72.7 41.0 24.4 21.3 69.853.5 2.3 34.2 61.2 31.0 29.5 47.9 63.6 62.2 61.3 139 7.6 48.6 23.9| 40.2 650
593 DBGL [2] Iccv’z1 FRCNN-R50 (28.5 52.3 34.3 32.8 38.6 66.438.225.3 39.9 47.4 23.9 17.9 38.9 783 61.2 51.7 26.2 28.9 56.8 44.5| 41.6 651
594 AT [31] CVPR’22 FRCNN-v16(33.8 60.9 38.6 49.4 52.4 53.956.7 7.5 52.8 63.5 34.0 25.0 62.2 72.177.2 57.7 27.2 52.0 55.7 54.1| 49.3 652
595 D-ADAPT [20] ICLR22 FRCNN-=Rs0|56.4 63.2 42.340.9 453 77.048.725.4 443 58.4 31.4 24.5 47.1 753 69.3 43.5 27.9 34.1 60.7 64.0| 49.0 653
596 TIA [49]  CVPR22 FRCNN-R101(42.2 66.0 36.9 37.3 43.7 71.849.718.2 44.9 58.9 18.2 29.1 40.7 87.8 67.4 49.7 27.4 27.8 57.1 50.6| 46.3 654
597 LODS [26] ~ CVPR2z FRCNN-R101[43.1 61.4 40.136.8 48.2 45.848.320.4 44.8 53.3 32.5 26.1 40.6 86.3 68.5 48.9 25.4 332 44.0 565 45.2 655
% CIGAR [34] CVPR23 FCOS=Rio1 352 55.0 39.230.7 60.1 58.146.931.8 47.0 61.0 21.8 26.7 44.6 52.4 68.5 54.4 313 38.8 56.5 63.5| 46.2 636
599 CMT [1] CVPR’23 FRCNN-v16(39.8 56.3 38.7 39.7 60.4 35.056.0 7.1 60.1 60.4 35.8 28.1 67.8 84.580.1 55.5 20.3 32.8 42.3 38.2| 47.0 657
600 658
601 Baseline / FCOS-Rig 18.7 26.0 15.0 10.1 19.5 65.630.6 1.8 243 4.2 241 7.9 249 421335 26.1 0.2 17.2 23.0 11.2| 213 659
602 DDT(Ours) 48.9 58.9 323 30.0 42.4 72.454.511.2 48.6 38.9 30.2 27.5 40.1 87.7 76.0 53.2 33.5 38.8 49.5 47.1|46.1+24.8 660
603 Baseline / FCOS-R50 40.0 26.7 17.8 21.0 31.9 32.228.812.2 36.3 35.7 283 6.1 255 43.137.2 335 5.1 256 245 26.3| 269 661
604 DDT(Ours) 50.7 53.1 34.141.5 57.0 86.357.1 9.3 49.5 52.8 33.6 32.4 49.0 93.182.1 57.8 37.1 42.6 54.1 60.8|51.7+24.8 662
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Ground Truth Visualization of baseline Predictions of baseline Visualization of our DDT Predictions of ours DDT

Figure 2: Qualitative prediction results and feature visualization of baseline and our DDT from Cityscapes to BDD100K.
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Figure 3: Qualitative prediction results and feature visualization of baseline and our DDT from Sim10K to BDD100K.
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Figure 4: Qualitative prediction results and feature visualization of baseline and our DDT from Sim10K to Cityscapes.
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Figure 5: Qualitative prediction results and feature visualization of baseline and our DDT from VOC to Clipart.
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Figure 7: Qualitative prediction results and feature visualization of baseline and our DDT from VOC to Watercolor.
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