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1. Dataset

Office-31 [3] is a widely used dataset for evaluating visual domain adaptation algorithms. It comprises 4, 652 images and
31 categories from three distinct domains: Amazon (A), Webcam (W), and DSLR (D). We assess the performance of various
methods using the following six transfer tasks: A—W, D—W, W—D, A—D, D—A, and W—A.

Office-Home [4] is a challenging dataset consisting of 15,500 images across 65 classes from both office and home
domains. This dataset spans four highly dissimilar domains: Artistic images (A), Clip Art (C), Product images (P), and
Real-World images (R). Our evaluation encompasses all possible transfer tasks.

VisDa-2017 [2] is a large-scale dataset tailored for visual domain adaptation tasks. It encompasses a total of 280K images
distributed across 12 classes within training, validation, and test sets. In accordance with prior studies [, 5], we utilize the
training dataset, which comprises 152, 397 synthetic images, as the source domain. The validation dataset is comprised of
55, 388 real images and serves as the target domain. The performance assessment focuses on evaluating the effectiveness of
a method in transferring knowledge learned from synthetic data to a real image dataset.

2. Sensitivity Analysis

Fig. 1(a) and (b) show the sensitivity analysis for the balancing parameters and adversarial data radius respectively. Three
robust models are trained by deploying our DDAR method on UDA methods, i.e. MCC, MCC+CDAN, MCC+MDD, where
the training and evaluation are conducted on the A—D task on the Office-31 dataset. In Fig. 1(a), the radius e for gener-
ating adversarial data is set as 0.5. Then, we constrain the A\; + Ao = 1, where \; and A, are coefficients of supervised
learning loss of source domain and adversarial regularization loss of target domain in Eq. 10 in the main paper. As such,
the (1.0, 0.0) represents training a standard model without using DDAR, which presents poor robustness against common
corruption (RaCC). Once DDAR is involved in training, RaCCs are improved significantly, and the highest performances
are obtained at (0.6,0.4). In Fig. 1(b), the \; and A\, are set as 0.6 and 0.4 respectively. We evaluate the robust models
trained by using adversarial data generated with different radius e. The e = 0.0 means no adversarial perturbations appear on
data, where the model is trained by only using data augmented by VQGAN. As can be observed, the performance for RaCC
increases with €, and the highest performances are attained when ¢ equals to 0.4 or 0.5.
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Figure 1. Sensitivity analysis for the (a) balancing parameters and (b) adversarial data radius. All robust models are trained and evaluated
on the A—D task on the Office-31 dataset.

3. Detail Results

The detailed results of Table 1-6 in the main paper are shown in Table 1-8 respectively.

Method A-D A-W D-A D-W W-A W-D Avg. ()
CDAN+TN 603 596 64.1 835 647 1202 754
+ Augmix 46 65.2 66 599 679 643 616
+ DDG 489 469 624 697 60.1 709 598
DCAN 423 40 503 452 60.1 466 474
+ Augmix 40.5 324 53 48.1 59.8 54.6  48.1
+ DDG 369 286 466 359 55 445 413
MCC+DDAR 272 285 499 212 537 231 339

MCC+CDAN+DDAR 26.8 263 448 19.0 46.7 194 30.5
MCC+MDD+DDAR 30.5 31.0 453 236 503 234 34.0
Table 1. Detailed results of Table 1 in main paper. mCE () on Office-31 dataset under common corruptions (ResNet-50).

Method A-C AP AR CA CP CR P-A PC PR R-A RC RP Aveg ()
CDAN+TN 69.7 622 592 654 587 576 655 709 550 632 704 609 632
+ Augmix 69.3 528 560 737 56.6 613 722 714 553 624 614 526 62.1
+ DDG 59.8 522 480 660 519 562 636 636 488 578 644 479 56.7
DCAN 614 51.0 479 586 58.0 520 6l.1 662 537 630 640 584 579
+ Augmix 63.2 493 460 574 573 538 589 653 485 592 642 525 563
+ DDG 583 48.0 446 552 51.6 475 551 622 494 577 599 526 535
MCC+DDAR 56.0 447 432 616 49.1 49.1 598 595 452 51.1 508 405 509

MCC+CDAN+DDAR 54.7 44.6 439 557 491 478 576 563 450 51.6 505 416 499
MCC+MDD+DDAR  69.5 48.7 463 682 50.7 49.8 585 672 447 49.6 533 426 54.1

Table 2. Detailed results of Table 1 in main paper. mCE ({) on Office-Home dataset under common corruptions (ResNet-50).



Method Dataset A-D A-W D-A D-W W-A W-D Avg.
Acc 91.8 950 737 981 721 99.6 884

MCC mCE 477 46.1 57.8 366 60.2 349 472
DDAR D0 SN0 453 236 o3 234 39
mecsepan R DD 0T D D4 Gl s dsy
DDAR o 6 445 190 467 194 303
MCCHMDD  Ch 0 U0E 551 62 s64 360 4o
+DDAR Acc 936 925 754 987 713 100.0 8RK.6

mCE 30.5 31.0 453 236 503 234 340
Table 3. Detailed results of Table 2 in main paper. Standard accuracy (Acc) and mCE (]) on Office-31 dataset under common corruptions
(ResNet-50).

Method Dataset A-C A-P A-R C-A C-P CR P-A PC PR R-A R-C R-P Avg
MCC Acc 572 777 833 649 76.6 782 651 543 825 733 61.8 86.7 718
mCE 62.1 543 492 619 541 536 660 697 529 61.0 608 490 579
Acc 564 767 80.7 574 722 747 620 553 80.6 717 632 842 69.6

+DDAR mCE 560 447 432 616 49.1 49.1 598 595 452 51.1 508 405 509
Acc 589 797 825 653 788 785 655 558 818 743 624 856 724
MCC+CDAN mCE 605 51.8 494 616 515 494 632 650 513 589 587 479 558
+DDAR Acc 581 775 803 651 739 760 652 585 81.1 728 641 842 714
mCE 547 446 439 557 491 478 576 563 450 51.6 505 41.6 499
MCC+MDD Acc 582 780 821 658 758 756 652 559 81.0 736 622 854 7T1.6
mCE 622 545 531 63.0 589 57.1 655 695 553 623 61.8 51.6 596
+DDAR Acc 433 747 796 514 725 732 636 488 817 738 627 83.6 674

mCE 69.5 487 463 682 50.7 49.8 585 672 447 496 533 426 54.1
Table 4. Detailed results of Table 2 in main paper. Standard accuracy (Acc) and mCE () on Office-Home dataset under common
corruptions (ResNet-50).

Method A-D AW D-A D-W WA WD Avg()

CDAN+MCC 457 47.1 552 324 53.1 28.6 437

CDAN+MCC+DDAR 268 263 448 190 4677 194 305
w/o random start 274 276 446 199 51.1 195 317
w/o ID 355 359 46.0 251 49.1 29.0 36.8

w/o adversarial perturbation 30.2 31.3 488 21.5 504 204 338
Table 5. Detailed results of Table 3 in main paper. mCE (|) on corruptions of Office-31 dataset (ResNet-50)

Method A-D AW D-A D-W WA WD Avg()
CDAN+MCC+Tent (epoch 10) 16.6 277 86.1 19.7 849 6.2 40.2
+DDAR 10.1 196 699 11.6 823 3.0 32.7
CDAN+MCC+Tent (epoch 1) 163 234 63.1 13.6 612 52 30.5
+DDAR 96 143 591 6.1 61.2 1.9 254
CDAN+MCC+AugMix+KL 434 438 503 292 50.8 289 4l1.1
CDAN+MCC+AugMix+W 25.1 2777 384 175 409 152 275
+DDAR 239 249 400 146 429 148 26.8

CDAN+MCC+DeepAugment+KL  41.3 400 452 29.6 450 29.2 384
CDAN+MCC+DeepAugment+W 229 229 398 149 403 151 260
+DDAR 194 208 369 128 37.0 125 232

Table 6. Detailed results of Table 4 in main paper. mCE (|) on corruptions of Office-31 dataset (ResNet-50)




Method Adv. Reg. A2 A-D A-W D-A D-W W-A WD Avg ()
VAT KL KL 04 411 426 477 301 51.8 293 40.4

TRADES-1 KL KL 1 41.1 393 482 281 522 289 39.6
TRADES-6 KL KL 6 409 469 507 273 531 272 41.0
AFD CE CDAN 1 374 407 48.1 252 47.1 252 373
D+KL D KL 6 385 459 483 28.6 503 266 39.7
D+CDAN D CDAN 1 361 41.0 475 269 465 2438 37.1
CE+W CE A\ 04 265 280 457 217 463 20.1 31.4
KL+W KL W 04 262 271 455 206 46.7 20.0 31.0
DAAR D w 04 268 263 448 19.0 46.7 194 30.5

Table 7. Detailed results of Table 5 in main paper. mCE () on Office-31 dataset under common corruptions (ResNet-50).

Method Dataset A-D A-W D-A D-W W-A W-D Avg.
Pixel-Space Perturbations
Acc 914 935 740 985 721 99.6 88.2

VAT mCE 419 409 508 28.7 522 304 408
AFD Acc 928 925 741 985 725 99.8 884
mCE 400 41.8 472 284 49.1 278 390
DDAR Acc 938 91.8 761 990 739 99.8 89.1
mCE 355 359 46.0 251 491 290 36.8
Image Discretization
VAT Acc 920 930 763 981 745 99.6 88.9
mCE  41.1 426 477 30.1 51.8 293 404
AFD Acc 89.8 897 753 975 733 994 875
mCE 374 407 48.1 252 471 252 373
DDAR Acc 93.0 91.7 755 990 745 998 889

mCE 268 263 448 190 467 194 305
Table 8. Detailed results of Table 6 in main paper. Standard accuracy (Acc) and mCE (]) for adversarial regularization methods based on
pixel-space perturbations and image discretization on the Office-31 dataset (ResNet-50).
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