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In this Supplementary Materials, we provide more details and exper-
imental results for further understanding of the proposed Domain-
Conditioned Transformer method.

A SMOOTH OPTIMIZATION FOR
DOMAIN-CONDITIONED GENERATOR

We follow the baseline SAR method to perform the Sharpness-
Aware Minimization (SAM) for the Domain-Conditioned Trans-
former to get better robustness. From the perspective of generaliza-
tion and optimization, SAM not only minimizes individual points
within the loss landscape criterion but also consistently reduces
the loss in their surrounding neighborhoods. Contrary to the con-
ventional approach of exclusively optimizing the model weights
with low loss values, SAM seeks to identify smoother minima in
the weight space. These minima are characterized by uniformly
low loss £ in the neighborhoods € of model weights 6:

min max £L(0+e;x), (1)
0 llellsp
where p > 0 is a hyper-parameter to define the scope of the neigh-
borhoods. To address this minimax problem, SAM initially addresses
the maximization problem by seeking the maximum perturbation
€; at training step . This inner maximization problem can be ap-
proximated using the first-order Taylor expansion of L(8 + €; x)
with respect to € — 0 as follows:

€:(0) = argmax L(0 + €; x)
llell<p

=argmax L(6;x) + eTVg,L(H;x) +0(€)
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The value €;(60) that solves this approximation is given by the
solution to a classical dual norm problem:

Vo L(0;x)|97!

€:(0) = p - sign(Vg L(6;x)) ap’
IVeL(8;x)llq

®)

where 1 + 1 = 1. It is empirically confirmed that the optimization
yields the best performance when p = 2, resulting in €; formulated
as:

Vo L(0;x)
Vo L(0:x)]l2°

Then the gradient update for the model weights 0, is computed as:

e(0) =p 4

Or41 =0; — UV9£(9§X)|9,+6,~ (5)

Finally, SAM converges the model weights 0 to a smooth minimum
with respect to the loss function L by iteratively updating equation
4 and equation 5.

B RUNNING TIME COMPARISONS

We provide a comprehensive comparison of running time costs
in Table 1. Our proposed DCT model introduces a slightly higher
computational overhead, approximately 13% slower than the SAR
method, but much faster than MEMO and DDA. This extra over-
head is mainly caused by the learning of the domain conditioner
generator. In the original SAR method, it only updates the layer
normalization parameters.

Table 1: Testing time cost comparison for Gaussian corrup-
tion of ImageNet-C under the single GPU NVIDIA RTX 3090.

Method ‘ Time Cost

TENT ~ 5 min
SAR ~ 7 min
MEMO | ~ 14 hours
DDA ~ 5 days
Ours ~ 8 min

C ADDITIONAL RESULTS ON IMAGENET-C
WITH SEVERITY LEVEL 3

We provide additional performance comparison results for corrup-
tion severity Level 3 with the Normal, Imbalanced label shifts, and
Batch size = 1 settings in Table 2, 3, and 4, respectively. The results
are consistent with those in the main paper for severity level 5.
We can see that our DCT method outperforms existing methods in
almost all 15 corruption types.

D ADDITIONAL RESULTS ON IMAGENET-C
WITH VIT-L/16 BACKBONE

We extend our experimentation to encompass a larger ViT-L/16
backbone, operating within the contexts of both Normal and Batch
size = 1 settings. For the Normal setting, the batch size is set to 32
due to limited memory. The learning rate of the domain-conditioner
generator is set to 0.001 and 0.0001 respectively. The results, as il-
lustrated in Table 5 and 6, consistently showcase the superiority of
our proposed DCT method over the baseline SAR in both config-
urations. This robust performance demonstrates the efficiency of
our proposed DCT method across diverse transformer backbones.

E ADDITIONAL RESULTS ON
DOMAINNET-126 DATASET

Additionally, we conducted experiments on DomainNet-126, a widely
used dataset in domain adaptation and domain generalization tasks.

Utilizing the same ViT-B/16 pre-trained model provided by timm,

we replace the classifier head and fine-tuned it for 100 epochs in

each domain as the source model. The results are summarized in

Table 7. Notably, our method surpasses the second-best approach

by 0.7% on average.
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Table 2: Classification Accuracy (%) for each corruption in ImageNet-C under Normal at the severity Level 3. The best result is

shown in bold.

Method | gaus shot impul defes gls mtn zm sow frst fg brt cnt els px  jpg | Avg.
Source 72.1 715 71.3 623 511 691 591 690 600 701 801 740 751 77.6 752 | 69.2
DDA 62.6 63.1 62.3 50.2 542 509 433 410 419 148 606 260 622 62.6 628 | 50.6
TENT 743 739 73.6 708 66.6 737 669 732 687 760 816 789 785 797 771 | 74.2
SAR 743 739 73.7 70.9 66,5 738 669 731 687 758 818 789 785 798 771 | 74.2
Ours 74.7 746 744 713 696 744 70.1 748 716 781 819 796 793 80.1 78.7 | 75.5

+0.1 0.0 0.1 +0.0 0.1 +0.1 =+0.2 0.0 =+0.1 +0.1 =+0.1 *0.2 0.1 =+00 0.2 | 0.0

Table 3: Classification Accuracy (%) for each corruption in ImageNet-C under Imbalanced label shifts at the severity Level 3.

Method | gaus shot impul defecs gls mtn zm sow frst fg brt cnt els pPX  jpg ‘ Avg.
Source 51.5 46.8 50.4 48.7 371 547 416 351 333 680 693 749 659 660 63.6 | 53.8
DDA 62.6 63.1 62.3 50.2 542 509 433 410 419 148 606 260 622 62.6 628 | 50.6
TENT 74.6 743 74.0 714 684 746 683 737 698 770 819 792 792 80.0 781 | 75.0
SAR 74.7 744 74.2 71.5 687 748 686 740 702 770 821 794 793 802 782 | 751
Ours 746 745 743 715 695 747 698 750 714 779 819 796 792 80.2 789 | 75.5

+0.2 0.1 +£0.1 +0.1 0.2 +£0.0 +0.2 0.1 =+0.1 +03 =£0.1 +0.1 +0.2 +0.1 0.1 | £0.1

Table 4: Classification Accuracy (%) for each corruption in ImageNet-C under Batch size=1 at the severity Level 3.

Method | gaus shot impul defecs gls mtn zm sow frst fg brt cnt els px  jpg | Avg.
Source 51.6  46.9 50.5 487 372 547 416 351 335 678 693 748 658 660 63.7 | 53.8
DDA 62.6 63.1 62.3 50.2 542 509 433 410 419 148 60.6 260 622 62.6 62.8 | 50.6
TENT 744 739 73.6 709 66.6 737 670 731 68.7 760 816 79.0 785 798 77.1 | 743
SAR 74.9 74.6 74.0 714 682 745 682 739 700 763 812 789 784 793 77.1 | 747
Ours 74.6 744 74.1 71.5 69.6 744 691 734 717 774 811 79.0 779 792 78.1 | 75.0

+0.1 0.3 +£0.2 +0.2 0.2 +0.3 +03 =+0.2 0.1 0.5 =+£0.2 =+0.2 03 0.1 =+£0.2 | £0.0

Table 5: Classification Accuracy (%) in ImageNet-C with ViT-L/16 under Normal at the highest severity (Level 5).

Method | gaus shot impul defecs gls mtn zm sow frst fg brt cnt els pPX  jpg ‘ Avg.
Source 62.1 614 62.3 52.7 451 60.6 551 662 624 625 80.2 398 562 743 727 | 60.9
TENT 65.6 68.3 67.6 63.4 599 668 607 690 685 674 81.0 289 647 772 747 | 65.6
SAR 66.0 66.6 66.2 613 551 66.1 583 684 657 663 810 268 637 745 73.6 | 64.0
Ours 67.1 68.2 66.9 640 624 66.7 641 711 69.1 704 813 653 69.7 77.6 755 | 693

+0.7 04 09 +£1.0 1.3 +£05 +£05 =+09 0.5 =+£0.7 =+0.1 =+0.6 1.9 =+0.1 =+0.5 | £0.3

Table 6: Classification Accuracy (%) in ImageNet-C with ViT-L/16 under Batch size = 1 at the highest severity (Level 5).

Method | gaus shot impul defecs gls mtn zm sow frst fg brt cnt els pPX  jpg ‘ Avg.
Source 62.1 614 62.3 52.7 451 60.6 551 66.2 624 625 802 398 56.2 743 72.7 | 60.9
TENT 552 678 67.8 435 596 669 628 699 674 683 814 314 647 774 73.0 | 63.8
SAR 67.9 645 67.7 63.0 616 637 624 704 676 68.7 757 602 555 764 747 | 66.7
Ours 675 69.2 679 646 645 685 657 71.0 688 716 80.6 650 712 76.5 75.3 | 69.9

+0.3 0.2 0.0 +0.6 09 +0.1 1.6 =05 0.7 =+00 =+0.1 +04 =£1.7 =£0.2 =+0.7 | £0.3
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233 Table 7: Classification Accuracy (%) for test-time adaptation of all transfer tasks in DomainNet-126 dataset. 291
234 292
o Method | C5P C—»R C—S P—C P—R P—S R—C R—P R—S S—»C S—P S—R | Avg. o
257 Source | 71.7 84.0 69.2 720 856 61.0 605 651 484 726 727 829 | 705 295
jjj TENT 719 838 691 723 854 520 60.7 653 472 745 692 823 | 69.5 j;j
» SAR 717 835 692 721 852 602 609 658 493 74.6 724 825 | 706 s
" Ours 72.6 828 715 744 857 495 709 723 57.0 723 651 811 | 713 209
242 +0.6 403 +0.1 +0.3 407 +1.7 405 +0.2 405 +0.7 +1.0 +0.2 | +0.3 300
243 301
244 302
245 303
246 304
247 305
248 306
249 307
250 308
251 309
252 310
253 311
254 312
255 313
256 314
257 315
258 316
259 317
260 318
261 319
262 320
263 321
264 322
265 323
266 324
267 325
268 326
269 327
270 328
271 329
272 330
273 331
274 332
275 333
276 334
277 335
278 336
279 337
280 338
281 339
282 340
283 341
284 342
285 343
286 344
287 345
288 346
289 347

290 348



	A Smooth Optimization for Domain-Conditioned Generator
	B Running Time Comparisons
	C Additional Results on ImageNet-C with Severity Level 3
	D Additional Results on ImageNet-C with ViT-L/16 Backbone
	E Additional Results on DomainNet-126 Dataset

