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In the following, we summarize our evaluation details to
support reproducibility (Section 1), provide further ablation
results (Section 2) and present detailed results for applying
DUA on additional adaptation tasks (Section 3).

1. Evaluation Details

Number of Samples: DUA requires only a tiny fraction
of the (unlabeled) test set to achieve competitively strong
results. The exact numbers are listed in Table 1. Note that
after adaptation on these specific number of samples, the
adaptation performance always saturates. We conducted all
experiments on a single NVIDIA® GeForce® RTX 3090.

Batch Augmentations: As evaluated in our ablation
study (main manuscript Section 5), augmentations help to
further improve the adaptation performance. In our experi-
ments we use random cropping, random horizontal flipping
and rotating by specific angles (0,90, 180,270 degrees).
Figure 3 shows an exemplary batch of size 64.

Corruption Benchmarks: To train the ResNet-26 [5]
backbone on CIFAR-10/100 [8], we use a batch size of 128.
We train the model for 150 epochs and use Stochastic Gra-
dient Descent (SGD) as optimizer with learning rate 0.1,
momentum 0.9 and weight decay 5-10~. We use the multi-
step learning rate scheduler from PyTorch with milestones
at 75 and 125 and set its v = 0.1. For training we use ran-
dom cropping and horizontal flipping as augmentations.

Domain Adaptation for Classification: We use an
ImageNet-pretrained ResNet-18 from PyTorch and finetune
it on the Office-31 [15] train split. For this finetuning, we
train the model for 100 epochs with SGD, initial learning
rate 0.1, momentum 0.9 and weight decay 5 - 10~%. We use
the PyTorch multi-step learning rate scheduler with mile-
stones at 60 and 75 and set its v = 0.1. For VIS-DA [12]
we use a ResNet-50, while all other settings are kept the

same as for Office-31. We again use random cropping and
horizontal flipping as augmentations during training.

Digit Recognition: For these experiments we use a sim-
ple architecture, consisting of 2 convolution layers, 2 lin-
ear layers and 2 batch normalization layers. We also use 2
dropout layers in the classification head for regularization
with dropout probabilities p = 0.25 and p = 0.5, respec-
tively. For each of the datasets, we train this model using
ADADELTA [18] for 15 epochs and use a batch size of 64.

Object Detection: For all our object detection ex-
periments we use a YOLOv3 [14] pretrained on MS-
COCO [10]. Then, we retrain the model for 100 epochs
on each of the training splits of the respective datasets. We
use a batchsize of 20, while all other optimization settings
and augmentation routines for training are taken from the
PyTorch implementation' of YOLOV3.

2. Additional Ablation Results
2.1. Sample Order Does Not Matter

As described in the main manuscript (Section 5), the
sample order does not matter. Here, we include the detailed
plot for all the 300 runs in Figure 1, which shows that DUA
is consistently stable across all runs.

2.2. Choice of Momentum Decay Parameter

The momentum decay parameter w helps to provide sta-
ble and fast adaptation on the incoming samples. The effect
of varying w values is analyzed in Figure 2. From this ex-
periment we understand that the adaptation is unstable for
a higher value of w, while it is slower for a lower value.
Thus, we use w = 0.94 for all reported experiments, which
empirically provides both stable and fast adaptation.

Uhttps://github.com/ultralytics/yolov3



Total no. of samples in  No. of samples used % of samples used
Dataset . .
test set for adaptation for adaptation
CIFAR-10C [6] 10000 80 0.8%
CIFAR-100C [6] 10000 80 0.8%
ImageNet-C [6] 50000 100 0.2%
MNIST [9] 10000 30 0.3%
SVHN [11] 26032 30 0.1%
USPS [7] 2007 20 0.9%
Office-31 [15] 4110 40 0.9%
VIS-DA [12] 5534 40 0.7%
KITTI [2] 3741 25 0.6%
KITTI-Rain [3] 3741 25 0.6%
KITTI-Fog [3] 3741 25 0.6%
SODA-10M [4] 4991 30 0.6%
SODA10M-Day [4] 3347 30 0.8%
SODA10M-Night [4] 1644 15 0.9%

Table 1. Available number of samples in the test sets vs. number of samples used for adaptation. Note that all datasets except for KITTI
have dedicated test sets. On KITTI, we divide the training set of 7481 images into 3740 train and 3741 test images.
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Figure 1. Adaptation results on CIFAR-10C for 300 runs with
w = 0.94, po = 0.1. For each run we randomly shuffle the cor-
rupted test sets. We plot the mean error (on 15 corruptions) and
the standard deviation after adaptation on each incoming sample.

3. DUA for Additional Adaptation Tasks
3.1. Domain Adaptation for Digit Recognition

Table 3 summarizes results for cross-dataset domain
adaptation in digit recognition. For all these experiments
we use a simple architecture consisting of 2 convolution
layers, 2 batch normalization layers and 2 fully connected
layers. Our method improves the results for all the popu-
lar domain adaptation benchmarks. Note that we only use
random cropping for digit recognition experiments.
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Figure 2. Adaptation results for CIFAR-10C with different values

of Momentum Decay Parameter w. At w = 0.94, we achieve a

good balance between stable adaptation and fast convergence. For
all these experiments pp = 0.1 is used.

3.2. Domain Adaptation for Visual Recognition

In Table 4, we list the results obtained by testing on two
popular domain adaptation benchmarks, Office-31 and VIS-
DA. For VIS-DA we take a ResNet-50, pre-trained on Ima-
geNet and then fine tune it on the VIS-DA train split. For the
Office-31 dataset, we use an ImageNet pre-trained ResNet-
18 which we finetune on the Office-31 train split.

We show that our method achieves improvements on
both Office-31 and VIS-DA datasets. It should be noted
that the purpose of these evaluations is not to outperform the
state-of-the-art methods which specialize on these tasks. In-
stead, we show that DUA is applicable to a variety of tasks



Corruption Type Abbreviation
Gaussian Noise gaus
Shot Noise shot
Impulse Noise impul
Defocus Blur defcs
Glass Blur gls
Motion Blur mtn
Zoom Blur zm
Snow snw
Frost frst
Fog fg
Brightness brt
Contrast cnt
Elastic els
Pixelate px
JPEG Compression jpg

Table 2. Abbreviations of corruption types in CIFAR-10/100C and
ImageNet-C.

and architectures. It can be used as an initial adaptation
method before applying other established domain adapta-
tion methods such as [1, 13,16, 17].

3.3. Corruption Benchmarks

We provide detailed results for the lower severity corrup-
tion levels 1-4 (highest severity level 5 is included in the
main manuscript) for CIFAR-10C (Table 5), CIFAR-100C
(Table 6) and ImageNet-C (Table 7). Note that the abbre-
viations of the different corruption types are summarized
in Table 2. As can be seen from these results, our DUA
achieves consistent improvements over all corruption types
and severity levels.

3.4. Object Detection

Natural Domain Shifts: Table 8a shows the results for
adapting a detector pre-trained on day images only and
tested on night images. Table 8b and Table 8c report the
domain adaptation results between KITTI and SODA10M.
DUA provides notable gains for all the different scenarios.

Degrading Weather: We provide results for the lower
severity levels of KITTI-Fog and KITTI-Rain [3] in Table 9
(highest severity/lowest visibility is included in the main
manuscript). We see that by adapting a model with DUA,
the detection performance increases even in lower severities
of rain and fog.
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Source data: SVHN [I1] SVHN MNIST [9]
Target data: USPS

MNIST

Exemplary Images
MNIST SVHN USPS

Source only
DUA
Fully Supervised

58
68
96

Table 3. Domain adaptation results (measured by accuracy in %) for digit recognition. All results are obtained by using a simple architecture

consisting of 2 convolution layers, 2 fully connected layers and batch normalization layers.

Amazon DSLR
DSLR Webcam

Webcam  Webcam

Source data: Amazon

Target data: Webcam

Source only 38.4
DUA 332

Fully Supervised 27.1

343 12.9
29.6 5.7
11.3 39

Classification
Error (%)
Source only 57.4
DUA 472
Fully Supervised 23.7

(a) Office-31 [15]

(b) VIS-DA [12]

Table 4. Domain adaptation results (measured by classification error in %) for a) Office-31 using a ResNet-18 backbone, and for b) VIS-DA

using a ResNet-50 backbone.

Figure 3. Example of a batch which we create from a single image by augmenting it randomly. The input sample is taken from ImageNet-
C [6] (Level 5) Gaussian Noise Corruption.



‘gaus shot impul defcs gls mtn zm  saw  frst fg brt cnt els px jpg | mean
Level 4

Source | 639 53.7 57.0 289 589 324 381 259 339 175 104 337 267 407 272 | 36.6
TTT 415 354 398 150 478 191 184 201 240 135 100 141 17.7 294 245 | 247
NORM | 40.7 374 432 16.7 474 218 202 299 303 190 161 205 265 266 357 | 288
DUA 31.0 276 358 13.2 407 203 154 222 206 127 101 148 205 18.6 246 | 21.9

Source | 24.1 17.1 16.4 6.6 235 8.4 74 122 115 8.3 6.2 92 106 194 13.1 12.9
TENT | 13.8 11.7 143 6.7 18.6 8.2 7.1 10.6 9.7 7.5 6.1 84 109 85 132 | 103
DUA 13.7 118 135 59 183 7.6 6.6 10.3 9.0 7.4 5.8 7.2 9.9 93 13.0 | 10.0

Level 3

Source | 58.0 475 385 177 462 328 306 227 318 126 95 193 207 237 247 | 29.1
TTT 372 31.6 286 1.5 358 191 158 178 233 11.0 91 11.6 143 189 223 | 205
NORM | 37.8 351 347 141 382 21.7 182 275 290 166 152 186 19.6 21.1 333 | 254
DUA 283 246 270 104 307 202 144 204 193 11.0 92 123 146 151 23.1 | 18.7

Source | 204 14.6 9.7 54 129 8.6 6.5 99 114 6.3 55 72 7.4 9.6 121 9.8
TENT | 126 104 104 6.0 127 8.1 6.7 9.5 9.1 6.7 5.9 7.5 8.4 75 127 8.9
DUA 122 105 9.3 55 119 7.8 6.1 9.1 9.1 6.1 54 6.3 7.0 74 11.7 8.4

Level 2

Source | 43.1 27.8 293 102 495 234 224 264 213 103 87 134 147 179 223 | 227
TTT 28.8 20.7 230 9.0 366 154 131 202 169 92 83 102 125 148 19.7 | 17.2
NORM | 31.0 253 287 135 388 188 163 278 239 154 146 17.1 187 19.6 30.6 | 22.7
DUA 223 168 229 92 303 160 127 215 157 9.6 87 11.1 127 133 20.8 | 16.2

Source | 13.4 8.8 8.0 51 142 6.5 5.8 9.2 8.5 53 53 6.1 6.5 7.8 109 8.1
TENT | 102 7.6 8.6 59 130 72 6.2 8.1 7.8 6.3 5.8 6.9 7.5 70 11.8 8.0
DUA 10.0 7.5 7.6 51 124 64 57 8.3 7.3 52 52 57 64 68 109 74

Level 1

Source | 25.8 184 19.0 85 51.1 147 182 150 138 8.3 8.3 87 144 113 165 | 16.8
TTT 19.1 158 16.5 80 379 117 122 128 119 82 80 83 12,6 11.1 155 | 140
NORM | 240 209 225 134 381 165 155 205 188 149 140 153 191 169 247 | 197
DUA 16.5 138 16.6 83 304 124 126 145 122 8.4 8.4 88 134 11.0 159 | 13.6

Source 8.7 6.5 6.2 49 141 5.5 59 6.4 6.5 4.9 5.0 5.0 6.9 5.8 8.7 6.7
TENT 7.5 6.9 72 57 124 6.2 6.3 6.8 6.5 5.9 5.7 6.0 7.9 6.5 9.1 7.1
DUA 7.3 6.2 6.2 51 119 5.5 5.8 6.2 6.1 5.1 5.1 5.1 7.0 5.8 8.5 6.5

Table 5. Error (%) for each corruption in CIFAR-10C severity (Level 1-4) is reported. Source refers to results obtained from a model
trained on clean train set and tested on corrupted test sets. For a fair comparison with TTT and NORM, ResNet-26 is used. For comparison
with TENT we take the Wide-ResNet-40-2 model from their official Github Repository. Lowest error is highlighted for each corruption.



gaus shot impul defcs gls mtn zm  saw  frst fg brt cnt els px jpg ‘mean
Level 4

Source | 88.3 853 928 543 848 573 572 549 659 486 358 61.1 529 73.0 61.0| 649
TTT 81.6 783 8l.1 48.6 787 525 534 538 628 495 385 503 502 662 572 | 602
NORM | 70.5 67.6 721 411 699 461 445 547 552 467 388 441 508 499 642 | 544
DUA 66.0 629 664 413 665 482 43.0 535 528 432 376 457 482 46.6 57.6 | 52.0

Source | 60.7 51.6 479 271 544 303 289 374 390 354 272 359 344 390 40.1 | 393
TENT | 389 363 366 273 420 289 284 348 328 321 263 298 333 299 384 | 331
DUA | 430 390 379 269 447 295 283 365 343 338 266 310 338 310 389 | 343

Level 3

Source | 86.0 814 838 427 783 5777 524 530 64.1 401 333 493 466 544 582 | 588
TTT 796 746 693 425 73.0 532 498 512 614 421 368 435 458 529 552 | 554
NORM | 67.7 646 623 609 634 42,6 526 545 415 378 378 411 443 450 61.7 | 519
DUA 638 600 579 373 584 482 412 508 524 392 355 414 417 421 553 | 484

Source | 552 459 369 257 399 305 274 333 381 295 255 305 286 303 38.0 | 344
TENT | 371 343 320 261 346 292 277 323 323 29.0 256 284 292 283 374 | 309
DUA | 408 365 322 253 370 296 271 327 344 29.0 252 286 284 287 373 | 315

Level 2

Source | 799 66.1  73.7 33.7 79.6 489 464 568 524 352 313 421 405 480 552 | 527
TTT 715 61.8 59.8 365 731 472 460 557 528 380 352 397 420 479 52.6 | 50.7
NORM | 61.1 549 559 363 61.1 43.0 40.7 53.0 490 396 370 395 428 433 59.0 | 47.7
DUA 571 507 520 352 584 438 391 528 476 359 342 389 399 397 529 | 45.2

Source | 44.6 345 307 243 415 277 262 327 318 268 244 275 279 280 365 | 31.0
TENT | 33.3 295 288 257 349 274 270 306 296 270 254 273 291 27.6 363 | 29.3
DUA 359 312 288 241 369 272 260 322 309 261 240 266 279 27.6 359 | 294

Level 1

Source | 65.0 534 542 303 80.1 402 429 396 430 31.0 302 31.8 403 370 481 | 445
TTT 604 530 480 347 740 413 413 415 442 346 344 348 418 394 47.0 | 447
NORM | 529 488 477 362 60.6 40.1 395 439 440 368 363 367 432 406 52.0 | 44.0
DUA 49.6 455 444 325 580 394 383 417 419 332 331 335 408 36.0 47.0 | 41.0

Source | 344 29.6 269 238 429 256 261 261 274 24.0 238 243 284 252 324 | 281
TENT | 29.3 276 269 255 347 266 267 270 273 256 252 260 298 267 329 | 279
DUA 312 285 264 238 369 253 259 262 271 241 239 239 286 254 320 | 273

Table 6. Error (%) for each corruption in CIFAR-100C severity (Level 1-4) is reported. Source refers to results obtained from a model
trained on clean train set and tested on corrupted test sets. For a fair comparison with TTT and NORM, ResNet-26 is used. For comparison
with TENT we take the Wide-ResNet-40-2 model from their official Github Repository. Lowest error is highlighted for each corruption.



gaus shot impul defcs gls mtn zm  saw  frst fg brt cnt els px jpg ‘mean
Level 4

Source | 932 947 943 845 894 853 772 834 794 728 445 881 634 712 588 | 78.7
NORM | 844 776 873 8.4 880 768 707 769 709 560 378 644 535 586 578 | 69.8
DUA 781 828 80.3 8.8 833 787 698 761 742 597 404 873 558 61.8 549 | 71.1

Level 3

Source | 809 827 829 741 854 739 719 736 778 662 396 653 51.1 567 493 | 68.8
NORM | 65,5 698 632 71.1 795 63.6 582 681 654 553 393 550 41.0 518 509 | 59.8
DUA 676 685 690 707 786 664 653 669 70.6 543 374 618 465 47.6 482 | 613

Level 2

Source | 63.6 678 746 594 654 5777 652 715 67.0 563 364 515 609 433 463 | 595
NORM | 50.7 612 652 613 544 464 558 69.1 580 456 361 403 64.1 413 40.6 | 52.7
DUA 564 580 620 565 620 531 580 699 630 493 358 505 56.6 40.6 453 | 545

Level 1

Source | 50.5 53.1 619 513 524 452 559 555 497 49.0 342 440 404 413 426 | 485
NORM | 470 484 541 502 478 395 503 477 441 411 384 366 420 37.0 432 | 45
DUA 45.7 490 547 506 49.8 434 501 517 469 458 31.8 433 389 39.1 415 | 455

Table 7. Error (%) for each corruption in ImageNet-C severity (Level 1-4) is reported. Source refers to results obtained from a model
pre-trained on ImageNet and tested on corrupted test sets. All results are obtained by using ResNet-18 as the backbone architecture. Lowest
error is highlighted for each corruption.

Car Ped Cyclist Car Ped Cyclist Car Ped Cyclist
SO | 753 483 50.1 SO | 436 139 18.9 SO | 80.1 555 339
DUA | 772 499 51.6 DUA | 494 172 23.1 DUA | 813 563 35.1
FS 869 557 63.2 FS 84.8 46.1 61.2 FS 91.8 713 76.5
(a) SODA10M [4] (Day — Night) (b) KITTI [2] — SODA10M (c) SODA10M — KITTI

Table 8. Domain adaptation results (mAP@50) for object detection with YOLOV3. a) We train on the SODA10M day split and test on the
SODA10M night split. b) We train on the KITTI train split and test on the SODA10M test split. ¢) We train on the SODA10M day split
and test on the KITTI validation split (details in Table 1). SO: source-only, FS: fully supervised.

‘ Car  Pedestrian  Cyclist Car  Pedestrian  Cyclist
40m fog visibility 100 mm/hr rain
Source only 39.6 39.3 20.2 Source only 93.2 80.5 81.1
DUA 61.3 535 39.9 DUA 94.9 81.7 83.2
Fully Supervised | 77.8 68.1 70.5 Fully Supervised | 95.4 83.2 84.1
50m fog visibility 75 mm/hr rain
Source only 48.2 459 27.3 Source only 95.5 82.6 83.6
DUA 69.6 59.7 48.4 DUA 96.1 83.2 86.0
Fully Supervised | 82.2 71.3 74.2 Fully Supervised | 96.6 84.1 87.2
(a) KITTI — KITTI-Fog [3] (b) KITTI — KITTI-Rain [3]

Table 9. Results for KITTI pretrained YOLOV3 tested on rain and fog datasets. Mean Average Precision (mAP@50) is reported for the
three common classes in KITTI dataset. a) Results for 40m and 50m visibility in fog. b) Results for 100mm/hr and 75mm/hr rain intensity.



