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Main Perception Tasks for Autonomous Driving

3D Object Detection LiDAR Semantic Segmentation | Objéct Trackihg
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Perception with Neural Networks
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ImageNet Classification
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Image Classification on ImageNet
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ImageNet Classification

TOP 5 ACCURACY
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Semantic Segmentation on Cityscapes Dataset

16- loU iloU
name fine coarse depth video = <
bit category category
QO LeapAl yes yes no no no 93.2 84.2
© MYBank-AloT yes yes no no no no 86.3 72.9 93:3 85.8
©  SAIT SeeThroughNet yes yes no no no no 86.2 71.5 93.2 85.7

Semantic Segmentation on Cityscapes
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Have we solved all
perception tasks?



Semantic Segmentation: training and validation

Med-res: Med-res:
02 x H/4 x W/4 D2 x H/4 x W/4

Low-res:
D3 x H/4 x W/4

Input: High-res: High-res:

Predictions:
3xHXW D xH2xW/2 D, x HiZ x W/2 HxW




Dataset Bias or Domain Discrepancy

Clear weather Rain

Physics-Based Rendering for Improving Robustness to Rain, Halder, Lalonde, and Charette, ICCV 2019




Dataset Bias or Domain Discrepancy

Nighttime Image Human Annotation Prediction

Map-Guided Curriculum Domain Adaptation and Uncertainty-Aware Evaluation for Semantic Nighttime
Image Segmentation, Sakaridis, Dai, Van Gool, T-PAMI, 2020
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What can we do to generalize?

1.

Unsupervised Domain Adaptation: Learning Target Distribution with Unlabeled Samples
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UDA in Semantic Segmentation

segmenter F’
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| target I—')
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feature ext. | classifier

e A general UDA pipeline in segmentation
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UDA in Semantic Segmentation

lllllllllllll

e Supervised training on source
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UDA in Semantic Segmentation

segmenter F’

‘ source |

feature ext. classifier
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e Different UDA techniques ~ different UDA losses
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Adversarial UDA framework in Segmentation

source

target

FCNs in the Wild: Pixel-level Adversarial and Constraint-based Adaptation, Hoffman et al. ICLR’17
Learning to Adapt Structured Output Space for Semantic Segmentation, Tsai et al. CVPR’18

feature ext.
Ffeat

/

classifier
Fcls :

lllllllllllll

'source vs. target'
discriminator

ADVENT: Adversarial Entropy Minimization for Domain Adaptation in Semantic Segmentation, Vu et al. CVPR’19

-------------

-------------
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ADVENT: adversarial UDA + entropy minimization

Eent (-’Bt) |

| Direct entropy minimization |

Pixel-wise aggregate
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ADVENT: Adversarial Entropy Minimization for Domain Adaptation in Semantic Segmentation, Vu et al. CVPR’19
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ADVENT

sidewalk building

rider car

motocycle bicycle

Legend

With Adaptation

ADVENT: Adversarial Entropy Minimization for Domain Adaptation in Semantic Segmentation, Vu et al. CVPR’19
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What did we learn?

e Adversarial training is great but difficult to train

e Self-training with entropy minimization works

Labels (GTA-5)

» Similar finding in other works

» Self-training with pseudo-labelling

Source ‘
Domain

Images (Cityscapes) Pseudo Labels (Cityscapes)

Target
Domain

o .

Predictions (Cityscapes)

» High-scoring predictions

» Training with noisy labels

Unsupervised domain adaptation for semantic segmentation via class balanced self-training, Zou et al. ECCV’18
Bidirectional Learning for Domain Adaptation of Semantic Segmentation, Li et al., CVPR’19
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Self-training for UDA

e ESL: Entropy-based criterion for pseudo-labelling
» Low-entropy predictions as pseudo-labels

e ConDA: learnable confidence network for semantic failure detection
» High confidence predictions as pseudo-labels

adversarial
training
— e

multi-scale ConfidNet

! Standard SSL Method
! —_——— 1
> - -
; i ‘. .
1 1
1 1
2 v ! : Selected pixel - :
A e i it s e ' T o ¢ Labels 1 confidence net C'
excluded in - - = ke i | shared shared |shared
o ESL ‘2 " (fixed) classification net F
Pixel softmax Proposed ESL Method ‘ 5 H
output
o A
' o =
0
Not-selected pixel

Entropy-based pseudo-labels

TCP (., y,)

ESL: Entropy-guided Self-supervised Learning for Domain Adaptation in Semantic
Segmentatﬁ)’;]%apona . al.‘,)CVPRW‘ZOZO 9 P Confidence Estimation via Auxiliary Models, Corbiere et al., TPAMI'2021
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Self-training for UDA

e ESL: Entropy-based criterion for pseudo-labelling

» Low-entropy predictions as pseudo-labels

e ConDA: learnable confidence network for semantic failure detection
» High confidence predictions as pseudo-labels

GTA5 > Cityscapes
£ %
& ?; g g £ Y
' e} — <] -~ = 3 P 1 - ~

Y el U =] = <9 Y - c 50 s A U 9 7 o ot v

= ] = i) =t B > M — =) K
Method l e ¥ B £ & & & ¥ g g ¥ &L B § B B E E B |mou
AdaptSegNet [50] 8.5 259 798 221 200 236 331 218 818 259 759 573 262 763 298 321 72 295 325 414
CyCADA [49] 8.7 356 801 198 175 380 399 415 827 279 736 649 190 650 120 286 45 311 420 427
DISE [64] 915 475 825 313 256 330 337 258 827 288 827 624 308 852 277 345 64 252 244 454
AdvEnt [51] 894 331 810 266 268 272 335 247 839 367 788 587 305 848 385 445 1.7 316 324 45.5
CBST [54] v | 918 535 805 327 210 340 289 204 839 342 809 531 240 827 303 359 160 259 428 459
MRKLD [55] v | 910 554 800 337 214 373 329 245 850 341 808 577 246 841 278 301 269 260 423 471
BDL [21] v | 91.0 447 842 346 275 302 360 360 850 436 830 586 316 833 353 497 33 288 356 485
ESL [53] v | 902 439 847 359 285 312 379 340 845 422 839 590 322 818 367 494 1.8 306 34.1 48.6
ConDA v | 935 569 853 386 261 343 369 299 853 406 883 581 303 858 398 510 00 289 378 499
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Self-training for UDA

e Other self-training strategies:

o Prototype-based pseudo-labelling: CAG_UDA (zheng et al. NeurlPs'19], PFODA [zhang et al. cvPr21]
o Inspired by the success of prototype-based approach to deal with noisy data (van etal. iccv19)
o Prototypes treat different classes equally regardless of their occurrence frequency
ADVENT [58] |89.4 33.1 81.0 26.6 26.8 27.2 33.5 24.7 83.9 36.7 78.8 58.7 30.5 84.8 38.5 44.5 1.7 31.6 32.4| 455

BDL [35] 91.0 44.7 84.2 34.6 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 83.3 35.3 49.7 3.3 28.8 35.6| 48.5
FADA [61] 91.0 50.6 86.0 43.4 29.8 36.8 434 25.0 86.8 38.3 87.4 64.0 38.0 85.2 31.6 46.1 6.5 254 37.1| 50.1

CBST [75] 91.8 53.5 80.5 32.7 21.0 34.0 28.9 204 83.9 34.2 80.9 53.1 24.0 82.7 30.3 359 16.0 25.9 42.8| 45.9
MRKLD [76] 91.0 55.4 80.0 33.7 21.4 37.3 329 24.5 85.0 34.1 80.8 57.7 24.6 84.1 27.8 30.1 26.9 26.0 42.3| 47.1
CAG.UDA [69] |90.4 51.6 83.8 34.2 27.8 38.4 25.3 48.4 85.4 38.2 78.1 58.6 34.6 84.7 219 42.7 41.1 29.3 37.2| 50.2

Seg-Uncertainty [73]90.4 31.2 85.1 36.9 25.6 37.5 48.8 48.5 85.3 34.8 81.1 64.4 36.8 86.3 349 522 1.7 29.0 44.6| 50.3
ProDA 87.8 56.0 79.7 46.3 44.8 45.6 53.5 53.5 88.6 45.2 82.1 70.7 39.2 88.8 45.5 59.4 1.0 489 56.4 | 57.5
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What is missing?

SOTA methods still use “out-dated” network architectures and
“low-res” input images

22



Transformer for UDA

(c) GTA—Cityscapes

DAFormer: Improving Network Architectures and Training Strategies for 754
Domain-Adaptive Semantic Segmentation”, Hoyer, Dai, and Van Gool, CVPR 2022 /,
. . . . . . HRDA
HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic Segmentation”,
Hoyer, Dai, and Van Gool, ECCV 2022 70
DAFormer [29
e Harness the robustness of SegFormer pie etal. NeurlPs 2021] 65 )
Method Cle: | Blur | Noise | Digital | Weather
o ecmlMolion Defoc Glass Gauss | Gauss Impul Shot Speck [Bright Contr Satur JPEG [Snow Spatt Fog Frost
DLv3+(MBv2)| 72.0 | 535 49.0 453 49.1 | 64 70 6.6 166 | 517 467 324 272|137 389 474 173 350‘ BAPA [41]
DLv3+ (R50) | 76.6 | 58.5 56.6 472 57.7 6.5 7.2 10.0 31.1 | 582 547 413 274|120 420 559 228 o
DLv3+(R101) | 77.1 | 59.1 563 47.7 573 | 132 139 163 369 | 592 545 415 374 (119 478 55.1 22.7 _E ProDA [84 \\;.
DLv3+(X41) | 778 | 61.6 549 51.0 547 [ 17.0 173 21.6 43.7 | 63.6 569 51.7 385|182 46.6 57.6 20.6 ro [“"] ‘\
DLv3+(X65) | 784 | 639 59.1 528 592 | 150 106 198 424 | 659 59.1 46.1 314|193 50.7 63.6 23.8 il CorDA [69
DLv3+(X71) [ 78.6 | 641 609 520 604 | 149 10.8 194 41.2 | 68.0 58.7 47.1 402 | 188 504 64.1 20.2 55 DACS [': ,}] or [‘]
ICNet 659 | 458 44.6 474 447 | 84 84 106 279 | 41.0 33.1 275 340 63 305 273 11.0 Yobe
FCN8s 66.7 | 427 311 370 341 | 67 57 78 249|533 390 360 212|113 31.6 37.6 19.7 CAG [85] \—a. SAC [1]
DilatedNet 68.6 [ 444 363 325 384|156 140 184 327 | 527 326 38.1 29.1 | 125 323 347 19.2 \ $
ResNet-38 | 775 | 54.6 451 433 472|137 160 182 383 | 60.0 50.6 469 147 |13.5 459 529 222 50 .(\ IAST [48]
PSPNet 788 | 59.8 532 444 539 | 11.0 154 154 342 | 604 51.8 30.6 214 | 84 427 344 162 FDA [77
GSCNN 809 | 589 584 419 60.1 | 55 26 68 247|759 619 70.7 120|124 473 679 32.6 .E\ [ ]
SegFormer-B5 | 824 | 69.1 68.6 64.1 69.8 | 578 634 523 72.8 | 81.0 77.7 80.1 58.8 | 40.7 68.4 78.5 49.9 ? BDL [38]
45-1 CBST [97]
e Enable learning high-reso details and low-reso context at AdaptSegNet [63]
1 I I I I 1
the same time 2018 ' 2019 ' 2020 ' 2021

Date of Publication
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Transformer for UDA - DAFormer

Design of an architecture tailored for UDA
e Hierarichal Transformer encoder [4]
e Context-aware multi-level feature fusion decoder

\

—— Stack Context-Aware Fusion
g™

TC) O 0O
Hierarchical = g ]
Transformer £ c =

O (e

3 g (m] W]

O <

'(% -0 O

L (=] 0 ) 4
Network Architecture  UDA Oracle UDA/ Oracle
DeeplLabV2 56.0 721 77.7% Redléc‘fd perfafg:ncz
ap between an

DAFormer 68.3 77.6 88.0%] ——— Sunenisod oradle

DAFormer: Improving Network Architectures and Training Strategies for Domain-Adaptive Semantic Segmentation”, Hoyer, Dai, and Van Gool, CVPR 2022
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Transformer for UDA - HRDA

(a) Previous UDA Semantic Segmentation Training
Source/Target Image LR i 1 Semantic

Seg. Prediction

Source/Target
Loss

(b) Our HRDA Semantic Segmentation Training

Source/Target Image  HR Detail
Crop

Fused Semantic
Seg. Prediction

A Shared ‘
i Weights ¥

LR Context
Crop

Attention
Head

Source/Target
Loss

HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic Segmentation”, Hoyer, Dai, and Van Gool, ECCV 2022
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SoTAin 2023

Method | Road S.walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike | mloU

Synthetic-to-Real: GTA—: Cityscapes (Val.)

ADVENT [76] | 894  33.1 81.0 266 268 272 33.5 247 839 36.7 78.8 58.7 305 848 385 445 1.7 316 324 | 455
DACS [7] 899 39.7 879 30.7 395 385 46.4 52.8 88.0 440 88.8 67.2 358 845 457 502 0.0 273 340 52.1
ProDA [29] 87.8 56.0 79.7 463 448 456 53.5 53.5 88.6 452 82.1 70.7 392 888 455 594 1.0 489 564 | 575
DAFormer [0] | 95.7 70.2 894 535 48.1 496 55.8 594 899 479 925 722 447 923 745 782 65.1 559 61.8 | 68.3
HRDA[3I] |964 744 910 6L6 515 571 639 693 913 484 942 790 529 939 841 857 759 639 675 738
MIC (HRDA) 974 80.1 91.7 612 569 59.7 66.0 713 917 514 943 798 561 946 854 903 804 645 68.5| 759

Synthetic-to-Real: Synthia— Cityscapes (Val.)

ADVENT [76] | 856 422 79.7 87 04 259 54 81 804 - 841 579 238 733 - 364 - 142 330 412
DACS [72] 806 25.1 819 215 29 372 227 240 87 - 908 676 383 89 - 389 - 285 476 483
ProDA [49] 878 457 846 371 06 440 546 370 881 - 844 742 243 82 - 511 - 405 456/| 555
DAFormer [30] | 845 407 884 415 65 500 550 546 8.0 - 898 732 482 872 - 532 - 539 617|609
HRDA [*1] 852 477 888 495 48 572 657 609 853 - 929 794 528 890 - 647 - 639 649 658
MIC (HRDA) | 866 505 893 479 78 594 667 634 8.1 - 946 810 589 9.1 - 619 - 671 643|673

MIC: Masked Image Consistency for Context-Enhanced Domain Adaptation, Hoyer CVPR’23
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SoTAin 2023

Day-to-Nighttime: Cityscapes— DarkZurich (Test)

ADVENT [87] | 858 379 555 277 145 23.1 14.0 21.1 321 8.7 20 399 166 640 138 0.0 588 285 20.7| 29.7
MGCDAT [76] | 803 493 662 7.8 110 414 389 390 64.1 180 558 521 535 747 66.0 00 375 291 227 | 425
DANNet' [92] | 900 540 748 41.0 21.1 250 268 302 720 262 840 470 339 682 190 03 664 383 236 443
DAFormer [32] | 93.5 65.5 733 394 192 533 441 440 595 345 66.6 534 527 821 527 95 893 505 385 538
HRDA [33] 904 563 720 395 195 578 527 431 593 291 705 600 586 84.0 755 112 90.5 51.6 409 | 559
MIC (HRDA) | 948 75.0 84.0 551 284 620 355 526 592 468 700 652 61.7 82.1 642 185 913 52,6 44.0| 60.2
Clear-to-Adverse-Weather: Cityscapes—ACDC (Test)
ADVENT [87] [ 729 143 405 166 212 93 174 212 638 238 183 326 195 69.5 362 345 462 269 36.1 | 32.7
MGCDAT [76] | 734 287 699 193 263 368 530 533 754 320 846 510 261 77.6 432 459 539 327 415 487
DANNet' [92] | 843 542 77.6 380 300 189 416 352 713 394 86.6 487 292 762 416 430 586 326 439 50.0
DAFormer [32] | 584 513 84.0 427 351 50.7 300 570 748 528 513 583 326 827 583 549 824 441 507 554
HRDA [33] 883 579 88.1 552 367 563 629 653 742 577 859 688 457 885 764 824 877 527 604 | 68.0
MIC (HRDA) | 908 67.1 89.2 545 405 572 620 684 763 618 870 713 494 89.7 757 868 89.1 569 63.0| 704

MIC: Masked Image Consistency for Context-Enhanced Domain Adaptation, Hoyer CVPR’23
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What did we learn?

e Self-training

Source Image

2

Student Net

)

WEMA U

Teacher Net

Source Loss j€&—

Target Loss €=

Source Label

pdate

Stop Gradient

e Robust encoder architecture, e.g. SegFormer

e High-resolution recognition, e.g. HRDA

Target Pseudo-Label

28




What can we do to generalize?

1.  Unsupervised Domain Adaptation: Learning Target Distribution with Unlabeled Samples

2. Test-time Adaptation: Learning Target Distribution at Test Time from a Single Sample

/\NS@) /Q/L

—
o
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Continual Test-Time Domain Adaptation

Off-the-Shelf
Source Pre-Trained

Network
= ¥ Source
v Free
Online Adapted ’ Online
Network — Prediction
- -
[ o

Continually Changing Target Environment

Continual Test-Time Domain Adaptation, Wang, Fink, Van Gool, Dai, CVPR, 2022.




Continual Test-Time Domain Adaptation

— F 4 "
Data Flow % W A
i —
Model Update s
Input Augmentation
— Stochastic G Moving L —
e Restore — Average C—
=3 > == > -
Pre-Trained Student Teacher
Source Model = Model Model
J _I_I. _-_.I_ .._-I_
NV ¢
Average
Backprop

I Prediction '
l l

Consistency Loss

Continual Test-Time Domain Adaptation, Wang, Fink, Van Gool, Dai, CVPR, 2022.

Self-training with (better) predictions by a
teacher network

Self-training with (better)
Augmentation-Averaged Pseudo-Labels

Stochastic Weights Restoration to avoid
catastic forgetting
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Continual Test-Time Domain Adaptation

Table 2. Classification error rate (%) for the standard CIFAR10-to-CIFAR10C online continual test-time adaptation task. Tesults ar
evaluated on WideResNet-28 with the largest c?rruption severity level 5. * denotes the requirement on additional domain information.

7

[3) <l

< , g § [3) ) o 3 5 § 1)

By | | S5 5 &8 5 § 85 § § 8 5 o £ £ 5 § ¢
Method e ‘_é\o = 50 %g,é? Q‘? S § ga ,ch so S & & S .Qg% § g g § Mean
Source 723 65.7 729 46.9 54.3 34.8 42.0 25.1 41.3 26.0 9.3 46.7 26.6 58.5 303 43.5
BN Stats Adapt 28.1 26.1 36.3 12.8 353 14.2 12.1 173 174 153 84 126 23.8 197 273 20.4
Pseudo-label 26.7 22.1 32.0 13.8 322 15.3 12.7 17.3 173 165 10.1 134 224 189 259 19.8
TENT-online* [61] 24.8 23.5 33.0 12.0 31.8 13.7 10.8 159 16.2 13.7 79 12.1 220 173 242 18.6
TENT-continual [61] 24.8 20.6 28.6 144 31.1 16.5 14.1 19.1 18.6 186 122 203 25.7 20.8 249 20.7
CoTTA (Ours) ve 27.2 22.8 30.8 12.1 30.1 139 119 17.2 160 143 94 13.1 199 154 199 18.3
CoTTA (Ours) v v 24.5 21.0 26.0 12.3 279 139 12.0 16.6 159 147 94 13.6 19.8 14.7 18.7 17.4
CoTTA (Ours) v v v 243 213 26.6 11.6 27.6 12.2 10.3 148 14.1 124 7.5 10.6 18.3 134 17.3 [16.2(0.1)

Continual Test-Time Domain Adaptation, Wang, Fink, Van Gool, Dai, CVPR, 2022.
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Continual Test-Time Domain Adaptation

source pre-training target adaptation

X

source
data free

| | | adaptation

pretrained networks
online
prediction

Continual Test-Time Domain Adaptation for Monocular Depth Estimation, Li, Shi, Bernt, Dai, ICRA 2023
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What can we do to generalize?

1.  Unsupervised Domain Adaptation: Learning Target Distribution with Unlabeled Samples

2. Test-time Adaptation: Learning Target Distribution at Test Time from a Single Sample

3. Zero-shot Adaptation: Learning Target Distribution with Text Prompt

34



2022 - Foundation Models

Multimodal Foundation Models

1 Vision-Language Models - VLM: CLIP / BLIP / ALIGN

Image space Multi Modal Language space
Space
\/ DriVel'
Image Language - stopping at
Encoder Encoder pedestrian

/\ CrOSSing
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Prompt-driven Zero-shot Domain Adaptation

Harness foundation models for DA?

segmenter
(trained on
Cityscapes

P@DA: Prompt-driven Zero-shot Domain Adaptation, Fahes et al. ICCV’23
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Prompt-driven Zero-shot Domain Adaptation

Harness foundation models for DA?

PODA w/ prompt PODA w/ prompt
"driving

through fire"

"driving at
night"

segmenter
(trained on
Cityscapes

PODA w/ prompt P@DA w/ prompt
"driving in "driving in
old movie" sandstorm"

P@DA: Prompt-driven Zero-shot Domain Adaptation, Fahes et al. ICCV’23
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Prompt-driven Zero-shot Domain Adaptation

Prompt-driven Instance Normalization (PIN)

e  Stylize features using prompts

_ Source domain
e Preserve semantics

Cityscapes

Low-level features
augmentation

P@DA: Prompt-driven Zero-shot Domain Adaptation, Fahes et al. ICCV’23

"driving on snowy road"
"driving at night" -°°°

fnight !" "+
< .+
( v
T .\J
f fsnow
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Prompt-driven Zero-shot Domain Adaptation

Prompt-driven Instance Normalization (PIN)

e  Stylize features using prompts

e Preserve semantics

AdalN(z,y) = U(y)%g) + p(y)

[21] Huang, X. and Belongie, S., Arbitrary Style Transfer in Real-time with Adaptive Instance Normalization. ICCV 2017
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Prompt-driven Zero-shot Domain Adaptation

Pdriving at night”’

Prompt-driven Instance Normalization (PIN)

Backbone
(CLIP pre-trained, frozen)

Layer1

e  Stylize features using prompts

==

e Preserve semantics a source image

(o)
(n°,0°)

Initialized from f

fs_ - TrgEmb

Lo (fsot, TrgEmb) = 1 — —
e (Bt TrgBmb) = 1 = 15 e e Fmb]

P@DA: Prompt-driven Zero-shot Domain Adaptation, Fahes et al. ICCV’23
40




Prompt-driven Zero-shot Domain Adaptation

Source domain

Cityscapes

Low-level features
augmentation

e > Ly

"game driving'
"driving on snowy road"
"driving at night" °*°*

£ il
QAT
& .:'_
= !;-
fs SNOwW
pe,

Prompt-driven features augmentation

f.~ «sn‘n‘:(')

£ nighe(+)
Source domain

\
— e

Zero-shot Domain Adaptation

P@DA: Prompt-driven Zero-shot Domain Adaptation, Fahes et al. ICCV’23

“ A[g“m“

“[niuhl

}
:

game
Inference on unseen domains
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Prompt-driven Zero-shot Domain Adaptation

Source Target eval. Method mloU[%]
TrgPrompt = “driving at night”
source-only 18.31
ACDC Night CLIPstyler 21.38 £0.36
PODA 25.03 +0.48

TrgPrompt = “driving in snow”
source-only 39.28
ACDC Snow CLIPstyler 41.09 +0.17
PODA 43.90 +0.53

&S TrgPrompt = “driving under rain”
source-only 38.20
ACDC Rain CLIPstyler 37.17 +0.10
PODA 42.31 +0.55
TrgPrompt = “driving in a game”
source-only 39.59
GTAS CLIPstyler 38.73 +0.16
PODA 41.07 £0.48
TrgPrompt = “driving”
source-only 36.38
RS CS CLIPstyler 31.50+0.21
PODA 40.08 +0.52

P@DA: Prompt-driven Zero-shot Domain Adaptation, Fahes et al

Cityscapes

night snow rain game

Figure 5. CLIPstyler [21] stylization. A sample Cityscapes im-
age stylized using adhoc target prompts. Translated images exhibit
visible artifacts, potentially harming adaptation e.g. rain in Tab. 1

.ICCVv’23
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Prompt-driven Zero-shot Domain Adaptation

Method Prior ACDC Night

CIConv* [26] physics 30.60/34.50 (A=3.90)
SM-PPM [56] 1 target image 13.07/14.60 (A=1.53)
CLIPstyler [25] 1 prompt 18.31./21.38/(A=3.07)
P@ODA 1 prompt 18.31/25.03 (A=6.72)

* Results of CIConv are on DarkZurich, a subset of ACDC Night [45].

Table 8. Effect of different priors for zero-shot/one-shot adap-
tation. We report mloU% for source-only / adapted models, and
gain brought by adaptation (A in mloU). Note that [26, 56] use a
deeper backbone making results not directly comparable.

43



Method  ACDC Night ACDC Snow ACDC Rain GTAS

Source

18.31 39.28 38.20 39.59
only

Trg

25.03 +048 43.90 +053 42.31 +o0s5 41.07 +0.48

24.38 +037 44.33 +036 42.21 +047 41.25 +0.40

25.22 +0.64 43.56 +0.62 42.51 +033 41.19 +0.4

24.73 047 44.67 +o0.18 41.11 +0.69 40.34 +0.49

24.68 +034 43.11 +o0s6 40.68 +037 41.34 1042

Relevant —

ChatGPT-generated

24.89 1024 43.83 +0.17 42.05 +o03s 41.86 +0.10
24.82 43.90 41.81 41.18

20.05 +0.77 40.07 +o0.66 38.43 +os2 37.98 +0.31

20.11 031 39.87 +0.26 38.56 +o.s8 37.05 +031

20.65 +0.33 42.08 +0.28 40.05 +o052 40.09 +0.23

+—Irrelevant

21.10 +0s50 39.85 +o.68 40.09 +0.41 37.93 toss

20.09 +o0.98 38.20 +o054 38.48 +037 37.57 +046
20.70 +0.38 39.60 +0.27 40.38 +0.86 38.52+021
20.45 39.95 39.33 38.19
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Prompt-driven Zero-shot Domain Adaptation

Night Dusk Night Day
Method Target | CS—Foggy Clear Rainy Rainy Foggy
Backbone ResNet-50 ResNet-101
DA-Faster [6] v 32.0 - - - -
ViSGA [38] v 43.3 - - - -
NP+ [12] X 46.3 - - - -
S-DGOD [48] X - 366 282 16.6 335
CLIP The Gap [44] X - 369 323 18.7 385
PODA X 47.3 403 374 190 41.7

Table 7. PAODA for object detection (mAP %)..
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Prompt-driven Zero-shot Domain Adaptation

Input Source-only PODA
TrgPrompt = “driving through fire”

Poster on Friday
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What can we do to advance?

1.  Unsupervised Domain Adaptation: Learning Target Distribution with Unlabeled Samples
Test-time Adaptation: Learning Target Distribution at Test Time from a Single Sample

Zero-shot Adaptation: Learning Target Distribution with Text Prompt

Bl b

Data Synthesis: Simulate Target Distribution via Physics-Based Model

Ps E=-mc Pr

! -

Physical model
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Data synthesis

clear weather 600m visibility 300m visibility 150m visibility

ic Foggy Scene Ur ing with Synthetic Data, Sakaridis, Dai, and Van Gool, IJCV, 2018

Clear

100mm/hr

(=3
(=}
N

Physics-Based Rendering for Improving Robustness to Rain. Halder, Lalonde, and Charette, ICCV 2019

Flare7K: A Phenomenological Nighttime Flare Removal Dataset. Dai, Li, Zhou, Feng, and Loy, NeurIPS, 2022
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What can we do to advance?

1.  Unsupervised Domain Adaptation: Learning Target Distribution with Unlabeled Samples
Test-time Adaptation: Learning Target Distribution at Test Time from a Single Sample
Zero-shot Adaptation: Learning Target Distribution with Text Prompt

Data Synthesis: Simulate Target Distribution via Physics-Based Model

o> w0 D

Robustness Benchmark
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BRAVO Challenge

A unified robustness benchmark for vision perception in
autonomous driving

e Semantic segmentation
e Two tracks: single- and
multi-domain training

e 3,901 images

e 7 metrics for a comprehensive

assessment

e 6 assessment modalities on -

the test datasets
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