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Background

* Test-time Adaptation (TTA)
e A task model fy pre-trained on labeled source data Dg = {(X;, y;)} ey

* Adapt to unlabeled test-time target data Dy = {Xj }721 on the fly.
* Under distribution shifts: x; ~ Ps(x),X; ~ Pr(x), Ps(X) # Pr(x).
* Diffusion Models

* A family of generative models excel at modeling data distribution
* Learning to restore the gradually destroyed data structure
* Discriminativeness revealed in conditional diffusion models



Motivation

* Generative Modeling
* Captures the underlying structure of data
* Faster adaptation to unseen data (vs. discriminative modeling)
* Potential in facilitating discriminative tasks (e.g., JEM)

* Existing Art Diffusion-TTA

* Employs diffusion models to achieve competitive TTA performance
* Relies on computationally demanding Monte-Carlo method
* Knowledge from low-dimensional conditioning space, limited versatility

Prabhudesai, Mihir, et al. "Test-time adaptation of discriminative models via diffusion generative feedback." Advances in Neural
Information Processing Systems 36 (2024).



Method: DUSA

e Score Function: V, log p(x)
e Semantic Structure between Score Functions

Vylogp() = ) p(y | x)Vxlogp(x1y)

score function y implicit priors cond. score functions

* Score-Noise Connection (Tweedie’s Formula)
€
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e Conditional Score Estimation

€s(Xe t,cy)
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Vi logp(x: |y) = —



Method: DUSA

e Structured Semantic Priors 1in Diffusion Score

€ = Zp(y | xt)ed,(xt, t, cy)

real noise Yy implicit priors cond. noise estimations

* Embed task model fy to extract knowledge from diffusion model €
-
Lpysa(0,¢) = E
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v" Semantic priors from any single timestep

v Knowledge from a high-dimensional latent space (noise space)
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* Joint update of task model fy and diffusion model €
* A CSM to reduce computatlonal complex1ty O(K ) = O(b =k+m)
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task model-driven update
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Method: DUSA-U Lousa(8,$) = Ee
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 Another Semantic Structure in CFG-based Diffusion Models

Egb(xti t, Q) — Ep(y | Xt)e¢(xt; t, Cy)

uncond. noise estimation y implicit priors cond. noise estimations

implicit prior-driven update

 Separate Update of Task Model and Diffusion Model
_ g
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Lpusa-v = Lcond (0) + Lincond (Qb)

v’ Vastly reduced computational overhead for diffusion model update




Method: DUSA-seg ‘o =E
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* Easily Applicable to Dense Prediction Tasks

* Take semantic segmentation as an example

* Correspondence between image space and latent space (LDM)

* Per-pixel noise can be acquired by taking elements from image-level noise

€p (Xt,(h,w)’ t, Ck) < €y (Xe, t, € )nw

* The objective 1s almost unchanged:

Lp USA—seg — Ee,(h,w)
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Results: Fully TTA of ImageNet Classifiers

Table 1: Fully test-time adaptation of ImageNet classifiers on ImageNet-C. The best results are in
bold and runner-ups are underlined. GN/LN is short for Group/Layer normalization.

Noise Blur Weather Digital
Method Gauss.  Shot  Impul. Defoc. Glass Motion Zoom Snow  Frost Fog Brit.  Contr. Elastic Pixel JPEG Avg.
ResNet-30 (GN) 22.1 23.0 22.0 19.8 11.4 21.5 25.0 40.3 47.0 34.0 68.8 36.3 18.5 20.3 52.6 314
e Tent 253 29.1 24.5 14.9 9.9 21.6 223 27.5 32.1 3.5 69.9 42.0 10.3 48.6 546 29.1
e CoTTA 22.1 23.0 22.0 19.8 11.4 21.5 25.1 40.3 47.0 34.0 68.8 36.4 18.5 29.3 52,6 315
e EATA 38.6 40.9 39.7 27.3 26.7 36.5 38.6 50.8 49.1 55.6 72.0 499 40.5 55.7 58.2 453
e SAR 39.6 424 41.0 19.8 229 37.1 38.7 27.3 474 55.1 72.4 48.8 7.2 54.9 574 408
e RoTTA 22.8 23.8 22,5 19.7 12.0 21.8 25.2 41.3 4735 34.6 69.2 36.8 19.2 29.9 529 319

e Diffusion-TTA 42.0 4.6 42.4 38.3 39.5 46.9 48.2 56.5 56.3 60.0 72.6 45.6 57.9 61.4 58.0 513
e DUSA (Ours)  45.2.00 47.3100 46.3:01 37.3.; 37.6,, 48.4100 50.303 59.1.01 55.6 ., 63.3:03 73.3100 55.1200 5655 63.2.0; 60.9.9, 53.3
o DUSA-U (Ours) 45.001 471101 46.1000 36.8202 377101 479401 49.5005 59.0401 554201 63.0402 73. 1401 543200 56.4402 62901 60.5403 53.0

ViT-B/16 (LN) 38.3 354 38.1 29.5 242 32.8 30.5 36.4 45.0 50.4 68.3 22.5 394 52.7 53.5 398
e Tent 53.9 545 54.1 444 47.2 53.8 6.7 4.6 61.9 65.4 72.9 54.9 58.0 65.1 64.1 508
e CoTTA 38.3 354 38.1 29.5 242 32.8 30.5 36.4 45.0 50.4 68.3 225 394 52.7 535 398
e EATA 554 56.3 553 48.9 534 58.6 58.2 63.5 64.1 67.5 74.3 56.5 65.7 68.5 66.6 609
e SAR 53.9 543 54.1 46.0 47.8 54.2 494 28.2 61.4 64.3 72.8 543 59.2 64.8 63.5 55.2
e RoTTA 42.6 39.9 429 30.6 264 34.8 31.7 39.2 47.8 524 68.8 233 42.0 55.0 540 421
e Diffusion-TTA 52.1 54.5 53.5 49.3 529 56.9 55.6 60.6 63.0 64.2 72.6 474 66.4 67.6 62.5 58.6

e DUSA (Ours)  56.650, 57.9.05 570400 53300, 56.7.03 62.4.0; 61.6.0; 65.9.0; 65.7.0; T0.1.0; 75.3.0; 60.2.05 6790, 69.7.0; 658,,, 63.1
e DUSA-U (Ours) 563101 57.6101 56.7+01 52.5:0.1 56.4+03 61.9401 60.4+02 65.8-02 65.4+0> 70.001 753100 587205 67.8401 69.4:00 64310, 62.6
ConvNeXt-L(LN) 567 562 583 351 207 47.6 435 580 598 480 766 557 340 423 633 505
o Tent 574 578 589 357 243 513 463 598 584 110 771 612 351 500 644 499
e CoTTA 567 562 583 351 207 476 435 500 509 480 766 557 340 423 633 505
« EATA 575 580 590 387 271 516 470 607 585 493 772 613 402 503 645 534
e SAR 570 567 588 374 266 509 463  60.1 576 124 770 619 371 514 641 504
e RoTTA 570 567 587 351 213 480 440 595 600 489 766 568 346 431 634 509
e Diffusion-TTA 587  59.6 583 503 488 576 548 633 648 686 774 609 620 656 655 6L.1
e DUSA (Ours)  64.2,0; 65.5.0, 65.6.0; 54701 53.6502 63.8:0; 6190, 7010, 66.6.0> 727503 797100 68.9-00 66.1.0, 70.7.0, 69.3.0, 66.2
e DUSA-U (Ours) 638101 65200 652501 54.0201 53.3202 63.3101 60.6:01 69.9:01 66.401 725102 79.6:00 68.1200 65.9:02 70.3202 68.740; 65.8




Results: Continual TTA of ImageNet Classifiers

Table 2: Continual test-time adaptation of ImageNet pre-trained ConvNext-L on ImageNet-C. The
best results are in bold and runner-ups are underlined. LN is short for Layer normalization.

Time t

Method Gauss.  Shot  Impul. Defoc. Glass Motion Zoom  Snow  Frost Fog Brit.  Contr. Elastic Pixel JPEG Avg.

ConvNeXt-L (LN) 56.7 56.2 58.3 35.1 20.7 47.6 43.5 589 59.8 48.0 76.6 55.7 34.0 42.3 63.3 505
e Tent 574 60.0 62.9 38.7 32.8 53.7 50.0 60.3 60.2 67.4 T1.5 64.9 234 52.3 64.6 55.1
e CoTTA 56.7 56.2 58.3 35.1 20.7 47.6 43.5 59.0 59.9 48.1 76.6 55.8 34.1 42.3 63.3 505
e SAR 57.0 59.6 62.6 40.9 32.5 55.1 51.1 61.1 61.2 68.3 78.0 65.4 284 52.1 65.2 559
e EATA 57.6 61.0 635 425 35.2 55.3 524 62.3 62.9 68.6 78.3 66.1 46.2 56.7 66.9 583
e RoTTA 57.0 58.2 60.9 34.2 24.5 47.9 45.3 60.9 62.5 51.7 74.9 49.8 393 42.6 62.5 515

e Diffusion-TTA  58.1 63.2 63.2 54.1 56.6 61.8 62.5 65.2 65.5 68.1 15.3 58.9 37.3 54.8 60.9 60.4
e DUSA (Ours) 64.1:01 67.700 68.3.01 54.8103 56.2,,, 64.6.00 65.610 69.8.00 69902 74501 79.0-01 70.300 68.501 71901 70.702 67.7




Results: Fully TTA of ADE20K Segmentors

Table 3: Test-time semantic segmentation of ADE20K pre-trained SegFormer-B5 on ADE20K-C. The
best results are in bold and runner-ups are underlined. LN/BN is short for Layer/Batch normalization.

Noise Blur Weather Digital
Method Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog  Brit. Contr. Elastic Pixel JPEG Avg.
Segformer-B5 (LN+BN) 14.2 15.8 15.6  23.1 168 225 103 223 21.5 386 420 23.1 245 331 353 239
e BN Adapt 10.8 120 11.7 16.6 12.8 16.6 7.9 170 168 296 324 182 192 255 263 182
e Tent 11.2 13.0 125 17.0 135 16.9 7.7 17.7 174 297 325 186 200 258 264 187
e CoTTA 14.6 16.1 158 226 165 221 9.8 209 204 388 423 219 243 336 354 237
e DUSA (Ours) 23.6.1324.5.1023.2.0324.79523.21924.7 106 12.5.06 27.311 2 26.7 105 39.305 42.6.03 27.115 30.6.9¢ 35.7 97 35.6.97 28.1
Clean Corrupted Source BN Adapt Tent CoTTA DUSA (Ours) Ground Truth

Brit.
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Results: Ablation Study
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Figure 3: Accuracy of ConvNeXt-L Figure 4: Accuracy of ViT-B/16 on JPEG and ResNet-50
across different selections of timestep.  on Contrast, across different budgets for adaptation.



Thanks for Listening!

Contact: mingjiali@bit.edu.cn

Project Page

https://github.com/BIT-DA/DUSA https://kiwixr.github.io/projects/dusa



https://github.com/BIT-DA/DUSA
https://kiwixr.github.io/projects/dusa
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