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Entropy-only adaptation collapses under imbalance

Test-time adaptation (TTA) updates a source model online from unlabeled target samples, with each sample used once. Most methods select low-uncertainty samples and

minimize entropy, but shifted streams can become prediction-imbalanced.

Failure mechanism

imbalanced

noisy features prediction > collapse
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Key diagnosis

If a dominant predicted class grows, entropy minimization can keep pushing updates along a collapse direction instead of recovering source structure.

SaTeen uses structure, not uncertainty alone

Intra-sample alignment compares each test image with a patch-shuffled counterpart.
It encourages attention to object structure rather than corruption artifacts.
Inter-sample alignment builds an online IPCA subspace from reliable target features.
Incoming samples are aligned to this stable stream manifold.

L SaTeen(x) = alpha(x) [ I(x in Gamma) L_1(x) + lambda 2 L 2(x) ]

Biased shortcuts: strong worst-group gains
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SaTeen framework: reliable samples update two alignments
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Backward Process

Code / Paper

github.com/scienceliuc/SaTeen

QR can be added after the final project URL is fixed.

Hyperparameters are stable around the chosen setting

Learning Structural Alignment for Continual Test-Time Adaptation

Reliable samples: intra-sample + inter-sample alignment. Unreliable samples: inter-sample alignment only.

ImageNet-C severity 5: single-domain TTA

Table 3. Accuracy (%) under single TTA on ImageNet-C across corruption types at severity level 5.

Single TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss.  Shot Impl. | Defoc. Glass Motion Zoom | Smow Frost Fog  Brit. | Contr. Elastic Pixel JPEG |
ResNet50-GN 15 198 179 19.7 11.3 21.4 249 | 404 473 336 693 | 363 186 284 522 30.6

Tent (Wang et al., 2021) 54 6.1 5.8 14.8 6.5 21.8 222 | 258 336 37 705 | 424 1.7 482 543 335
EATA (Niu et al., 2022) 280 309 312 19.7 19.0 31.0 321 | 416 424 203 70.1 | 437 169 497 562 36.9
SAR (Niu et al., 2023) 284 316 299 18.5 18.1 30.8 304 | 420 436 52 707 | 440 170 4877 552 343
DeYO (Lee et al., 2024) 390 419 409 219 237 38.7 376 | 508 493 35 731 | 50.1 420 561 577 42.4
ReCAP (Hu et al., 2025) 405 427 418 214 2.7 40.1 41.1 168 486 562 729 | 505 3.5 563  57.8 39.5

SaTeen (Intra-only) 41.1 440 429 | 253 25.7 41.2 375 | 335 516 577 732 | 523 46.1 58.6 588 | 47.1.,
SaTeen (Intra and Inter) | 42.2 454 443 324 299 44.0 41.1 | 566 539 603 737 | 54.0 499 604 598 | 49910
VitBase-LN 9.4 6.7 8.3 29.1 234 34.0 27.1 158 264 474 547 | 440 305 445 476 299
Tent (Wang et al., 2021) 423 1.7 434 519 479 55.1 50.1 193 205 664 747 | 647 52.1 06.7  64.1 48.1
EATA (Niu et al., 2022) 44.1 150 46.1 532 497 54.9 526 | 553 554 671 737 | 646 554 669 643 54.5
SAR (Niu et al., 2023) 443  13.0 455 529  50.0 55.7 514 | 564 552 664 747 | 644 55.1 06.7  64.0 544

DeYO (Lee et al., 2024) 530 532 538 58.1 58.5 63.2 585 | 67.0 658 734 782 | 68.1 677 732 700 64.1
ReCAP (Hu et al., 2025) 476 457 460 | 562 553 60.8 570 | 637 635 720 713 | 673 63.8 716  68.6 61.5
SaTeen (Intra-only) 543 550 555 58.8 59.4 64.6 603 | 683 664 736 782 | 683 689 739 706 | 65.1,.,,
SaTeen (Intra and Inter) | 54.7 554 556 | 592 599 64.9 619 | 685 66.6 73.6 784 | 68.1 69.1 741 70.7 | 6540

ResNet50-GN: 49.9 vs 42.4 DeYO ViT-Base-LN: 65.4 vs 64.1 DeYO

Continual TTA: gains grow when shifts arrive as a stream

+14.5 worst-group on ColoredMNIST over DeYO

Visible mechanism: attention and manifolds align

+1.7 worst-group on Waterbirds over DeYO

Mixed shifts Lev.5 Lev.3 Avg.
ColoredMNIST Avg Worst-Group
ResNet18-BN 65.340.1 20.140.1 ResNet50-GN 30.6 54.0 423
Tent (Wang et al., 2021) 59.840.2 13.040.7 DeYO 38.6 59.2 48.9
SENTRY (Prabhu etal., 2021) 63.240.4 13.040.8
EATA (Niu et al., 2022) 63.440.2 20.840.2 ReCAP a7 59.0 504
SAR (Niu et al., 2023) 61.340.2 156405
DeYO (Lee et al., 2024) Min_g ming SaTeen 43.7 60.5 52.1
SaTeen (Ours) 79.310.3 67.210.3 ViT DeYO 59.4 72.1 65.8
Waterbirds Avg Worst-Group ViT SaTeen 60.3 723 66.3
ResNet50-BN 84.310.1 67.0+0.1
Tent (Wang etal., 2021) 83.240.6 94.542.0 Mixed ImageNet-C shifts, Table 2. SaTeen gives the best average on both ResNet50-GN and ViT-
SENTRY (Prabhu etal., 2021)  85.740.6  61.041.4 Base-LN.
EATA (Niu et al., 2022) 83.040.4 54.041 3
SAR (Niu et al., 2023) 83.140.5 53.841.4
DeYO (Lee et al., 2024) 88.2, 4.7 74.6, 4
SaTeen (Ours) 89.0+0.6 76.3+1.5

Learning Structural Alignment for Continual Test-Time Adaptation

(a) Grad CAM: Tent on Fog (b) Grad CAM: SaTeen on Fog

(¢) t-SNE: Origin vs Fog under Tent

(d) t-SNE: Origin vs Fog under SaTeen
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Figure 4. Visualizations of structure alignment. (a) and (b) show the Grad-CAM visualizations of a fog’ image from ImageNet-C after
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SaTeen shifts Grad-CAM toward object structure and makes source/target t-SNE manifolds less separable.

EATA [INIU el al., ZUZZ) ZZ1T  3Z7 309 5.9 ZU.9 Z3.1 Z0.3 [ 399 440 40.7 O/.0 | 4Z3 4.1 420 J49 30.2
SAR (Niu et al., 2023) 231 335 373 18.6 19.9 229 260 | 394 436 447 671 | 415 237 420 536 35.8
DeYO (Lee et al., 2024) 280 411 436 17.2 21.2 24.7 31.7 | 420 471 510 70.0 | 482 272 516 568 40.1
ReCAP (Hu et al., 2025) 19.1 247 273 | 204 15.9 26.5 296 | 428 443 485 70.0 | 443 220 450 559 36.4

SaTeen (Intra-only) 371 398 390 | 206 @ 226 36.8 354 | 473 471 539 725 | 488 36.6 541 569 |432.,,
SaTeen (Intra and Inter) 350 478 479 | 271 301 38.8 388 | 489 535 579 701 | 51.7 41.1 583 594 | 471410
VitBase-LN 47.0 482 479 | 315 21.2 41.5 36.7 | 50.1 458 423 736 | 8.6 425 620 638 44.2
Tent (Wang et al., 2021) 478 511 508 | 342 27.0 45.5 41.6 | 560 523 497 761 | 272 453 656  66.1 49.0
CoTTA (Wanget al., 2022) | 47.1 484 48.6 | 31.7 21.9 42.9 380 | 51.8 473 447 741 | 100 436 636 648 45.2
EATA (Niu et al., 2022) 503 558 553 | 425 402 54.6 492 | 591 562 590 759 | 429 51.1 67.5 679 55.1
SAR (Niu et al., 2023) 507 562 55.1 41.8 39.1 53.9 48.2 | 587 559 582 762 | 428 50.1 67.1 673 54.8
DeYO (Lee et al., 2024) 530 577 584 | 54.1 58.1 61.6 355 | 624 632 704 768 | 647 672 717 693 61.6

VIDA (Liu et al., 2024b) 523 575 571 47.8 43.1 54.5 51.1 6l1.1 573 593 757 | 472 509 665 669 56.6
CMAE (Liu et al., 2024a) 537 581 575 48.6  45.1 56.7 593 | 658 642 357 766 | 39.7 62.5 708  68.6 37.3
ReCAP (Hu et al., 2025) 379 478 529 49.1 50.9 56.3 53.1 584 615 658 763 | 628 579 613 672 37.7
REM (Han et al., 2025) 565 619 608 | 468 51.0 56.5 572 | 625 648 646 768 | 532 584 711 698 60.8
SaTeen (Intra-only) 5.1 568 580 | 545  58.1 61.3 54.1 627 642 705 769 | 654 66.0 714 692 | 62.7. 5
SaTeen (Intra and Inter) 536 538 544 | 587 592 63.9 605 | 675 661 73.0 78.1 | 68.6 679 735 701 | 64.640;

two benchmarks with extreme spurious correlation shifts.  trainable parameters of SaTeen during TTA, we adapt the
We conduct single TTA and continual TTA experiments  affine parameters of batch/group/layer normalization layers

nn ImaceNet- ader mild and wild (e.o. 1imbalance la- in ResNet1R8-BN/ResNetSO-GN/VitBase-T.N\ milar to the

ResNet50-GN: 47.1 vs 40.1 DeYO, 8.2 Tent ViT-Base-LN: 64.6 average

Why the two alignments matter

Intra-sample Inter-sample

Prevents update directions that overfit corruption/noisy features. Uses reliable target features to track a stable online subspace.

Full single TTA: 49.9 Full continual TTA: 47.1

(a) Hyperparameter % (b) Hyperparameter A, (c) Hyperparameter A, (d) Definition of Negative Samples

53.00 53.00 53.00 53.00
1925 | W ——a| 49251 49.25 1 4925
S = = S
Y > > 3
2 45.50 4 2 45.50 4 | 2 as.s0 2 4550
20 2 = =
= = = =
41.75 4 41.75 A 41.75 1 41.75 1
38.00 T T T T T 33.(}[) T T T T T 38.{10 T T T ! v 38nn T T T T
16 32 64 128 256 0.2 0.4 0.6 0.8 1.0 0.01 0.03 0.05 0.1 0.12 random patch oce random-+patch
== SaTeen-C ~@-= Saleen-5 — = De¥D-C =« =+ De¥0-5
Figure 6. Hyperparameter experiments of SaTeen on ImageNet-C under single and continual TTA at severity 5.
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Figure 6: SaTeen remains strong across k, lambda1, lambda2, and negative-sample definitions.

Ablation: all components are needed

Variant L1 L2 tau alpha Avg.
Tent - - - - 8.2

DeYO - - - - 40.1
L1+tau Y - Y - 38.5
L1+tau+alpha Y - Y Y 43.2
SaTeen Y Y Y Y 47.1

Main ablation claim

Tent collapses to 8.2 in continual TTA at ImageNet-C severity 5; full SaTeen reaches 47.1 by combining structural losses, thresholding, and weighting.

8.2 -> 47.1 continual TTA average accuracy

Efficiency: strong accuracy without extra heavy adapters

Method Params Time Acc.
ViTBase-LN 0 - 44.2
DeYO 0.04M 10m17s 61.6
REM 0.03M 17m21s 60.8
ReCAP 0.04M 13m45s 57.7
SaTeen 0.04M 12m21s 64.6

Table 6: SaTeen keeps trainable parameters low while reaching the best accuracy.

Takeaways and limitation

What to remember

« Entropy-only TTA is brittle when predictions become imbalanced.
« Patch-shuffled negatives encourage structure-aware updates.
e Online IPCA reduces error accumulation in continual streams.

Limitation

On Places365-C, prediction imbalance is weak and SaTeen is not the top continual-TTA method, suggesting negative-sample suppression is most useful when collapse
pressure is present.

Built from the ICML-style PPTX template and grounded in the SaTeen paper figures/tables. Replace the code URL/QR placeholder after the final project link is fixed.
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