Back to Source: Open-Set Continual Test-Time Adaptation
via Domain Compensation

Supplementary Material

In this appendix, we provide detailed supplementary ma-
terials to further clarify and support our framework. We be-
gin with additional analysis of DOCO, where we present the
full algorithmic procedure, discuss its connection to domain
compensation and feature disentanglement, and examine
how the learned prompts generalize to unseen domains with
extended visualizations. We then describe implementation
details, including the construction of corrupted datasets, the
configurations of all baselines, and practical considerations
such as batch-size stabilizers and the use of source-domain
samples. Finally, we report extended experimental results,
covering computational efficiency, robustness under differ-
ent OOD ratios and corruption severities, and comprehen-
sive comparisons across multiple OOD score measurements
to validate the stability and effectiveness of DOCO in the
OCTTA setting.

A. Additional Analysis of DOCO
A.1. Algorithm

As mentioned in Implementation Details, the prompts
conduct a one-time self-supervised update for 50 iterations
to refine their initial state. For all subsequent batches we
reuse the prompt and perform only a single gradient step.

A.2. End-to-End Domain Compensation

Two feature-level routes. Pixel-space restoration (g~ 1)
could in principle clean inputs before feature extraction,
but its ill-posedness risks artifacts propagating to features;
we therefore focus on feature-level compensation. A rep-
resentative explicit separation route is DICS [28]: during
training, it learns domain vectors and subtracts them while
enforcing same-class cross-domain consistency (DIT), and
further promotes class specificity via a memory-driven soft
labeling (CST), then deploys a fixed model without using
the target stream. In contrast, our route performs fest-
time, in-process correction: within each batch ¢, we es-
timate the shared factor d; using only likely ID samples,
and immediately propagate the learned prompt p;y; to the
whole batch during the forward pass, yielding ¢(x; pr11) ~
¢(x) — 6 ~ s(x) for both ID and OOD candidates from
the same batch. This batch-consistent compensation lever-
ages the live stream inside the feature extractor and avoids
back-propagating through likely OOD samples.

Relation to DICS. Both routes aim to expose s(z) by atten-
uating domain factors. Empirically, DICS realizes this via
training-time explicit subtraction plus class-specific con-

Algorithm 1 DOmain COmpensation (DOCO)

Require: Model fy = h o ¢; source labels V*; cached source
statistics (s, 05); frozen classifier weights {w.}.cys; test
stream {B; }i_1; learning rate 7; regularization weight 3.

Ensure: Predictions on all batches and updated prompts {p }.

1: Initialize the first prompt p; with Xavier-uniform initializa-
tion.

2: First-batch initialization (¢t = 1):

3: Compute raw features Z1 raw = {P(2) }oeB, -

4: Compute raw prototypical distances by Eq. (9) on Z1 raw-

5: Run K-Means (K = 2) on the raw score set S*" =
{dproto(¢(x)) | & € B1}, and split B, into Bi° and BYOP
analogously to Eq. (11).

6: Predict samples in Bi" using the raw model h(¢(x)).

7: for k = 1to 50 do

8 Update p; on B{D by minimizing Lpoco in Eq. (6).

9: end for

10: Set p2 < p1.

11: Predict samples in B’?OD by Eq. (7) using pa.

12: fort =2to T do

13:  Compute prompted features Z; , = {(;pt) }zeB,-

14:  Compute prototypical distances by Eq. (9) on Z; ;.

15:  Run K-Means (K = 2)on 8¢ = {dproto(2) | 2 € Zt,p}s

and obtain B%D and BtOOD by Eq. (11).

16:  Predict samples in B’%D using the current prompt p;.

17:  Update the prompt on B,{D by one gradient step on Eq. (6)

to obtain py41.

18:  Predict samples in B’?OD by Eq. (7) using p¢41.

19: end for

Figure 9. Three pathways from a corrupted image x; to a domain-
invariant feature s(z): (1) pixel restoration (briefly noted), (2)
training-time explicit separation (DICS), and (3) our fest-time in-
process correction that learns a batch-conditioned prompt inside

d’(':p)'

straints, whereas we realize a fest-time compensation con-
ditioned on the current batch and updated online without
backprop on likely-OOD data—thereby preventing OOD
semantics from contaminating alignment and stabilizing the
decision boundary under a frozen head.



A.3. Generalization to Unseen Domains

We evaluate whether the learned prompt generalizes across
unseen domains before any update on the new domain. For
each domain transition in a sequence, we take the very first
target batch (except the first domain for which the prompt is
initialized) and compute the statistical misalignment L,
against pre-cached source statistics. We compare (i) the
static Source model and (ii) DOCO carrying the prompt
updated on previous domains but untouched on the cur-
rent one. On both ImageNet-C and LAION-C streams (see
Fig. 11 and Fig. 12; six random orders are examined for
each), DOCO consistently exhibits a lower initial L4, in-
dicating a zero-backprop corrective effect that transfers to
novel domains. In a few difficult transitions the initial gap
is small, yet the loss still decreases rapidly without degra-
dation, suggesting the prompt provides a beneficial starting
point rather than causing negative transfer.

In short, the prompt functions as a batch-wise domain
compensator that generalizes to new domains at encounter
time, aligning features toward the source geometry and en-
abling stable adaptation in OCTTA.

A.4. Extended visualization results.
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Figure 10. Semantic and domain shift antagonism

To further visualize this internal mechanism, we present
a t-SNE [26] visualization of the feature space in Fig. 10,
contrasting a mild domain shift (brightness) with a severe
one (fog). In the Hard mode, the severe domain shift over-
whelms the semantic differences. This causes the features
of both shifted ID (<) and OOD (x) samples to drift sig-
nificantly from their origins and mix together in the fea-
ture space. Crucially, DOCO effectively reverses this effect,
pulling the compensated features (+ and ) back to align
with their corresponding source ID (o) and OOD (e) clus-
ters. Conversely, in the Easy mode, the intrinsic semantic
differences dominate the mild domain shift. Here, aided by
our pairwise structural regularizer, DOCO demonstrates its
precision by ensuring the compensated features (+ and )
remain tightly anchored to their respective clusters (e and
e) without introducing distortion. This confirms DOCQO’s

dual ability to robustly correct large shifts while delicately
preserving feature structures under smaller ones.

B. Implementation Details

B.1. Dataset Corruption Settings.

The LAION-C benchmark features six highly challeng-

ing domains: Mosaic, Glitched, Vertical Lines, Geometric

Shapes, Stickers, and Luminance Checkerboard. Example

corruptions are shown in Fig. 13. To evaluate covariate-

shifted OOD robustness, we applied these synthetic corrup-
tions to OOD datasets. The specific generation settings for
mosaic and sticker are as follows:

* Tile Pool Source: We used the ImageNet-1K
(ILSVRC2012) validation set as the tile pool for
corruption generation due to its diversity.

* Tile Pool Subsampling: To manage memory constraints,
we subsampled 5000 images from the 50,000-image val-
idation set, sequentially selected and packaged into a
.tar archive using the WebDataset format, as re-
quired by the LAION-C data loader.

* Corruption Generation: Corruptions were applied us-
ing the curated 5000-image tile pool. All parameters,
such as intensity_level, and generation protocols
followed the default behavior of the LAION-C codebase,
except for the specified sub-sampling strategy.

We use a fixed random seed when subsampling the 5,000

validation images and generating corruptions to ensure that

LAION-C benchmarks are fully reproducible.

B.2. Baselines.

For a fair and reproducible comparison, we implement all
baseline methods using their official, publicly available
codebases. We initialize all hyperparameters and learning
rates for each algorithm strictly according to the config-
urations recommended by the original authors. The im-
plementation of OSTTA is taken from the official UniEnt
repository. For the ViDA baseline, we evaluate two back-
bone settings: (i) a standard pre-trained model from the
timm library, and (ii) the pre-trained model released in the
official ViDA repository. In the latter case, the low-rank
and high-rank ViDA modules are pre-trained, providing a
much better initialization than random parameters. In our
final results, we report the performance of the ViDA variant
that achieves the higher score between these two configura-
tions. We consider both backbone settings to avoid penal-
izing ViDA due to implementation differences, and always
report the better one, while all other baselines are evalu-
ated with their official configurations. For STAMP, we fol-
low its experimental setup on the ImageNet benchmark and
remove the consistency filtering mechanism to avoid dis-
carding too many samples. For E-COME, UniEnt, EATA,
and DPCore, which require collecting information from the



source domain beforehand, we also adhere to their default
settings. Specifically, for E-COME, UniEnt, and EATA, the
number of source samples used to compute the Fisher infor-
mation matrix is set to 2000, while DPCore uses 300 source
samples by default. To ensure a fair comparison, DOCO
is likewise restricted to only 300 source-domain samples.
Moreover, to keep the number of parameters comparable,
although DOCO can obtain better performance with a larger
prompt number (Fig. 7a), in all main experiments we fix the
prompt length to L = 8, which matches the configuration
used by DPCore.

B.3. Details for Batch Size and Source Number

Note on omitted points. We provide the data integrity ex-
planation of Fig. 7b here for further understanding. DPCore
at small batches (BS=2/4/8) on mixed data exhibits core-
set blowup due to unstable per-batch statistics, rendering
runs infeasible. EATA-based variants (EATA, E-COME,
UniEnt) at BS=128 are omitted because their GPU memory
cost is prohibitive.

Small-batch stabilizers in DOCO. In the small-batch
regime (test batch size < 8) discussed in §Effect on batch
size and source number, DOCO enables two lightweight
stabilizers that are only activated in this analysis and are
disabled in all main results. (1) A FIFO buffer R of a fixed
size (we use 64 recent values in our experiments) stores
recent proto-distances dproto(2); We run k-means (K=2)
over scores in R and use the resulting clusters to assign the
current batch to ID/OOD, reducing the variance of the split
when batches are tiny. (2) We enforce a minimum of one ID
sample to update p,; otherwise, we skip adaptation and only
perform forward prediction. The structure-preserving reg-
ularizer L,c, is the Frobenius norm between the pairwise
cosine-similarity matrices of prompted and raw CLS fea-
tures, and is evaluated only when the ID subset has at least
two samples.

More details on source number ablation. As a supple-
mentary view of Fig. 7c, we additionally provide a 2D
source number comparison visualization on Fig. 14.

C. Extended Experimental Results

C.1. Computational efficiency

Tab. 5 reports runtime and memory under the same pro-
tocol as the main results: batch size 64 on LAION-C
(sev=3) and ImageNet-C (sev=5). Numbers are shown as
“LAION-C/ImageNet-C”. Time is a relative measure nor-
malized to Tent = 1.0 (lower is faster), and Memory is GPU
usage (MB). All methods are measured on a single NVIDIA
Quadro P6000 GPU under the same implementation, so the
relative runtime is directly comparable. Overall, DOCO
attains the strongest performance in the main tables while
keeping moderate overhead—its prompt-based updates add

Table 5. Comparison w.r.t computational complexity

Method Update Memory(MB) Time H-s (%)

Tent [34] Norm  10,094/10,112 1.0/1.0 0.6/23.8
CoTTA [36] All 20,780/21,354 2.8/4.77 18.5/54.8
EATA [29] Norm  12,442/12,442 0.9/0.84 27.9/57.8
SAR [30] Norm  12,542/6,800 1.5/1.6 9.6/54.3
OSTTA [20] Norm  12,944/12,618 1.9/1.9 17.5/58.5
ViDA [24]  Adapters 11,812/11,786 8.6/8.7 3.9/48.4
UniEnt [9] Norm  13,944/13,944 1.4/1.4 29.3/65.4
STAMP [42] Norm  9,978/10,070 2.8/2.8 19.5/60.2
E-COME [43] Norm 12,494/12,494 0.7/0.8 19.9/65.2
S-COME [43] Norm 6,966/6,800 1.6/1.6 0.3/45.5
DPCore [44] Prompts 11,424/10,700 3.6/2.0 30.3/62.6
DOCO (Ours) Prompts 14,694/16,604 2.1/1.9 32.7/70.1

little computation compared to methods that retrain normal-
ization layers or adapters. Notably on the harder LAION-C
(sev=3), DPCore’s core-set rapidly grows during the stream,
inflating computation and wall-clock time. These results
confirm that our in-process prompt correction offers a fa-
vorable accuracy—efficiency trade-off in OCTTA.

C.2. Different OOD percentage

We thoroughly analyze the impact of varying OOD sample
percentages on model performance, with overview Tab. 6
and detailed results for OOD ratios 10% — 40% in Tab. 7 -
Tab. 10. DOCO demonstrates strong robustness, delivering
consistently high accuracy across all tested OOD ratios, and
in particular achieves a 5% favorable improvement over the
next-best method DPCore when x = 0.4.

C.3. Different severity experiment

Similarly, we test our method on the LAION-C benchmark
with a lower corruption severity level of 1, while keeping
the OOD ratio at x = 0.5. As shown in Tab. 11, DOCO
continues to outperform other methods, securing the high-
est average metrics, surpassing the second by 3.4%. This
demonstrates that DOCO’s effectiveness is not limited to
extreme domain shifts but also holds in scenarios with more
subtle corruptions, confirming its consistent superiority.

C.4. Different OOD Score Measurement

In the main paper, we adopt the energy-based OOD score
as the default choice for computing AUC and H-score. To
verify that our conclusions are not tied to a particular score,
we further evaluate all methods under three additional main-
stream post-hoc OOD scores, including entropy, Max Logit
(MLS), and maximum softmax probability (MSP). As sum-
marized in Tab. 12, DOCO consistently achieves the best
H-score under all four score functions and exhibits only mi-
nor variation across them, whereas the strongest competing
method reaches at most 65.36%. These results indicate that
DOCO is insensitive to the specific OOD score used for
evaluation and remains clearly ahead of existing baselines
across different OOD score measurements.



Table 6. Results (%) for ImageNet-to-ImageNet-C benchmark (severity = 5) in OCTTA setting with different OOD samples percentages
across six covariate-shifted OOD datasets. All the results are averaged over 15 domains.

Methoa | 10% 20% 30% 40% 50% Ave.
|ACC AUC H-s |ACC AUC H-s |[ACC AUC H-s |ACC AUC H-s|ACC AUC H-s |ACC AUC H-score

Source 49.7 67.9 56.3|49.8 68.1 56.4|49.8 68.2 56.4|49.8 68.1 56.4|49.8 68.0 56.4/49.8 68.1 56.4
Tent [34] 51.2 65.3 55.0149.2 60.3 51.8|30.0 544 31.9|29.1 53.8 31.3|22.4 50.9 23.8|/36.4 56.9 38.8
CoTTA [36] |49.9 67.5 56.4|49.9 67.0 56.2|49.8 66.6 56.0/49.8 65.8 55.6/49.5 64.5 54.8/49.8 66.3 55.8
EATA [29] |58.6 70.6 63.5|58.5 70.1 63.3|56.6 69.4 61.2|155.0 67.8 59.6/52.9 673 57.8/563 69.0 61.1
SAR [30] |57.1 719 63.2|56.1 69.2 61.4|54.0 66.8 58.7|52.8 64.5 57.2150.4 61.5 54.3|54.1 66.8 59.0
OSTTA [20] |58.5 69.3 63.0(58.2 67.3 62.0/57.8 65.7 61.1]57.3 64.2 60.2]/56.2 619 58.5|57.6 657 61.0
ViDA [24] [56.0 70.8 62.1]553 63.5 58.4|54.8 57.6 55.0/53.9 52.5 51.6{53.0 479 48.4|54.6 585 55.1
UniEnt [9] [57.6 75.1 64.5|57.7 755 64.7/57.8 76.2 65.1/56.8 763 64.2|57.8 77.0 65.4|57.5 76.0 64.8
STAMP [42] |51.3 71.5 59.0|51.5 71.8 59.2|51.3 72.3 59.2|151.9 73.7 60.1|/52.0 73.8 60.2|51.6 72.6 59.5
E-COME [43] | 58.4 75.7 65.4|58.5 76.0 65.6/57.5 75.1 64.5|53.5 73.1 59.9|58.3 755 65.2|57.2 751 64.1
S-COME [43] | 53.1 69.7 58.9|53.8 70.8 60.0{50.2 67.7 56.1|50.2 68.0 56.4|40.9 63.0 45.5|/49.7 679 554
DPCore [44] |59.0 79.3 67.2|58.3 80.1 66.9|56.8 78.5 65.4|56.2 78.3 64.9|54.1 76.2 62.6/569 78.5 65.4
DOCO (Ours)| 61.7 79.8 69.2| 62.0 81.0 69.8| 61.6 81.0 69.5|61.7 82.0 69.9| 61.5 82.7 70.1| 61.7 81.3 69.7

Table 7. Results (%) for ImageNet-to-ImageNet-C (severity = 5, x = 0.1) in OCTTA setting across six covariate-shifted OOD datasets.

Places.—C  Texture-C iNatur.-C SUN-C SSB-H.-C NINCO-C Avg.
ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC H-score

Source 49.7 66.5 49.7 70.7 49.7 784 497 71.6 497 56.1 49.7 644 497 679 563
Tent [34] 172 520 573 60.0 57.6 78.6 58.0 67.6 58.7 64.8 583 689 512 653 549
CoTTA [36] 499 657 499 699 499 779 499 707 500 564 500 642 499 675 564
EATA [29] 56.6 663 595 747 582 786 593 738 584 61.8 59.8 682 586 706 635
SAR [30] 572 68.0 57.0 741 570 823 573 745 570 622 571 705 571 719 632
OSTTA [20] 584 657 583 66.1 585 79.7 585 718 587 637 587 687 585 693 630
ViDA [24] 56.1 71.6 555 692 559 742 557 69.1 564 66.6 560 739 559 70.8 @ 62.1
UniEnt [9] 59.1 733 587 813 570 843 568 79.6 550 60.7 588 715 57.6 75.1 64.5
STAMP [42] 512 710 51.1 713 514 829 514 748 515 597 512 692 513 715 59.0
E-COME [43] 584 759 582 784 584 853 584 821 582 605 587 720 584 757 654
S-COME [43] 424 658 543 744 540 757 553 766 554 585 571 674 531 697 589
DPCore [44] 61.5 79.7 615 825 578 937 580 834 59.1 632 563 734 590 793 672
DOCO (Ours) 61.7 76.8 61.1 825 619 923 624 88.0 62.0 644 613 748 61.7 798 69.2

Method

Table 8. Results (%) for ImageNet-to-ImageNet-C (severity = 5, £ = 0.2) in OCTTA setting across six covariate-shifted OOD datasets.

Places.—C  Texture-C iNatur.-C SUN-C SSB-H.-C NINCO-C Avg.
ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC H-score

Source 49.8 67.0 49.8 70.8 498 783 498 71.6 498 562 498 645 498 68.1 56.4
Tent [34] 569 61.8 312 50.7 338 575 568 580 585 655 579 683 492 603 518
CoTTA [36] 499 65.6 499 69.0 49.7 773 500 69.8 499 563 499 640 499 670 562
EATA [29] 579 665 585 73.1 587 784 588 734 592 623 577 669 585 70.1 63.3
SAR [30] 569 67.5 533 678 56.0 789 563 681 573 629 568 700 56.1 692 614
OSTTA [20] 58.0 645 577 623 580 762 584 678 585 646 583 683 582 673 620
ViDA [24] 55.7 695 545 56.7 551 59.6 550 574 562 663 555 716 553 635 584
UniEnt [9] 59.1 739 59.5 821 522 826 594 827 567 598 592 718 577 7155 647
STAMP [42] 516 716 513 716 514 830 514 747 516 600 515 69.6 515 71.7 592
E-COME [43] 59.6 76.7 59.1 79.1 59.1 864 569 818 587 602 579 721 586 76.1 65.6
S-COME [43] 54.6 721 449 731 555 772 568 772 558 584 555 669 538 708 60.0
DPCore [44] 584 79.7 584 828 570 933 584 87.6 604 63.1 57.1 744 583 80.1 66.9
DOCO (Ours) 62.1 784 618 83.6 625 940 619 90.0 619 647 621 752 62.0 81.0 698

Method




Table 9. Results (%) for ImageNet-to-ImageNet-C (severity = 5, x = 0.3) in OCTTA setting across six covariate-shifted OOD datasets.

Places.—C  Texture-C iNatur.-C SUN-C SSB-H.-C NINCO-C Avg.
ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC H-score

Source 49.8 67.0 498 71.1 498 787 49.8 71.7 498 560 498 645 498 682 564
Tent [34] 182 535 113 464 343 58.1 41.6 46.6 17.7 544 569 67.6 300 544 319
CoTTA [36] 498 652 497 683 498 775 500 69.1 50.1 559 49.6 635 498 66.6 559
EATA [29] 56.0 66.2 56.6 722 554 767 548 728 581 608 58.6 674 566 694 612
SAR [30] 548 66.1 50.0 63.6 542 787 528 615 573 622 547 689 540 668 587
OSTTA [20] 58.1 632 571 598 56.6 743 577 650 588 639 584 680 578 657 61.1
ViDA [24] 55.1 66.7 540 48.7 54.6 50.0 539 46.7 56.1 645 551 692 548 576 550
UniEnt [9] 56.1 732 59.0 82.8 59.8 89.8 57.1 812 56.6 587 58.1 71.8 578 762 65.1
STAMP [42] 51.1 71.8 510 727 515 839 512 756 517 60.0 514 700 513 723 59.2
E-COME [43] 589 76.5 573 78.1 545 822 58.0 826 581 59.0 584 721 575 75.1 64.5
S-COME [43] 299 57.1 554 755 542 751 550 763 534 564 537 66.1 502 677 56.1
DPCore [44] 575 76.1 551 805 57.0 892 573 864 580 635 558 751 568 785 654
DOCO (Ours) 614 79.0 61.6 834 61.6 943 615 89.5 621 644 614 753 61.6 81.0 69.5

Method

Table 10. Results (%) for ImageNet-to-ImageNet-C (severity = 5, & = 0.4) in OCTTA setting across six covariate-shifted OOD datasets.

Places.—C  Texture-C iNatur.-C SUN-C SSB-H.-C NINCO-C Avg.
ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC H-score

Source 49.8 669 498 709 498 786 498 7T1.7 498 562 498 643 498 68.1 56.4
Tent [34] 26.1 51.8 6.0 531 143 472 172 417 582 643 524 648 290 538 313
CoTTA [36] 49.8 642 494 673 498 766 499 678 50.1 559 49.6 628 49.8 658 556
EATA [29] 55.8 656 528 695 548 755 546 721 563 581 558 660 550 678 59.6
SAR [30] 54.6 64.8 448 59.0 535 703 528 632 570 61.8 544 681 528 645 572
OSTTA [20] 58.0 62.1 56.7 577 549 713 57.1 626 588 638 582 675 573 642 602
ViDA [24] 540 632 529 404 539 425 527 387 558 63.6 540 665 539 525 516
UniEnt [9] 576 727 566 81.1 563 882 559 827 589 622 553 71.0 56.7 763  64.1
STAMP [42] 520 725 519 750 51.8 854 519 773 519 60.7 520 71.1 519 737 60.1
E-COME [43] 54.8 74.6 569 78.0 59.2 86.2 344 703 59.1 59.1 564 707 535 73.1 59.9
S-COME [43] 549 71.6 53.1 735 539 762 367 645 497 563 532 657 502 680 564
DPCore [44] 569 77.3 58.7 825 506 865 549 835 600 64.6 565 756 562 783 649
DOCO (Ours) 624 80.1 62.1 84.6 613 955 60.5 90.8 619 652 621 758 61.7 82.0 699

Method

Table 11. Results (%) for LAION-C benchmark (severity = 1, x = 0.5) in OCTTA setting across six covariate-shifted OOD datasets. All
the results are averaged over 6 constantly switching domains. —L stands for applying LAION-C corruption to OOD dataset.

Method Places.—L.  Texture-L.  iNatur.-L SUN-L SSB-H-L NINCO-L Avg.
ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC H-score
Source 514 638 514 689 514 717 514 726 514 608 514 665 514 684 572

Tent (ICLR’21) 25 479 28 509 16 396 1.7 541 25 538 21 519 22 497 35
CoTTA (CVPR’22) 513 61.6 513 650 513 724 512 688 513 608 504 64.1 51.1 654 559
EATA (ICML’22) 61.7 645 61.6 724 599 785 60.7 77.0 619 626 619 652 613 700 649
SAR (ICLR’23) 29.1 522 39.6 563 31.6 575 324 58.0 522 618 515 667 394 587 444
OSTTA (ICCV’23) 56.8 58.1 54.6 551 522 605 545 602 579 631 572 641 555 602 570
ViDA (ICLR’24)  30.8 46.8 336 450 29.1 374 295 421 350 622 297 553 313 481 342
UniEnt (CVPR’24) 614 706 612 821 61.0 882 612 850 607 640 608 693 610 765 673
STAMP (ECCV’24) 513 68.0 512 67.7 512 751 513 709 512 622 512 678 512 686 577
E-COME (ICLR’25) 60.5 733 487 722 599 865 61.0 814 609 596 599 70.1 585 738 642
S-COME (ICLR’25) 1.8 463 124 539 162 532 15 551 59.6 570 481 619 233 546 251
DPCore (ICML’25) 652 78.8 623 804 529 865 629 87.1 64.6 678 623 759 61.7 794 689
DOCO (Ours) 669 77.6 657 824 649 949 654 89.7 662 688 64.7 757 656 815 723
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Figure 11. First-batch statistical loss per domain in six different
OCTTA orders (ImageNet-C, x = 0.5).
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Figure 12. First-batch statistical loss per domain in six different
OCTTA orders (LAION-C, k = 0.5).
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Figure 14. Source-number and small-batch ablations. (a)—(c): Accuracy, AUC, and H-score vs. number of source samples (log scale).

Method OOD score Mean=+Std
Ent MLS Energy MSP
Source 57.29 57.02 56.37 56.96 56.914+0.39
Tent [34] 24.25 2399 2382 24.11 24.04%0.18
CoTTA [36] 56.25 5542 5479 55.82 55.57£0.62
EATA [29] 5798 57.84 57.77 57.29 57.724+0.30
SAR [30] 55.10 54.51 5431 54.63 54.64+0.34
OSTTA [20] 60.39 58.92 5851 59.82 59.41+0.85
ViDA [24]  48.03 48.22 48.40 47.92 48.14+0.21
UniEnt [9] 6495 65.25 65.39 64.02 64.90+0.62
STAMP [42] 60.16 59.94 60.18 59.94 60.05+0.13
E-COME [43] 65.36 65.00 65.22 64.73 65.0840.27
S-COME [43] 45.87 45.53 4547 4537 45.56£0.22
DPCore [44] 62.12 61.76 62.62 61.05 61.89£0.66
DOCO (Ours) 69.57 69.38 70.10 68.45 69.38+0.69

Table 12. H-score results on ImageNet-C with x = 0.5, sev = 5.
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