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1. Theoretical Analysis

Dual Form of PUOT

We consider the Partial Unbalanced Optimal Transport
(PUOT) objective Jpuo as introduced in Eq.(2), which can
be equivalently rewritten in its dual representation as fol-
lows:
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Here, f, g, s, and ¢ denote the dual variables (Lagrange
multipliers), with the constraint s;; > 0 ensured by the
KKT conditions. Based on this formulation, PUOT can be
equivalently reformulated as a reweighted OT problem:
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Proof. We begin by introducing a marginal constraint
mlc, = o, where a does not need to be known before-
hand. This assumption simplifies the derivation. The PUOT
objective can thus be rewritten as:
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Its Lagrangian relaxation yields:
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Here, ( acts as a translation-invariant component. The
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term Csyor can be expanded as:
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Here, we use the Karush—Kuhn-Tucker (KKT) condi-
tions which imply s;; > 0 and s;; - m;; = 0. Recall the
definition of Kullback-Leibler divergence between two dis-
tributions x and z:

Mu

L(z | z2) = {xdlog —xq+ 24 (6)
d=1

Its derivative w.r.t. m;; is:
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We obtain the following conclusions:
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We can verify that the resulting constraints satisfy the
condition U;; — f; — g; — s;; = 0. By incorporating the
marginal distributions into the KL divergence term, the ob-
jective function can be expressed as:
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Discarding constants, the final dual becomes:
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Thus, the proof is completed.

Optimization Strategy for PUOT

To optimize the PUOT objective, we focus on the variables
f and ¢. The corresponding objective function is expressed
as:
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To improve the efficiency of the optimization process,
we introduce a smooth surrogate for the infimum operation.
Specifically, the term inf,e(n)[Ux; — fx] is approximated
using a soft minimum:

klerff [Uk;— fx] = —slog (Zexp <fk Uk])), (13)

where ¢ > 0 is a smoothing hyperparameter controlling the
trade-off between numerical stability and approximation fi-
delity. In our implementation, we set ¢ = 0.01 to balance
precision and smoothness. With this relaxation, the objec-
tive becomes:
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To facilitate the optimization procedure, we introduce a
Wasserstein Fixed-Point Iteration (WFPI) method. The core
idea is to derive the optimality condition by setting the par-
tial derivative of the PUOT objective Apyor with respect to
fi to zero:
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The iterative update for f; at iteration £ + 1 is then given

by:
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To guarantee the convergence of WFPI, we analyze the
Jacobian matrix. For example, the partial derivative w.r.t.

1(2) is:
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By further expanding the inner terms, the derivative is
upper-bounded by:
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indicating that the Jacobian’s infinity norm is strictly less
than 1, hence WFPI is contractive and converges.

Finally, we solve for ¢ by enforcing V:Lr = 0. This
yields a closed-form solution:
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Clearly, this ensures that the constraint ZN_ b; =

Zilil a; exp ( I ‘“) is satisfied during each iteration. In
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this formulation, the term exp(— ) serves as a reweight-
ing factor for unlabeled samples, Wthh can be subsequently
used to construct the Response Spectrum for discovering
unknown categories.

2. Datasets

To comprehensively evaluate the proposed method under
both domain shift and semantic shift conditions, we conduct
experiments on two widely-used benchmarks: DomainNet
[4] and SSB-C [5]. These datasets cover diverse visual do-
mains and fine-grained recognition tasks, enabling a robust
assessment of generalization capabilities.



Table 1. Number of classes at each incremental stage on the Corrupted SSB and DomainNet benchmarks. We report the cumulative class

count for each dataset (Original vs. Corrupted) across four stages.

Stage | CUB-C | Stanford Cars-C | FGVC-Aircraft-C | DomainNet
‘ Original  Corrupted ‘ Original  Corrupted ‘ Original  Corrupted ‘ Real Other Domains

0 140 N/A 130 N/A 70 N/A 225 N/A

1 160 160 152 152 80 80 265 265

2 180 180 174 174 90 90 305 305

3 200 200 196 196 100 100 345 345

Table 2. Class splits across labeled set (D;) and unlabeled streams (DL, D2, D3) for both known domain and unknown domain.

Known Domain

Unknown Domain

Class Range

D, DL D2 D3 D, D D2 D3
{yi | y: <0.7-1)|} 8% T% 3% 3% 0% 7% 3% 3%
{y; |0.7- |1V <y; <08-|Y]} 0% 70% 20% 10% 0% 70% 20% 10%
{y:108- Y| <y <091V} 0% 0% 90% 10% 0% 0% 90% 10%
{y; 1091V <y <|V|} 0% 0% 0% 100% 0% 0% 0% 100%

Table 3. Clustering performance (mean + std) on DomainNet benchmark. Real is used as known domain 74, and each of the remaining
domains is used as unknown domain 7. We report average All / Old / New accuracy across all stages for both domains.

Reol - Quiekaraw T

Real  Clipart

602414 733408 542413 910 BSE14 3

23516 367510 S8E12 SIELI 6513 | S
£12 | 535415 731407 489412 69413 62410 71408

17 1
144514 (470415 G113 402+12 92
3 507415 235407 298414 186415 | 93411 73SE10 521408 107412 133409 92410

2.1. DomainNet

DomainNet is one of the largest and most diverse datasets
in the domain adaptation and generalization literature. It
contains approximately 600,000 images spanning 345 ob-
ject categories and is distributed across six visually distinct
domains, each characterized by unique styles or modalities:

Real: photographs of real-world objects,

Clipart: cartoon-style clipart images,

Sketch: black-and-white hand-drawn sketches,
Painting: artistic renditions including oil and watercolor
paintings,

Infograph: infographic-like images with symbolic con-
tent,

Quickdraw: doodle-style line drawings from the Google
QuickDraw dataset.

L]

The diversity across these domains poses significant
challenges for cross-domain recognition and makes Do-
mainNet an ideal testbed for evaluating domain-invariant
feature learning and category separation.

2.2. SSB-C

The SSB-C benchmark [5] is a corrupted extension of the
Semantic Shift Benchmark (SSB), specifically designed to
evaluate robustness under semantic and distributional shifts.
The original SSB is constructed from three fine-grained vi-
sual categorization datasets:

* CUB-200-2011 (CUB): 200 bird species with fine-
grained visual distinctions,

* Stanford Cars (SCAR): 196 car categories covering dif-
ferent brands and models,

* FGVC-Aircraft (FGVC): 100 airplane categories with
subtle structural variations.

SSB-C introduces controlled corruption to the SSB im-
ages by applying nine types of perturbations (e.g., Gaus-
sian noise, Frosted blur, Impulse noise, etc.) at five severity
levels, following the protocol of common corruption bench-
marks. This results in a comprehensive evaluation set that is
45 x larger than the original SSB, significantly increasing
its utility for studying robustness in fine-grained settings.

For each dataset, we begin by selecting a subset of cate-
gories as labeled known classes to construct the initial ses-



Table 4. Clustering performance (mean =+ std) on SSB-C benchmarks. Each dataset includes both Original and Corrupted domains. We
report the average accuracy for All, Old, and New classes across all stages in each domain.

| CUB-C | Stanford Cars-C | FGVC-Aircraft-C
Method Original Corrupted Original Corrupted Original Corrupted
All old New All old New All old New All old New All old New All old New

GCD 20414 477415 234415 268+13 459415 2001422 264410 561418 205417 23417 43.1+10 12+16 27710 334 24921 288422 414414 288+18
SIMGCD | 2664 1.5 445420 210421 234420 424419 177412 231416 525414 189411 193408 3907+£22 08+ 15 | 254421 30. 221423 252420 381+10 258+ 14
SPTNet 278423 452415 220418 251412 442412 181408 | 249417 550£21 20313 2L1£11 416420 99410 | 261417 3 B3L12 269417 39516 267+17
HiLo 2315 506416 275416 281+410 481414 223+ 11 | 305421 588409 252422 257422 468419 134+ 11| 329421 5 284417 338420 456422 321+13
G&M 164415 341413 105409 137421 321+£13 77415 | 157420 438419 123412 114+£17 305415 67421 | 205421 179411 216421 327420 23+13
PA-CGCD | 283417 465416 227418 254+12 447419 184416 252419 551422 209410 212411 415423 102412 | 26413 31 237416 278422 4001423 272412
DEAN 29412 470421 230411 263+£15 462423 182414 261417 581419 194409 221416 412412 129420 | 281413 32819 289417 2901423 4001422 303+ 1.1
PromptCCD | 30.1 + 1.1 48.1+13 245412 274+ 1.6 460+ 14 203+15 | 274+17 574420 2201411 2301+1.6 444+19 114+13 299418 345412 264+23 303+17 429420 299+13
Ours 529407 688410 471407 472+£10 644+11 404413 4001414 623+12 324+13 355414 598+ 11 256+09 |433+13 523+£13 422413 389408 495414 379+ 14

sion dataset. In subsequent stages, additional novel classes
are gradually introduced. The class distributions for each
dataset are detailed in Table 1. Furthermore, we incorporate
both known-class and unknown-class samples from unseen
domains, with their proportions summarized in Table 2.

These splits are defined across stages and domains to
simulate real-world deployment scenarios, where novel
classes and domain shifts may emerge over time. All
methods are evaluated based on their ability to recognize
both known and unknown classes under such distributional
shifts, with particular emphasis on generalization and se-
mantic separation capabilities.

3. Detailed Clustering Performance Analysis

To thoroughly evaluate the robustness and effectiveness
of different methods, we conduct multi-stage clustering
experiments on both the SSB-C and DomainNet bench-
marks. Tables 3 and 4 summarize the average performance
and standard deviation (mean + std) across multiple runs,
demonstrating that our method achieves consistently supe-
rior and stable results compared to existing baselines.

Furthermore, Tables 5 and 6 provide a detailed stage-
wise accuracy breakdown. We report clustering accuracy
(%) on all classes (All), known classes (Old), and novel
classes (New) at each incremental stage, along with the
overall average. Specifically, Table 5 presents results on the
DomainNet benchmark under various domain shifts, while
Table 6 includes results on the FGVC-Aircraft-C, Stanford
Cars-C, and CUB-C datasets. These detailed evaluations
further validate the effectiveness of our method in discover-
ing novel classes under distribution shifts and incremental
stages.

4. More Ablation Study on the WSM Module

To further validate the effectiveness of the proposed WSM
module, we conduct detailed ablation experiments by com-
paring three settings: (i) removing WSM entirely, (ii) using
a single-scale margin threshold 7, and (iii) employing our
multi-scale design. As shown in Table 7, removing WSM
leads to a clear performance drop, demonstrating the neces-
sity of adopting a divide-and-conquer strategy for known
and unknown samples during clustering.

Moreover, when comparing single-scale and multi-scale
settings, the multi-scale design consistently yields supe-
rior performance. This advantage stems from its ability
to characterize the margin probability of unlabeled samples
from multiple granularities, providing a more reliable esti-
mation of semantic separability. Such multi-scale model-
ing becomes particularly important when the labeled and
unlabeled domains exhibit non-identical distributions, ef-
fectively enhancing robustness against distributional mis-
match.

These results collectively confirm that WSM plays a crit-
ical role in stabilizing pseudo-label quality and improving
overall category discovery performance.

5. Attention Map Visualization

To understand the spatial reasoning of our model, we vi-
sualize the attention maps from the final transformer layer,
focusing on the interaction between the [CLS] token and
the patch tokens across all attention heads. For each input,
we compute attention scores and mark the top 10% most at-
tended spatial locations in red to highlight regions that the
model deems most informative.

Figure | presents examples from both known and un-
known domains, covering both known and unknown cat-
egories. Across all conditions, our model exhibits a sta-
ble focus on semantically coherent object parts, suggesting
a reduced sensitivity to domain-specific variations or style
shifts. Unlike methods that overfit to low-level patterns, our
attention distributions consistently localize object-centric
regions critical for recognition.

This robustness in attention alignment across diverse set-
tings illustrates the effectiveness of our model in suppress-
ing distractions from irrelevant backgrounds. By concen-
trating attention on task-relevant structures, the learned fea-
tures become more generalizable, leading to improved per-
formance under domain shift and category novelty.

6. Integrating Contemporary Domain Adapta-
tion Methods for OCCD

To further benchmark the performance of our proposed
method, we incorporate several state-of-the-art domain



Table 5. Stage-wise clustering accuracy (%) of all methods on DomainNet benchmark. We report the accuracy on all classes (All), known
classes (Old), and novel classes (New) at each incremental stage, as well as the average.

Method Stage 1 Stage 2 Stage 3 Average Stage 1 Stage 2 Stage 3 Average
All Old New | Al Old New | Al Old New | Al Old New | Al Old New | Al Old New | Al Old New | Al Old New
Real — Painting

Real Painting
GCD 546 71.0 486 | 51.1 67.0 455 | 482 63.6 420 | 513 672 454|289 281 298|274 268 281 259 252 264|274 267 281
SimGCD 509 66.0 437 | 483 639 412 | 46.0 618 39.0 | 484 639 413 | 244 243 253|225 225 235|209 205 217|226 224 235
SPTNet 527 68.0 458 | 503 64.1 419 | 464 614 397 | 498 645 425|258 249 258|240 235 242|225 220 229|241 235 243
HiLo 588 741 525|561 706 49.0 | 535 68.0 46.1 | 561 709 492|328 336 325|309 318 306|294 299 293|310 318 308
G&M 50.0 65.0 43.8 | 47.0 624 41.6 | 443 596 383 | 471 623 412|282 268 279|263 255 260|244 242 247|263 255 262
PA-CGCD 579 731 50.7 | 554 706 484 | 529 672 452|554 703 481 |31.8 327 31.8 |300 307 301|285 290 287|301 308 302
DEAN 59.1 756 512|559 717 47.6 | 53.0 678 449 | 56.0 71.7 479 | 341 359 332|329 343 315|315 330 298 |328 344 315
PromptCCD | 60.2 73.8 53.6 | 56.5 713 49.7 | 52.8 685 476 | 565 712 503|333 340 330|316 320 313|296 302 293|315 321 312
Ours 64.1 767 575|602 735 545|563 698 506 | 602 733 542|403 404 394|388 384 378|376 367 359|389 385 377

Real — Sketch

Real Sketch
GCD 557 68.6 451 | 519 654 414|493 631 387|523 657 41.7 109 159 11.7 | 92 147 102 | 75 129 84 | 92 145 10.1
SimGCD 512 635 39.0 | 486 604 37.0 | 458 566 335|485 602 365 | 87 127 108 | 7.1 113 94 | 59 98 74 | 72 113 92
SPTNet 532 659 41.1 | 497 623 38.0 | 468 58.6 343|499 623 378 | 94 133 114 | 80 115 96 | 63 103 7.8 79 1.7 9.6
HiLo 587 741 504 | 56.1 714 47.6 | 523 684 43.6 | 557 713 472|147 191 138 | 13.0 172 124 | 116 154 109 | 13.1 172 124
G&M 513 66.1 456 | 49.0 640 42.0 | 464 60.1 393 | 489 634 423|127 167 124 |11.0 150 105 | 90 136 86 | 109 151 105
PA-CGCD 574 730 49.7 | 552 709 46.8 | 52.7 682 433|551 707 46.6 | 137 177 128 | 125 159 114 | 108 147 95 | 123 161 112
DEAN 59.1 750 50.1 | 569 71.6 477 | 541 679 451 |567 715 476 | 148 185 127 | 128 168 114 | 11.1 151 95 | 129 168 112
PromptCCD | 60.5 76.5 518 | 574 734 485|543 709 454|574 73.6 486 | 150 195 137 | 135 177 120 | 11.7 159 105 | 134 177 121
Ours 622 764 53.6 | 59.0 738 499 | 568 70.1 47.1 | 593 734 502 | 181 207 16.6 | 162 193 153 | 146 17.8 137 | 163 193 152

Real — Quickdraw

Real Quickdraw
GCD 414 589 327 | 386 565 295|361 532 266|387 562 296 | 62 60 72 | 50 47 58 38 34 44 | 50 47 58
SimGCD 357 532 270|323 505 237|292 472 198 324 503 235 | 56 50 62 | 42 40 5.1 28 30 40 | 42 40 51
SPTNet 374 559 285|352 528 247 |31.8 49.1 212|348 526 248 | 6.1 57 66 | 49 46 55 37 35 43 | 49 46 55
HiLo 464 637 381 | 441 61.1 358 | 41.1 589 323|439 612 354 | 70 67 8.1 60 55 68 | 47 43 53 59 55 67
G&M 378 534 300 | 340 501 27.0 | 305 471 249|341 502 273 | 48 53 64 | 35 42 52 |22 28 40 | 35 41 52
PA-CGCD 46.8 63.1 376 | 43.6 609 343|403 572 307|436 604 342 | 62 64 73 5.1 50 59 | 40 36 48 5.1 50 6.0
DEAN 46.8 63.0 363 | 432 605 342|407 577 321 | 43.6 604 342 | 65 6.1 74 | 50 50 6.1 39 39 49 | 51 50 6.l
PromptCCD | 48.0 64.6 389 | 450 623 36.6 | 426 60.1 346|452 623 367 | 72 63 76 | 57 50 65 46 40 54 | 58 5.1 6.5
Ours 56.6 764 521 | 53.0 726 488 | 509 703 457 [535 731 489 | 82 74 84 | 70 62 7.1 55 50 59 |69 62 171

Real — Clipart

Real Clipart
GCD 50.0 685 432 | 437 625 374|464 661 398|467 657 40.1 | 157 226 11.1 | 133 198 9.1 | 145 213 101 | 145 212 10.1
SimGCD 436 622 370|369 558 29.8 |40.1 584 337|402 588 335|115 201 95 90 175 7.0 | 104 188 82 | 103 188 82
SPTNet 468 633 383 | 393 573 337|432 604 357|431 603 359|128 206 10.1 | 103 181 7.7 | 117 192 89 | 116 193 89
HiLo 585 733 50.6 | 52.6 68.1 456 | 551 710 482|554 708 481 | 196 2064 141 | 168 238 119 | 182 251 13.0 | 182 251 13.0
G&M 438 640 369 | 365 585 31.8 |405 608 339|403 61.1 342|137 206 10.1 | 109 17.8 74 | 123 192 89 | 123 192 88
PA-CGCD 554 734 479 | 493 67.6 42.0 | 52.0 700 44.0 | 522 703 44.6 | 189 256 13.6 | 167 233 11.1 | 17.8 246 122 | 178 245 123
DEAN 582 763 504 | 52.0 69.1 44.6 | 551 727 475|551 727 475|216 279 162 | 190 254 138 | 203 268 150|203 267 150
PromptCCD | 56.6 739 495 | 51.3 68.0 440 | 545 71.7 466 | 541 712 467 |21.1 273 158 | 185 249 13.1 | 19.8 26.1 143 | 19.8 26.1 144
Ours 603 761 535|544 692 480 | 575 722 506 | 574 725 507|248 310 19.7 | 222 287 176 | 235 297 18.6 | 235 298 18.6

Real — Infograph

Real Infograph
GCD 425 574 353|366 530 292|403 554 326|398 553 324 | 94 110 75 68 86 52 80 98 65 8.1 98 64
SimGCD 36.7 523 305 | 307 460 245 | 334 493 284 | 336 492 278 | 8.1 9.0 6.7 53 67 37 |67 77 52|67 718 52
SPTNet 383 541 332|333 489 268 | 361 512 294|359 514 298| 85 93 71 60 68 46 | 7.1 79 60 | 72 80 59
HiLo 525 67.6 458 | 46.1 629 38.6 | 497 652 419 | 494 652 421 | 112 137 92 | 84 112 70 | 98 126 8.1 9.8 125 8.1
G&M 36.1 527 31.1 | 28.6 472 24.0 | 325 505 277|324 501 276 | 88 103 6.8 63 80 43 74 92 54 |15 92 55
PA-CGCD 48.0 647 41.7 | 422 578 347 | 454 614 379|452 613 381|103 128 82 | 76 108 58 | 90 11.8 72 |90 118 7.1
DEAN 499 658 433 | 434 590 381 | 469 622 410|467 623 408 | 107 136 9.0 | 82 114 67 | 96 125 79 | 95 125 79
PromptCCD | 504 66.1 43.7 | 435 602 37.0 | 474 63.0 399 | 47.1 63.1 402 | 104 135 90 | 80 108 66 | 92 123 7.7 | 92 122 78
Ours 61.6 765 554|568 707 48.6 | 595 734 523|593 735 521|119 145 104 | 94 120 81 | 108 134 9.1 | 107 133 92

adaptation (DA) techniques into the OCCD setting and evaluation pipeline: Mixstyle [6], Unknown-Aware Do-
compare them against our approach. Specifically, we in- main Adversarial Learning (c(UADAL) [1], Unknown Ori-
tegrate the following state-of-the-art DA methods into our ented Learning (UOL) [3], and Adjustment and Alignment



Table 6. Stage-wise clustering accuracy (%) of all methods on FGVC-Aircraft-C, Stanford Cars-C, and CUB-C datasets. We report the
accuracy on all classes (All), known classes (Old), and novel classes (New) at each incremental stage, as well as the average.

Method Stage 1 Stage 2 Stage 3 Average Stage 1 Stage 2 Stage 3 Average
Al Old New | Al Old New | Al Old New | Al Old New | Al Old New | All Old New | Al Old New | Al Old New
FGVC-Aircraft-C
Original Corrupted
GCD 306 373 283|245 304 215|279 332 250|277 336 249 | 318 451 320|260 375 253|286 417 290|288 414 2838
SimGCD | 292 338 259 | 218 266 184 | 252 299 220 | 254 30.1 22.1 | 283 423 20.1 | 21.5 340 226 | 258 380 257 | 252 381 258
SPTNet 207 355 27.1 | 223 268 192|263 313 236|261 312 233|310 433 297|231 363 234|267 389 270 [269 395 267
HiLo 365 401 315 292 343 252 | 331 369 285|329 3701 284 | 37.1 487 356 | 30.5 425 285|338 456 321|338 456 321
G&M 241 285 217 | 171 216 142|202 242 178 | 205 248 179 | 254 356 257 | 177 296 192|217 329 220|216 327 223
PA-CGCD | 294 349 275|231 282 204 | 266 311 231 | 264 314 237 | 315 439 316|244 362 228|275 401 272|278 400 272
DEAN 312 353 328 251 303 253 | 280 328 287 | 28.0 328 289 | 325 429 341|254 372 271|295 402 297 | 201 40.1 303
PromptCCD | 328 382 29.8 | 27.1 307 234 | 298 346 260 | 209 345 264 | 337 459 331|264 395 268 | 308 433 298 | 303 429 299
Ours 471 558 456|395 492 389 | 433 519 422 | 433 523 422 | 419 530 411|359 459 345|389 496 38.1 | 389 495 379
Stanford Cars-C
Original Corrupted
GCD 303 594 250 | 261 563 216|227 527 179 | 264 S6.1 215|261 461 145|225 431 116|183 400 75 223 431 112
SimGCD | 267 557 228 | 226 522 19.1 | 200 49.6 147 | 231 525 189 | 230 429 131|196 397 94 | 153 365 69 | 193 397 938
SPTNet 283 585 240 [ 249 548 203 |21.6 517 166 | 249 550 203 | 246 454 137|207 419 96 | 180 375 64 | 211 416 99
HiLo 347 622 281 305 59.1 256 | 263 551 219 | 305 588 252|285 505 176 | 258 470 134 | 228 429 92 | 257 468 134
G&M 186 48.1 163 | 159 439 125|125 395 81 | 157 438 123|152 333 100 | 109 307 66 | 81 275 36 | 114 305 67
PA-CGCD | 279 587 244 |253 551 210|224 515 173|252 551 209 [256 452 139|211 415 102|169 378 65 |212 415 102
DEAN 201 618 231 260 585 191 | 232 541 160 | 261 581 194 | 256 453 163 | 223 413 127 | 184 370 97 | 221 412 129
PromptCCD | 317 612 263 | 272 569 222|232 541 178 | 274 574 221 [273 482 153 | 231 441 113 | 189 408 7.6 | 231 444 114
Ours 431 659 354 | 403 624 325|369 586 293 |40 623 324|300 636 283|352 598 257 |323 560 229 | 355 598 256
CUB-C
Original Corrupted
GCD 326 512 272|295 477 237 | 261 442 194 | 204 477 234 | 305 496 238|263 462 199|237 419 166|268 459 201
SimGCD | 295 477 249 | 266 448 205 | 237 410 176 | 266 445 210 | 271 461 220|232 428 17.6 | 199 384 135|234 424 177
SPTNet 312 485 255 280 450 225|242 421 180 | 278 452 220 | 284 475 210 | 249 447 182|220 404 151|251 442 181
HiLo 354 540 305 | 329 502 274 | 286 476 246|323 506 275|320 518 252 |27.6 483 221 | 247 442 195 | 281 481 223
G&M 191 384 146 | 164 340 104 | 137 299 65 | 164 341 105|175 362 105|132 322 79 | 104 279 47 | 137 321 77
PA-CGCD | 324 501 260 | 280 462 227 | 245 432 194 | 283 465 227 | 283 483 219 | 254 448 183 | 225 410 150 | 254 447 184
DEAN 323 514 272|285 470 230 | 259 429 188 | 289 471 230 | 304 494 214 | 260 468 183 | 225 423 149 | 263 462 182
PromptCCD | 333 510 283 | 30.6 483 247 | 264 450 205 | 30.1 48.1 245 314 496 236|274 462 200 | 234 425 172 | 274 461 203
Ours 567 717 498 | 523 69.0 473 | 497 657 442 | 529 688 47.1 | 499 68.0 439 | 471 642 402 | 446 609 37.1 | 472 644 404
Table 7. Ablation study on WSM module. essential. As shown in the table, most of these methods pro-
R o vide only marginal gains and sometimes even exhibit unsta-
Method ca ainting ble performance under evolving streams. This is likely due
All Old New Al Old New to the fact that OCCD imposes a more demanding setting,
w/o WSM~ 54.6  68.7 465 287 28.1 279 where the model must adapt not only to domain shifts but
0.01 56.7 713 504 349 345 358 also to uncover new classes.
0.05 568 720 503 362 350 36.1 In contrast, our method offers a unified and tailored so-
0.1 576 710 527 368 360 368 lution for OCCD by explicitly addressing unknown cate-
0.5 574 69.0 532 365 356 361 gory emergence, dynamic distributional change, and cross-
1 572 698 528 364 353 368 domain generalization. The superior performance across all
5 580 711 530 354 350 354 metrics validates the effectiveness and robustness of our ap-
10 57.3 702 524 350 346 359 proach in this challenging environment.
Ours 60.2 733 542 389 385 377
7. Empirical Study with DINOv2 Backbone
(ANNA) [2]. To evaluate the robustness and generality of our pro-

The experimental results are summarized in Table 8. Al-
though these approaches have shown strong results in stan-
dard DA scenarios, they fall short in the context of OCCD,
where continual discovery of unknown categories and ro-
bust known-class recognition under distributional shifts are

posed framework, we further conducted experiments using
a stronger visual encoder, DINOv2, to replace the original
DINO backbone. We re-ran all benchmark settings with this
modification, and the results are summarized in Table 9. As
expected, the enhanced feature capacity of DINOv2 leads
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Figure 1. Attention visualization from the final block of the ViT backbone on the CUB-C dataset. The top 10% most attended patches from
different heads are highlighted in red. Our method shows stronger focus on foreground regions across both known and unknown domains,

demonstrating improved robustness to background style variations.

Table 8. Clustering performance of other DA methods.

Method Real Painting

All Old New All Old New
UOL 55.1 69.0 456 29.0 293 27.6
Mixstyle 532 67.1 440 260 252 251
cUADAL 557 70.1 464 299 28.8 263
ANNA 548 684 487 30.7 289 268
Ours 60.2 733 542 389 385 377

to overall performance improvements. Notably, our method
continues to outperform all competing approaches under
this more powerful configuration. This suggests that the ef-
fectiveness of our framework is not tied to a specific back-
bone design and can generalize well across different fea-
ture extractors. The consistent advantage across architec-
tures demonstrates the scalability and adaptability of our
approach.

8. Evaluation under Multiple Unknown Do-
mains

To assess the adaptability of our method in more complex
settings, we consider a challenging configuration where the
unknown domain comprises a combination of several dis-
tinct subdomains. Specifically, we construct a new un-
known domain 7z by merging all five non-real domains

from the DomainNet dataset. This setup introduces greater
diversity and simulates practical scenarios where the model
encounters samples from multiple unseen distributions si-
multaneously.

The comparative results, summarized in Table 10, re-
veal that our method consistently surpasses all baselines
across this multi-domain setup. The stable performance in
such a diverse and unstructured environment underscores
the strong generalization ability of our framework, demon-
strating its effectiveness not only under conventional do-
main shift but also in more intricate unknown domain com-
positions.

9. Evaluation under More-Stage Setting

In our primary experiments, we adopt a three-stage setting
for the online category discovery process to evaluate the ef-



Table 9. Clustering performance on SSB-C benchmarks using DINOvV?2 as the backbone. Each dataset includes both Original and Corrupted
settings, and we report the average All / Old / New accuracy across all stages for both domains.

‘ CUB-C ‘ Stanford Cars-C ‘ FGVC-Aircraft-C

Method Original Corrupted Original Corrupted Original Corrupted

All Old New All Old New | Al Old New All Old New | All Old New All Old New
GCD 412 556 359 385 539 315|463 654 434 423 537 323|381 398 361 394 493 404
SimGCD 393 524 33.6 353 514 305|425 633 410 395 500 309 |36.1 374 341 36.1 442 347
SPTNet 405 524 343 369 515 306 | 450 645 414 404 517 321|360 369 313 378 484 364
HiLo 452 588 395 394 559 346|514 69.1 470 448 567 347|427 423 40.0 429 513 44.1
G&M 282 426 224 253 393 20.7 | 36.1 528 346 309 41.0 295|314 309 286 31.8 403 317
PA-CGCD 39.7 538 352 38.0 532 31.1 | 442 656 43.1 407 516 313|373 402 350 37.0 457 373
DEAN 41.7 545 355 378 536 29.6 | 458 674 417 417 508 357 |39.0 402 38.1 388 456 4l.1
PromptCCD | 41.2 556 360 39.1 543 332|484 678 437 433 537 341|394 424 359 40.0 483 410
Ours 659 763 582 591 733 525|592 717 534 564 704 468 | 539 59.6 524 494 56.0 46.0

Table 10. Clustering performance when 7p contains multiple unknown domains. We construct 7 by combining the five domains from
DomainNet excluding the Real domain, and report clustering accuracy separately for each domain.

Methods Real Painting Sketch Quickdraw Clipart Infograph

Al Old New All Old New All Old New All Old New All Old New All Old New
GCD 509 66.7 449 269 263 277 88 140 96 47 23 36 122 208 97 76 94 60
SimGCD 48.0 635 408 221 221 232 67 109 89 37 16 27 80 183 78 64 74 48
SPTNet 494 64.1 421 237 232 240 76 112 92 45 24 30 93 189 85 69 75 55
HiLo 557 706 489 305 315 304 126 167 119 54 27 51 160 247 126 93 121 78
G&M 46.7 619 408 259 251 258 105 147 102 31 18 28 101 187 84 7.1 87 5.1
PA-CGCD 550 699 476 296 304 297 119 157 108 48 25 37 154 241 120 86 114 68
DEAN 555 712 475 323 339 311 125 164 108 47 26 39 180 263 146 91 129 74
PromptCCD 562 70.7 498 31.1 318 308 130 173 11.7 53 27 42 176 258 140 88 11.8 74
Ours 598 729 537 386 382 374 159 189 148 64 40 48 211 294 182 104 128 8.9

Table 11. Clustering performance on the DomainNet benchmark under extended-stage online discovery. We use Real as the known domain
Ta and treat each of the other domains as the unknown domain 7. Results are averaged over all discovery stages (including the extended
4-stage setting), and we report the All / Old / New classification accuracy for each domain pair.

Real — Painting ‘ Real — Sketch ‘ Real — Quickdraw ‘ Real — Clipart ‘ Real — Infograph

Method Real Painting Real Sketch Real Quickdraw Real Clipart Real Infograph

AllL Old New All Old New | Al Old New All Old New | Al Old New All Old New | Al Old New All Old New | Al Old New All Old New
GCD 50.9 668 449 278 272 285|528 663 422 87 139 97 |381 559 292 54 53 63 |470 662 406 139 207 95 |394 550 319 86 102 6.8
SimGCD 479 635 408 229 230 240|490 605 369 67 109 87 |321 498 232 45 45 56 |40.6 593 341 97 184 78 |331 488 273 71 82 57
SPTNet 493 641 420 245 239 249|504 628 383 76 111 93 |343 523 244 53 50 60 |434 606 362 1.1 190 84 |354 509 293 75 85 65
HiLo 556 705 486 31.6 324 311|561 746 456 126 167 118 433 607 349 64 58 72 |559 712 485 177 246 126 | 488 649 416 102 131 84
G&M 46.7 620 408 267 261 267|493 638 429 105 146 102 | 336 498 269 39 47 57 |408 615 348 11.8 187 85 |319 497 271 79 98 59
PA-CGCD | 55.1 70.0 47.7 304 313 306|557 71.1 47.1 117 156 108|430 599 337 56 53 65 |526 748 421 172 241 120 |446 610 375 94 123 77
DEAN 556 712 476 332 349 319|571 720 482 124 164 106 [430 60.1 337 56 54 66 |557 733 480 199 263 147 | 462 62.0 403 101 145 74
PromptCCD | 56.1 70.8 49.9 31.9 326 31.7 | 580 739 492 13.1 174 11.7 | 447 619 363 62 55 7.0 |547 715 470 194 255 140 | 467 626 397 97 126 82
Ours 60.1 730 539 393 39.1 381|596 738 507 159 19.0 147 | 529 72.6 484 73 66 7.6 |577 731 510 231 293 180 | 587 731 51.6 113 138 9.6

fectiveness of the proposed method. To further assess its
scalability and robustness in more complex discovery sce-
narios, we conduct an additional experiment with four se-
quential discovery stages, simulating a more gradual and
challenging emergence of unknown categories.

As reported in Table 11, our method maintains consis-
tent superiority across all metrics and category splits (All,
Old, New) compared to existing baselines. This observa-
tion confirms the method’s capability to handle more frag-
mented and progressive category emergence, demonstrating

its strong adaptability in dynamic, multi-stage discovery en-
vironments.

10. Computational Complexity Analysis

We analyze the computational overhead introduced by each
component of our framework using an RTX 4090 GPU with
a batch size of 128. The Instance Probability Modeling
(IPM) module, which solves a relaxed partial unbalanced
optimal transport (PUOT) problem, requires approximately



0.6 GFLOPs and takes around 0.10 seconds per iteration.
The Response Spectrum Quantization (RSQ) module eval-
uates marginal probabilities under multiple 7 settings and
performs K-means clustering in a low-dimensional space,
incurring about 0.2 GFLOPs and 0.05 seconds per itera-
tion. The Cross-Domain Semantic Alignment (CDSA) mod-
ule introduces a lightweight domain discriminator with ad-
versarial optimization over prototypes, contributing roughly
0.5 GFLOPs and 0.08 seconds per iteration. The Category
Topology Consistency Constraint (CTCC) involves FFT-
based frequency transformations, amplitude augmentation,
and Gaussian potential-based topology regularization, lead-
ing to approximately 0.8 GFLOPs and 0.12 seconds per it-
eration.

In total, our full framework adds about 2.1 GFLOPs and
increases the per-iteration training time by approximately
0.35 seconds. Thanks to GPU-accelerated operations such
as torch. fft, momentum-based prototype updates, and
efficient OT solvers, the computational overhead remains
manageable, making our method scalable to large-scale
open-world settings.

11. Experiments on Dynamic Domain-

Incremental Setting

To further assess the adaptability of our method under dy-
namic domain shifts, we conducted a domain-incremental
evaluation on the CUB-C dataset across three progressive
stages. At each stage, additional corruption types were in-
troduced to emulate evolving data distributions. Specifi-
cally, Stage 1 contained Gaussian, Shot, and Impulse Noise;
Stage 2 added Zoom Blur, Snow, and Frost; and Stage 3
further incorporated Fog, Speckle, and Spatter. This setup
effectively mimics a non-stationary data stream in which
new domains continuously emerge. As summarized in Ta-
ble 12, our approach consistently achieved strong gains over
competing baselines across all stages, demonstrating its ro-
bustness and sustained effectiveness under dynamic domain
evolution.
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Table 12. Stage-wise clustering accuracy (%) of different methods on the CUB-C dataset under the dynamic domain-incremental setting.
At each stage, new domains are progressively introduced (Stage 1: Gaussian, Shot, Impulse Noise; Stage 2: Zoom Blur, Snow, Frost; Stage
3: Fog, Speckle, Spatter). We report accuracies on all (All), known (Old), and novel (New) classes at each stage, as well as the average
across all stages.

Method Stage 1 Stage 2 Stage 3 Average Stage 1 Stage 2 Stage 3 Average
Al Old New | Al Old New | Al Old New | All Old New | Al Old New | All Old New | All Old New | All Old New

‘ CUB-C

‘ Original Corrupted
GCD 31.1 494 241 | 28,6 462 221 | 249 432 201 | 282 463 221|238 43.0 172|266 460 200 | 255 445 19.0 | 253 445 187
SimGCD 282 451 223|248 430 200 | 226 409 172|252 430 198 |20.7 39.8 151 | 233 424 177 | 220 409 164 |220 410 164
SPTNet 295 460 233|268 439 203|235 41.1 185|266 437 207|224 413 151 | 251 441 185|236 430 168 | 237 428 168
HiLo 32.1 489 267|284 457 231|245 419 203|284 458 229|239 43.0 169|267 459 197 | 256 447 185|253 449 188
G&M 178 364 128 | 149 327 92 | 129 293 56 | 152 328 92 | 106 296 51 | 139 318 74 |124 307 64 |123 307 63
PA-CGCD 294 481 239|269 447 216 | 246 422 187|270 450 214|225 41.8 157|253 446 185|242 435 168 | 240 433 170
DEAN 299 489 245|282 457 212|248 425 194 | 276 457 21.7 | 237 432 158 | 261 464 181 | 248 447 168 | 249 448 169
PromptCCD | 332 49.8 264 | 28.7 465 228 | 263 435 20.1 | 287 46.6 23.1 |246 432 174|273 463 204 | 262 446 188 | 260 447 189
Ours 51.6 67.0 48.0 | 49.2 649 436 478 628 409 | 499 646 443 | 423 595 357 | 456 613 386 | 439 60.6 368 437 609 368
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