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open-set recognition (OSR)

novel-category discovery (NCD)
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SSIEENAIERISNE (High-frequency-driven Category Separation, HCS)
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> SSIREIAIERNE (High-frequency-driven Category Separation, HCS)
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> [RERXYSFILHE (Sparse Assignment Matching , SAM)
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Table 1: Clustering performance on DomainNet benchmark. We use Real as the known domain
and each of the remaining domains as the unknown domain. We report the average All / Old / New Table 3: Component-wise ablation on Real —

. - -
accuracy across all stages for both domains. Painting.
Teal + Puinting Weal + Sketch Wenl + Quichiraw Real  Clipart Roal —» Tnfozragh
Methonds
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PRISM @9 41 351|392 w0 M2 [end iA 510 | 169 200 159 | 340 %0 492 | 0 65 74 [ SR 723 512 M0 304 190 | 61 73E AND | 109 141 9%

Table 2: Clustering performance on SSB-C benchmarks. Each dataset contains 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 5 . : 2 .
Methods Original CoaEd Original Corripied Original Corrupted Table 4: Co.mp.arlson of separation strategies on

All Old New | Al Old New | Al Old New | Al Old New | Al Old New | All Old New Real — Palntmg.

GCD 204 477 234 | 268 459 20.1 [ 264 56.1 21.5 | 22.3 43.1 112 | 27.7 336 249 | 288 414 288
SimGCD 266 445 210 | 234 424 177|231 525 189 | 193 397 98 | 254 3001 220 | 252 381 258
SPTNet 278 452 220|251 442 181 [ 249 550 203 | 211 416 99 | 2.1 312 233|269 395 267 Method Real Painting
RLCD 29.1 468 238 | 262 453 194 | 268 569 22.1 | 229 432 97 | 278 323 242|273 407 281 CIN0CS Al Old New | Al Old New
G&M 164 341 105|137 321 7.7 | 157 438 123 | 114 305 67 | 205 248 179 | 21.6 327 223
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PromptCCD | 30.1 48.1 245 | 274 461 203 | 274 574 22.1 | 231 444 114 | 299 345 264 | 303 429 299 energy-based | 558 699 48.1 | 30.6 295 299
VB-CGCD || 342 518 263 [317 492 234|316 599 261 (263 479 151|332 373 297|323 445 316 RIS
PRISM 493 649 442 | 440 609 37.0 | 369 60.0 29.1 | 333 565 235 | 40.1 489 40.1 | 364 461 34.1 PRISM 60.9 741 551|392 390 382
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