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1. Theoretical Proofs
1.1. Proof of Theorem 1

Consider two domains: a source domain PP and a target domain Q. Let G(-) denote an inference encoder, G'(-) an intervention
encoder. With the observational and interventional inference, we define:

CDRg(u, v') = Og(u) — Zg(u')
= E(%Z[)"‘Q [EUNPQ?(UlX:J:)Pg(Y 7£ Y ‘ U= u)} - E(m,y)w@ [Eu/Np€’(U/|X:x)Pg(Y #y | U = U/)} .

Decomposing Q with respect to the labeled known and novel label sets gives .
CDRg(u,v') = E( )~ [I(y € V1) Az, )] + E@yy~o Iy € Vi) Az, y)], 2
where the unified discrepancy term is defined as
Az, y) = EuNPg(ULX:x)P(Y #y|lU=u)— Eu/NPg’(U/|X:w)P(Y Fy|U =u). 3)
We denote the two expectations as moap(X,Y') and mg\p(X, Y'), respectively. Thus,
CDRg(u,u') = moap(X,Y) + 1o p(X, Y). €))

This completes the proof of Theorem 1.

1.2. Proof of Theorem 2

Let Q and P be the same domains as above. For any probability distribution ¢ over g, we define the expected joint error and
classifier disagreement under QQ as:

eg(u) = Eg, gonsEay)~allg1 () # y]Ig2(u) # yl,
dg(u) = Eg1,gz~§]Ez~QH[gl (u) # g2(u)].

Following the symmetrization step in Appendix 1.1, one can express

®)

CDRg(u, u') = Og(u) — Zo(u')
= 3B y)n0Bun p8 (U x =) Bgr game (g1 (1) # 1) + L(g2(u) # y)] (6)
- %E(ﬂc»y)N@Euwpg’(U/\X:z)]Egl,gwc[H(gl(Ul) #y) + I(g2(u') # y)).



Using the Boolean relation
I[A] + I[B] =I[AAB] + 2I[A A B, @)

where A denotes exclusive-or and substituting into the above, we obtain the decomposition

CDRQ(U,U/) = E(m,y)NQEung(U|X=w) 5

Eqg, g~ [H(g1(u) # g2(w)) + 21(g1(u) # y A g2(u) # y)] ]

- E(w,y)~QEu'~Pg' (U'| X =)

By, goms [l(g1(u) # g2(0))) +2W(g1(v) # y A go(u) # )] 1 ®)
2

= 3 (0o (u) — dg(u')) + (eq(u) — eq(u')).

Invoking Holder’s inequality,

Jisstaw < ([ravan)”(flaran)™ 2+l ©

with g = 1, ¢g— 00, and p— 1, we obtain the following upper bound:

Q(z, .
E(y~alf (2,9)] = E(r,y)NP[P((;s)) f(w»y)} < Jlim By (QIIP) Byl f (2, 9)] (10)
where the 5-divergence term [2] is defined as
; 1/q
Ba(QUIP) = (Eeppor [(328)1) . (an

Substituting this inequality into our error decomposition yields

eq(u) = Eg; gonsEay)~ollgr (v) # y]I[g2(u) # 9]
= E(z,y)~P [m} By pg )X =2)E1.g2~s1191(w) # yll[ga(u) # y] + 7 eqp(u) (12)

< qlg{)lo Ba(QIP)ep(u) + 7 eqp(u),
where 1 = E(; ,)~gll(y € Vi*")]. And similarly
eg(u’) < qli_{{)lo Be(QIP) ep(u’) + 7 eqp(u’).
Denoting r(eq\p(u) — eg\p(u’)) as mg\p(X, Y'), we obtain the overall bound:
CDRg(u,u’) < %(JQ(u) —do(u)) + qlgglo Bq(QIP)(ep(u) — ep(u')) + m\p(X,Y). (13)

This completes the proof of Theorem 2.

1.3. Proof of Corollary 1

PAC-Bayes foundation. Following the PAC-Bayesian theorem of [1], let P and Q@ denote the source and target distributions
respectively, any set of voters 7, any prior distribution v over H, and ¢ a posterior distribution over classifiers g € H. For
any distribution M € {IP, Q}, any risk function R : H — [0, 1], and any real number ¢ > 0, with probability at least 1 — ¢
over samples {(z;,y;)}"_; ~ M, the following inequality holds for all posterior distributions ¢:

c
1—ec¢

KL(s[|v) + In(5)

1 n
E(gy)~mEgac R(s; 2, y) < - Z; EgcR(S; 23, yi) + (14)



Applying to disagreement and joint error. Let D, = {z;}* and D; = {(4,y:)}', be target and source empirical

samples respectively. By applying (14), with constants ¢’ = =S, we have:
2KL(s||lvy) +1n & 2KL(s||lvy) + 1In &
VC € 7—[7 5@(u) < CI 6’Du(u) + ( || U) 5 , Ep(u) < C/ E'Dl(u) + ( || U) S ,
Nyc Nib
2KL(s|lvyr) +1In 4 2KL(s|lvyr) +In 4 >
vy n s vy n s
VeeH, dou)<d|(dp,(u)+ Sl ), ep(u) < ep, () + Bl o).
" Nyc N b
CDM decomposition. From the binary decomposition of CDRg(u, u’), we recall:
CDRg(u,u’) < 3(dg(u) —dg(u)) + (eq(u) — eg(u)). (16)
Using the S—divergence bound. Following [2], the S—divergence between Q and PP is defined as
B Q) \11) 1/
Ba(@IIP) = (Ewye (324 )]) (7)

Applying Holder’s inequality ([ |fg|dp) < ([ [f1%du)"/*([ |g|Pdp)'/? with g = 1, ¢ — oo, p — 1, and defining r =
E(z,y)~all(y € V1)), we obtain

ca(u) < lim By(QIIP)er(u) + 7 eqrp(u),

18
egu’) < qli_{glo Be(Q|IP) ep(u’) + reqp(u’). (18)

Let mo\p(X, Y) := 7 (eg\p(u) — q\p(u’)) denote the novel categories residual term.

Combining results. Substituting (15)—(18) into (16), let b’ = % Boo(T'|| S), we have that with probability at least
1-90,V¢eH:

CDRg(u,u’) < %/(517,1, (u) — ép, (u)) + b'qlLr& Bq(Q||P)(ep, (u) — ep, (u')) + mp(X,Y)

/ / ’ ’ (19)
+ (N + Nb—ﬂ,)(Q KL(s||v) + In %) - (N + ]\’;lb)<2 KL(s|lvo) + In g)
Grouping the KL terms yields the symmetric regularizer:
Regyy, = (Nc—;C + Nb—l’b)(KL(gHyU) + KL(VU/Hg)), (20)

Therefore, the gap between the expected causal-dependency risk CDRq(u, v’) and its empirical counterpart CDRp,, (u, u')
can be reduced by minimizing the regularization term: KL(¢|lvy) + KL(vy/||s).
Assume a non-informative Gaussian prior v := N(u,,02). For the Gaussian posterior A(p,,2) produced by the

encoder, the KL term satisfies

2 2
: - 2 oy [ - oy, Oyt (fa — ) 1
#‘%{g}iﬂw KL (s o) |V <“w"»>>} = nin {0313100 (log T T

2D
= min{ lim log UV} = min(—logo,).

Ou 0, —00 Oy

Finally, by incorporating the deviation bound in Corollary 1, the expected causal-dependency risk CDRg(u, u’) can
be further minimized through jointly tightening its empirical counterpart CDRp, (u, u’) and the KL-based representation
variability penalty, which completes the proof.



1.4. Proof of Exogeneity

According to the definitions of KL divergence and conditional mutual information,
Epw,s) [KL(P(Y |U,S) || P(Y | U))] =I1(Y;S|U). (22)
Hence,
PY|US)=PY|U) < IY;S|U)=0, (23)

which is the exogeneity condition (domain S carries no residual information about Y given U).
By Bayes’ rule,
PY|U,S) x P(U|Y,S)my. (24)

Therefore, a sufficient way to enforce (23) is to align the class-conditional distributions across domains:
PU | Y=k,S=P)=PU | Y=k, 5=Q) (Vk). (25)
Let U | (Y=Ek, S=s) follow a location family with domain-invariant shape,
U|(Y=k,S=s)~ F(e 2), e =E[U|Y=Fk, S=s], (26)
so that aligning prototypes implies class-conditional alignment:
eg =efy (Vk) = P(U|Y=k,S=P)=P(U |Y=k, S=Q). (27)

Finally, prototype equality can be promoted by maximizing cross-domain prototype mutual information (with bounded

prototype marginals):
K K

mgx; (ep; €g) = mén,; (ep | €g) ep = €g (28)

Combining (27) with (25)-(23) yields I(Y;.S | U) = 0, i.e., exogeneity holds.

2. More Empirical Results

2.1. Robustness and Consistency Across Methods

To compare the stability of different clustering approaches under distribution shift, we report mean accuracy and standard
deviation in Table 1 and Table 2. For SSB-C, the clean datasets (CUB, SCAR, FGVC) are used as the known source domain,
while their corrupted versions serve as the unknown target domain. For DomainNet, the Real domain is taken as the known
source domain, and each of the remaining domains (Painting, Sketch, Quickdraw, Clipart, Infograph) is treated as a separate
unknown target domain.

Clustering accuracy is evaluated on both the source and target domains, and results are averaged across multiple runs.
Overall, our method demonstrates strong consistency and robustness, maintaining stable performance across diverse domain
shifts and corruption levels.

Table 1. Clustering performance of different methods on the SSB-C benchmark. Results are reported as mean =+ std.

CUB-C Scars-C FGVC-C
Methods Original Corrupted Original Corrupted Original Corrupted
All Old New All Oold New All Old New All old New All (O] New All Old New

RankStats+  19.3+2.3 22.0+2.7 154%18 13.6424 239421 45406 14.8423 208+22 7.842.0 115426 226423 1.0+02 144423 164422 145£1.9 83x1.1 156424 5.0+0.7
UNO+ 259425 40.1£23 21.3+2.0 215423 334424 8.6+1.2 22.0+22 41.8+21 7.0+£1.8 169425 298420 45+£0.6 22.0+24 334421 158423 16.5£2.6 252+2.0 8.8%1.3
ORCA 18241.6 228+2.4 145+19 21.5£2.0 23.1+£23 189422 19.1+22 287420 11.241.6 150424 224421 83+1.0 17.6+1.9 193422 16.14£2.1 139+14 173+1.8 10.1+2.2
GCD 26.6+1.1 27.5£1.7 257+1.3 251410 287414 220+£1.2 221+1.6 352+13 20.5£11 21.6+1.5 292+1.1 10514 252+15 287+1.2 23.0+14 21.0£13 23.1£1.0 17.3+1.6
SimGCD 319423 339+19 29.0+£2.0 28.8+24 31.642.1 250420 26.74+2.2 39.6+£2.1 25.64£1.9 22,1425 30.54+2.1 141424 261423 289420 251419 2234201 232423 214420
SPTNet 33.0+1.7 345+1.1 312419 30.14£2.0 33.14+1.4 26.14£2.2 28.0+1.5 402+2.0 279+1.6 242423 32.1+1.8 163+1.3 287420 302417 279422 248415 257+1.1 239424
RLCD 359419 35.1+£1.2 332421 323414 348420 285+1.1 298418 412422 304415 253+£1.0 334421 18.1£1.6 279+13 30.14£23 26.8+1.4 244422 26.8+1.2 227420
CDAD-Net  40.4+1.8 389+1.3 39.3+22 37.74+19 39.1£1.5 342423 32.1+14 429420 322+1.6 28.8+2.1 35.6+1.7 214+19 338+2.0 355£1.1 31.2422 27.8+1.6 29.6+24 256%1.5
HiLo 56.8+1.6 54.0+13 603%1.5 52.0£1.6 53.64£1.5 50.5+1.6 39.5+1.2 448+1.7 37.0£1.3 35.6+1.8 429+1.2 284415 442+1.7 50.6+1.6 474413 312414 29.0£1.5 33.4+1.6
FREE 604419 58.5+2.1 632+2.0 557422 57.1£18 53.7+14 43.6+1.9 48.1+2.1 40.8+17 389+1.5 46.1+1.8 32.6+12 48520 549+1.9 512416 350+13 324+£17 389+15

CausalGCD  62.2+1.4 60.1£1.5 64.9+1.5 57.8+1.7 56.6+1.2 569+1.4 458+18 49.1£1.3 422+1.5 41.5+1.1 456+13 36.0+£1.0 498+19 56.1+1.6 53.1+£1.4 37.2+1.1 334+10 402+12




Table 2. Clustering performance of different methods on the DomainNet benchmark.

Results are reported as mean =+ std.
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ORCA 319415 49.8+17 235419 287423 3 70409 325411 500413 239421 145413 72410 192420 391420 34+11 35£06 32409 320409 497415 239413 191412 31.8+10 43405 291422 477+18 200424  86+£13 137419 70413
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SPINa  L6ELS 765523 $47020 2518 BILL2 IISL2 GIIELL TE22 SILLE 161420 260410 (L3524 ALIL22 GS6LLY AL 69513 SIL04 LTEL3 @516 T6SELA SS4LL9 ATEL2 M0ILL4 IBELS SISLLS GI9R1 462613 119517 1D4LLS T9ELI
RLCD 61519 TRALI2 SIEELI 65423 37424 62420 G28EL4 TIASLL $57620 170516 4412 IS217 91E10 GAL23 MOLLA 70509 SKES TREI2 @23418 TLIL) $I7424 M5i21 30423 139523 12408 663i23 AL 120513 I1S9L1 95209
COADNet 616515 TISEL4 563522 MALLS HALLe NSNS 619512 76321 S21ELI 29521 IS913 4RSS0 66321 HTE0 GSL0 S6E07 TILI GLILLS TIGLY SILLE 22ils 9Ll 190522 65420 GROSL4 ATAL3 ILESl2 I1S6E17 94208
Hilo | 64415 TIGSLS SISLLG MLISL6 29617 IS4 G317 TISELE 59415 DULLT IIS14 SBEELS T84ELI SSELA T4SLI 69505 ROSLS G810 TIGELO SS6LE ZTEL2 ML 2TEL6 62618 TRILLO SIOL0 ISTEL3 164413 118+L1
FREE 677416 781415 612413 456414 461416 448412 67.8+18 782415 616414 258413 209411 614+1.7 781416 551413 89410 78+04 90412 664418 T81+16 60.1+1.3 293415 372£1.6 263+£1.0 681419 789415 602414 16111 186413 134410
CausalGCD 699410 779512 641414 480411 473210 464415 693+1.0 787413 635+14 243£12 251410 232413 629£11 777414 576212 93x11 76209 99£1.0 68.0+15 779414 626414 312412 37.0£13 284414 70.0£10 782415 62.1+13 175:1.0 199412 150411
Table 3. Detailed clustering performance on CUB-C. We report the clustering accuracy on each corrupted domain.
Methods Gaussian Noise Shot Noise Impulse Noise Zoom Blur Snow Frost Fog Speckle Spatter
Al Old New All Old New All Old New All Old New All Old New Al Old New All Old New All Old New All Old New
RankStats+ 136 209 45 127 284 51 123 274 54 152 337 49 160 347 56 175 384 48 187 407 49 168 365 53 223 481 47
UNO+ 185 324 76 172 305 72 171 3L1 62 204 357 84 207 356 7.0 207 352 74 302 522 105 229 420 84 297 527 112
ORCA 215 231 199 212 237 188 211 231 192 204 220 189 20 221 183 220 255 185 192 204 180 224 208 190 248 313 183
GCD 234 227 200 227 204 310 219 203 196 251 253 210 236 229 202 239 231 208 297 311 244 276 267 246 352 362 303
SimGCD 238 266 220 216 238 204 204 225 194 305 358 262 290 343 249 201 326 267 330 369 301 273 296 261 415 470 370
SPTNet 255 283 238 232 257 222 224 243 212 324 376 280 309 364 266 307 346 284 348 387 319 289 314 277 432 489 386
RLCD 265 294 249 240 268 232 234 255 226 333 390 204 320 370 281 312 353 291 355 397 330 295 322 286 444 501 399
CDAD-Net 319 352 296 305 331 284 282 304 268 383 440 335 376 425 341 369 410 344 397 439 374 345 372 330 497 556 446
HiLo 418 398 439 410 387 433 422 3908 445 479 439 518 493 458 528 485 455 514 506 468 543 479 454 502 509 472 547
FREE 457 449 482 465 432 472 471 435 478 503 481 542 534 497 559 512 487 544 534 498 570 503 487 531 538 512 569
CausalGCD  47.1 435 514 480 443 490 494 450 485 531 494 563 550 49.1 572 540 49.0 561 552 499 597 519 498 545 530 501 57.0
Table 4. Detailed clustering performance on Scars-C. We report the clustering accuracy on each corrupted domain.
Methods Gaussian Noise Shot Noise Impulse Noise Zoom Blur Snow Frost Fog Speckle Spatter
Al Old New Al Old New All Old New All Old New All Old New Al Old New All Old New All Old New All Old New
RankStats+ 85 166 16 89 167 17 72 138 15 117 229 05 89 170 13 114 219 07 168 326 12 127 241 16 173 341 16
UNO+ 139 248 65 140 250 69 112 204 64 171 332 26 133 240 45 173 299 63 224 398 38 186 331 71 218 384 40
ORCA 120 314 93 132 318 97 118 292 92 145 382 79 125 326 95 157 364 100 203 477 58 170 394 105 216 488 10.6
GCD 176 242 108 171 246 112 144 209 110 232 318 80 185 255 84 232 311 102 271 408 57 226 301 124 310 431 7.1
SimGCD 181 235 157 183 235 155 152 190 154 244 327 131 197 264 129 239 319 133 280 386 127 234 306 164 324 454 131
SPTNet 198 253 17.5 203 251 17.1 17.1 208 172 260 348 149 215 283 146 257 339 149 300 402 148 253 327 183 342 476 151
RLCD 209 263 187 214 268 185 178 217 184 270 359 162 229 295 158 273 351 159 312 420 157 264 336 192 356 490 163
CDAD-Net 226 283 203 232 290 200 193 240 201 287 380 177 244 314 172 291 374 174 335 453 17 281 355 206 374 490 18.1
HiLo 310 380 243 315 383 249 302 366 239 384 451 319 368 449 290 365 438 295 407 495 322 371 37.01 296 379 454 306
FREE 356 428 279 354 420 278 349 419 27.6 422 502 358 411 49.6 345 412 472 335 454 531 359 412 413 337 421 499 348
CausalGCD  37.1 425 29.5 380 423 299 363 43.0 284 450 512 370 430 503 368 433 482 366 471 550 364 425 438 360 442 480 369
Table 5. Detailed clustering performance on FGVC-C. We report the clustering accuracy on each corrupted domain.
Methods Gaussian Noise Shot Noise Impulse Noise Zoom Blur Snow Frost Fog Speckle Spatter
Al Old New Al Old New Al Old New All Old New All Old New Al Old New All Old New All Old New All Old New
RankStats+ 7.3 136 50 63 107 58 60 107 53 101 199 43 62 125 38 89 177 41 125 244 45 76 140 52 105 201 49
UNO+ 155 252 58 135 221 49 132 200 62 201 282 120 156 213 99 176 252 99 193 269 117 165 272 56 209 296 123
ORCA 119 173 1.1 1L1 156 113 109 159 103 152 243 85 113 154 91 126 221 93 167 289 9.1 122 188 104 150 251 93
GCD 160 200 143 138 190 115 123 160 134 277 254 241 191 177 152 239 240 182 318 301 247 161 270 149 287 307 259
SimGCD 163 162 184 142 145 160 137 130 165 289 314 284 200 224 195 245 292 219 319 378 280 168 180 177 298 329 286
SPTNet 176 175 199 156 157 177 149 145 182 304 332 300 218 241 213 257 305 237 332 361 293 183 194 190 310 345 303
RLCD 187 186 209 168 172 189 159 155 194 314 343 311 224 250 223 27.1 315 250 343 363 305 196 208 202 321 351 314
CDAD-Net 213 215 238 196 200 214 186 185 220 345 372 343 255 276 260 30.1 327 294 317 360 273 224 240 235 314 348 313
HiLo 286 252 320 268 244 292 279 245 314 368 342 394 278 279 278 334 304 364 358 341 37.5 304 304 327 334 324 344
FREE 337 284 345 312 272 325 320 279 346 399 363 413 304 305 309 361 331 387 379 37.6 409 345 342 368 373 356 379
CausalGCD  35.1 29.2 361 33.0 290 341 333 281 357 420 364 430 328 33.0 329 384 353 392 39.0 373 426 362 358 382 397 379 394

2.2. Comprehensive Results on the SSB-C Benchmark

To obtain a more complete understanding of model behavior under corruption-induced distribution shifts, we additionally
evaluate our method across all corrupted settings included in the SSB-C benchmark. The corresponding results are listed
in Table 3, Table 4, and Table 5. Across nearly all corruption types and severity levels, our approach achieves consistently
strong accuracy and frequently surpasses alternative methods. These findings demonstrate that the proposed framework
remains reliable even when the input distribution undergoes substantial degradation.



2.3. Extended Cross-Domain Analysis on DomainNet

To further examine the generalization capability of our framework, we conduct extensive experiments on the DomainNet
benchmark under multiple cross-domain configurations. In each evaluation, the Real domain is used as the known source
domain, while each of the other five domains is treated in turn as an unknown target domain during training. After training
on a particular source—target combination, the resulting model is then tested on the remaining four domains that were not

involved in training. Detailed quantitative results are included in Table 6 through Table 13.

Across this broad collection of transfer scenarios, our approach maintains a clear performance advantage over competitive
baselines. These experiments confirm that the proposed method effectively captures semantic information that is invariant to
visual style, enabling robust transfer to previously unseen domains.

Table 6. Clustering results when using Real as the known source domain and Sketch as the unknown target domain. Performance is

evaluated not only on these two domains but also on the remaining unseen domains.

Methods Real Sketch others

All  Old New All Old New All Old New
RankStats+ 342 620 198 17.1 311 6.8 173 30.0 6.1
UNO+ 437 725 289 125 170 92 174 264 95
ORCA 325 50.0 239 114 145 72 133 231 9.1
GCD 48.0 53.8 453 16.6 224 11.1 20.7 258 158
SimGCD 624 776 546 164 202 13.6 204 254 16.1
SPTNet 62.7 778 549 169 20.8 139 212 259 169
RLCD 63.0 776 556 174 203 156 214 264 16.7
CDAD-Net 625 774 551 166 202 141 221 27.1 169
HiLo 633 779 559 194 224 17.1 213 258 174
FREE 65.8 784 572 225 251 19.8 240 27.0 19.8
CausalGCD 674 78.1 59.1 247 27.1 220 269 264 232

Table 7. Clustering performance on the remaining domains when the Real domain is used as the known source domain and Sketch is

selected as the unknown target domain.

Methods Painting Quickdraw Clipart Infograph

Al Old New All Old New All Old New All Old New
RankStats+ 29.7 492 102 23 21 24 246 459 59 125 226 59
UNO+ 30.8 440 176 24 24 23 231 380 101 132 212 79
ORCA 23.1 391 172 25 30 20 197 331 100 89 181 170
GCD 326 40.1 315 16 19 15 241 31.1 149 141 162 10.2
SimGCD 3877 447 327 19 12 25 252 353 163 158 203 128
SPTNet 379 442 322 20 15 21 257 358 169 162 209 13.1
RLCD 39.0 444 331 16 1.1 22 262 358 172 162 208 132
CDAD-Net 38.0 441 328 20 13 23 258 361 167 17.1 213 148
HiLo 39.8 447 349 19 20 1.7 272 359 196 162 205 134
FREE 419 458 372 25 29 23 298 365 21.8 181 228 155
CausalGCD 445 471 394 38 25 28 328 356 256 193 240 17.2

2.4. Extended Hyperparameter Sensitivity Analysis

To further understand the influence of key hyperparameters in our framework, we conduct an extended sensitivity study fo-
cusing on two critical components: (1) the number of top eigenvectors m used in the CGMC module, and (2) the intervention



Table 8. Clustering performance when Real is used as the known source domain and Quickdraw as the unknown target domain, along with
results on the remaining unseen domains.

Real Quickdraw others
All Old New All Old New All Old New
RankStats+ 34.1 625 195 4.1 44 39 210 374 72

Methods

UNO+ 31.1 60.0 161 63 58 68 186 322 70
ORCA 192 391 153 34 35 32 156 284 8.1
GCD 37.6  41.0 352 57 42 69 219 343 122
SimGCD 474 645 374 6.6 58 75 229 338 138
SPTNet 478 649 376 68 59 7.8 231 33,6 145
RLCD 492 671 382 69 56 85 251 343 151
CDAD-Net 513 667 494 7.1 62 79 253 358 159
HiLo 58.6 764 525 74 69 80 259 325 204
FREE 623 789 563 81 81 89 276 339 221

CausalGCD 64.1 785 3581 9.0 87 9.7 291 340 234

Table 9. Detailed clustering performance on the remaining domains when Real is used as the known source domain and Quickdraw as the
unknown target domain.

Painting Sketch Clipart Infograph
All Old New All Old New All Old New All Old New
RankStats+ 29.6 49.0 102 17.1 321 6.1 248 454 67 126 231 5.7

Methods

UNO+ 268 437 99 147 256 66 207 384 51 122 210 64
ORCA 222 409 101 119 224 7.1 175 356 57 103 187 6.6
GCD 329 457 214 185 305 108 235 39.0 107 138 221 7.6
SimGCD 33.8 451 225 194 30.1 115 240 385 114 145 21.6 9.8
SPTNet 345 46.1 242 213 321 11.7 262 395 11.8 156 231 99
RLCD 362 46.0 251 21.8 31.8 125 260 39.1 11.7 165 224 109
CDAD-Net 36.8 469 243 219 30.8 14.6 268 38.7 142 157 223 1138
HiLo 386 45.1 322 229 288 185 260 364 169 162 19.8 139
FREE 42.1 465 365 251 319 201 292 389 207 191 215 157

CausalGCD 444 467 384 27.6 318 224 31.6 389 224 213 221 175

strength parameter x that controls the magnitude of feature intervention. As shown in Fig. 1, using approximately m ~ 5
top eigenvectors is sufficient to capture the intrinsic geometric structure of each category. This observation indicates that
the dominant semantic manifold can be effectively represented by the subspace spanned by the first few largest eigenvalues
and their corresponding eigenvectors. We additionally examine the parameter «, which governs the degree of intervention
applied to the latent representation. A larger « introduces stronger perturbations that help disentangle causal semantic factors
from domain-specific noise. When « is too small, the intervention becomes insufficient to induce meaningful semantic shifts,
potentially leading to unstable behavior and weaker causal separation. Conversely, appropriately increasing « enhances the
model’s ability to isolate semantically relevant variations and prevents learning degenerate representations. Overall, the re-
sults show that our model is robust to a wide range of hyperparameter configurations, and the framework maintains stable
performance as long as m and & fall within reasonable ranges.

2.5. Pseudocode

The pseudocode of CausalGCD, summarizing its key causal components and overall training procedure, is provided in
Algorithm 1.



Algorithm 1: Training Procedure of the CausalGCD Framework

e N N R W N =

W oW W W W NN RN NN NN NN D e e e e e e e e e e
W RN = S 0 X N R W N= S O X NN R W N =D
RN

Input : labeled source set D; = {(z,3})}
inference encoder G, intervention encoder G’, classifier g; number of epochs E; batch size B;

Ny .
i=1>

Ny .
i=1°

unlabeled target set D, = {z}'}

learning rate 7; trade-off hyperparameters A1, ..., s

Output: optimized model f* = {G*,G"™, g*}

/

——— Source-domain causal dependency, KL index, and separation —---

Function CDR_Source (B, G, G, g):

/ *

*

/ *

=

/%

Sample mini-batch B; = {(z},y})}2., from D;;
us + G(By), ul, + G'(By);

9s <= g(us), Js = g(uy);

Compute source CDR loss Lp using Eq. 7;
Compute variability index L, using Eq. 9;
Compute separation loss Lo, <+ K — [Jus — ul||3;
return LCp, L5 | Effep

—-—— Target-domain CDR with pseudo labels —-—-—

Function CDR_Target (B.,G,G’,g):

Sample mini-batch B,, = {x;‘}fz"l from D,;
up  G(Bu), up + G'(Bu);

e < glue). gt < g(ut):
Obtain pseudo labels 3; (e.g., g+ = arg max g or confidence-based);
Compute target CDR loss Lq using Eq. 7;

Compute variability index [,%L using Eq. 9;
Compute separation loss £&, + & — [|us — uj]
return Lo, 3¢, U+, E%L, Lgp

—-—— Prototype update and exogeneity loss ——-—

2.
2>

unction Update Prototypes (B, Jt, Us, Ut) &

Update source prototypes ef by averaging G (2}) over 3! = k in B;;

Update target prototypes e& by weighted averaging u; over pseudo labels §; = k;
Compute exogeneity loss Le;

return L., {ef }, {e}

—-—— Causal Geometric Manifold Constraint (CGMC) ---

unction Compute_CGMC (By, G, {ef}, {eb}) :

Generate style-transferred samples % = F 1 (AL - &’ 7)'iu) via Fourier-based style transfer;

Zp G(:f:;‘), ZQ — G(.’L';L),

For each known class k and unknown class r:
Compute covariance matrices and principal directions to obtain manifolds CGE, CG3, CG&, CGq;
Compute geometric correlations Simp(k, 7) and Simg(k, r);

Compute Legme

return Legmc

—-—— Main training procedure —--—-

Initialize parameters of G, G, g;

Compute initial source prototypes {ek} on Dy;

38 for epoch = 1to E do

39 for b = 1 to max{|D;|, |D.|}/B do

40 Sample B; and B,, from D; and D,,;

a1 Lp, Lk, Liep + CDR_Source(By, G, G’, g)

) Lo, Geyue, L2y, LS, + CDR_Target (B, G, G, g)

43 Le,{ek}, {ef} « Update Prototypes(Bi, §t, G(B), ut)
4 Legme + Compute_CGMC(Bu, G, {ef}, {e§})

45 Compute total loss:

46 L=Lp+ )\1[,@ + ALk + A3Le + )\4[/cgmc + >\5£Sep;
47 Backward pass: compute VoL with § = {G,G’, g};

48 Update parameters: 6 <— 6 — nVyL;

49 end for

50 end for

51 return optimized model f* = {G*, G, g*}

*/

*/

*/

*/

*/




Table 10. Clustering results when Real is taken as the known source domain and Clipart as the unknown target domain, along with
performance on the remaining unseen domains.

Real Clipart others
All Old New All Old New All Old New
RankStats+ 34.0 624 194 241 451 62 158 270 64

Methods

UNO+ 445 66.1 333 219 356 101 162 232 105
ORCA 320 497 239 191 318 43 137 199 8.6
GCD 4777 538 443 224 344 160 180 24.1 121
SimGCD 61.6 772 53.6 239 315 173 192 236 15.6
SPTNet 63.0 777 539 244 318 179 212 245 167
RLCD 63.1 778 541 249 323 185 220 251 17.0
CDAD-Net 629 776 53.8 258 330 181 222 1257 16.1
HiLo 63.8 776 56.6 277 346 21.7 198 23.6 16.8
FREE 66.1 783 60.1 294 371 249 234 239 20.1

CausalGCD 68.5 78.0 63.1 322 394 261 258 24.0 22.6

Table 11. Clustering results on additional domains when Real is used as the known source domain and Clipart as the unknown target
domain.

Painting Quickdraw Sketch Infograph
All Old New All Old New All Old New All Old New
RankStats+ 30.0 503 97 26 23 29 174 319 68 131 236 62

Methods

UNO+ 315 433 196 28 21 36 173 268 102 133 206 85
ORCA 293 369 92 13 15 12 137 219 83 103 194 63
GCD 334 404 222 36 57 22 195 277 127 155 227 11.1
SimGCD 390 459 321 08 05 1.1 21.1 273 165 159 208 127
SPTNet 402 464 331 06 04 1.0 223 279 17.1 16.1 20.1 135
RLCD 417 474 347 12 09 13 235 288 185 162 204 13.1
CDAD-Net 410 468 338 10 08 1.1 226 270 172 158 20.1 112
HiLo 40.7 463 351 13 04 23 212 269 17.0 159 20.6 128
FREE 423 471 372 21 09 32 231 275 189 165 209 130

CausalGCD 443 465 395 28 11 35 25,6 295 195 18.7 225 143

2.6. Impact of Stronger Backbone Architectures

We also investigate how replacing the feature extractor affects the overall performance of different methods. To this end, we
substitute the original backbone with a pretrained CLIP encoder [4] and replicate all experiments using this more expressive
and powerful visual representation.

Table 14 shows that adopting a stronger backbone leads to noticeable performance improvements across all compared
models. More importantly, with the enhanced representation capacity of CLIP, our CausalGCD framework continues to
outperform the best-performing baseline (FREE), further emphasizing the robustness and scalability of our approach. These
results suggest that CausalGCD can readily benefit from advances in visual backbones and remains competitive even in
high-capacity settings.

2.7. Unknown category number

In the previous experiments, we adopted the common assumption that the number of unknown categories is provided before-
hand. This assumption, however, rarely holds in realistic open-world scenarios. To evaluate the practicality of our framework,



Table 12. Clustering performance when Real is used as the known source domain and Infograph as the unknown target domain, together
with results on the remaining unseen domains.

Real Infograph others
All Old New All Old New All Old New
RankStats+ 342 624 196 125 219 63 185 321 64

Methods

UNO+ 428 694 290 109 152 80 182 28.0 9.6
ORCA 29.1 477 201 86 137 7.1 138 248 54
GCD 419 46.1 390 109 171 88 190 29.1 11.1
SimGCD 527 670 448 116 154 9.1 208 284 142
SPTNet 534 679 451 121 162 89 209 28.6 144
RLCD 539 683 458 125 167 9.1 215 294 146
CDAD-Net 535 656 472 136 172 98 220 29.1 162
HiLo 642 781 57.0 13.7 164 119 230 285 183
FREE 66.5 804 603 159 172 138 241 294 195

CausalGCD 68.3 81.7 624 17.7 169 163 26.5 28.8 225

Table 13. Clustering results on the remaining domains when Real is used as the known source domain and Infograph serves as the unknown
target domain.

Painting Quickdraw Sketch Clipart
All Old New All Old New All Old New All Old New
RankStats+ 29.6 492 100 25 16 34 174 322 65 244 455 58

Methods

UNO+ 30.8 448 168 27 23 31 170 270 97 223 378 87
ORCA 200 402 81 16 18 12 132 21.1 80 205 360 4.1
GCD 30.8 45.1 184 36 47 25 188 264 112 229 400 123
SimGCD 359 456 2063 21 1.7 25 208 293 145 245 369 13.6
SPTNet 36.3 46.1 2064 23 1.8 27 212 297 148 249 372 14.1
RLCD 372 468 269 25 19 29 223 305 153 251 373 147
CDAD-Net 393 465 296 25 17 34 218 305 161 256 365 164
HiLo 40.1 46.1 358 20 22 15 226 294 176 266 363 18.1
FREE 445 472 397 28 29 23 241 302 193 287 371 202

CausalGCD 47.1 485 412 31 35 3.0 262 320 212 304 383 223

Table 14. Clustering performance on DomainNet with Real as the known source domain and Painting as the unknown target domain.

Methods Backbone Real Painting

All Old New All Old New
FREE DINO 67.7 781 612 456 46.1 448
CausalGCD DINO 699 779 64.1 48.0 473 464
FREE CLIP 782 783 695 51.0 542 493

CausalGCD CLIP 80.3 784 72.0 531 557 528

we further consider a more challenging setting where the number of novel classes is not known and must be inferred auto-
matically. We employ a state-of-the-art offline class-number estimation method [5] to predict the number of novel categories

before the discovery stage, and then rerun the complete pipeline using the estimated value.
As reported in Table 15, our CausalGCD model maintains a clear performance advantage even under this more realistic
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Figure 1. Hyperparameter sensitivity analysis.
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Figure 2. Object-region visualizations extracted using IS-Net [3]. These regions serve as proxies for the underlying causal semantic
features.

configuration. Although class-number estimation inevitably introduces additional uncertainty, CausalGCD consistently sur-
passes the strongest competing method (FREE), demonstrating that our framework remains reliable even when the underlying
category structure is only approximately known.



Table 15. Clustering performance using the estimated number of categories.

Methods g Original Corrupted

All Old New All Old New
FREE GT. (200) 604 58.5 632 557 571 537
CausalGCD  GT. (200) 622 60.1 649 578 56.6 56.9
FREE Est. (257) 593 56.1 620 544 561 523
CausalGCD  Est. (257) 614 584 63.8 56.7 557 55.2
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