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A. Impact of Hyperparameter on Accuracy & Convergence:

Figure 1 shows that despite using different hyperparameter configurations, the accuracy on both unseen and seen data
consistently converges to a similar value. The primary difference is in the speed of this convergence, with a slight performance
drop observed when « and 3 are significantly larger than .

Accuracy with Different Hyperparameters
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Figure 1. Seen (S) and Unseen (U) accuracy in different set of («, 3, y)



B. Evaluations

We provide experimental comparisons in Tables 1 and 2 against all previously established compositional zero-shot learning
methods, including AoP [9], LE+ [8], TMN [11], SymNet [4], CompCos [6], CGE [8], Co-CGE [7], SCEN [2], KG-SP [1],
CSP [10], and DFSP [5]. Performance is assessed in both closed-world and open-world scenarios.

MIT-States UT-Zappos C-GQA

S U H AUC S U H AUC S U H AUC
AoP [9] 143 174 99 1.6 | 598 542 408 259 | 170 56 59 0.7
LE+ [8] 150 201 107 20 | 530 619 410 257 | 181 56 6.1 0.8
TMN [11] 202 20.1 13.0 29 | 587 600 450 293 | 231 65 7.5 1.1
SymNet [4] | 242 252 161 30 | 498 574 404 234 | 268 103 11.0 2.1
CompCos [0] | 253 246 164 45 | 598 625 431 281 |28.1 112 124 26
CGE [8] 31.1 5.8 6.4 1.1 | 62.0 443 403 231 |321 20 34 0.5
Co-CGE[7] | 31.1 538 6.4 1.1 | 62.0 443 403 23.1 |321 20 34 0.5
SCEN [2] 299 252 184 53 | 635 631 478 320 | 289 254 175 55
CLIP [12] 302 459 261 11.1 | 158 492 156 5.0 77 248 84 1.3
CSP[10] 46.6 499 363 194 | 642 662 46.6 33.0 | 288 268 205 6.2
CSP [10] 466 499 363 194 | 642 662 466 33.0 | 288 268 205 6.2
DFSP [5] 469 520 373 206 | 66.7 71.7 472 360 | 382 320 271 105
HOMOE 505 54.6 399 233 | 684 739 491 375 | 358 308 245 9.1

Method

Table 1. Closed World Evaluation. Comparison to state-of-the-art models

MIT-States UT-Zappos C-GQA
Method S U H AUC| S U H AUC| S U H AUC
AoP [0] 166 57 47 07 |509 342 294 137 | - - - -
LE+ [¢] 142 25 27 03 | 604 365 305 163|192 07 10 008
TMN [10] 126 09 12 01 |59 181 217 84 | - - - -
SymNet [4] 214 70 58 08 | 533 446 345 185 | 267 22 33 043
CompCos [6] 254 100 89 1.6 |593 468 369 213 | - - - ;
CGE [5] 24 51 60 10 | 617 477 390 231 | 327 18 29 047

Co-CGE™Closed [7] | 31.1 5.8 6.4 1.1 62.0 443 403 231 | 321 20 34 053
Co-CGE™Open [7] | 303 112 107 23 | 612 458 408 233 | 321 30 48 0.78

KG-SP [1] 284 75 7.4 1.3 | 61.8 521 423 265 | 315 29 47 078
DRANet [3] 29.8 7.8 7.9 1.5 | 651 543 440 288 | 313 39 6.0 1.05
CLIP [12] 30.1 143 128 3.0 156 205 113 22 75 44 40 028
CSP [10] 463 157 174 57 | 641 441 389 227 | 2807 52 69 1.2
DFSP [5] 475 185 193 58 | 66.8 60.0 440 303 | 383 72 104 24
HOMOE 504 197 207 79 | 684 619 451 311 |357 66 9.0 2.0

Table 2. Open World Evaluation. Comparison to state-of-the-art models
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