Learning Visual Proxy for Compositional Zero-Shot Learning

Supplementary Material

1. Experiments Setting

Table S1. The statistics of four CZSL datasets.

Dataset Train Val Test
A O Vs X Vs Yu X Vs Yu X
MIT-States | 115 245 | 1262 30338 | 300 300 10420 | 400 400 12995
UT-Zappos 16 12 83 22998 15 15 3214 18 18 2914
C-GQA 413 674 | 5592 27000 | 1252 1040 7000 888 923 5000
VAW-CZSL | 440 541 | 11175 72203 | 2121 2322 9524 | 2449 2470 10856

Datasets. We evaluated the model’s performance on four
datasets: UT-Zappos [25], MIT-States [6], C-GQA [15],
and VAW-CZSL[22]. UT-Zappos is a large shoe dataset
consisting of 16 attributes and 12 objects. MIT-States is
a diverse collection of everyday objects, featuring 115 at-
tributes and 245 objects. C-GQA is the largest dataset for
the CZSL task, derived from the GQA dataset [5], contain-
ing 453 attributes and 870 objects. VAW-CZSL is a new,
large-scale real-world attribute dataset specifically designed
for Compositional Zero-Shot Learning (CZSL). It contains
a diverse collection of complex attribute-object composi-
tions, with 440 attributes and 541 objects, reflecting realis-
tic visual scenarios. We followed the dataset split standards
from previous studies[16, 17] and the statistics are provided
in Tab. S1.

Implementation Details. To ensure fairness, we adopt
the parameter settings established by previous research, uti-
lizing the pre-trained CLIP ViT-L/14 model [20] as our im-
age/text encoder. For the AD-CA and OD-CA modules,
a single layer of Cross-Attention is used. During training,
we use the Adam optimizer in conjunction with a StepLR
learning rate scheduler, where the learning rate decays by a
factor of 0.5 every 3 epochs. For the UT-Zappos and MIT-
States datasets, the learning rate is 5 x 10~* and weight
decay is 1 x 1075; for the C-GQA and VAW-CZSL dataset,
the learning rate is 5 x 10~° with the same weight decay.
Training is conducted for 20 epochs in total. All training
and testing are conducted on NVIDIA A800 GPUs.

2. More Quantitative Results

We further report more comprehensive comparison results
in Tab. S2 and Tab. S3, covering both ResNetl8-based
methods, including LE+ [14], TMN [18], SymNet [12],
CompCos [8], Co-CGE [21], SCEN [10], CANet [23], and
CoT [9], as well as CLIP-based approaches such as CLIP
[20], CoOp [26], CSP [17], PCVL [24], DFSP [13], DLM
[3], ProLT [7], PLID [1], CDS-CZSL [11], and Trokia [4].

3. Parameter Sensitivity Analysis

We conducted hyperparameter analysis of the loss function
on the UT-Zappos dataset. To ensure balanced learning be-
tween textual prototypes and visual proxies, we set the same
hyperparameter « for both L; and L,,, while the hyperpa-
rameter for Lj; was set to 3. For the three-branch predic-
tion, the attribute and object branches share the same hy-
perparameter v,,, while the composition branch uses the
hyperparameter ~,:

L=a(ly+Ly)+ BLr (1)

Lo+ Ly = Yao L + L5+ L7+ L7) +7(LF + L) (2)

To evaluate the robustness of our model, we varied the
parameters «, 3, Va0, and 7. within the range {0.1, 0.5, 1,
5, 10}. The results show that all hyperparameters achieve
optimal performance when set to 1, suggesting that textual
prototypes and visual proxies complement each other and
reach optimal performance when balanced. Despite fluc-
tuations in the hyperparameters within a certain range, our
model remains stable and effective, with accuracy ranging
from 45.8% to 47.9%, significantly surpassing the state-
of-the-art method Troika [4], as shown in Fig. S1. This
minimal variation, despite substantial parameter changes,
demonstrates the stability and robustness of our model.

4. Additional Ablation Study

We evaluate our model’s performance on the UT-
Zappos[25] and MIT-States[6] datasets by initializing the
visual proxies with text feature derived from various pre-
trained language models, as summarized in Tab. S4. Specif-
ically, we examine the effects of initializing with text fea-
tures from CLIP[20], BERT [2], GPT[19], and random ini-
tialization. The experimental results indicate that using
CLIP text features to initialize the visual proxies achieves
the best performance.

This outcome can be attributed to the unique properties
of CLIP. As a vision-language model trained on large-scale
paired image-text datasets, CLIP has learned a strong corre-
spondence between visual and textual representations. This
cross-modal alignment allows its text features to serve as
an effective starting point for visual prototypes, facilitating
seamless integration with visual features.

In contrast, models like BERT and GPT are pre-trained
exclusively on natural language tasks. While they provide
semantically rich text features, their lack of alignment with
the visual modality limits their effectiveness for initializ-
ing visual prototypes. Additionally, random initialization



Table S2. The experimental results for Without-CLIP and With-CLIP methods under the closed-world setting. The best performances are
highlighted in bold.

C-GQA UT-Zappos MIT-States
Method | Venue S U HM AUC| S U HM AUC| § U HM AUC
Without CLIP
LE+[14] | CVPR'17 [ 181 56 61 08 [530 619 41.0 257 [ 150 201 1047 2.0
TMN[I8] | ICCV’19 | 231 65 7.5 1.1 | 587 600 450 293 | 202 201 130 29
SymNet[12] | CVPR'20 | 268 103 11.0 2.1 | 498 574 404 234 | 242 252 161 3.0
CompCos[8] | CVPR'21 | 28.1 112 124 2.6 |598 62.5 43.1 281 | 253 246 164 45
Co-CGE[21] | TPAMI'22 | 28.1 119 127 28 |582 633 441 261 |278 252 175 5.1
SCEN[10] | CVPR'22 | 293 119 127 28 | 635 63.1 478 291 | 299 252 184 53
CANet[23] | CVPR'23 | 300 132 145 33 | 610 663 473 331 | 290 262 179 54
CoT[9] | ICCV'23 | 331 166 166 45 | - - - - 1308 268 196 62
With CLIP
CLIP[20] | ICML21 | 75 250 86 14 [158 491 156 50 |302 460 261 11.0
CoOp[26] | TCV'22 | 205 268 17.1 44 | 521 493 346 188 | 344 476 298 13.5
CSP[17] | ICLR’23 | 288 268 205 62 | 642 662 466 330 | 466 499 363 194
PCVL[24] | arXivi22 | - - ] - | 644 640 461 322 | 485 472 353 183
DESP(20[13] | CVPR'23 | 35.6 293 243 87 | 642 664 451 321 | 474 524 372 207
DESP(BIiF)[13] | CVPR'23 | 365 320 262 99 | 633 692 47.1 335 |47.1 528 377 208
DESP(®2i)[13] | CVPR'23 | 382 320 27.1 105 | 667 717 472 360 | 469 520 373 206
DLM[3] | AAAT24 | 324 285 219 73 | 671 725 520 39.6 | 463 498 374 200
ProLT[7] | AAAT'24 | 395 329 277 110 | 660 70.1 494 36.1 | 49.1 510 382 21.1
PLID[1] | ECCV'24 | 388 330 279 110 | 673 688 524 387 | 497 524 390 22.1
CDS-CZSL[11] | CVPR'24 | 383 342 281 111 | 639 748 527 395 |503 529 392 224
Troika[4] | CVPR'24 | 41.0 357 294 124 | 668 73.8 546 417 | 490 53.0 393 22.1
VP-CMJL(Ours) 460 402 349 163 | 719 763 585 479 | 51.8 526 404 233

Table S3. The experimental results for Without-CLIP and With-CLIP methods under the open-world setting. The best performances are
highlighted in bold.

C-GQA UT-Zappos MIT-States
Method | Venue S U HM AUC| S U HM AUC| S U HM AUC
Without CLIP
LE+[14] | CVPR'17 | 192 07 1.0 01 |604 365 305 163|142 25 27 03
TMN[18] | ICCV°19 | - - ; - 559 181 217 84 | 126 09 12 0.1
SymNet[12] | CVPR'20 | 26,7 22 33 04 |533 446 345 185|214 70 58 08
CompCos[8] | CVPR'21 | 284 18 28 04 |593 468 369 213 |254 100 89 16
Co-CGE[21] | TPAMI'22 | 287 1.6 26 04 | 601 443 381 213|264 104 101 20
With CLIP
CLIP[20] | ICML21 | 75 46 40 03 | 157 206 112 22 |30.1 143 128 3.0
CoOp[26] | TCV22 [21.0 46 55 07 |521 315 289 132|346 93 123 28
CSP[17] | ICLR23 | 287 52 69 12 |641 441 389 227 | 463 157 174 5.7
PCVL[24] | arXivi22 | - - - - | 646 440 371 216 | 485 160 177 6.1
DFSPG20[13] | CVPR'23 [ 356 56 9.0 19 | 643 538 412 264 | 472 182 191 6.7
DFSPBIF)[13] | CVPR23 | 365 7.6 106 24 | 635 572 427 276 | 471 181 192 67
DESP(2i)[13] | CVPR’23 | 382 72 104 24 | 668 600 440 303 |475 185 193 6.8
PLID[1] | ECCV24 | 39.1 75 106 25 |67.6 555 466 308 |49.1 187 204 73
CDS-CZSL[11] | CVPR'24 | 376 82 11.6 27 | 647 613 482 323 | 494 218 221 85
Troika[4] | CVPR'24 | 408 7.9 109 27 |664 612 478 330 | 488 184 201 7.2
VP-CMJL(Ours) 460 115 155 4.6 | 719 66.6 545 414 |51.8 199 220 83
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Figure S1. Sensitivity analysis on loss weighting coefficients «, 3 740 and . on the UT-Zappos.
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Figure S2. Qualitative results on UT-Zappos Dataset. The term *w/o vp’ refers to the text-prototype-based method, while the green font

indicates correct labels and the red font indicates incorrect labels.

Table S4. Results on UT-Zappos and MIT-States datasets visual
proxies with different initializations.

UT-Zappos MIT-States
Model S U HM AUC| S U HM AUC
CLIP[20] | 719 763 585 479 | 518 52.6 404 233
BERT[2] | 662 745 569 426 | 518 SL1 397 226
GPT[19] | 60.31 7224 520 370 | 508 513 384 218
Random | 61.58 71.76 52.13 37.52 | 49.5 51.55 37.88 213

introduces significant uncertainty during training, making it
more difficult for the model to converge quickly and learn
optimal visual proxies.

We also observe that datasets with more similar compo-
sitions, such as UT-Zappos, are more sensitive to the ini-
tialization of visual proxies. These datasets require fine-
grained visual proxies to accurately capture distinguishing
features, amplifying the importance of effective proxies ini-
tialization.

Therefore, we adopt CLIP text features for initializing
visual proxies to accelerate convergence and facilitate the
learning of more effective and precise visual representa-
tions.

5. Additional Qualitative Visualization

To provide a more intuitive demonstration of the effective-
ness of dual-modal prototypes, we visualize the image fea-
ture clustering performance and selected cases on the UT-
Zappos dataset.

Attribute: broken

Figure S3. Comparison of Image Feature Clustering Performance
between Baseline and Our Model on the UT-Zappos Dataset.

5.1. Case Study Analysis

We further visualize the qualitative results of the model on
the UT-Zappos dataset in Fig. S2. Specifically, we present
both successful and failure cases of the proposed VP-
CMJL model, along with those from the text-prototype-



based method, denoted as w/o vp’. The results clearly
show that VP-CMJL can accurately distinguish between
visually similar compositions, such as ’Suede Boots.Mid-
Calf’ and ’Suede Boots.Ankle’, whereas the text-prototype-
based method struggles to differentiate compositions with
similar visual appearances. This demonstrates that VP-
CMJL effectively learns fine-grained compositional fea-
tures. In failure cases, although the model does not al-
ways correctly identify the complete composition, it often
successfully classifies at least one of the primitives. Fur-
thermore, we employ Grad-CAM to visualize the model’s
ability to capture fine-grained classification cues. As shown
in Fig. S3, for fine-grained attributes such as "broken’, our
model is able to localize more precise visual cues compared
to CLIP, thereby enhancing category discriminability.

5.2. Visualization of Image Feature Clustering

We first generate a t-SNE visualization of image features
for six categories from the UT-Zappos dataset, as depicted
in Fig. S4. Compared to the baseline, our model signifi-
cantly reduces intra-class distances and increases inter-class
distances. This demonstrates that the proposed visual proto-
types effectively enhance feature learning within the visual
modality.
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Figure S4. Comparison of Image Feature Clustering Performance
between Baseline and Our Model on the UT-Zappos Dataset.
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