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A. Additional experimental results

We provide additional results of our method, C2LIP, and
the baseline contrastive models employing the same ViT-B
backbone listed in Tab. Al. Please refer to the main paper
for details of the benchmarks and evaluation protocol.

This section is organized as follows. First, we show
that our proposed loss function is not sensitive to scaling
hyperparameters in Sec. A.1. Next, the evaluation results
on compositionality benchmarks including SugarCrepe and
SugarCrepe++ are described in Sec. A.2, and the evalu-
ation of VLM tuned with our frozen CLIP in Sec. A.3.
Furthermore, we discuss zero-shot retrieval performance in
Sec. A.4. Finally, the zero-shot classification results are
given in Sec. A.5.

Table Al. Baseline methods. Summary of baseline methods and
their corresponding training datasets. The last column indicates
whether the provided checkpoints were trained from scratch (v').

Model | Training data | Train from scratch

Composition-aware
CE-CLIP [15]
NegCLIP [14]
CLIC [10]

DAC [3]
SLVC [2]
CoN-CLIP [11]
TripletCLIP [9]
Codebook-based
Codebook-CLIP [1]
IL-CLIP [16]
Fine-grained training
DreamLIP-3m [17]
FLAIR-3m [12]

FG-CLIP [13]
FineCLIP [5]
LLIP [6]

MSCOCO
MSCOCO
LAION-1.5B

CC3M

LAION-2B + FineHARD
MSCOCO
Common Crawl 12.8B

AN N NN N NN

A.l. Sensitivity to hyperparameters in objective
function

Tab A2 shows the avarage accuracies on SugarCrepe of
models trained with different values of A\j,,,. & Azqc. The
variation in performance scores is marginal, showing that
our proposed loss function is insensitive to the values of
these hyperparameters. We selected the combination of
(1,0.01) in all our experiments.

Table A2. Ablation of trade-off hyperparameters in the objec-
tive function. We experimented with different values of Appne &
Azac sShowing our proposed method incurs little sensitivity to these
hyperparameters.

Ahne | Azac | SugarCrepe Average Accuracy
0.5 0.5 84.6
0.5 0.1 85.2
0.5 | 0.01 85.2
1 0.5 85.1
1 0.01 85.6

A.2. Compositionality evaluation

In addition to the task-specific average scores shown in
Tab. 2 of the main paper, we include all accuracy scores
of all competing methods on all sub-tasks of SugarCrepe
and SugarCrepe++ benchmarks in Tab. A3 and Tab. A4, re-
spectively.

SugarCrepe benchmark. As can be seen in Tab. A3, our
concept centric contrastive learning method improves the
performance of the original base model, SigLIP, by 7.67%
on average, surpassing most other composition-aware meth-
ods as the second best performing model, only behind DAC-
LLM [3] by 0.8 percentage points. Notably, these methods
rely on training with hard-negatives to induce the compo-
sitionality representations. Instead our method emphasizes
better exploiting regular data, with auxiliary concept cen-



tric objectives, to improve compositional representations.
In particular, C?LIP excels at recognizing incorrect objects
in the image, evidenced by the highest scores on “Replace
Object” and “Add Object” sub-tasks. Moreover, C*LIP ex-
hibits strong attribute-binding capabilities, with the highest
score on “Swap Attribute” and second best on “Replace At-
tribute”. Our method, however, lags behind in “Replace Re-
lation” and “Swap Object” sub-tasks. On the other hand, the
substantial improvements on these two sub-tasks compared
to the original SigLIP model demonstrate the effectiveness
of our method. The results on SugarCrepe should be inter-
preted carefully, as the benchmark is insufficient to evaluate
lexical sensitivity and semantic understanding [4].

SugarCrepe++ benchmark. SugarCrepe++ [4] resolves
this problem by extending the protocol of SugarCrepe by
using two positive captions and requiring both of them to be
higher ranked than the negative, to be considered correct.
By that, it aims to address the limitation of SugarCrepe,
where the caption patterns can be, to some extent, imitated
to create custom training data. However, the second pos-
itive captions in SugarCrepe++ aim to evaluate the gener-
alization capabilities of contrastive models. Intuitively, the
concepts in the second caption remain the same as in the
first, described differently, thus a model trained to fit the
pattern in the first caption may no longer align to the second.
As shown in Tab. A4, the methods relying on custom hard-
negative training data incur a substantial performance drop
across SugarCrepe++ tasks. In contrast, our method per-
forms consistently well across all tasks, showcasing both ef-
fective compositional representation as well as strong gen-
eralization capabilities. On average C2LIP outperforms the
baselines by a large margin, made possible by our proposed
concept centric learning framework.

A.3. C*LIP improves visual instruction tuning

In our compositionality experiments, C>LIP demonstrates
consistent superior accuracies in comparison to similar-
sized models. However, these experiments are limited
within the cross-modal retrieval scope, and do not provide
insights on whether these capabilities could influence other
downstream applications, such as when combining with an
LLM in the vision-language models (VLMs). Thus, we
conduct experiments based on the LLaVa [8] instruction
tuning framework, where the frozen image encoder is com-
bined with an LLM for image-to-text generation. In particu-
lar, we replace the CLIP ViT image encoder of LLaVa with
SigLIP and C2LIP vision encoders, and train the adapter
MLP and LLM following the 2-stage recipe of LLaVa on
the same data, resulting in two VLMs, LLaVA-SigLIP and
LLaVA-C?LIP, respectively. The resulting models are eval-
uated on SugarCrepe and SugarCrepe++, where the cosine
similarity score is substituted with the VQA image-text

matching score (VQAScore) [7]. The performance met-
rics are summarized in Tab. A5. LLaVA-C?LIP outperforms
LLaVA-SigLIP on both SugarCrepe and SugarCrepe++ by
0.4% and 1.6%, respectively, showing that the enhanced
compositionality comprehension capabilities of C>LIP also
transfers to the VLM that utilizes its vision encoder.

A.4. Zero-shot retrieval evaluation

We evaluate our proposed method and the baselines on two
regular retrieval benchmarks: MSCOCO and Flickr30k, and
two fine-grained retrieval benchmarks: DOCCI and Image-
in-words (ITW). We report Recall@5 scores of image-to-
text and text-to-image retrieval tasks, as summarized in
Tab. A6. As shown in this table, the composition-aware
methods incur degraded retrieval performance compared to
the base CLIP model. In contrast, C2LIP performs consis-
tently well, it is the best performing model on most tasks,
and on par with the top models for the remaining tasks. Our
model enjoys 1.9 percentage point improvement over the
original SigLIP on average. These results prove that our
training method not only effectively maintains, but can also
improve the generalization capability of the original model.

A.5. Zero-shot classification evaluation

Pretrained contrastive V&L models are increasingly em-
ployed in a variety of downstream tasks in computer vision.
One of them is zero-shot classification, which made this
class of models popular in the first place. We evaluate our
method and all baselines on 11 classification benchmarks,
their accuracies are summarized in Tab. A7. Among the
composition-aware baselines, all methods significantly drop
their performance on zero-shot classification. Only CLIC
almost reaches the accuracy of the original CLIP model
(68.1 and 69, respectively), thanks to the generated train-
ing data that helps improve generalization in addition to
the hard-negatives. Our model incurs a slight 2.9% per-
formance drop compared to the original SigLIP, which is
comparatively small in comparison to the other fine-tuned
methods. The drop in performance is not surprising, as
our model was fine-tuned with scene centric objectives and
data, whereas the classification tasks are object centric. De-
spite the distributional shift, C2LIP can still retain most
zero-shot performance.
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Table A3. SugarCrepe compositionality benchmark — all subtasks. The results in this table are summarized in Tab. 2 of the main paper.
We compare the accuracy of C’LIP with baseline methods on different tasks. On average, C’LIP is the second best method, only 0.8

percentage points below DAC-LLM, while being trained on much less data, without custom compositional captions.

Models ‘ Replace ‘ Swap ‘ Add ‘ Average
| Obj Atr Rel Avg | Obj Atr Avg | Obj Atr Avg |
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Table A4. SugarCrepe++ compositionality benchmark — all subtasks. The results in this table are summarized in Tab. 2 of the main
paper. We compare the accuracy of C*LIP with baseline methods on different compositionality tasks. SugarCrepe++ addresses the limi-
tation of the SugarCrepe benchmark, where the positive and negative captions are “hackable” by using custom training data created using
similar rules. Here we observe significant performance drops from the baseline methods, while our model, which maintains generalization
capabilities, achieves the best result overall.

Models ‘ Replace - 12T ‘ Replace - TOT ‘ Swap - I2T ‘ Swap - TOT ‘ Average
‘ Obj Attr Rel Avg ‘ Obj Attr Rel Avg ‘ Obj Attr Avg ‘ Obj Attr  Avg ‘
SigLIP ViT-B/16 912 755 548 738|792 642 450 628 |39.6 563 480|229 464 347 57.5
CLIP (OpenAl) ViT-B/32 86.7 656 563 695|837 593 386 60.5 |46.1 452 457 | 19.1 356 274 53.6
CLIP (OpenAl) ViT-B/16 89.6 67.6 532 70.1 | 844 572 390 60.2 392 484 438|163 314 239 52.6
FG-CLIP 926 768 58.0 758|906 67.8 442 675|478 553 515|294 470 382 60.9
FineCLIP 90.8 70.7 57.0 728|913 679 470 68.7 |39.6 482 439|208 327 2638 56.6
DreamLIP-3m 75.8 60.8 469 612|714 508 324 515|343 544 444|200 40.1 30.1 48.7
FLAIR-3m 843 642 503 663|773 584 368 575|408 583 495|249 455 352 54.1
LLIP 84.1 660 519 673|712 548 445 568|367 449 408|245 302 273 50.9
Codebook-CLIP 323 326 378 343|182 98 135 138|282 285 283 | 86 11.6 10.1 22.1
IL-CLIP 38.0 329 324 344|558 185 213 31.8 392 347 369 | 94 200 147 30.2
CE-CLIP 719 520 455 565|863 642 505 670|363 323 343|286 363 325 50.4
NegCLIP 87.0 67.1 531 69.1 |933 707 486 709 |51.8 550 534|278 503 39.1 60.5
CLIC 91.6 759 623 76.6 | 847 524 373 581|559 622 59.0 | 229 312 270 57.6
DAC-SAM 643 443 487 524|759 560 487 602|278 335 306|114 254 184 43.6
DAC-LLM 657 477 47.6 537|768 595 423 59.6 | 314 329 322|114 248 181 44.0
SLVC-R 829 616 477 640|895 674 477 682|494 532 513|204 363 284 55.6
SLVC-RL 81.0 57.1 475 619 |91.6 670 513 700 | 433 488 460 | 184 343 263 54.0
CoN_CLIP 879 68.1 482 68.1|915 647 539 70.1 |40.0 503 452 | 18.8 372 28.0 56.1
TripletCLIP 849 660 587 699 |89.0 71.1 481 694|384 44 214|188 381 285 51.7
SigLIP ViT-B/16 (ft. CC3m) | 91.7 742 546 735|854 693 489 679|425 572 498|237 49.6 36.6 59.7
C2LIP 939 798 654 79.7 | 91.1 80.2 547 753|441 66.2 552 |28.6 598 44.2 66.4

Table A5. Performance of VLM using C>LIP vision encoder. We follow the LLaVa [8] recipe to tune VLM with frozen SigLIP and C*LIP
image encoders, resulting in LLaVA-SigLIP and LLaVA-C>LIP, respectively. LLaVA-C’LIP shows improvements on compositionality,
demonstrating that the vision encoder trained with our proposed concept-centric approach also benefits the VLM that utilizes it.
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Model SugarCrepe SugarCrepe++
Replace Swap Add Average | Replace Swap Average
SigLIP-ViT-B-16 84.1 65.8 86.5 79.5 73.8 48.0 63.5
C’LIP 89.1 752 933 86.3 79.7 55.2 69.9
LLaVA-SigLIP 86.9 77.0 85.0 83.5 76.5 55.4 68.1
LLaVA-C’LIP 86.8 78.5 85.0 83.9 77.6 57.8 69.7
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Table A6. Zero-shot retrieval benchmarks — all subtasks. The results in this table are summarized in Tab. 2 of the main paper. We record
Recall@5 metrics of all models on text-to=image (t2i) and image-to-text (i2t) tasks, across two standard retrieval benchmarks: MSCOCO
and Flickr30K, and two fine-grained retrieval benchmarks: DOCCI and Image-in-words (ITW). It can be observed that C?LIP can maintain
or improve the performance of the original base model across all tasks, with the best average score.

M | MSCOCO | Flickr30k | DOCCI | W |
odels Average
| ©2i 20 | 2i 20 | o2i 2t | i 2t |

SigLIP ViT-B/16 72.4 854 | 923 98.0 | 358 82.0 | 53.0 975 77.1
CLIP (OpenAl) ViT-B/32 56.0 749 | 834 94.6 | 27.1 67.1 | 447 943 67.8
CLIP (OpenAl) ViT-B/16 584 767 | 85.6 96.2 | 293 715|467 959 70.0
FG-CLIP 714 855|930 986|339 794|525 987| 766
FineCLIP 737 8421902 96.7 (279 619|446 895 71.1
DreamLIP-3m 552 672|766 89.6 | 393 782|585 974 70.2
FLAIR-3m 656 773|865 943|309 634|530 927 70.5
LLIP 623 728 | 873 93.1 | 28.6 65.2 | 48.3 93.1 68.8
Codebook-CLIP 0.1 0.1 0.5 0.6 0.1 0.1 0.8 0.5 0.3
IL-CLIP 0.1 0.1 0.3 0.5 0.1 0.1 0.7 0.7 0.3
CE-CLIP 69.5 743|864 884 | 19.1 424 | 314 68.8 60.0
NegCLIP 68.4 793|895 952|264 64.0 | 435 894 69.5
CLIC 629 719 | 882 940 | 33.1 694 | 522 946 70.8
DAC-SAM 59.7 579 | 855 825|269 355|455 557 56.2
DAC-LLM 63.5 545|878 79.6 | 248 294|409 469 53.4
SLVC-R 620 717 | 872 93.1 | 299 543 | 48.6 83.7 66.3
SLVC-RL 623 718 | 874 925|297 539 | 48.0 86.6 66.5
CoN-CLIP 546 679 | 842 879|272 649|426 915 65.1
TripletCLIP 533 556 | 809 826|253 542 |43.0 820 59.6
SigLIP ViT-B/16 (ft. CC3m) | 73.7 87.0 | 92.8 98.4 | 362 833|530 979 | 7718
C2LIP 779 875|952 988 | 38.0 819 | 56.1 96.7 79.0




Table A7. Zero-shot classification benchmarks. We evaluate classification accuracies of C>LIP and the baselines on 11 standard zero-shot
classification benchmarks. We observe significant performance gaps between our model and the composition-aware baselines in general,
particularly on the challenging Cars and Aircraft benchmarks where the classes are actually sub-classes of the same object category.
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SigLIP ViT-B/16 761 91.6 923 722 699 909 438 647 941 88.0 86.0 | 79.0
CLIP (OpenAl) ViT-B/32 63.3 839 898 643 632 59.7 196 440 875 838 665 | 66.0
CLIP (OpenAl) ViT-B/16 684 888 90.8 67.0 655 647 245 452 892 84.0 715 | 69.0
FG-CLIP 69.0 852 939 764 712 842 244 572 905 862 70.1 | 735
FineCLIP 558 60.1 943 690 559 63 107 416 579 854 414|526
DreamLIP-3m 31.6 23.6 757 437 413 35 1.6 18.8 289 703 185|325
FLAIR-3m 337 248 819 516 470 40 20 243 358 724 204|362
LLIP 60.8 805 944 698 577 771 223 533 788 853 429|657
Codebook-CLIP 0.1 10 110 11 04 05 11 20 22 09 12 | 19
IL-CLIP 0.1 1.0 100 1.0 0.1 0.5 1.0 16 27 09 1.1 1.8
CE-CLIP 404 598 812 550 44.0 261 92 285 609 760 373|471
NegCLIP 557 741 859 609 559 46.0 11.8 39.1 823 825 580|593
CLIC 66.6 889 91.1 683 64.0 608 237 467 88.0 84.0 67.5 | 68.1
DAC-SAM 523 723 899 637 514 398 90 402 770 78.0 542 | 57.1
DAC-LLM 51.1 745 904 639 521 395 113 385 749 798 549|573
SLVC-R 585 813 923 660 62.6 496 149 394 858 819 59.7 | 629
SLVC-RL 59.8 817 920 667 637 506 145 398 850 827 613|634
CoN-CLIP 63.7 845 887 630 640 555 190 404 852 833 633 | 64.6
TripletCLIP 459 587 869 56.6 536 11.7 79 33.1 552 783 452|485
SigLIP ViT-B/16 (ft. CC3m) | 759 91.6 924 727 703 90.8 444 651 944 88.0 86.1 | 79.2
C’LIP 735 887 927 726 681 874 328 651 923 872 829|767
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