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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. A1. 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 C2LIP 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 A1. Baseline methods. Summary of baseline methods and
their corresponding training datasets. The last column indicates
whether the provided checkpoints were trained from scratch (✓).

Model Training data Train from scratch

Composition-aware
CE-CLIP [15] MSCOCO
NegCLIP [14] MSCOCO
CLIC [10] LAION-1.5B

DAC [3]

CC3M

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] LAION-2B + FineHARD ✓
FineCLIP [5] MSCOCO
LLIP [6] Common Crawl 12.8B ✓

A.1. Sensitivity to hyperparameters in objective
function

Tab A2 shows the avarage accuracies on SugarCrepe of
models trained with different values of λhnc & λxac. 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 λhnc &
λxac showing our proposed method incurs little sensitivity to these
hyperparameters.

λhnc λxac 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-
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tric objectives, to improve compositional representations.
In particular, C2LIP excels at recognizing incorrect objects
in the image, evidenced by the highest scores on “Replace
Object” and “Add Object” sub-tasks. Moreover, C2LIP 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. C2LIP improves visual instruction tuning

In our compositionality experiments, C2LIP 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-C2LIP, 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-C2LIP outperforms
LLaVA-SigLIP on both SugarCrepe and SugarCrepe++ by
0.4% and 1.6%, respectively, showing that the enhanced
compositionality comprehension capabilities of C2LIP 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 (IIW). 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 C2LIP with baseline methods on different tasks. On average, C2LIP 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 Attr Rel Avg Obj Attr Avg Obj Attr Avg

SigLIP ViT-B/16 95.3 86.7 70.3 84.1 60.0 71.5 65.8 89.1 83.8 86.5 79.5
CLIP (OpenAI) ViT-B/32 90.9 80.0 69.2 80.0 61.2 64.1 62.7 77.2 68.8 73.0 73.1
CLIP (OpenAI) ViT-B/16 93.5 81.1 66.7 80.4 60.0 65.0 62.5 78.5 66.9 72.7 73.1

FG-CLIP 95.9 87.1 72.2 85.1 66.5 73.3 69.9 87.6 81.8 84.7 80.6
FineCLIP 95.6 85.2 75.0 85.3 63.3 70.3 66.8 90.0 80.8 85.4 80.0
DreamLIP-3m 87.2 77.3 68.1 77.5 56.3 72.1 64.2 74.3 71.5 72.9 72.4
FLAIR-3m 91.4 82.3 70.5 81.4 63.2 78.5 70.9 84.5 76.6 80.6 78.1
LLIP 89.6 79.4 67.6 78.9 55.9 59.6 57.8 79.1 63.7 71.4 70.7

Codebook-CLIP 53.5 51.4 58.7 54.5 45.7 49.2 47.5 57.3 43.8 50.6 51.4
IL-CLIP 53.1 54.1 51.1 52.8 57.6 52.7 55.2 54.9 48.6 51.8 53.2

CE-CLIP 93.1 88.8 79.0 87.0 72.8 77.0 74.9 92.4 93.4 92.9 85.2
NegCLIP 92.7 85.9 76.5 85.0 75.2 75.4 75.3 88.8 82.8 85.8 82.5
CLIC 95.6 86.6 75.3 85.8 71.0 74.0 72.5 88.4 91.2 89.8 83.1
DAC-SAM 91.2 85.9 83.9 87.0 71.8 75.1 73.5 87.5 95.7 91.6 84.4
DAC-LLM 94.5 89.5 84.4 89.5 75.1 74.2 74.6 89.7 97.7 93.7 86.4
SLVC-R 91.3 81.4 64.1 78.9 68.6 69.1 68.8 79.5 91.3 85.4 77.9
SLVC-RL 88.1 76.8 62.7 75.9 64.5 66.5 65.5 75.8 81.2 78.5 73.7
CoN-CLIP 92.5 79.7 60.1 77.4 58.8 66.1 62.4 86.7 78.2 82.4 74.6
TripletCLIP 94.4 85.7 80.9 87.0 70.2 69.7 69.9 90.4 86.1 88.3 82.5

SigLIP ViT-B/16 (ft. CC3m) 95.8 87.4 73.5 85.6 65.3 74.2 69.7 88.9 87.0 87.9 81.7
C2LIP 96.7 89.2 78.9 88.3 67.3 78.8 73.1 93.5 94.9 94.2 85.6
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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 C2LIP 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 - I2T 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 91.2 75.5 54.8 73.8 79.2 64.2 45.0 62.8 39.6 56.3 48.0 22.9 46.4 34.7 57.5
CLIP (OpenAI) ViT-B/32 86.7 65.6 56.3 69.5 83.7 59.3 38.6 60.5 46.1 45.2 45.7 19.1 35.6 27.4 53.6
CLIP (OpenAI) ViT-B/16 89.6 67.6 53.2 70.1 84.4 57.2 39.0 60.2 39.2 48.4 43.8 16.3 31.4 23.9 52.6

FG-CLIP 92.6 76.8 58.0 75.8 90.6 67.8 44.2 67.5 47.8 55.3 51.5 29.4 47.0 38.2 60.9
FineCLIP 90.8 70.7 57.0 72.8 91.3 67.9 47.0 68.7 39.6 48.2 43.9 20.8 32.7 26.8 56.6
DreamLIP-3m 75.8 60.8 46.9 61.2 71.4 50.8 32.4 51.5 34.3 54.4 44.4 20.0 40.1 30.1 48.7
FLAIR-3m 84.3 64.2 50.3 66.3 77.3 58.4 36.8 57.5 40.8 58.3 49.5 24.9 45.5 35.2 54.1
LLIP 84.1 66.0 51.9 67.3 71.2 54.8 44.5 56.8 36.7 44.9 40.8 24.5 30.2 27.3 50.9

Codebook-CLIP 32.3 32.6 37.8 34.3 18.2 9.8 13.5 13.8 28.2 28.5 28.3 8.6 11.6 10.1 22.1
IL-CLIP 38.0 32.9 32.4 34.4 55.8 18.5 21.3 31.8 39.2 34.7 36.9 9.4 20.0 14.7 30.2

CE-CLIP 71.9 52.0 45.5 56.5 86.3 64.2 50.5 67.0 36.3 32.3 34.3 28.6 36.3 32.5 50.4
NegCLIP 87.0 67.1 53.1 69.1 93.3 70.7 48.6 70.9 51.8 55.0 53.4 27.8 50.3 39.1 60.5
CLIC 91.6 75.9 62.3 76.6 84.7 52.4 37.3 58.1 55.9 62.2 59.0 22.9 31.2 27.0 57.6
DAC-SAM 64.3 44.3 48.7 52.4 75.9 56.0 48.7 60.2 27.8 33.5 30.6 11.4 25.4 18.4 43.6
DAC-LLM 65.7 47.7 47.6 53.7 76.8 59.5 42.3 59.6 31.4 32.9 32.2 11.4 24.8 18.1 44.0
SLVC-R 82.9 61.6 47.7 64.0 89.5 67.4 47.7 68.2 49.4 53.2 51.3 20.4 36.3 28.4 55.6
SLVC-RL 81.0 57.1 47.5 61.9 91.6 67.0 51.3 70.0 43.3 48.8 46.0 18.4 34.3 26.3 54.0
CoN CLIP 87.9 68.1 48.2 68.1 91.5 64.7 53.9 70.1 40.0 50.3 45.2 18.8 37.2 28.0 56.1
TripletCLIP 84.9 66.0 58.7 69.9 89.0 71.1 48.1 69.4 38.4 4.4 21.4 18.8 38.1 28.5 51.7

SigLIP ViT-B/16 (ft. CC3m) 91.7 74.2 54.6 73.5 85.4 69.3 48.9 67.9 42.5 57.2 49.8 23.7 49.6 36.6 59.7
C2LIP 93.9 79.8 65.4 79.7 91.1 80.2 54.7 75.3 44.1 66.2 55.2 28.6 59.8 44.2 66.4

Table A5. Performance of VLM using C2LIP vision encoder. We follow the LLaVa [8] recipe to tune VLM with frozen SigLIP and C2LIP
image encoders, resulting in LLaVA-SigLIP and LLaVA-C2LIP, respectively. LLaVA-C2LIP shows improvements on compositionality,
demonstrating that the vision encoder trained with our proposed concept-centric approach also benefits the VLM that utilizes it.

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
C2LIP 89.1 75.2 93.3 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-C2LIP 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 (IIW). It can be observed that C2LIP can maintain
or improve the performance of the original base model across all tasks, with the best average score.

Models MSCOCO Flickr30k DOCCI IIW Average
t2i i2t t2i i2t t2i i2t t2i i2t

SigLIP ViT-B/16 72.4 85.4 92.3 98.0 35.8 82.0 53.0 97.5 77.1
CLIP (OpenAI) ViT-B/32 56.0 74.9 83.4 94.6 27.1 67.1 44.7 94.3 67.8
CLIP (OpenAI) ViT-B/16 58.4 76.7 85.6 96.2 29.3 71.5 46.7 95.9 70.0

FG-CLIP 71.4 85.5 93.0 98.6 33.9 79.4 52.5 98.7 76.6
FineCLIP 73.7 84.2 90.2 96.7 27.9 61.9 44.6 89.5 71.1
DreamLIP-3m 55.2 67.2 76.6 89.6 39.3 78.2 58.5 97.4 70.2
FLAIR-3m 65.6 77.3 86.5 94.3 30.9 63.4 53.0 92.7 70.5
LLIP 62.3 72.8 87.3 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 74.3 86.4 88.4 19.1 42.4 31.4 68.8 60.0
NegCLIP 68.4 79.3 89.5 95.2 26.4 64.0 43.5 89.4 69.5
CLIC 62.9 71.9 88.2 94.0 33.1 69.4 52.2 94.6 70.8
DAC-SAM 59.7 57.9 85.5 82.5 26.9 35.5 45.5 55.7 56.2
DAC-LLM 63.5 54.5 87.8 79.6 24.8 29.4 40.9 46.9 53.4
SLVC-R 62.0 71.7 87.2 93.1 29.9 54.3 48.6 83.7 66.3
SLVC-RL 62.3 71.8 87.4 92.5 29.7 53.9 48.0 86.6 66.5
CoN-CLIP 54.6 67.9 84.2 87.9 27.2 64.9 42.6 91.5 65.1
TripletCLIP 53.3 55.6 80.9 82.6 25.3 54.2 43.0 82.0 59.6

SigLIP ViT-B/16 (ft. CC3m) 73.7 87.0 92.8 98.4 36.2 83.3 53.0 97.9 77.8
C2LIP 77.9 87.5 95.2 98.8 38.0 81.9 56.1 96.7 79.0



Table A7. Zero-shot classification benchmarks. We evaluate classification accuracies of C2LIP 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 76.1 91.6 92.3 72.2 69.9 90.9 43.8 64.7 94.1 88.0 86.0 79.0
CLIP (OpenAI) ViT-B/32 63.3 83.9 89.8 64.3 63.2 59.7 19.6 44.0 87.5 83.8 66.5 66.0
CLIP (OpenAI) ViT-B/16 68.4 88.8 90.8 67.0 65.5 64.7 24.5 45.2 89.2 84.0 71.5 69.0

FG-CLIP 69.0 85.2 93.9 76.4 71.2 84.2 24.4 57.2 90.5 86.2 70.1 73.5
FineCLIP 55.8 60.1 94.3 69.0 55.9 6.3 10.7 41.6 57.9 85.4 41.4 52.6
DreamLIP-3m 31.6 23.6 75.7 43.7 41.3 3.5 1.6 18.8 28.9 70.3 18.5 32.5
FLAIR-3m 33.7 24.8 81.9 51.6 47.0 4.0 2.0 24.3 35.8 72.4 20.4 36.2
LLIP 60.8 80.5 94.4 69.8 57.7 77.1 22.3 53.3 78.8 85.3 42.9 65.7

Codebook-CLIP 0.1 1.0 11.0 1.1 0.4 0.5 1.1 2.0 2.2 0.9 1.2 1.9
IL-CLIP 0.1 1.0 10.0 1.0 0.1 0.5 1.0 1.6 2.7 0.9 1.1 1.8

CE-CLIP 40.4 59.8 81.2 55.0 44.0 26.1 9.2 28.5 60.9 76.0 37.3 47.1
NegCLIP 55.7 74.1 85.9 60.9 55.9 46.0 11.8 39.1 82.3 82.5 58.0 59.3
CLIC 66.6 88.9 91.1 68.3 64.0 60.8 23.7 46.7 88.0 84.0 67.5 68.1
DAC-SAM 52.3 72.3 89.9 63.7 51.4 39.8 9.0 40.2 77.0 78.0 54.2 57.1
DAC-LLM 51.1 74.5 90.4 63.9 52.1 39.5 11.3 38.5 74.9 79.8 54.9 57.3
SLVC-R 58.5 81.3 92.3 66.0 62.6 49.6 14.9 39.4 85.8 81.9 59.7 62.9
SLVC-RL 59.8 81.7 92.0 66.7 63.7 50.6 14.5 39.8 85.0 82.7 61.3 63.4
CoN-CLIP 63.7 84.5 88.7 63.0 64.0 55.5 19.0 40.4 85.2 83.3 63.3 64.6
TripletCLIP 45.9 58.7 86.9 56.6 53.6 11.7 7.9 33.1 55.2 78.3 45.2 48.5

SigLIP ViT-B/16 (ft. CC3m) 75.9 91.6 92.4 72.7 70.3 90.8 44.4 65.1 94.4 88.0 86.1 79.2
C2LIP 73.5 88.7 92.7 72.6 68.1 87.4 32.8 65.1 92.3 87.2 82.9 76.7
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