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Abstract

When a text description is extended with an additional detail, image-text similarity
should drop if that detail is wrong. We show that CLIP-style dual encoders often
violate this intuition: appending a plausible but incorrect object or relation to
an otherwise correct description can increase the similarity score. We call such
cases half-truths. Across 1,437 verified comparisons from COCO and CC3M using
two foil generators, we find that this failure persists across generators and image
domains. On COCO with Qwen-generated foils, CLIP prefers the correct shorter
description only 34.0% of the time, dropping to 27.8% for relation additions. We
trace this vulnerability to weak supervision on caption parts: contrastive training
aligns full sentences but does not explicitly enforce that individual entities and
relations are grounded. We propose CS-CLIP (Component-Supervised CLIP),
which decomposes captions into entity and relation units, constructs a minimally
edited foil for each unit, and fine-tunes the model to score the correct unit above its
foil while preserving standard dual-encoder inference. CS-CLIP raises half-truth
accuracy to 76.4% on this set and improves average performance on established
compositional benchmarks by 5.8 points, suggesting that reducing half-truth errors
aligns with broader gains in compositional understanding.

1 Introduction

When describing an image, adding a wrong detail should make the description less relevant, not
more. If “a dog” correctly describes an image, then “a dog on a skateboard” should score lower
when the dog is not on a skateboard. We show that CLIP-style dual encoders |[Radford et al.| (2021
systematically violate this: appending a single incorrect but plausible detail often increases similarity.

We formalize this failure as the half-truth vulnerability. Given an image, we start from a short,
caption-supported anchor description. We then form a half-truth by appending exactly one additional
unit that is fluent and plausible in context but incorrect for the image. The appended unit is either an
entity unit (a wrong entity description) or a relation unit (a wrong relation involving the anchor
entity). Figure [T]illustrates both cases: an incorrect entity addition (log — log and zebras) and an
incorrect relation addition (elephants away from the log instead of near), where CLIP |[Radford et al.
(2021) and NegCLIP [Yuksekgonul et al.|(2023) score the half-truth higher than the anchor, while
CS-CLIP correctly prefers the anchor.

This vulnerability is common. On MS-COCO |Lin et al.[|(2014), CLIP ranks the anchor above the
half-truth in only 34.0% of cases overall, and 27.8% when the incorrect addition is a relation. Even
training with sentence-level hard negatives improves this only moderately: NegCLIP achieves 53.8%
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overall but remains below chance (45.5%) for relation additions. A single wrong detail, especially a
relational one, is not reliably penalized.

This pattern resembles the conjunction fal-

. . . Image log and
lacy, where adding a plausible detail in- zebras
. . . Anchor
creases perceived likelihood even though
conjunctions are more restrictive |Tversky log HT,
& Kahneman| (1983)); here the added detail elephants
is plausible but wrong, yet similarity still fﬂf‘:gn&:“l':gy

rises. The key difference from prior work
on compositional understanding is the op- CLIP X NegCLIP X CS-CLIP v
eration: existing benchmarks test whether
models distinguish captions that swap or
reorder information (e.g., “red cat and blue
dog” vs. “blue cat and red dog”) [Yuksek-
gonul et al.|(2023); Thrush et al.| (2022),
whereas half-truths test whether models pe-
nalize incorrect additions. Figure 1: The half-truth vulnerability. Starting from
a short, caption-supported description (the anchor), we
Why does this happen? Contrastive form a half-truth by adding one realistic but incorrect
training aligns images with full captions. detail. CLIP and NegCLIP assign higher similarity to
This provides strong supervision at the sen- the half-truth, while CS-CLIP (ours) correctly penal-
tence level, but weak supervision on the izes the incorrect addition.
individual units that compose the caption’s
meaning. As aresult, similarity can be dom-
inated by coarse overlap (e.g., detecting the
right objects), and an additional plausible unit can increase similarity even when it is incorrect,
especially for relations and role-sensitive structure that require verifying how entities are composed.
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Our approach: supervision on units. We propose CS-CLIP (Component-Supervised CLIP),
which adds explicit supervision on caption units during fine-tuning. We parse each caption into entity
units (noun phrases with bound attributes) and relation units (directed relations between entities).
For each unit, we generate a minimally edited foil that preserves fluency and context while changing
meaning (e.g., “brown horse” — “white horse”, or “horse near barn” — “horse inside barn”). During
training, we contrast each correct unit against its foil, teaching the model to respond to fine-grained
compositional differences. Critically, this supervision is applied only during training, at test time,
CS-CLIP uses the same dual-encoder architecture and the same retrieval scoring as standard CLIP.

CS-CLIP achieves 76.4% Half-Truth Accuracy on COCO with Qwen-generated foils, compared to
34.0% for CLIP and 53.8% for NegCLIP. It also reaches 67.2% on COCO with Mistral-generated
foils and 66.2% on CC3M, supporting transfer across foil generators and image domains. It also
improves on 16 established compositional benchmarks, achieving the best average Image-to-Text
accuracy (57.8%) and Group Accuracy among evaluated models.

Our contributions are:

* Diagnostic. We introduce the half-truth diagnostic, which tests whether adding one incorrect detail
increases similarity. CLIP fails this test in 66.0% of COCO (Qwen) cases.

* Method. CS-CLIP fine-tunes CLIP with supervision on units: each entity and relation unit is
contrasted against a matched foil. This achieves 76.4% Half-Truth Accuracy (vs. 34.0% for CLIP)
while preserving standard dual-encoder inference.

 Compositional benchmarks. CS-CLIP achieves the best average 12T accuracy (57.8%) and Group
Accuracy across 16 compositional benchmarks, outperforming CLIP by 5.8 percentage points.

2 Related Work

Contrastive vision-language pretraining and compositional sensitivity. Contrastive dual encoders
such as CLIP and ALIGN learn a shared embedding space for images and text, enabling efficient
retrieval via a single similarity score Radford et al.|(2021)); Jia et al.|(2021). A recurring concern is
that this score can under-use linguistic structure: CLIP-style models behave like bag-of-words under



minimal edits that change meaning, including attribute binding, word order, and relations|Yuksekgonul
et al.|(2023)); |Thrush et al.[(2022). Recent analysis suggests this is largely a cross-modal issue: binding
cues may be present within modalities but not reliably reflected in cosine alignment Koishigarina
et al.| (2026); other work reports scoring biases that favor central objects or frequent attribute-object
pairings |Schrodi et al.| (2025)); [Tang et al.| (2023)). To evaluate this, controlled-edit benchmarks test
whether models distinguish correct image-text pairs from minimally edited alternatives, including
ARO, Winoground, SugarCrepe, and VALSE |Yuksekgonul et al.|(2023); |Thrush et al.| (2022)); Hsieh
et al.| (2023); |Parcalabescu et al.|(2022), as well as targeted tests for specific phenomena Burapacheep
et al.[|(2024); Kamath et al. (2023)); [Paiss et al.| (2023)).

Adding information and our diagnostic. Beyond swaps and reorderings, several works study how
model confidence changes as more information is added to an input. HiMo-CLIP targets monotonic
alignment under correct additions [Wu et al.| (2026), while confidence inflation patterns in LLM
reasoning show that added plausible context can inflate confidence under misleading inputs [Suri et al.
(2024); [Richardson et al.|(2025); Jiang et al.|(2024a)). Our work is complementary: we test whether
similarity properly penalizes incorrect additions through the half-truth diagnostic, which appends one
realistic but incorrect detail to a correct description (Section [3).

Training methods for compositional sensitivity. Many methods strengthen sensitivity through
data-level signals: sentence-level hard negatives that edit objects, attributes, or relations |Yuksekgonul
et al.| (2023)); [Zhang et al.| (2024)); Peleg et al.| (2025); |Singh et al.| (2025); [Patel et al.|(2024)), scene-
graph perturbations |Singh et al.| (2023)), or caption synthesis |Fan et al.[(2023)); Doveh et al.|(2023a);
Castro et al.| (2024); Doveh et al.|(2023b)); Nayak et al.|(2023). Other approaches add architectural
components or auxiliary objectives such as region alignment [Zhong et al.| (2022)); [Huang et al.
(2024), auxiliary modules |Yao et al.| (2021); (Goel et al.| (2022)); |/Abdollah et al.| (2024); |Oh et al.
(2024); Kwon et al.[(2025)), or multi-stage training [Hu et al.| (2025), while some modify inference
through decomposition Jiang et al.|(2024b)); Miranda et al.| (2025); [Menon & Vondrick| (2023). We
build on sentence-level negatives but add targeted unit-level supervision: for each caption, we parse
entity and relation units and contrast each against a minimally edited foil. This provides direct
compositional pressure on individual caption parts while maintaining the standard dual-encoder
architecture (Section [4).

3 The Half-Truth Vulnerability

3.1 Motivation

Prior work on compositional sensitivity in CLIP-style models has mainly studied minimal edits that
rearrange existing information, such as swapping attributes or changing role assignments Yuksek-
gonul et al.[(2023)); Thrush et al.| (2022). We study a complementary retrieval failure: adding incorrect
information.

In retrieval, users often start from a short but correct description and then refine it by appending more
details. If the added detail is wrong, the refined query should become /ess relevant to the image, not
more. Yet CLIP-style similarity can violate this basic monotonicity intuition: adding one plausible
but false detail can increase the score. We call this failure the half-truth vulnerability.

3.2 Half-Truth Diagnostic: Metric and Construction

Anchor vs. half-truth. Given an image I, we compare a short correct description, the anchor A,
with a half-truth A~ formed by appending exactly one additional detail that is plausible in context
but incorrect for the image. The desired ordering is simple: an incorrect refinement should not outrank
a correct but incomplete one. We therefore report Half-Truth Accuracy as the fraction of cases
where the model prefers the anchor over the half-truth:

Accur = Pr[s(I,A) > s(I,A7)], (1)

where s(-, -) is the image—text similarity score (higher is better). Random choice corresponds to 50%.
Values below 50% mean that the model often assigns higher similarity to the incorrect refinement
than to the correct anchor.



(i) Sample & Anchor (ii) Incorrect Additions
Half-Truth A~ (relation)

Diagnostic construction. We construct
COCO comparisons under the Karpathy
partition [Karpathy & Fei-Fei (2015) using
Qwen3-8B and Mistral-8B foil generators, and
CC3M comparisons using Qwen3-8B. We first
construct candidate half-truths automatically
from captions, then use manual verification to
retain only clean examples for the main paper
results. Figure [2]illustrates the construction.

AL is playing with
a ball in a park

We parse each caption 7" into two kinds of tex- anohor A LTl

tual units using a text-only LLM pipeline (Ap-  Figure 2: Half-truth construction. Parse captions
pendix C.1): entity units & (T)’ noun plhrases into units and generate foils via minimal edits, then
including attributes and quantifiers (e.g., “brown sample an anchor A and append one foil to form

CLIYs

horse”, “three dogs™), and relation units R(T"), half-truth A~
directed relations between two entities (e.g.,
“person riding horse”, “ball in park”).

For each unit, the same pipeline proposes minimally edited matched foils, incorrect variants that are
plausible in context. For entity units, foils change either the object (e.g., “brown horse” — “brown
giraffe”) or an attribute (e.g., “brown horse” — “white horse”).

For relation units, foils change the predicate, swap arguments, or replace one entity. The anchor A
is sampled from the entity units £(T"), and a half-truth A~ is formed by appending exactly one foil
from either £(T") or R(T'). When appending a relation unit, the relation introduces a second entity
and describes an interaction or spatial relationship between it and the anchor entity. This construction
ensures that half-truths differ from anchors by a single, targeted error.

Verification. We screen candidate foils with Qwen3-VL-30B and a Claude-Opus review, then check
whether each added detail is incorrect for its image. The evaluation contains 1,437 comparisons:
757 entity and 680 relation additions across COCO (Qwen), COCO (Mistral), and CC3M (Qwen).
Appendix [C| gives the construction and source-wise counts.

3.3 Half-Truth Vulnerability on COCO

On COCO (Qwen), CLIP reaches
34.0% overall accuracy: 40.2% for
entity additions and 27.8% for rela-
tion additions (Figure [3). NegCLIP
improves these to 62.2% and 45.5%,
respectively, leaving a substantial rela-
tion gap. CS-CLIP reaches 73.6% on
entities and 79.2% on relations.
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Why unit-level supervision? Half-
truths test whether similarity responds
to the specific added detail. This mo- cup NegCLIP Cs-CLIP

) . h . -
tivates contrasting cach caption unit Figure 3: Half-Truth Accuracy on COCO (Qwen). Entity

against a matched foil during training, . .. .
aigon gside the full-caption %)bj e ctiv% versus relation additions; dashed line indicates chance.

Section [5.4] compares sentence-level
and unit-level use of these foils.

Half-Truth accuracy (%)

4 Method: CS-CLIP

The half-truth diagnostic reveals that models struggle when incorrect information is added to correct
descriptions. To address this, we introduce unit-level supervision during fine-tuning. Rather than
training on anchor-vs-half-truth comparisons directly, we provide supervision at the unit level: for
each caption unit, we contrast the correct unit against a minimally edited foil (e.g., “brown horse” vs.
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Figure 4: CS-CLIP training pipeline. (i) A text-only LLM extracts entity and relation units from
each caption and creates matched foils via minimal edits. (ii) For each image-caption pair, we sample
unit—foil pairs and encode the image and unit texts with the dual encoder. (iii) The unit loss scores
the correct unit above its matched foil and other in-batch units, while the standard sentence-level
contrastive loss is applied in parallel.

“white horse”). This targets the underlying weakness, sensitivity to compositional structure, making
the approach general beyond the half-truth setting.

Standard CLIP training aligns each image with its full caption using a global contrastive objective,
which can leave the similarity score insensitive to individual caption parts (Section [3). To address
this, we propose CS-CLIP (Component-Supervised CLIP), which adds targeted unit-level supervision
during fine-tuning while keeping the dual-encoder architecture and standard cosine scoring unchanged
at test time.

For each image-caption pair, we parse the caption into entity units and relation units (defined in
Section [3), sample a unit with its matched foil, and train the image embedding to score the correct
unit higher than the foil. This direct supervision on caption parts makes similarity more sensitive
to individual details while preserving full-caption alignment through a parallel sentence-level loss.
Figure A illustrates the complete training pipeline.

4.1 Unit Sampling and Encoding

We reuse the text-only parsing pipeline from Section [3| to extract entity units £(7") and relation
units R(T") from each caption T, along with matched foils for each unit (Appendix [B| provides
implementation details).

Sampling strategy. For each image-caption pair, we sample one unit U from either entities or
relations. With probability p,.;, we sample a relation unit U € R(T'); otherwise, we sample an entity
unit U € £(T), optionally forming conjunctions of up to K =2 entities. We sample the unit’s matched
foil U and encode both with the text encoder g,4(-) as noun phrases (entities) or predicate phrases
(relations), yielding normalized embeddings. We investigate other sampling strategies in Appendix [F]

4.2 Training Objective

Sentence-level loss (Lg1o1a1).- We use a standard global image-caption contrastive objective with
NegCLIP-style hard negatives [Yuksekgonul et al.| (2023)) (Appendix [A), which we combine with
unit-level supervision to improve sensitivity to compositional structure.

Unit-level loss (Ly;t). For unit supervision, we use the same cosine scoring as CLIP with a learnable
temperature 7. Since embeddings are normalized, cosine similarity equals a dot product, and we
define k(x,y) = exp(x "y /7).

For each image I;, we sample IN,, unit/foil pairs {(U; x, Ui,k)}ff:l. Let v; denote the normalized
image embedding, and let u; ;, and 0, ;, denote the normalized embeddings of the k-th unit and its
matched foil for image i. For a fixed unit index k, the image-to-unit and symmetric unit-to-image



Table 1: Half-Truth Accuracy across foil generators and image domains. We report percentages
on 509 COCO (Qwen), 454 COCO (Mistral), and 474 CC3M (Qwen) comparisons. All is the sample-
weighted entity/relation average. FSC-CLIP is trained on CC3M; the other fine-tuned models use
COCO. Higher is better.

COCO (Qwen) COCO (Mistral) CC3M (Qwen)
Model All Entity Relation All Entity Relation All Entity Relation
CLIP 34.0 40.2 27.8 28.6 34.5 21.3 36.1 46.6 242
NegCLIP 53.8 62.2 455 452 54.8 33.2 55.3 67.7 413
DeGLA 46.2 59.1 33.3 40.1 532 23.8 52.3 64.9 38.1
ReadCLIP 58.0 66.1 49.8 50.9 60.3 39.1 60.1 65.7 53.8
FSC-CLIP (CC3M) 61.3 70.9 51.8 54.0 58.3 48.5 67.5 76.5 574
CS-CLIP 76.4 73.6 79.2 67.2 70.2 634 66.2 68.9 63.2
losses are:
B B
(k) 1 K(Vi, Ui k) (k) 1 K(Vi, Ui k)
£® = =S5 log £® = 2N g T TRk
I—-U B B ~ ’ U—1 B B
i=1 Zj:l K(Viswj ) + K(vi, i k) i=1 Zj:l K(Vj, Wi k)

@
E(Ik_))U trains the image to score the correct unit U, j, higher than (i) its matched foil U; j, and (ii)

in-batch units from other images. We exclude foils from ngk)—> ; since each foil is tied to a specific
image-unit pair; the symmetric term provides bidirectional regularization. We average over the NV,

sampled unit indices: Lypit = ﬁ Zsz“l(,CyiU + Egjk)_”).

Final objective. We combine global alignment with unit-level supervision:
ECS = Eglobal + )\u Lunit~ (3)

This objective keeps standard CLIP inference unchanged, but makes the learned similarity more
sensitive to caption structure by training the model to distinguish correct caption units from their
matched foils.

5 Experiments

We evaluate CS-CLIP in three settings. First, we measure robustness to incorrect additions using the
half-truth diagnostic (Section[3). Second, we evaluate compositional generalization on established
controlled-edit benchmarks. Third, we report downstream zero-shot classification and image—text
retrieval results, and we include ablations to isolate the effect of each design choice.

Implementation and training. We fine-tune CLIP using the OpenCLIP codebase (Cherti et al.| (2023)
with OpenAl CLIP initialization. Unless stated otherwise, we use ViT-B/32 Radford et al.| (2021)).
We fine-tune on MS-COCO under the Karpathy split Karpathy & Fei-Fei| (2015) for 25 epochs with
batch size 128 on 8 x A100 GPUs, using AdamW (Ir 5 x 10~°, weight decay 10~2). We use cosine
warm-up for the first epoch followed by cosine decay. For the unit-level objective, we sample N,, = 2
unit/foil pairs per image per step and use a learnable temperature 7 initialized from the pretrained
CLIP temperature. We report results from the final training checkpoint.

Training objective. We set the unit-loss weight to A\, = 0.5. For global caption-level negatives
we follow NegCLIP-style training |Yuksekgonul et al.|(2023), using in-batch captions plus shuffled
synthetic hard negatives. Caption parsing and unit sampling follow Section {.T} implementation
details are in Appendix [C.1]

5.1 Half-Truth Vulnerability

Table[I]reports Half-Truth Accuracy on the three evaluation sources. COCO (Mistral) changes the
foil generator, while CC3M (Qwen) changes the image domain.

COCO results. CS-CLIP reaches 76.4% on COCO (Qwen), improving over CLIP by 42.4 points and
FSC-CLIP by 15.1 points. The largest gain is on relations: CLIP reaches 27.8%, NegCLIP 45.5%,
and FSC-CLIP 51.8%, compared to 79.2% for CS-CLIP. CS-CLIP also leads on entity additions at
73.6%.



Cross-generator and cross-domain transfer. With Mistral-generated COCO foils, CS-CLIP reaches
67.2%, compared to 28.6% for CLIP and 54.0% for FSC-CLIP. On CC3M, CS-CLIP improves over
CLIP from 36.1% to 66.2%; CC3M-trained FSC-CLIP leads overall at 67.5%. CS-CLIP remains
strongest on relations among these baselines across all three sources (79.2%, 63.4%, and 63.2%). Its
mean accuracy across sources is 69.9%, versus 60.9% for FSC-CLIP.

Correct refinements. CS-CLIP also ranks a correct refinement above the anchor and the half-truth
below it more often than the displayed baselines: Correct Ordering Rate is 58.2%, 50.4%, and 42.2%
on COCO (Qwen), COCO (Mistral), and CC3M (Qwen), respectively (Appendix [C.3)). This supports
sensitivity to the added content rather than a uniform preference for shorter descriptions.

5.2 Compositional Understanding

The half-truth diagnostic isolates sensitivity to 80 CS-CLIP

a single incorrect added detail. We next test *
whether CS-CLIP improves broader composi- & __ |

. . X < 70

tional understanding on controlled-foil bench- > FSG (GC3M)

marks covering attribute binding, relations, and £ ®

linguistic variation, including ARO [Yuksek! § 60 C.ON'CL'P NedCLIP . ReadCLIP
gonul et al.| (2023), SugarCrepe |[Hsieh et al. c o FSC (COCO)
(2023)), and Winoground [Thrush et al.| (2022). E 50 1 FSC(+O e

We report 12T, T2I, and, for paired datasets, ..__‘; TSVLG LabCLIP gg © DeGLA

Group Accuracy (Grp); full protocols are in Ap- T 40 - e — DAC(LM)  CECUP

pendix [E.T} u: P e (o

Overall compositional performance. Fig- 01 ° clote

ure 5] plots average compositional I2T accuracy 52 54 56 58 60
against Half-Truth Accuracy across models. CS-
CLIP achieves the best performance on both met-
rics: 57.8% compositional 12T (+5.8 pp over
CLIP; Table[12) and 76.4% Accyr on COCO
(Qwen). The gains on independently constructed
benchmarks support transfer beyond the half-
truth diagnostic.

Compositional 12T accuracy (%)

Figure 5: Compositional 12T vs. Half-Truth
Accuracy. Sixteen models; Half-Truth Accuracy
is measured on COCO (Qwen). L: LAION; C:
COCO.

Dataset-wise breakdown. CS-CLIP improves

over NegCLIP on 14/16 benchmarks (Figure[6) and outperforms the next best COCO-trained baselines
by 4-0.4 pp (FSC-CLIP), +-0.9 pp (ReadCLIP), and +1.6 pp (DeGLA). CS-CLIP preserves the dual-
encoder architecture and test-time scoring. CS-CLIP achieves the best VL Checklist|Zhao et al.[(2022)
score (79.2%), a systematic audit of objects, attributes, and relations.

Paired benchmarks. On paired compositional datasets, CS-CLIP also improves Text-to-Image
accuracy and achieves the best average Group Accuracy among evaluated models, indicating that
gains do not come at the expense of weaker matching in the opposite retrieval direction. Full
bidirectional results are in Appendix [E.5

Main takeaway. CS-CLIP achieves the best average compositional I2T accuracy (57.8%, +5.8 pp
over CLIP) and the best average Group Accuracy among evaluated models. Improvements are
consistent across datasets and aligned with half-truth robustness, demonstrating that unit-level
supervision addresses compositional understanding broadly rather than overfitting to specific tests.

5.3 Downstream Performance

We evaluate downstream performance with CLIPBench (Cherti & Beaumont (2022) on zero-shot clas-
sification (ImageNet variants and standard recognition datasets) and image-text retrieval (COCO and
Flickr8k |Plummer et al.|(2015)). Full per-dataset results and evaluation details are in Appendix

Zero-shot classification. Table [15| shows zero-shot classification results. Compared to CLIP, CS-
CLIP changes average accuracy modestly (Acc@1: 63.6 — 59.9; Acc@5: 86.5 — 84.6). This drop is
comparable to other COCO-fine-tuned baselines (NegCLIP: 58.2%, FSC-CLIP: 61.2%), indicating
that unit-level supervision trades off zero-shot accuracy similarly to other fine-tuning approaches. The



Table 2: Backbone scaling and fine-tuning strategy. For ViT-B/32, we compare Full FT (updating
both encoders) against Text-only FT and Image-only FT. We also report backbone scaling under

Full FT.
Model ‘ Compositionality ‘ Half-Truth ‘ YA} ‘

2T T2I Grp | All Ent Rel Avg | T2I 2T
VIiT-B/32 (fine-tuning strategy)
ViT-B/32 Full FT (Ours) 57.8 39.8 27.8 76.4 73.6 79.2 59.9 1.7 56.8
ViT-B/32 Text-only FT 55.9 38.0 26.0 62.5 74.4 50.6 61.4 69.5 53.0
ViT-B/32 Image-only FT 56.2 37.9 274 59.5 72.0 47.1 58.6 65.6 54.0
Backbone scaling (Full FT)
ViT-B/16 58.5 39.8 28.7 78.8 85.0 72.5 62.5 74.8 61.6
ViT-L/14 59.5 42.4 31.4 80.4 86.6 74.1 65.9 79.9 67.1

Table 3: Effect of the unit-loss weight )\,,. We vary )\, while keeping all other settings fixed.

Au \ Compositionality \ Half-Truth \ 8 |

\ 2T T21 Grp | All Ent Rel | Avg | T21 2T
0.10 56.9 38.4 264 73.1 70.9 753 60.7 70.8 56.7
025 56.7 39.4 27.2 75.4 73.6 773 59.3 71.0 56.5
0.50 (Ours) 57.8 39.8 27.8 76.4 73.6 792 59.9 717 56.8
075 577 393 27.9 71.6 73.6 81.6 59.8 71.1 56.9
1.00 572 385 272 78.0 76.0 80.0 60.6 71.1 56.4

unit-only ablation reaches 61.8%, close to plain COCO fine-tuning at 62.0%; global hard-negative

training produces a larger drop (NegCLIP: 58.2%).
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Figure 6: Per-benchmark compositional gains.
AI2T relative to zero-shot CLIP by benchmark and

on average.

Retrieval tasks. Table|16|reports Recall@1 on
COCO and Flickr8k |Plummer et al.| (2015).
Since CS-CLIP is fine-tuned on COCO, we
treat retrieval as an internal comparison among
COCO-fine-tuned models. CS-CLIP achieves
the best average T2I Recall@1 (71.7, +5.8 pp
over NegCLIP and +1.9 pp over FSC-CLIP) and
ties for the best average 12T (56.8), demonstrat-
ing that unit-level supervision improves retrieval
alignment while maintaining competitive perfor-
mance in both directions.

5.4 Ablations

Backbone and fine-tuning strategy. Table [2]
shows that updating both encoders reaches
79.2% relation accuracy, compared to 50.6%
for text-only and 47.1% for image-only tuning.
Larger backbones improve overall Half-Truth
accuracy and downstream performance.

Unit-loss weight. Increasing A\, from 0.10 to
0.75 raises relation accuracy from 75.3% to
81.6%, while compositional 12T varies less (Ta-
ble[3). We use A\, = 0.5 to balance these met-
rics.

Training signals. Table [ separates global neg-
atives, unit supervision, and matched unit foils.
With global negatives and unit supervision,
adding matched foils raises Half-Truth accuracy

from 47.7% to 76.4%, and relation accuracy from 30.6% to 79.2%. Unit supervision alone yields



Table 4: Training-signal ablations. G: global sentence negatives; U: unit supervision; F: matched
unit foils. Half-Truth accuracy uses COCO (Qwen); ZS is average zero-shot classification accuracy.

Compositionality Half-Truth Downstream
Variant G/U/F 12T T21 Group All Entity Relation A Retr. T2I 12T
1 XXX 52.8 39.4 27.2 43.8 62.6 25.1 62.0 71.7 56.7
2 VXX 55.3 38.5 25.7 53.8 62.2 455 58.2 65.9 52.7
3 X/ X 52.5 39.8 28.0 46.0 66.9 25.1 61.8 71.3 56.2
4 Xvv 54.8 39.1 28.3 76.2 74.8 77.6 60.7 70.7 56.7
5 /X 55.2 38.6 27.3 47.7 65.0 30.6 59.6 70.9 56.6
6 'a44 57.8 39.8 27.8 76.4 73.6 79.2 59.9 71.7 56.8

Table 5: Foil placement and generator controls. Half-Truth columns report entity/relation accuracy
(%); Comp. is average compositional I2T accuracy.

Model COCO (Qwen) COCO (Mistral) CC3M (Qwen) Comp.
NegCLIP 62.2/45.5 54.8/33.2 67.7/41.3 55.3
Sentence entity foils 71.7/36.5 65.5/31.2 66.5/34.1 55.8
Sentence entity+relation foils 66.5/82.7 59.5769.3 62.2/72.2 56.8
CS-CLIP (Qwen) 73.6/79.2 70.2/63.4 68.9/63.2 57.8
CS-CLIP (Mistral) 66.9 /60.4 65.5/55.0 64.5/48.0 57.3

61.8% zero-shot accuracy, close to plain COCO fine-tuning at 62.0%. Combining all signals gives
57.8% compositional 12T and 59.9% zero-shot accuracy.

Matched foils and supervision granularity. Table [S| compares sentence-level foil training with
unit-level supervision. Adding entity and relation foils at the sentence level raises COCO (Qwen)
relation accuracy from NegCLIP’s 45.5% to 82.7%. Entity-only sentence foils reach just 36.5%,
highlighting the contribution of relation foils. CS-CLIP improves entity accuracy from 66.5% to
73.6% and compositional 12T from 56.8% to 57.8% relative to the entity+relation sentence control,
while relation accuracy is slightly lower (79.2%). Thus, matched foils drive much of the relation gain;
unit supervision improves the balance across capabilities.

Generator sensitivity. Training with Mistral foils retains gains over CLIP on all three sources and
reaches 57.3% compositional 12T, compared to 57.8% for Qwen-trained CS-CLIP. Its Half-Truth
accuracy drops most on relations: 60.4% versus 79.2% on COCO (Qwen). Generator quality therefore
matters, although improvements transfer across generators. Appendix [F| gives configurations and
additional construction and optimization ablations.

6 Conclusion

We study a simple retrieval failure in CLIP-style models: appending one realistic but incorrect detail
to a correct description can increase similarity, making the half-truth rank above the anchor. To
address this, we introduce CS-CLIP, which adds unit-level supervision during fine-tuning by parsing
captions into entity and relation units and contrasting each against a minimally edited foil. This
provides direct compositional pressure while maintaining the standard dual-encoder architecture.
CS-CLIP achieves 76.4% Half-Truth Accuracy on COCO (Qwen), compared to 34.0% for CLIP, and
retains gains across foil generators and image domains. Its 57.8% compositional I2T accuracy shows
that these improvements extend to independently constructed benchmarks.

Limitations and future work. Our approach relies on text-only LLM parsing, which may introduce
artifacts or miss visual details not expressed in captions, and fine-tuning on COCO trades some
zero-shot accuracy for compositional sensitivity. While CS-CLIP reduces half-truth failures, it does
not guarantee factual correctness or demographic fairness; models may still reflect biases present in
training data. Future work could explore image-side half-truths (adding incorrect visual elements
to correct images), joint image-text parsing that leverages visual grounding, or applying unit-level
supervision during large-scale pretraining to reduce the zero-shot trade-off.
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A Sentence-Level Global Objective

This appendix defines the sentence-level contrastive objective Lgional from Eq. E] (Section @]) and
summarizes how NegCLIP |Yuksekgonul et al.| (2023 modifies the denominator with synthetic hard
negative captions.

We use the scoring notation x(x,y) = exp(x'y/7) from Section where all embeddings are
£o-normalized so cosine similarity equals dot product.

A.1 CLIP global contrastive loss

Consider a minibatch of B matched image—caption pairs {(I;,7;)}2 ;. Let v; be the normalized
image embedding and t; be the normalized caption embedding. The image-to-text (I2T) loss is

B
KR \V;, ti
Lisr=—7 log v t) 4)
i=1 Zj:l K(vi, t)
The symmetric text-to-image (T2I) loss is
B
R{Vi, tz
Lrop=—5 > log _ilvot) ®)
i=1 Zj:l K(vj,t:)
We define the global CLIP objective as
1
Lcrp = 3 (‘CIHT + £T%I)~ (6)

A.2 NegCLIP-style hard negative captions

NegCLIP [Yuksekgonul et al.|(2023) augments each training example with a shuffled-caption hard

negative. Given a caption 73, it constructs a foil 7; by shuffling or swapping content words (e.g.,
nouns, adjectives) so that the new sentence reuses nearly the same vocabulary but changes the

sentence-level meaning. Let t; denote the normalized embedding of the shuffled caption T;.

NegCLIP then adds these shuffled negatives to the image-to-text denominator. With a minibatch of B
pairs, the I2T loss becomes

1 & K(vi, t;)
£hes — —EZIOg 55 R (7
=1

5 —.
i B(Visty) + D05 k(visty)
That is, each image v; is contrasted against all B in-batch captions {t;} plus all B shuffled-caption
foils {t,} from the same batch.
The text-to-image term remains unchanged from Eq.[5(i.e., no hard negatives are added in the T2I
direction). We define the NegCLIP objective as
1 Neg
LNegCLIP = 3 (EI_,T + ET—>1)~ ()

Relation to CS-CLIP. Unless otherwise stated, CS-CLIP uses the NegCLIP-style objective (Eq.
as Lglobal. In our ablation studies (Appendix [F), we also explore using the standard CLIP objective
(Eq.[6) without hard negatives. We then add X, Lunit (Eq.[3) to provide supervision on individual
caption units and their matched foils.
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Table 6: Model and inference configuration for the text-only pipeline.

Parameter Value

Model Qwen3-8B-AWQ
Quantization AWQ (4-bit)
Inference framework vLLM

Batch size 256

Output format Structured JSSON

B Unit Parsing and Foil Generation Pipeline

This appendix describes the text-only LLM pipeline used to (i) parse captions into entity units and
relation units, and (ii) generate matched foils via minimal edits. The same pipeline is used both for
CS-CLIP training (Section @.T)) and for constructing the half-truth diagnostic (Section [3). The LLM
operates on caption text only and never sees images.

Units and foils. Given a caption 7', we extract two types of units:

« Entity units £(7): noun phrases describing visually grounded entities, including bound attributes

» o« »

and quantifiers (e.g., “three dogs”, “a brown horse”, “a man in a blue shirt”).

* Relation units R(7'): directed relations between two entity units, written as (es, p, e,) and
rendered as short phrases (e.g., “person riding horse”, “ball in park”).

For each unit, we generate one or more matched foils U that are minimally edited (changing exactly
one component) and realistic in context, while changing the unit’s meaning. Entity foils change either
the object category or one attribute/quantifier. Relation foils change a single relation component
(predicate or one argument), or swap arguments when the predicate is asymmetric.

B.1 Model and Inference Configuration

We use Qwen3-8B-AWQ served with vLLM to produce structured JSON outputs. Table[6] summarizes
the configuration.

B.2 Pipeline Overview
For each caption 7', the pipeline runs three stages:

1. Extract units: produce entity units £(7") and relation units R(T").
2. Generate entity foils: for each e € £(T), generate minimally edited foils é.
3. Generate relation foils: for each € R(T"), generate minimally edited foils 7.

We apply lightweight rule-based filters to remove malformed outputs and avoid degenerate foils (e.g.,
near-synonyms or duplicates).

B.3 Entity and Relation Extraction

This stage parses a caption into entity units and relation units.

B.3.1 System Prompt (Extraction)

You extract units for vision-language retrieval.

ENTITY UNITS: - Output noun phrases for visually grounded entities.
- Keep bound attributes and quantifiers inside the noun phrase.
Examples: "three dogs", "a brown horse", "a man in a blue shirt".

- Do not output abstract concepts or non-visual phrases. - Do not
duplicate entities (avoid both "brown horse" and "horse").

RELATION UNITS: - Output directed relations as (subject, predicate,
object). - Subject and object must be chosen from the extracted
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entity units. - Use short, visually checkable predicates (spatial,

action, possession/association). - Keep directionality: subject does
predicate to object.

Return ONLY valid JSON: { "entities": ["..."], "relations": [
{"subject": "...", "predicate": "...", "object": "..."} 1 }

B.3.2 User Prompt Template (Extraction)

Extract entity units and relation units from this caption:
Caption: "{caption}"
Return only valid JSON.

B.3.3 Extraction constraints

We apply the following constraints:

« Attribute binding: keep modifiers attached to the noun phrase head (e.g., “three dogs”, not
(Kdogs 7)).

* Groundedness: filter generic placeholders (e.g., “thing”) and non-visual phrases.

* Relation grounding: require relation arguments to match extracted entity strings exactly.

B.4 Matched Foils for Entity Units

For each entity unit, we generate foils that change exactly one component while staying realistic.

B.4.1 System Prompt (Entity Foils)

Generate matched foils for an entity noun phrase using minimal
edits.

Allowed edits (choose one per foil): 1) Object change:

replace the head noun with a similar-category object, keep
attributes/quantifiers. Example: "three dogs" -> "three cats" 2)
Attribute/quantifier change: change exactly one attribute or the
quantity, keep the head noun. Example: "a brown horse" -> "a white

horse"

Requirements: - Generate 2-4 foils. - Each foil must differ by
exactly one edit. - Avoid synonyms (e.g., couch->sofa). - Keep a
similar specificity level.

Return ONLY valid JSON: { "foils": [ {"text": "...", "edit_type":
"object_change"}, ... 1 }

B.4.2 User Prompt Template (Entity Foils)

Generate matched foils for this entity unit.
Entity unit: "{entity_unit}" Caption context: "{caption}"
Return only valid JSON.

B.5 Matched Foils for Relation Units

For each relation unit (e, p, e,), we generate foils that change one component while keeping
arguments grounded.

B.5.1 System Prompt (Relation Foils)

Generate matched foils for a directed visual relation (subject,
predicate, object).
Allowed edits (one per foil): 1) Predicate change: replace the
predicate with a different plausible predicate. 2) Argument swap:
swap subject and object ONLY if the predicate is asymmetric. 3)
Argument change: replace ONE argument with a similar-category
entity.
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Requirements: - Generate 1-3 foils. - Keep subject/object strings

grounded (use entities from the caption when possible). - Avoid
symmetric swaps (e.g., "next to", "near", "with"). - Keep the text
fluent and minimal-edit.

Return ONLY valid JSON: { "foils": [ {"subject":"...",
"predicate":"...", "object":"..."

,"edit_type": "predicate_change"}, ... 1 }

B.5.2 User Prompt Template (Relation Foils)

Generate matched foils for this relation.

Relation: <{subject}, {predicate}, {object}> Caption context:
"{caption}"

Return only valid JSON.

B.6 Post-processing and Filters
We apply lightweight filters to remove invalid outputs:

* Duplicate removal: drop foils identical to the original unit or duplicated within the same caption.
* Near-synonym filter: drop obvious paraphrases that preserve meaning.

* Minimal-edit check: prefer single-component edits; reject multi-edit strings when detected.

¢ Swap validity: block swaps for symmetric predicates (e.g., next to, near, with).

B.7 Usage in Training and Evaluation

CS-CLIP training. For each image-caption pair (I, T'), we sample one unit U from £(T') U R(T)
and one matched foil U produced by this pipeline (Section .

Half-truth diagnostic. Given an anchor entity unit A € £(T), we form a half-truth A~ by
appending exactly one foil from a different unit (Section [3).
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C Half-Truth Diagnostic: Construction and Additional Results

C.1 Construction and Notation

This appendix details how we construct the texts used in the half-truth diagnostic (Section [3). The
construction follows a simple refinement template: start from a caption-supported anchor entity
description and add exactly one additional piece of information.

Parsed caption structure. For each evaluation pair (I, 7), we run our text-only parsing pipeline
on caption T' (Appendix [B)) and obtain: (i) a set of entity units £(7) (noun phrases with bound

» o«

attributes/quantifiers, e.g., “red car”, “three dogs”), and (ii) a set of relation units R (7T") as triplets
r = (es, D, €o) Where eg, e, € E(T') and p is a visually grounded predicate. For each unit we also

construct matched minimal foils: € (e) for entity units and R (r) for relation units.

Text serialization. All comparisons are defined over text strings. We use a single serialization
operator txt(-):

* Entity: txt(e) is the surface string of entity unit e.

* Entity conjunction: txt(e,, e5) = txt(e,) and txt(ep).

* Relation: for r = (e, p, €,), txt(r) = txt(es) p txt(e,).

Anchor (short description). We sample an anchor entity unit e, € £(T") and define the anchor text
A = txt(eq).

The anchor is caption-supported in the sense that it is extracted from 7.

Truthful vs. half-truth additions. We consider two ways to refine the anchor by adding one unit:
* A truthful addition uses a caption-consistent unit (another entity unit or a relation unit involving
the anchor) extracted from the same caption.
* A half-truth uses the same refinement template, but replaces the added unit with a matched foil
produced by a minimal edit.

By construction, the anchor and its truthful/half-truth refinements share most tokens, isolating whether
the model verifies the added unit.

C.1.1 Entity addition: adding one more entity
Truthful entity addition and half-truth. We sample a second entity unit e™ € £(T) \ {e, } and
form the truthful refinement
AT = txt(eq,e™) = txt(e,) and txt(e™).
We then keep the anchor fixed and replace only the added entity unit with a matched foil:
A7 = txt(eq,e”), e e&(eh).

Entity foil types (+Obj, +Attr). In the verified evaluation set, we group entity half-truths by how
the added entity unit is corrupted:

 +Obj (wrong object): replace the head noun of e™ while keeping modifiers fluent (e.g., “red
car”— “red truck”).

¢ +Attr (wrong attribute): replace an attribute/modifier while keeping the head noun (e.g., “red
car”— “blue car”).

C.1.2 Relation addition: adding one relation involving the anchor

Truthful relation addition and half-truth. We sample a relation unit »* € R(7T') in which the
anchor entity participates (as subject or object). We form the truthful refinement by appending this
relation to the anchor:

AT = txt(e,) and txt(r™).

T
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Table 7: Evaluation comparisons by source and foil type.

Source Object  Attribute  Predicate Swap  Total
COCO (Qwen) 195 59 167 88 509
COCO (Mistral) 177 75 159 43 454
CC3M (Qwen) 173 78 157 66 474

Table 8: Correct Ordering Rate across three evaluation sources. COR measures Pr[s(I, AT) >
s(I,A) > s(I, A™)]. We report percentages on 509 COCO (Qwen), 454 COCO (Mistral), and 474
CC3M (Qwen) comparisons. All is the sample-weighted entity/relation average. FSC-CLIP is trained
on CC3M; the other fine-tuned models use COCO. Higher is better.

COCO (Qwen) COCO (Mistral) CC3M (Qwen)
Model All Entity Relation All Entity Relation All Entity Relation
CLIP 18.9 26.0 11.8 19.2 26.6 9.9 24.5 34.7 13.0
NegCLIP 322 40.6 239 25.8 36.1 12.9 29.1 414 15.2
DeGLA 32.4 40.6 24.3 28.2 38.1 15.8 314 41.8 19.7
ReadCLIP 35.0 38.2 31.8 31.7 38.5 233 30.2 35.1 24.7
FSC-CLIP (CC3M) 242 36.2 12.2 25.6 353 13.4 26.8 39.8 12.1
CS-CLIP 58.2 56.3 60.0 50.4 50.0 51.0 42.2 43.8 40.4

We then form a half-truth by substituting a matched foil relation:

A. = txt(e,) and txt(r™), r~ e R(rY).
Relation foil types (Ant, Swap). In the verified evaluation set, we group relation half-truths by
whether the predicate or the argument order is perturbed:

* Ant (predicate change): replace p with an opposing relation (e.g., on—under, in front of —
behind).

* Swap (role swap): swap subject and object ((es, p, e,) — (€o, D, €5)), preserving the predicate
but changing directionality.

Why edits are minimal.  All half-truth variants are generated by a single localized perturbation so
the anchor and its refinements share most tokens. This keeps the comparison focused on verifying the
added unit rather than topic drift. Figure|/| provides additional qualitative examples comparing CLIP,
NegCLIP, and CS-CLIP similarity scores across multiple half-truth examples.

C.2 Evaluation Sources and Verification

The evaluation covers two foil generators and two image domains. Entity foils change an object or
attribute; relation foils change a predicate or swap its arguments. Candidates pass an image-grounded
Qwen3-VL-30B check and a Claude-Opus review that can propose a replacement of the same
category, followed by manual inspection. We retain additions judged incorrect for the image.

Training-foil quality. Training foils are automatically generated and filtered, without manual
verification at scale. An image-grounded Qwen3-VL-30B audit of 1,000 foils flags 246 as accidentally
true (24.6%): 132/500 entity foils (26.4%) and 114/500 relation foils (22.8%). This is a model-
based estimate. On 816 independently human-labeled verification decisions, the verifier agrees with
annotators on 80.3% of entity cases and 55.8% of relation cases. These errors motivate manual
evaluation checks; the training results show gains despite estimated foil noise, rather than establishing
that false negatives have no effect.

C.3 Correct Ordering Rate

To test whether a model distinguishes correct additions from incorrect ones, we measure Correct
Ordering Rate (COR), Pr[s(I, A") > s(I, A) > s(I, A7)], where AT is a correct refinement of the
anchor. All three descriptions refer to the same image.
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Figure 7: Additional half-truth examples with model scores. Multiple anchors and their half-
truth refinements with similarity scores from CLIP, NegCLIP, and CS-CLIP. Some baselines assign
comparable or higher similarity to incorrect refinements, while CS-CLIP more consistently lowers
similarity for half-truths.

CS-CLIP achieves the highest COR among the displayed models: 58.2% on COCO (Qwen), 50.4%
on COCO (Mistral), and 42.2% on CC3M (Qwen). On COCO (Qwen), its relational COR is 60.0%,
compared to 11.8% for CLIP and 23.9% for NegCLIP. Requiring both inequalities prevents a uniform
preference for shorter captions from satisfying the metric.
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Table 9: Compositional benchmark suite. Text: foil captions provided; Img: foil images provided.

Benchmark  Cite Text Img Primary phenomenon

ARO Yuksekgonul et al.|(2023) v Binding, relations, word order
BLA Chen et al.[(2023) 4 Syntax and word order
COCO-CF Le et al. (2023) v v Counterfactual edits

COLA Ray et al.[(2023) v v/ Multi-object binding
ColorFoil Samin et al.|(2025) v Color attributes

ColorSwap Burapacheep et al[(2024) v Attribute binding

MMVP Tong et al.| (2024) v v/ Visual attributes, spatial
NegBench Alhamoud et al.[(2025) 4 Negation and absence

SPEC Peng et al.[(2024) v v/ Synthetic controlled scenes
SugarCrepe Hsieh et al.|(2023) v Fluent minimal edits
SugarCrepe++ |Dumpala et al.|(2024) v Paraphrase invariance

VALSE Parcalabescu et al.[(2022) v Existence, counting, coreference
VisMin Awal et al.|(2024) v v/ Minimal visual changes
What’sUp Kamath et al.| (2023) v v Spatial relations

Winoground  |Thrush et al.[(2022) v v Role sensitivity
VL-CheckList |Zhao et al.|(2022) 4 Objects, attributes, relations

D Compositional Benchmark Suite and Capability Taxonomy

We evaluate compositional robustness using a heterogeneous suite of 16 benchmarks that test entity
content, relational structure, attribute binding, and linguistic phenomena through controlled perturba-
tions. To enable fine-grained analysis beyond aggregate scores, we organize benchmark subsets into a
shared capability taxonomy with four top-level categories and ten sub-capabilities.

D.1 Benchmark Suite

Table [9] summarizes our compositional benchmark suite. Most benchmarks provide foil captions
that preserve topical content while changing a targeted semantic factor (e.g., swapping attributes,
changing predicates, or altering word order). Several benchmarks additionally provide foil images for
stricter cross-modal consistency checks.

D.2 Capability Taxonomy

To analyze which compositional skills are improved by different methods, we categorize benchmark
subsets into a shared taxonomy. For each subset, we assign a top-level category and a sub-capability
based on the minimal semantic change needed to distinguish correct captions from foils. This enables
macro-averaged reporting at the category level and fine-grained analysis at the sub-capability level.

Top-level categories. We define four categories (Table [I0):

» Entity Content: Recognizing objects, attributes, quantities, and existence.
* Relational Structure: Understanding predicates and role assignments in relations.
* Binding: Associating attributes with the correct objects.

¢ Linguistic: Handling syntax, coreference, and negation.

Category scores are computed by macro-averaging subset accuracies within each category.

Sub-capabilities. We define ten sub-capabilities for fine-grained analysis:

* Object Recognition: Correct object category (e.g., dog vs. cat).

Attribute Recognition: Correct attribute (e.g., red vs. blue).
 Existence: Whether an object is present.

* Counting: Correct number of objects (e.g., four vs. three horses).

Predicate Sensitivity: Correct relation predicate (e.g., left of vs. right of).
* Role Sensitivity: Which entity plays which role (e.g., dog chasing cat vs. cat chasing dog).
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Table 10: Capability taxonomy summary.

Category Sub-capabilities

Entity Content
Relational Structure
Binding

Linguistic

Object Recognition, Attribute Recognition, Counting, Existence
Predicate Sensitivity, Role Sensitivity

Attribute Binding

Syntax, Coreference, Negation

Attribute Binding: Which attribute binds to which object (e.g., red car and blue cat vs. blue car
and red cat).

» Syntax: Word order changes meaning.

* Coreference: Resolving references across phrases.

¢ Negation: Understanding negation (e.g., has A but not B).

D.3 Benchmark Subset Mapping

Table [T1] provides the complete mapping from benchmark subsets to our taxonomy, organized by

category.

Table 11: Benchmark subset to capability mapping.

Benchmark Subset Category Sub-capability
Entity Content

SugarCrepe add_att Entity Content Attribute Recognition
SugarCrepe replace_att Entity Content Attribute Recognition
SugarCrepe add_obj Entity Content Object Recognition
SugarCrepe replace_obj Entity Content Object Recognition
SugarCrepe++ replace_attribute  Entity Content Attribute Recognition
SugarCrepe++ replace_object Entity Content Object Recognition
VisMin object Entity Content Object Recognition
VisMin attribute Entity Content Attribute Recognition
VisMin counting Entity Content Counting

SPEC count Entity Content Counting

SPEC absolute_size Entity Content Attribute Recognition
SPEC existence Entity Content Existence
VL-CheckList attr_color Entity Content Attribute Recognition
VL-CheckList attr_material Entity Content Attribute Recognition
VL-CheckList attr_size Entity Content Attribute Recognition
VL-CheckList attr_state Entity Content Attribute Recognition

VL-CheckList

attr_action

Entity Content

Attribute Recognition

VL-CheckList obj_location Entity Content Object Recognition
VL-CheckList obj_size Entity Content Object Recognition
VALSE existence Entity Content Existence

VALSE counting Entity Content Counting

VALSE plurals Entity Content Counting

ColorFoil Entity Content Attribute Recognition
COCO-CF Entity Content Object Recognition
MMVP Color Entity Content Attribute Recognition
MMVP Presence Entity Content Existence

MMVP Quantity Entity Content Counting

MMVP Structural Char.  Entity Content Attribute Recognition

Relational Structure

ARO
SugarCrepe

VG_Relation
replace_rel

Relational Structure Predicate Sensitivity
Relational Structure Predicate Sensitivity

24

(continued)



Benchmark  Subset Category Sub-capability
SugarCrepe swap_obj Relational Structure Predicate Sensitivity
SugarCrepe++ replace_relation  Relational Structure Predicate Sensitivity
SugarCrepe++ swap_object Relational Structure Predicate Sensitivity
VisMin relation Relational Structure Predicate Sensitivity
SPEC relative_spatial Relational Structure Role Sensitivity
SPEC absolute_position Relational Structure Role Sensitivity
SPEC relative_size Relational Structure Role Sensitivity
What’sUp A Relational Structure Role Sensitivity
What’sUp B Relational Structure Role Sensitivity
What’sUp VG-One Relational Structure Role Sensitivity
What’sUp VG-Two Relational Structure Role Sensitivity
What’sUp COCO-One Relational Structure Role Sensitivity
What’sUp COCO-Two Relational Structure Role Sensitivity
VL-CheckList rel_action Relational Structure Role Sensitivity
VL-CheckList rel_spatial Relational Structure Role Sensitivity
VALSE relations Relational Structure Predicate Sensitivity
VALSE actions Relational Structure Role Sensitivity
MMVP Orientation Relational Structure Role Sensitivity
MMVP Spatial Relational Structure Role Sensitivity
MMVP State Relational Structure Role Sensitivity
Winoground Relational Structure Role Sensitivity
Binding

ARO VG_Attribution  Binding Attribute Binding
SugarCrepe swap_att Binding Attribute Binding
SugarCrepe++ swap_attribute Binding Attribute Binding
ColorSwap Binding Attribute Binding
COLA multi_object Binding Attribute Binding
Linguistic

ARO COCO_Order Linguistic Syntax

ARO Flickr30k_Order Linguistic Syntax

VALSE coreference Linguistic Coreference
VALSE noun phrases Linguistic Syntax

BLA ap Linguistic Syntax

BLA co Linguistic Syntax

BLA Ic Linguistic Syntax

NegBench MSRVTT Linguistic Negation

NegBench VOC2007 Linguistic Negation

NegBench COCO Linguistic Negation
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E Compositional Benchmark Suite: Additional Analyses

This appendix provides detailed breakdowns for the compositional evaluation in Section[5.2] In the main paper,
we report aggregate suite-level performance showing CS-CLIP achieves 57.8% average 12T accuracy across 16
benchmarks (Figure [6). Here we provide: (i) per-benchmark results (Table[I2), (ii) per-subset visualizations
(Figures [HIO), (iii) per-capability breakdowns (Table [T3), and (iv) downstream task performance showing
compositional improvements do not harm standard retrieval and classification (Section[E.G).

All analyses use the same models and evaluation protocol as in the main paper. The capability taxonomy and
benchmark subset mapping are provided in Appendix [D}

E.1 Evaluation Protocol and Metrics

Compositional benchmarks present contrast sets where one item is correct and one or more foils differ by a
minimal semantic change (e.g., swapping roles, changing an attribute, or altering word order). Let s(I,T") denote
the model’s image—text similarity score.

Image-to-Text (I2T) accuracy. For each image I;, the benchmark provides a candidate caption set
Ti ={Ti1,...,T;im,} with a single correct caption T;* € 7;. I2T accuracy is the fraction of cases where the
correct caption ranks above all foils:

N

1 "
Accror = N ZH[S(IuTi ) > Te%le{XT,*}S(Ii’T)]' )
= P

When 7; contains exactly one foil, this reduces to a pairwise win-rate.

Text-to-Image (T2I) accuracy. For each text query 73, the benchmark provides a candidate image set
Zi = {Iia, ..., Lin, } with a single correct image I € Z;. T2I accuracy is the fraction of cases where the
correct image ranks above all foils:

N
1 .
Accror = ﬁ;lﬂ[s(h,ﬂ) > Ieg@gz}s(I,Tz)] (10)

Group accuracy. Some benchmarks provide groups consisting of n matched image-caption pairs
{Ii1, Ti1), - - -, (Liyn, Ti,n) }. Group Accuracy is the fraction of groups where the model assigns the highest
similarity to the matched pair over all mismatched pairs, in both directions:

N,
I ol

Accarp = A Z]I[V] €e{1,...,n}: s(Li;,Ti;) > max (TIIC].;%;(S(IZ"}C,Ti’j),liljjxs(li,j,qu,,@))}. (11
9 i=1

Averaging. We report per-benchmark accuracies and suite-level averages computed as the unweighted mean
of benchmark-level accuracies. For capability-wise analysis, we compute accuracies for each benchmark subset,
then macro-average within each capability category (Appendix [D.2). CS-CLIP results are reported for the
best-performing seed checkpoint (seed 0), which is also the checkpoint used for all ablation experiments. For
transparency, we trained CS-CLIP with 5 different random seeds; the mean overall compositional 12T average
across seeds is 57.3+0.4, confirming that the reported result (57.8) is representative of consistent gains across
runs. All other models are reported with their single published checkpoint.

E.2 Per-Benchmark Results

Analysis. Table|12|reveals several patterns. First, fine-tuning on COCO consistently improves compositional
robustness: the top-performing models (CS-CLIP, FSC-CLIP, ReadCLIP, DeGLA) all fine-tune on COCO
and achieve 56-58% average accuracy, compared to 52% for zero-shot CLIP. However, this advantage is
partly due to dataset overlap: many compositional benchmarks (ARO, What’sUp, VALSE, VL-CheckList) use
images sampled from or derived from COCO and Visual Genome Krishna et al.| (2017), creating favorable
conditions for COCO-trained models. Figure[6]in the main paper shows that COCO-trained models achieve
larger gains on COCO-derived benchmarks, confirming this bias. Despite this overlap, COCO fine-tuning also
improves performance on benchmarks with independent image sources (e.g., ColorFoil, ColorSwap, SugarCrepe),
suggesting genuine compositional improvements beyond memorization.

Second, CS-CLIP achieves the highest overall average (57.8%) while excelling on benchmarks that require
tight binding (ARO 86.9%, VL-CheckList 79.2%) and spatial reasoning (What’sUp 43.5%, SPEC 36.1%).
Third, performance varies substantially across benchmarks: models generally perform well on color attributes
(ColorFoil 84-93%) but struggle on spatial relations (What’sUp 39-44%, MMVP 4-16%) and group-level
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Table 12: Compositional benchmark results (I2T accuracy, %). Each benchmark averaged over
all subsets. Rows grouped by training dataset and sorted by overall average within each group. SC =
SugarCrepe, SC++ = Sugar++, VLC = VL-Checklist. Bold: best; underline: second best.

Model ARO BLA COCO-CF COLA ColorFoil ColorSwap WhatsUp MMVP NegBench SPEC ~ SC  SC++ VALSE VLC VisMin Winoground —Avg

Pre-training variants (zero-shot)

CLIP 485 49.4 74.0 41.9 842 60.7 414 133 30.6 327 76.8 59.7 65.4 67.1 579 29.8 52.1
TripletCLIP 379 49.7 47.6 24.3 755 55.7 41.6 10.4 273 30.5 740 554 59.8 66.2 358 222 44.6
LaCLIP 394 50.2 41.0 219 69.1 56.7 41.8 15.6 255 292 63.5 46.0 57.3 67.6 337 26.2 42.8

Fine-tuned on COCO (direct comparison)

CS-CLIP (Ours)  86.9:02 50204 782402 41.0:22 90.5:08  59.0x12  43.5+06 133219 32.8:12 36.1:03 822405 67.4503 74.8503 79.2:02 60.5402  29.8+10  57.8:07
0

FSC-CLIP 86. 49.3 715 44.8 90.8 56.0 41.2 12.6 26.0 353 852 675 75.7 76.8 61.3 328 574
ReadCLIP 90.0 50.0 73.9 314 91.9 62.0 44.0 119 275 346 870 69.8 76.6 75.0 60.5 24.2 56.9
DeGLA 869 503 757 324 91.6 57.7 423 44 30.7 36.2 89.2 628 773 781  59.0 245 56.2
NegCLIP 824 49.8 76.4 329 875 553 42.6 10.4 28.6 35.6 825 62.7 74.7 74.0 59.6 30.5 553
LabCLIP 789 495 75.8 329 88.0 57.7 41.9 11.1 312 335 799 610 72.0 73.9 54.8 245 542
CE-CLIP 76.8 50.1 69.2 248 93.0 60.3 41.8 8.9 357 343 85.9 556 768 717 59.4 19.8 54.4
DAC (LLM) 64.9 49.0 72.2 357 84.7 56.0 42.6 11.1 359 33.0 756 590 66.7 71.8 515 255 522
DAC (SAM) 622 488 72.8 343 84.8 54.7 428 8.9 372 322 744 595 65.8 71.4 512 265 517

Fine-tuned on larger/other datasets (CC3M, LAION, RedCaps)

FSC-CLIP (CC3M) 80.4 49.1 737 37.1 91.1 56.3 428 8.9 27.0 357 852 59.7 75.1 78.0 59.0 29.2 555
CLoVe 81.7 521 733 357 883 58.0 41.1 133 252 320 841 511 724 729 535 22.5 53.6
FSC-CLIP (L+C) 839 503 75.8 30.0 89.8 55.0 428 9.6 29.1 343 83.4 59.9 74.0 76.1 57.8 278 55.0
CLIC (RedCaps) 66.8 494 774 36.2 84.9 60.0 399 10.4 324 32.6 81.8 70.3 69.9 74.0 54.2 322 54.5
CLIC (LAION) 67.8 495 78.0 343 84.6 58.3 40.0 10.4 30.3 33.0 812 69.9 700 75.3 554 315 54.3
CON-CLIP 41.2 49.0 78.8 36.2 83.0 56.3 41.2 8.9 348 335 76.5 60.6 66.8 68.0 549 29.0 512
TSVLC 61.1 48.2 73.2 333 839 54.3 40.6 11.9 36.5 32.7 724 60.5 66.9 714 51.8 26.8 51.6

Table 13: Performance by sub-capability (12T accuracy, %). Scores macro-averaged within each
sub-capability. Bold: best; underline: second best.
Model Attr. Bind. Attr. Recog. Coref. Count Exist. Negation Obj. Recog. Pred. Sens. Role Sens. Syntax  Avg

Pre-training variants (zero-shot)

CLIP 39.3 53.4 51.4 343 24.1 30.6 65.0 424 34.6 40.9 41.6
TripletCLIP (CC12M) 355 48.4 50.9 26.9 24.1 273 56.6 42.7 339 353 38.2
LaCLIP (CCI12M) 37.7 475 522 29.6 29.0 255 553 41.1 353 38.1 39.1

Fine-tuned on COCO (direct comparison)

CS-CLIP 43.8+10 58.1x05  56.2+17 37.7+06 30.7+12 32.8+12 71.3+07 51.0+03 40.1206 54.3+06 47.6+0s
ReadCLIP 46.7 58.4 557 390 314 275 72.0 54.1 38.8 555 419
FSC-CLIP (COCO) 453 58.8 602 390 300 260 711 52.8 374 543 415
DeGLA 40.7 56.8 59.5 359 27.7 30.7 68.4 50.1 35.5 514 45.7
NegCLIP 424 56.0 59.7 384 28.8 28.6 69.4 50.3 37.1 52.5 46.3
LabCLIP 40.0 54.6 543 329 284 312 67.1 46.8 359 49.1 44.0
CE-CLIP 37.8 56.2 60.6 37.0 30.1 35.7 66.2 46.4 34.8 46.0 45.1
DAC (LLM) 38.6 52.9 54.6 31.3 26.5 359 65.5 44.8 36.2 459 43.2
DAC (SAM) 39.3 524 533 31.6 28.7 37.2 66.0 45.1 352 45.8 43.5

Fine-tuned on larger/other datasets (CC3M, LAION, RedCaps)

FSC-CLIP (CC3M) 40.3 57.1 55.7 349 275 27.0 67.1 48.9 374 495 445
CLoVe 39.8 523 49.1 34.6 30.0 252 64.7 51.1 37.0 507 435
FSC-CLIP (L+C) 395 55.0 527 348 275 29.1 67.0 48.1 38.0 511 443
CLIC (RedCaps) 42.6 56.6 47.7 344 257 324 69.0 50.1 359 484 443
CLIC (LAION) 40.4 56.5 51.7 328 251 30.3 67.7 48.3 35.6 47.1 43.6
CON-CLIP 38.1 522 45.8 337 267 34.8 66.9 424 33.0 38.1 41.2
TSVLC 384 524 539 325 30.1 36.5 65.1 45.2 345 446 433

consistency (Winoground 20-33%). Finally, training on larger datasets (CC3M, LAION) does not consistently
improve compositional robustness compared to COCO fine-tuning, suggesting dataset quality and alignment
signal matter more than scale alone.

E.3 Per-Subset Visualization

Figures Q]and [T0] visualize 12T accuracy differences relative to CLIP across all benchmark subsets, providing a
comprehensive view of each model’s strengths and weaknesses beyond aggregate scores.

E.4 Per-Capability Results

Analysis. Table[13|shows capability-level performance patterns. CS-CLIP achieves the best Role Sensitivity
(40.1%), substantially outperforming CLIP (34.6%) and matching or exceeding all other COCO-trained methods.
This aligns with our approach: unit-level supervision explicitly targets relational structure by contrasting
entities in different roles (e.g., "dog chasing cat" vs. "cat chasing dog"). CS-CLIP also ranks second on Object
Recognition (71.3%), Existence (30.7%), and Syntax (54.3%), and is competitive on Attribute Binding (43.8%),
demonstrating broad improvements.
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Figure 9: Per-subset compositional 12T accuracy (Part 1/2). Green: improvement over CLIP; red:
degradation.

The capability breakdown reveals systematic weaknesses across all models. Counting remains challenging
(24-39%), likely because numerical information is poorly grounded in bag-of-visual-features representations.
Negation understanding is similarly weak (26-37%), consistent with prior findings that CLIP-style models
struggle with linguistic negation. Object Recognition shows the highest absolute performance (55-72%),
suggesting entity-level grounding is more robust than relational or linguistic phenomena.

Comparing COCO-trained models to larger-dataset variants, we observe that COCO fine-tuning generally
produces better compositional capabilities than training on CC3M or LAION. For example, CS-CLIP (COCO)
achieves 47.6% average across capabilities, while FSC-CLIP (CC3M) achieves 44.5% despite being trained
on 30x more data. This suggests compositional robustness depends more on alignment signal quality than raw
dataset size.
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Figure 10: Per-subset compositional I2T accuracy (Part 2/2). Continuation of FigureEl

E.5 Bidirectional Performance on Paired Datasets

Analysis. Table reports bidirectional performance on seven paired compositional datasets that provide
both image and text foils. CS-CLIP achieves the best average Group Accuracy (27.3%), indicating strong per-
formance when both retrieval directions must succeed simultaneously. This confirms that unit-level supervision
benefits both 12T and T2I matching rather than improving one direction at the expense of the other.

Among COCO-trained models, CS-CLIP and FSC-CLIP achieve comparable average I2T (45.2% vs. 45.6%) and
T2I (39.8% vs. 39.9%) accuracy, but CS-CLIP leads on Group Accuracy (27.3% vs. 27.2%). Notably, CS-CLIP
achieves the best Winoground T2I score (13.0%) among all models, demonstrating improved role sensitivity in
the T2I direction. Performance on MM VP remains challenging across all models (Group Accuracy below 5%),
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Table 14: Bidirectional performance on paired compositional datasets (accuracy, %). 12T =
Image-to-Text, T2I = Text-to-Image, Grp = Group accuracy (requires correctness in both directions).
CSwap = ColorSwap, Wino. = Winoground. Bold: best; underline: second best.

VisMin Wino. Average

COCO-CF COLA CSwap MMVP SPEC
12T T2I Grp | I2T T2I Grp | I2T T2I Grp | 2T T2I Grp

Model 12T T2I Grp | I2T T2I Grp | I2T T2I Grp | 2T T2I Grp

Pre-training variants (zero-shot)

CLIP 740 73.1 604|419 224 148|60.7 72.7 45.0| 72 7.8 4.1 [27.8 27.0 112|645 559 38.0/29.8 10.8 7.8 |43.7 385 259
TripletCLIP 47.6 458 31.1|243 262 114|557 640 38.0|10.1 7.8 14258 246 103|468 41.3 152|222 62 3.8 (332 309 159
LaCLIP 41.0 36.7 239|219 148 6.7 |56.7 63.7 403|203 3.8 12247 238 9.1 |[445 373 13.0]262 80 62 |33.6 269 143

Fine-tuned on COCO (direct comparison)

CS-CLIP (Ours) |782 759 651|410 262 20.0(59.0 69.3 40.7|11.3 9.9 3.5[30.1 27.0 115|673 57.2 42.2|29.8 13.0 8.0 |452 39.8 27.3

FSC-CLIP 77.5 75.5 64.5|44.8 27.1 21.9|56.0 69.0 38.3|11.0 7.0 0.3|29.4 27.8 11.3|67.8 60.6 44.5|32.8 120 9.5 |45.6 39.9 27.2
ReadCLIP 73.9 75.6 62.7|31.4 257 152(62.0 67.3 43.3|12.8 3.8 0.9(29.0 27.3 10.3|67.5 59.5 442|242 102 6.0 |43.0 38.5 26.1
DeGLA 75.7 74.6 62.7|324 20.0 15.7|57.7 71.0 41.7| 1.7 2.9 0.3]30.2 27.0 12.7|66.6 57.5 40.0|24.5 10.5 7.5 [41.3 37.6 258
NegCLIP 76.4 729 61.6|329 162 114|553 70.7 39.7|10.1 6.1 0.9 |29.6 282 11.6|66.6 59.0 41.8|30.5 11.2 8.0 |43.1 378 25.0
LabCLIP 758 724 61.1|329 262 16.7|57.7 62.7 37.0| 64 72 29281 259 10.1|62.3 533 352|245 102 6.8 |41.1 369 243
CE-CLIP 69.2 74.6 58.8|24.8 233 11.0|60.3 663 42.7| 55 23 0.6 [28.6 269 10.6|66.1 59.8 42.8|19.8 12.0 52 |39.2 379 245
DAC (LLM) 722 69.0 56.7(35.7 224 16.2[56.0 63.0 36.7|104 9.9 29 (279 253 109|594 522 322|255 9.8 6.5 |41.0 359 232
DAC (SAM) 72.8 684 56.5|34.3 20.5 14.8|54.7 657 36.0|11.6 72 123|273 255 10.7|594 51.6 32.2|26.5 102 6.5 |40.9 35.6 22.7

Fine-tuned on larger/other datasets (CC3M, LAION, RedCaps)

FSC-CLIP (CC3M) | 73.7 73.4 60.6|37.1 20.5 13.8|56.3 69.7 39.7| 5.5 6.7 0.6 299 27.7 11.9]|658 59.7 42.0|29.2 88 6.0 |42.5 38.1 24.9
FSC-CLIP (L+C) |75.8 76.0 63.6|30.0 21.0 11.4|550 72.3 39.0| 5.8 3.8 0.6 |28.9 27.5 11.2|65.1 57.8 40.0|27.8 9.2 6.8 |41.2 38.2 24.7
CLoVe 73.3 732 59.7|357 214 143|58.0 68.7 39.3|133 5.5 23268 268 10.6|62.4 53.1 342|225 102 62 [41.7 37.0 238
CLIC (RedCaps) 774 726 61.8(36.2 19.0 11.4]60.0 66.0 423| 81 101 0.3 |27.5 256 9.0 |62.3 52.1 345|322 12.5 10.8|43.4 36.8 243
CLIC (LAION) 78.0 725 624|343 243 143|583 66.7 40.7| 41 2.0 03280 258 9.4 |63.1 53.1 352|315 11.8 92 |425 36.6 245
CON-CLIP 78.8 73.7 635|362 162 8.1 |563 66.7 40.7|55 6.1 1.2]283 272 9.5 |61.8 51.2 33.0(/29.0 100 7.2 |423 359 233
TSVLC 732 689 569|333 17.6 11.0 [543 657 37.7|10.7 7.8 12 |274 251 10.6]59.9 52.0 332|268 10.5 7.8 |40.8 354 22.6

suggesting that fine-grained visual attribute distinctions require further advances beyond compositional training
signals.

E.6 Downstream Zero-Shot Classification and Retrieval

We evaluate whether compositional improvements come at the cost of standard vision-language tasks. Table[I3]
reports zero-shot classification on ImageNet variants and fine-grained datasets, while Table[T6]reports image—text
retrieval on Flickr8k and MS-COCO.

Zero-shot classification. Given an image I and class prompts {T¢}, we compute similarities s(,7.) and
predict the class with highest score. We report Acc@1 and Acc@5 on seven datasets.

Image—text retrieval. Given an image (or text) query and a gallery of candidate texts (or images), we rank
candidates by similarity and report Recall@1 in both directions: 12T (image-to-text) and T2I (text-to-image).

Analysis. CS-CLIP maintains competitive downstream performance while achieving the best compositional
robustness. On zero-shot classification, CS-CLIP achieves 59.9% Acc@1 and 84.6% Acc@5, compared to
CLIP’s 63.6% and 86.5%. The 3.7-point Acc@1 gap represents a modest trade-off for substantial compositional
gains (+5.8 points on the compositional suite, +42.4 points on COCO (Qwen) Half-Truth Accuracy). Notably,
CS-CLIP achieves the best Caltech101 Acc@5 (97.9%), suggesting unit-level supervision does not uniformly
harm recognition.

For retrieval, CS-CLIP achieves the best performance among all evaluated models: 56.8% I2T and 71.7% T2I,
outperforming CLIP by +11.6 and +9.0 points respectively. This indicates that compositional improvements
directly benefit retrieval tasks where fine-grained matching matters. The gains are particularly pronounced on
Flickr8k (67.3% 12T, 81.5% T2I), where captions are more descriptive and compositional structure is more
salient.

Comparing COCO-trained models, we observe that methods achieving strong compositional robustness (CS-
CLIP, FSC-CLIP, ReadCLIP) also excel at retrieval, while zero-shot classification performance varies. This
suggests retrieval and compositional evaluation measure related capabilities, both require fine-grained text-image
alignment, while zero-shot classification depends more on coarse-grained category recognition.

30



Table 15: Zero-shot classification (Acc@1/ Acc@85, %). IN1k: ImageNet-1k Deng et al. (2009);
INv2: ImageNetV2 Recht et al.|(2019); Sketch: ImageNet-Sketch|Wang et al.|(2019); IN-O: ImageNet-
O[Hendrycks et al.|(2021)); Call01: Caltech101 |Fei-Fei et al.|(2004); C10: CIFAR-10 Krizhevsky
(2009); SUN: SUN397 [Xiao et al.|(2010). Bold: best; underline: second best.

Model | INIK | INv2 | Sketth | IN-O | Callol | CI0 | SUN | Awg

| @ @5| @l @5| @l @5| @ @5]| @ @5| @ @5| @ @5| @ @5

Pre-training variants (zero-shot)

CLIP 60.2 859|524 794|464 72.6 507 823|819 94.1 |84 99.7|650 91.7|63.6 86.5
TripletCLIP (CCI12M) | 23.0 469 | 193 422|148 333|292 578|655 89.1 |63.2 955|364 685|359 619
Fine-tuned on COCO (direct comparison)
CS-CLIP 589 86.3|51.7 809 |38.0 654|434 752|815 979|887 99.6 |574 86.8|59.9 84.6
FSC-CLIP (COCO) 59.2 864 |51.7 805|389 666|455 76.6|81.8 96.7|89.1 99.6 | 624 90.5|61.2 853
NegCLIP 55.8 83.8|489 78.0(359 626|424 727|812 96.8 859 995|577 873|582 83.0
DeGLA 563 84.5|50.0 79.0|36.8 64.0|444 752|809 958 |86.0 99.5| 603 889|593 839
ReadCLIP 515 80.8 453 750|328 598|444 747|783 929|872 99.6|565 86.1|56.6 81.3
CE-CLIP 499 805|433 743|315 586|449 748|784 946|859 987|566 875|558 813
DAC (LLM) 527 813|463 752|355 629|437 719|793 93.5|87.0 988|563 872|573 815
DAC (SAM) 529 814|468 755|353 626|440 724|788 93.0|86.7 989|551 86.8|57.1 815
Fine-tuned on larger/other datasets (CC3M, LAION, RedCaps)
CON-CLIP 63.2 88.7|555 832|428 70.7|47.0 780|825 958 |90.7 99.8|639 921|637 86.9
CLIC (RedCaps) 623 88.1 553 825 |41.8 69.6 472 77.1|824 96.7|89.8 99.6|642 916|633 865
CLIC (LAION) 61.7 87.7|550 824|414 69.1 468 77.7|81.8 96.1 895 99.6|643 91.6 629 86.3
FSC-CLIP (L+C) 58.1 85.8|51.0 80.0|39.8 672|483 76.8 799 937|875 992|643 915|613 849
FSC-CLIP (CC3M) 549 83.8|47.7 784|376 650|460 749 803 942 |89.5 99.5|627 90.5|59.8 83.8
TSVLC 543 824|476 76.6|36.1 635|445 737|794 93.5|87.0 99.0|57.0 88.0|58.0 824
CLoVe 529 818 |46.6 762|355 627|416 72.6|78.6 89.9|884 99.7|60.2 887|577 816

Table 16: Image—text retrieval (Recall@1, %). I2T: image-to-text; T2I: text-to-image. Bold: best;
underline: second best.

| Flickr8k | MS-COCO | Average

Model | 2T T21 | 12T T2 | 2T T2I

Pre-training variants

CLIP 562 729|343 525 452 627
TripletCLIP (CC12M) | 23.4 28.4 ‘ 11.3 149 ‘ 17.3 21.7
Fine-tuned on COCO (direct comparison)
CS-CLIP 67.3 815|463 619 |568 71.7
FSC-CLIP (COCO) 67.0 79.246.0 604 |56.5 69.8
ReadCLIP 66.6 75.6|47.1 603 |56.8 68.0
DeGLA 65.3 702432 509 [542 60.6
NegCLIP 639 75.6|41.5 562 |52.7 659
CE-CLIP 64.8 67.8(47.1 56.1 [559 619
DAC (LLM) 535 66.7]30.3 46.0 |419 56.3
DAC (SAM) 52.0 66.5(29.8 459 409 56.2

Fine-tuned on larger/other datasets (CC3M, LAION, RedCaps)

CLIC (RedCaps) 56.1 70.8|34.5 47.1 |453 589
CLIC (LAION) 56.5 68.3|34.6 47.6 |455 579
FSC-CLIP (CC3M) 63.6 70.0|40.9 47.6 |52.3 588
FSC-CLIP (L+C) 632 688|404 49.6 |51.8 59.2
CLoVe 58.8 64.0 373 463 |48.1 552
CON-CLIP 56.6 70.0 309 49.1 |43.7 59.5
TSVLC 51.6 66.1]29.8 459 |40.7 56.0
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Table 17: Unit construction hyperparameters. We vary the number of units per caption [V, the
fraction of relation-type units, and the fraction of swap-style foils. Gray: baseline configuration.

Setting ‘ Compositionality ‘ Half-Truth ‘ Downstream

| 12T T21 Grp | All Ent Rel | ZSAvg Retr T2I Retr 2T
Number of units per caption N
N=1 57.4 39.1 274 76.6 74.4 78.8 59.5 70.7 56.3
N =2 (Ours) 57.8 39.8 27.8 76.4 73.6 79.2 59.9 71.7 56.8
N=3 57.3 38.7 27.4 74.5 72.4 76.5 59.6 70.6 56.4
N=4 57.5 39.0 27.2 77.4 73.2 81.6 58.9 70.2 56.5
Relation probability p (fraction of relation-type units)
p=0.0 (entities only) 56.7 39.7 27.5 58.2 75.6 40.8 59.1 70.6 56.5
p=0.25 57.1 39.3 27.0 75.6 76.8 74.5 59.4 70.8 56.7
p=0.50 57.1 39.2 26.4 77.4 78.0 76.9 60.4 71.5 56.7
p=0.75 57.5 39.5 27.5 77.4 75.2 79.6 59.3 70.1 56.4
p=1.0 (Ours) 57.8 39.8 27.8 76.4 73.6 79.2 59.9 71.7 56.8
Swap probability (fraction of swap-style foils)
swap= 0.0 (add/replace only) 57.0 39.5 27.7 76.6 77.2 76.1 59.7 69.4 56.2
swap= 0.5 57.6 38.5 26.6 76.4 74.0 78.8 58.7 69.9 56.7
swap= 1.0 (Ours) 57.8 39.8 27.8 76.4 73.6 79.2 59.9 71.7 56.8

Table 18: Optimization hyperparameters. We vary learning rate, weight decay, and batch size.
Gray: baseline configuration.

Setting | Compositionality | Half-Truth | Downstream

| 1 T2I Grp | All Ent Rel | ZSAvg Retr T21 Retr I2T
Learning rate
LR= 106 56.6 39.9 272 66.6 66.9 66.3 61.7 70.8 55.7
LR= 2x10~° 573 39.0 272 70.5 68.1 72.9 613 714 56.6
LR= 5x10~% (Ours) 57.8 39.8 27.8 76.4 73.6 79.2 59.9 71.7 56.8
LR=10""° 57.6 40.2 28.1 78.6 75.2 82.0 58.0 70.0 56.3
LR= 2x107° 57.7 40.7 28.1 78.8 74.4 83.1 56.5 69.0 56.0
Weight decay
WD= 10"% 574 39.4 27.1 76.2 724 80.0 59.2 70.3 56.4
WD= 5x10"3 57.4 39.0 272 75.0 73.2 76.9 59.4 70.5 56.1
WD= 10~2 (Ours) 57.8 39.8 27.8 76.4 73.6 79.2 59.9 71.7 56.8
WD= 2x10~2 575 39.3 27.4 76.4 74.0 78.8 59.8 70.7 56.2
WD= 5x10"2 573 39.5 27.6 76.8 74.0 79.6 59.2 70.4 56.6
Batch size
BS= 32 57.0 38.7 26.7 75.0 72.0 78.0 60.4 69.8 55.8
BS= 64 573 39.4 27.0 75.8 71.7 80.0 59.9 70.1 56.1
BS= 128 (Ours) 57.8 39.8 27.8 76.4 73.6 79.2 59.9 71.7 56.8

F Additional Ablations

This appendix reports extended ablations covering optimization hyperparameters and unit construction choices
not included in the main paper due to space constraints. The main ablations (Section[5.4) compare backbone,
loss weight, training signals, foil placement, and foil generators. Here we report construction and optimization
ablations. Half-Truth metrics use COCO (Qwen).

All metrics are accuracies (%) and higher is better. We report three groups: (i) Compesitionality (I2T/T2I/Group
averaged across 16 benchmarks), (ii) Half-Truth Accuracy (All/Entity/Relation), and (iii) Downstream (zero-
shot classification averaged across 7 datasets and retrieval on Flickr8k/COCO).

Unit construction choices. Using only entity units gives 75.6% entity accuracy but 40.8% relation accuracy.
Increasing the relation sampling probability improves relations, reaching 79.6% at p = 0.75 and 79.2% at
p = 1.0. Four units per caption reach 81.6% relation accuracy, while two give stronger compositional I2T and
retrieval performance. Swap probability also shifts this balance: relation accuracy rises from 76.1% without
swaps to 79.2% with full swap usage.

Optimization hyperparameters. Increasing the learning rate to 2 x 10~° reaches 78.8% overall and 83.1%
relation Half-Truth accuracy, but lowers zero-shot classification to 56.5%. The default 5 x 10° balances
Half-Truth accuracy (76.4%), zero-shot classification (59.9%), and T2I retrieval (71.7%). Weight decay has
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smaller effects. Batch sizes 32 and 64 reach 75.0% and 75.8% Half-Truth accuracy, respectively, compared to
76.4% with batch size 128.

F.1 Control Configurations

The foil-placement and Mistral-training controls use 25 epochs, seed 42, and configured batch size 256; the main
Qwen-trained model uses batch size 128. The controls therefore compare practical training configurations rather
than isolating supervision placement or generator choice with every hyperparameter fixed.
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G Assets and Licenses

Tableﬂl;llists all datasets, models, and codebases used in this work, along with their licenses and how we use
them. All assets are used strictly for non-commercial academic research in accordance with their respective
terms.

Table 19: Assets used in this work and their licenses.

Asset Type License Usage

MS-COCO 2014 Dataset CC BY 4.0 Training and half-truth evaluation
CC3M 2018 Dataset Freely usable with attribution (Google LLC) ~ OOD half-truth evaluation
LAION-400M! Dataset CC BY 4.0 (annotations; image licenses vary) OOD half-truth evaluation

OpenAl CLIP ViT-B/32|Radford (2021} Model weights MIT License Initialization for CS-CLIP
OpenCLIP Codebase MIT License Fine-tuning framework
Qwen3-8B-AWQ|Yang et al. @ LLM Apache 2.0 Caption parsing pipeline (text only)

Compositional evaluation benchmarks (all publicly available)

ARO Benchmark MIT License Evaluation only
BLA [Chen et al. (2023] Benchmark MIT License Evaluation only
COCO-CF m!ﬁ Benchmark CCBY 4.0 Evaluation only
COLA ﬁm Benchmark MIT License Evaluation only
ColorFoil MQ Benchmark MIT License Evaluation only
ColorSwap Benchmark MIT License Evaluation only
MMVP mﬁ Benchmark MIT License Evaluation only
NegBench Benchmark MIT License Evaluation only
SPEC ﬁ Benchmark Research-only (no explicit license file) Evaluation only
SugarCrepe Hsieh et al. Benchmark MIT License Evaluation only
SugarCrepe++ l Benchmark MIT License + CC BY 4.0 Evaluation only
VALSE Benchmark MIT License Evaluation only
VisMin|Awal et al. |(2024] Benchmark CCBY 4.0 Evaluation only
VL-CheckList Benchmark Research-only (no explicit license file) Evaluation only
What’sUp Mﬁm Benchmark MIT License Evaluation only
Winoground Thrush et al. l Benchmark Custom research-only license (gated) Evaluation only
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research, addressing
issues of reproducibility, transparency, research ethics, and societal impact. Do not remove the checklist: The
papers not including the checklist will be desk rejected. The checklist should follow the references and follow
the (optional) supplemental material. The checklist does NOT count towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For each question
in the checklist:

¢ You should answer [Yes], ,or [N/A].

e [N/A] means either that the question is Not Applicable for that particular paper or the relevant
information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for [N/A]).

The checklist answers are an integral part of your paper submission. They are visible to the reviewers, area
chairs, senior area chairs, and ethics reviewers. You will also be asked to include it (after eventual revisions)
with the final version of your paper, and its final version will be published with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation. While
[Yes] is generally preferable to , it is perfectly acceptable to answer provided a proper justification is
given (e.g., error bars are not reported because it would be too computationally expensive” or “we were unable
to find the license for the dataset we used”). In general, answering or [N/A] is not grounds for rejection.
While the questions are phrased in a binary way, we acknowledge that the true answer is often more nuanced, so
please just use your best judgment and write a justification to elaborate. All supporting evidence can appear
either in the main paper or the supplemental material, provided in appendix. If you answer [Yes] to a question, in
the justification please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

¢ Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction state all main claims (half-truth failure mode, unit-level
supervision, HT-Acc 76.4% on COCO (Qwen), best compositional 12T 57.8%, best Group Accuracy)
that are directly supported by the main-paper tables (half-truth and ablations) and the compositional

results in Appendix[E] Scope is bounded to COCO fine-tuning; OOD transfer is presented as supporting
evidence, not a primary claim.

Guidelines:

¢ The answer [N/A]| means that the abstract and introduction do not include the claims made in the

paper.
» The abstract and/or introduction should clearly state the claims made, including the contributions
made in the paper and important assumptions and limitations. A or [N/A] answer to this

question will not be perceived well by the reviewers.

¢ The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

« It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [ Yes]

Justification: A dedicated “Limitations and future work™ paragraph in Section[f]discusses text-only
parsing artifacts, the text-side-only supervision scope, training—evaluation pipeline overlap (mitigated
by OOD transfer on CC3M and LAION), the zero-shot accuracy trade-off, and fairness considerations.

Guidelines:
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* The answer [N/A| means that the paper has no limitation while the answer means that the
paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

¢ The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to provide
closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to address problems
of privacy and fairness.

¢ While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a complete
(and correct) proof?

Answer: [N/A]

Justification: The paper makes no theoretical claims and contains no theorems, lemmas, or proofs; all
contributions are empirical.

Guidelines:

* The answer [N/A| means that the paper does not include theoretical results.
¢ All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
 All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if they appear in
the supplemental material, the authors are encouraged to provide a short proof sketch to provide
intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

¢ Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experimental
results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Section 5 details the training setup (optimizer, learning rate, batch size, backbone, tem-
perature). The caption-parsing and foil-generation pipeline is described in Section 3 and Appendix [B]
All evaluation benchmarks are publicly available. Code will be released upon acceptance.

Guidelines:

* The answer [N/A| means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived well by
the reviewers: Making the paper reproducible is important, regardless of whether the code and
data are provided or not.

« If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.
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» Depending on the contribution, reproducibility can be accomplished in various ways. For example,
if the contribution is a novel architecture, describing the architecture fully might suffice, or if the
contribution is a specific model and empirical evaluation, it may be necessary to either make it
possible for others to replicate the model with the same dataset, or provide access to the model.
In general. releasing code and data is often one good way to accomplish this, but reproducibility
can also be provided via detailed instructions for how to replicate the results, access to a hosted
model (e.g., in the case of a large language model), releasing of a model checkpoint, or other
means that are appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either be
a way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of closed-
source models, it may be that access to the model is limited in some way (e.g., to registered
users), but it should be possible for other researchers to have some path to reproducing or
verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer:

Justification: Code and the generated half-truth benchmark will be released upon acceptance. All base
datasets (MS-COCO, CC3M, LAION) and evaluation benchmarks used are publicly available; the
LLM parsing pipeline is described in sufficient detail to reconstruct the training data.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/public/
guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be possible,
SO is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

¢ The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://neurips.cc/|
public/guides/CodeSubmissionPolicy) for more details.

¢ The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

¢ At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

* Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Section 5 specifies the optimizer (AdamW), learning rate, weight decay, batch size,
training epochs, backbone, and temperature initialization. Hyperparameter choices (e.g., A,=0.5,
Ny=2) are justified via ablations in Section[5.4] All evaluation benchmarks use their standard public
test splits.

Guidelines:
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* The answer [N/A| means that the paper does not include experiments.

¢ The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate informa-
tion about the statistical significance of the experiments?

Answer: [Yes]

Justification: CS-CLIP is evaluated on 5 independent training runs with different random seeds. The
main table reports the best-performing seed checkpoint (57.8%), which is also used for all ablation
experiments. The mean =+ std over all 5 seeds (57.3+0.4%) is disclosed in Appendix[E2] confirming
consistent gains across runs. Baseline results follow original reported values.

Guidelines:

* The answer [N/A| means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence intervals,
or statistical significance tests, at least for the experiments that support the main claims of the
paper.

» The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

* The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error of the
mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should preferably report
a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of errors is
not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g., negative error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer resources
(type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]

Justification: We train CS-CLIP on 8 x A100 GPUs for 25 epochs with batch size 128, using AdamW
(Ir 5 x 1079, weight decay 10~ 2) with cosine warm-up and decay, as described in Section 5.

Guidelines:

¢ The answer [N/A]| means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

¢ The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.

¢ The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).
9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have reviewed the NeurIPS Code of Ethics. Our work fine-tunes a publicly available
vision-language model on publicly available image-caption datasets (COCO, CC3M, LAION). No
human subjects are involved, no private data is collected, and the method does not enable harmful
applications beyond those of the base CLIP model.

Guidelines:
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10.

11.

12.

¢ The answer |[N/A | means that the authors have not reviewed the NeurIPS Code of Ethics.

e If the authors answer , they should explain the special circumstances that require a deviation
from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]

Justification: In Section@(Limitations and Future Work), we discuss that CS-CLIP does not guarantee
factual correctness or demographic fairness, and that text-only LLM parsing may introduce biases.
Positive impacts include improved compositional sensitivity for image—text retrieval; negative risks
are bounded to those of standard vision-language retrieval systems.

Guidelines:

¢ The answer [N/A]| means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal impact
or why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate Deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

¢ The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pre-trained language models, image generators,
or scraped datasets)?

Answer: [N/A]

Justification: We do not release a pre-trained model or scraped dataset that carries high misuse risk.
CS-CLIP fine-tunes the publicly available OpenCLIP checkpoint; model weights and the Half-Truth
benchmark will be released upon acceptance under standard open-source terms.

Guidelines:

* The answer [N/A| means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

¢ Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]
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13.

14.

15.

Justification: We add Appendix [G] (Table[I9) listing all datasets, models, and codebases with their
licenses: MS-COCO (CC BY 4.0), CC3M (freely usable with attribution to Google LLC), LAION-
400M (CC BY 4.0 annotations; image licenses vary), OpenAl CLIP weights (MIT License), OpenCLIP
codebase (MIT License), and Qwen3-8B-AWQ (Apache 2.0). All are used for non-commercial
academic research in accordance with their respective terms.

Guidelines:

e The answer [N/A]| means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a URL.
* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode. com/datasets|has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [Yes]

Justification: We introduce the Half-Truth benchmark (automatically generated half-truth contrast sets
for COCO, CC3M, and LAION-400M). The construction pipeline is fully described in Appendix [B]
The benchmark and code will be released upon acceptance.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their submis-
sions via structured templates. This includes details about training, license, limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.

* At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [N/A]
Justification: We do not conduct any crowdsourcing or research with human subjects. The half-truth

evaluation suite (1,437 comparisons across COCO and CC3M) is manually verified by the authors
themselves; no crowdworkers or external annotators are involved.

Guidelines:
¢ The answer [N/A] means that the paper does not involve crowdsourcing nor research with human
subjects.

* Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such risks
were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [N/A]
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Justification: No human subjects are involved in this research. All data collection and annotation is
fully automated.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing, editing,
or formatting purposes and does not impact the core methodology, scientific rigor, or originality of the
research, declaration is not required.

Answer: [Yes]

Justification: We use Qwen3-8B-AWQ (served via vVLLM) as a core component of our caption parsing
pipeline to extract semantic units and generate foil captions. This is an original, non-standard use
of an LLM that directly produces the training data for CS-CLIP. The pipeline is fully described in
Appendix [B] The LLM operates on text only and never processes images.

Guidelines:

e The answer [N/A]| means that the core method development in this research does not involve
LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy in the NeurIPS handbook for what should or should not be
described.

41



	Introduction
	Related Work
	The Half-Truth Vulnerability
	Motivation
	Half-Truth Diagnostic: Metric and Construction
	Half-Truth Vulnerability on COCO

	Method: CS-CLIP
	Unit Sampling and Encoding
	Training Objective

	Experiments
	Half-Truth Vulnerability
	Compositional Understanding
	Downstream Performance
	Ablations

	Conclusion
	Sentence-Level Global Objective
	CLIP global contrastive loss
	NegCLIP-style hard negative captions

	Unit Parsing and Foil Generation Pipeline
	Model and Inference Configuration
	Pipeline Overview
	Entity and Relation Extraction
	System Prompt (Extraction)
	User Prompt Template (Extraction)
	Extraction constraints

	Matched Foils for Entity Units
	System Prompt (Entity Foils)
	User Prompt Template (Entity Foils)

	Matched Foils for Relation Units
	System Prompt (Relation Foils)
	User Prompt Template (Relation Foils)

	Post-processing and Filters
	Usage in Training and Evaluation

	Half-Truth Diagnostic: Construction and Additional Results
	Construction and Notation
	Entity addition: adding one more entity
	Relation addition: adding one relation involving the anchor

	Evaluation Sources and Verification
	Correct Ordering Rate

	Compositional Benchmark Suite and Capability Taxonomy
	Benchmark Suite
	Capability Taxonomy
	Benchmark Subset Mapping

	Compositional Benchmark Suite: Additional Analyses
	Evaluation Protocol and Metrics
	Per-Benchmark Results
	Per-Subset Visualization
	Per-Capability Results
	Bidirectional Performance on Paired Datasets
	Downstream Zero-Shot Classification and Retrieval

	Additional Ablations
	Control Configurations

	Assets and Licenses

