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Abstract

Despite recent advances, vision-language models trained with standard contrastive
objectives still struggle with compositional reasoning — the ability to understand
structured relationships between visual and linguistic elements. This shortcoming
is largely due to the tendency of the text encoder to focus on individual words rather
than their relations, a limitation reinforced by contrastive training that primarily
aligns words with visual objects. In this paper, we introduce REconstruction and
Alignment of text Descriptions (READ), a fine-tuning method designed to enhance
compositional reasoning by adding two auxiliary objectives to the contrastive
learning: (1) a token-level reconstruction objective, where a frozen pre-trained
decoder reconstructs alternative captions based on the embedding of the original
caption; and (2) a sentence-level alignment objective, which explicitly aligns para-
phrased sentences in the embedding space. We show that READ-CLIP, a model
derived by applying the READ method to the pre-trained CLIP model, achieves
the state-of-the-art performance across five major compositional reasoning bench-
marks, outperforming the strongest conventional fine-tuning baseline by up to 4.1%.
Furthermore, applying the READ to existing CLIP variants (including NegCLIP
and FSC-CLIP) also improves performance on these benchmarks. Quantitative
and qualitative analyses reveal that our proposed objectives — reconstruction and
alignment — offer complementary benefits: the former encourages the encoder
to capture relationships between words within a caption, while the latter ensures
consistent representations for paraphrases expressed with different wording.

1 Introduction

Recent advances in Vision-Language Models (VLMs) have significantly enhanced the ability to align
images with text descriptions [8167]]. A key driver of this progress is contrastive pre-training, such as
CLIP [45]], which learns to embed images and texts into a shared multi-modal space, in a way that
the distance in the embedding space represents the semantic similarity of image-text pairs. VLMs
trained with this standard contrastive objective have been widely applied to diverse downstream tasks,
including open-vocabulary object detection [17,[72], semantic segmentation [[15}130}34], cross-modal
retrieval [[12} 136, [71]], and multi-modal generation [, 47} 53]].

Despite their remarkable progress, current VLMs still face challenges with compositional reasoning —
the ability to understand structured relationships between visual and linguistic elements [37, 156} 164].
Numerous studies have shown that VLMs commonly fail on even simple compositional tasks that
humans find straightforward [[1.1} 19} 241 1281140142581 166. 169]. For instance, when given an image of
a horse eating grass, VLMs often assign a higher similarity score to the incorrect caption “the grass is
eating the horse” than to the correct caption “the horse is eating the grass”, highlighting the limitation
of the VLMs in capturing syntactic and relational structures [[64]. These failures underscore the
need for further research on compositional reasoning to achieve reliable and robust vision-language
understanding in real-world applications [4}, 9} 29,33} 139,156, 57, 160].
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Figure 1: Overview of the training objectives used in READ-CLIP (left), a VLM that applies
REconstruction and Alignment of text Descriptions (READ) method to the pretrained CLIP model [45]].
READ is our proposed fine-tuning method that enhances compositional reasoning in VLMs by
augmenting contrastive learning with two auxiliary objectives. The auxiliary objectives consist
of two components: token-level reconstruction and sentence-level alignment. The performance
of READ-CLIP (right) on compositional reasoning benchmarks demonstrates that it consistently
outperforms conventional state-of-the-art methods across diverse aspects of compositional reasoning.

Prior works have identified the fext encoder as a primary bottleneck for compositional reasoning
in VLMs trained with the contrastive objective. Specifically, the text encoder often fails to capture
the relationship between words in a sentence [10,[23,165]]. This limitation is largely attributed to the
contrastive objective, which trains the text encoder to align a caption with its corresponding image,
without encouraging the encoder to capture the relationships between words [10}164]. As a result, the
text encoder focuses on words that refer to objects depicted in the image, as they mainly contribute to
the image-text alignment, thereby limiting its ability to learn compositional reasoning [[7].

Conventional approaches to overcome this limitation can be categorized into two parts. The first
approach is to modify the contrastive objective by introducing hard negatives [48] — semantically
different examples that are nonetheless difficult for the model to distinguish from the positives.
Here, the model is trained to bring each sample closer to its positives and push it farther from
hard negatives, thus improving the compositional reasoning capability [41} 50, 54} |64]. However,
these approaches that rely solely on hard negatives often encourage the model to focus on patterns
specific to those negatives, rather than developing genuine compositional reasoning [13} 14} [19].
The second approach is to add auxiliary objectives to the standard contrastive objective. However,
these efforts either supervise both image and text encoders jointly [51} [70] or focus solely on the
image encoder [2,[18]]. Although the text encoder serves as a primary bottleneck for compositional
reasoning, limited attention has been paid to adopting auxiliary objectives for the text encoder, aimed
at improving the compositional reasoning capability.

In order to enhance the compositional reasoning capability of VLMs more effectively, we tackle the
underexplored challenge of improving the text encoder via a targeted training objective. Specifically,
our contributions are as follows:

* In Sec. 3] we propose REconstruction and Alignment of text Descriptions (READ), a fine-tuning
method designed to enhance the text encoder by adding two auxiliary objectives to the standard
contrastive objective: (1) token-level reconstruction and (2) sentence-level alignment, as in Fig. [T]
First, the foken-level reconstruction objective trains the text encoder to produce embeddings
from the original caption that enable a frozen decoder to reconstruct each token of an alternative
caption. Second, the sentence-level alignment objective explicitly aligns paraphrased captions in
the embedding space to reflect their shared semantics, even when they are expressed differently.

* In Sec. ] we provide experiments demonstrating the READ method is effective across a wide
range of compositional reasoning benchmarks. Specifically, we introduce READ-CLIP, a VLM
derived by applying the READ method to the pre-trained CLIP model [45]], which achieves
the state-of-the-art performance on five compositional reasoning benchmarks. READ-CLIP
outperforms the famous baseline NegCLIP [64] by an average of 4.5% across benchmarks,
and outperforms the strongest baseline FSC-CLIP [38] by up to 4.1%. Furthermore, applying



the READ method to existing CLIP variants (including NegCLIP and FSC-CLIP) consistently
improves performance across these benchmarks, with gains of up to 2.4%.

* Our analysis in Sec. [5]demonstrates that the two objectives in the READ method — reconstruction
and alignment — provide complementary benefits for compositional reasoning. The former
encourages the encoder to capture relationships between words within a caption, while the latter
ensures consistent representations for paraphrases even expressed with different wording. We also
find that reconstructing an alternative caption, rather than the original caption, reduces overfitting
to exact wording and improves the ability of VLMs to learn relational understanding.

2 Related Work

Compositional Reasoning in Contrastive VLMs. VLMs trained with the contrastive objective often
struggle with compositional reasoning [56| 64], as the text encoder tends to overlook relationships
between words due to the training objective that prioritizes image-text alignment based on object
mentions [[7, [10} 23} 164} 165]. To address this limitation, a common approach is to introduce hard
negatives by modifying the contrastive objective. These approaches typically generate hard negative
captions via rule-based perturbation [6,64], language models [7, 168]], scene graphs [20, |18 54], or
construct hard negative pairs by altering both text and image [3| 141} 51]. These methods have been
shown to be effective; for example, NegCLIP improves over CLIP by 23.4% on ARO [64], and
CE-CLIP [68] achieves a 7.2% gain on VALSE [40, [68]]. Among these, DAC [6] highlights that
training with well-aligned captions improves compositional reasoning, while TSLVC [7] finds that
using paraphrased captions in analogy loss improves image classification performance.

Beyond contrastive learning, recent work has proposed adding auxiliary objectives to improve
the compositional reasoning. Some methods supervise both image and text encoders, such as SF-
CLIP [51], which uses masked distillation from pre-trained models, and IL-CLIP [70], which employs
codebook alignment and iterative re-initialization. Other approaches target only the image encoder:
SDS-CLIP [2] uses distillation from diffusion models [49], and CLIP-SGVL [18]] introduces a
scene-graph loss. Although the text encoder has been identified as the primary bottleneck [10} 23]
63|, approaches that specifically introduce auxiliary objectives for the text encoder for improved
compositional reasoning capability of VLMs remain scarce.

Reconstruction Objectives for Training Encoders. For the purpose of language understanding,
various recent works have focused on training a text encoder-decoder architecture in a way that
the sentence put into the encoder is reconstructed at the output of the decoder. It is reported that
such reconstruction objective is beneficial for improving the performance of encoders on various
language understanding benchmarks [26, 132, 159]. For instance, MASS [55]] reconstructs masked
fragments of the original sentence, while RetroMAE [62] reconstructs the original sentence from
a pooled embedding. These approaches have shown that the auxiliary reconstruction objective can
encourage the text encoder to capture both syntactic and semantic relationships among the words
in the sentence [55,162]]. However, reconstructing the caption under the encoder-decoder structure
has not been explored as a training objective for VLMs. Despite the use of auxiliary objectives in
VLMs [31}163]], these approaches do not aim to reconstruct the input caption in the text modality.
We introduce a text reconstruction loss during fine-tuning, aiming to enhance the compositional
reasoning ability of VLMs.

3 Method

In this section, we formally define our proposed REconstruction and Alignment of text Descriptions
(READ) method for improving the compositional reasoning performance of VLMs. The READ
method is a fine-tuning method using three types of losses: a conventional contrastive loss reviewed
in Sec. [3.1 and two auxiliary losses proposed in Sec. [3.2] and Sec. [3.3] namely, the token-level
reconstruction loss and the sentence-level alignment loss. The final form of the fine-tuning loss in the
READ method is given in Sec.[3.4]

3.1 Contrastive Loss

We consider a batch of B image—text pairs, denoted as {(I;,7;)}2 |, where I; and T; represent the
i-th image and its associated caption. The image and text encoders are denoted by f; and fr, which
produce embeddings u; = f;(I;) and v; = fr(T;), respectively. For convenience, we define the
index set [B] := {1,2,..., B}.
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Figure 2: Illustration of our proposed auxiliary objectives of REconstruction and Alignment of text
Description (READ) method. Given pairs of captions — an original and its paraphrase — that share a
common meaning, the foken-level reconstruction (1) trains the text encoder to produce embeddings
from the original caption such that a frozen pre-trained decoder can reconstruct each token of the
paraphrased caption. This reconstruction encourages the encoder to capture relationships between
words within a caption, which are critical for reconstructing its paraphrase. In contrast, the sentence-
level alignment (2) aligns the pair of captions in the embedding space. This alignment encourages the
encoder to capture underlying semantic relationships across the paraphrased captions.

Suppose we are given a batch of image-text pairs {(I;,7;)}2_,. For each i, j € [B], the similarity
between the i-th image I; with embedding u; and the j-th text T; with embedding v; is defined
as ¢(I;,T;) := exp (cos (u;,v;) /7) where T is a learnable temperature parameter. The standard
contrastive losses used in CLIP [45] is represented as

1
L= 3 (Lrsr + Lrosg), (D
where each component is defined as
B B
1 oL, T;) o(T3, 1i)
Lisr=—F5) log —g———, Lryy=—F5) log —5— ", 2
B i=1 Zj:l o1, Tj) B i=1 Zj:l o(T5, Ij)

which are dubbed as image-to-text loss and the text-to-image loss, respectively. Note that for the
standard loss in Eq. |1} each image I; has one positive caption T; and B — 1 negative captions {7} £;.

The READ method uses a variant of the standard contrastive loss in Eq.[T]to improve the compositional
reasoning capability, motivated by the following two observations. First, prior works [[10} 23} [65]
have identified the fext encoder as a primary bottleneck for compositional reasoning in VLMs trained
with the contrastive objective. Second, recent works [41,154,164] showed that compositional reasoning
of CLIP model is improved by introducing additional hard negative captions — semantically different
captions that are nonetheless difficult for the model to distinguish from the positives — into the training
loss. Motivated by these observations, the contrastive loss in our proposed READ method uses hard
negatives in the text domain, details of which are given as below.

For each sample index i, let {Ti(m) }M_ be the set of M hard negative captions associated with the

positive caption T;. Incorporating these hard negatives into the denominator, the image-to-text loss in
Eq.[2]is modified as

B
1 oL, T;)
!/ I
Tor=—5 Y log — = . 3)
BI TS, 1)+ S oL T)™)
Inserting this modified image-to-text loss in Eq.[T] the contrastive loss in the READ method is
1
EContrastive =5 ( /]_>T + LT—>I) . (4)

2
3.2 Token-Level Reconstruction Loss

Here we define our proposed token-level reconstruction loss and discuss how this loss promotes
compositional reasoning. Given the i-th image—text pair (I;, T;), we consider a set of K captions



{yg’“)}le describing the same image I;, which serve as target sequences for the reconstruction. We
refer to this set as the alternative captions of I;. As shown in the left-hand side of Fig.[2] the token-
level reconstruction loss measures how well each token in the alternative caption ygk) is reconstructed
at the output of the text decoder, once the original caption 7 is given as the input of the text encoder.

To be specific, let v; = fr(T;) be the text embedding of the original caption T; for the i-th sample.
In order to reconstruct texts from the embedding v;, we employ a pre-trained frozen decoder 7.
While the text encoder fr is initialized from a pre-trained text encoder, one can use any off-the-shelf
pre-trained text decoder for m. Thus, the encoder and the decoder may have different embedding
dimensions. To address this potential difference, we introduce a learnable projector W that maps
the encoder output to the decoder input. Specifically, given the text embedding v;, we apply a linear
projection to obtain h; = W Tv,, which is used as the input to the decoder 7. Then, for each k € [K],
the decoder predicts the k-th alternative caption ygk) = | gﬁ), e ,yka)] composed of L tokens,
conditioned on the projected embedding h;. Thus, the token-level reconstruction loss is defined as

B K
1 (k)
£T0ken Reconstruction = _ﬁ Zl I; IOg m (yi | hl) ) (5)

where the log-likelihood value is
L
log 7 (yf ] h) => logm (y§,t) \y§,<)t7 h) (6)
t=1

Now we discuss how the proposed loss is beneficial for improving the compositional reasoning
performance. Since the decoder 7 is frozen and conditioned solely on the text embedding v;, the
proposed reconstruction loss trains the text encoder fr to embed a caption 7 such that a frozen
pre-trained decoder can reconstruct the tokens in the alternative caption. The encoder fr is thus
encouraged to capture the relationships between words within a caption, as these are necessary for
reconstructing its alternatives, which promotes the compositional reasoning.

3.3 Sentence-Level Alignment Loss

Effective compositional reasoning requires not only understanding the relationships between words
within a sentence, but also recognizing semantic similarity even when sentences convey the same
meaning using different expressions. To this end, as shown in the right-hand side of Fig. 2l we
additionally employ a sentence-level alignment loss to explicitly align text embeddings of paraphrased
captions that describe the same image. For each image-text pair (I;, T;), we generate a paraphrase 77
of T; through augmentation, forming a text pair (7;, 7). Here, the pair (7;,T7) is treated as positive,
while paraphrases (77, ij ) from other samples in the batch serve as negatives. The sentence-level
alignment loss is then defined as

B
Lsentence Alignment = — 5 E log B—Z
B "yl o(T, 1))

where ¢ is the similarity metric defined in Sec. with slight abuse of notatiorﬂ This alignment
loss encourages the encoder to embed paraphrased captions (7}, T7) close together in the embedding
space, thus letting the encoder capture the semantic relationships between sentences that express the
same meaning using different wording and phrasing.

@)

3.4 Fine-Tuning Loss of The READ Method

The fine-tuning loss used for the READ method combines the above components:

'CREAD = £Comrastive +a LToken Reconstruction 1 /8 [fSentence Alignment (8)

where « and [ are hyperparameters controlling the relative contribution of the auxiliary losses.
Together, these losses operate in a complementary way by capturing relational structure at different
levels: the token-level reconstruction loss captures relationships between words within a sentence,
while the sentence-level alignment loss captures semantic similarity across paraphrased sentences.

’The definition of ¢ in Sec. compares an image and a sentence, while here we compare sentences



Table 1: Compositional reasoning performance (%) of the pre-trained CLIP model (ViT-B/32, top
row) and its fine-tuned variants (rows 2—7) across five major benchmarks. All models are fine-tuned
on 100K samples from the MS-COCO dataset [35)]. Among various fine-tuning methods, READ-
CLIP achieves the highest average accuracy of 64.1%.

WhatsUp VALSE CREPE SugarCrepe SugarCrepe++ Avg.

Models ITT TOT
CLIP [45] (ViT-B/32) 41.0 67.4 23.9 73.2 60.0 46.7 52.0
Fine-tuned: MS-COCO, 100K Samples

Triplet-CLIP [41] 41.6 64.2 15.0 82.7 61.7 57.4 53.8
GNM-CLIP [50] 41.6 70.7 17.4 77.9 60.2 60.0 54.6
CE-CLIP [68] 40.7 76.0 34.8 86.0 55.7 57.0 58.4
NegCLIP [64] 42.4 73.7 30.5 83.6 65.0 62.5 59.6
FSC-CLIP [38] 39.8 74.4 42.5 85.2 679 644 62.4
READ-CLIP (Ours) 43.9 76.2 41.5 87.0 69.8 66.2 64.1

4 Experiments

In this section, we empirically evaluate the effectiveness of our proposed READ method. To
be specific, we fine-tune the pre-trained CLIP model using the READ method, where the fine-
tuned model is dubbed as READ-CLIP. We compare READ-CLIP with various baselines on major
compositional reasoning benchmarks. We begin in Sec. by describing the experimental setup and
present the experimental results in Sec.[d.2] Codes are available at this GitHub repository.

4.1 Experimental Setup

Training: We use the MS-COCO dataset [35] for all experiments. We follow training practices
established in prior work on compositional reasoning [38 154, 164} |68]], using a 100K subsample with
the Karpathy split [25]], 5 training epochs, a batch size of 256, and the ViT-B/32 architecture. As
defined in Eq. [§] our training loss consists of three components: the standard contrastive loss, the
token-level reconstruction loss, and the sentence-level alignment loss. We provide implementation
details for each component, including hyperparameters, and other specifics, in Appendix [A.T]

Baselines: We compare READ-CLIP against recent state-of-the-art fine-tuning methods designed
to improve compositional reasoning in VLMs. To evaluate against a method relying solely on hard
negatives, we include NegCLIP [64]], which uses rule-based negatives. To compare with methods that
construct synthetic image-text negative pairs, we include GNM-CLIP [50] and Triplet-CLIP [41]].
We also consider methods that improve the effectiveness of hard negative captions by incorporating
multiple contrastive objectives, including CE-CLIP [68]] and FSC-CLIP [38]].

Evaluation: We evaluate READ-CLIP and the baselines on five benchmarks—WhatsUp [24],
CREPE [37], VALSE [40], SugarCrepe [19], and SugarCrepe++ [11]—each designed to assess a
different aspect of compositional reasoning. All benchmarks are evaluated using accuracy, which
measures whether positive pairs are ranked above all negatives. For each benchmark containing
multiple subtasks, we report the accuracy averaged over the subtasks, following prior work [38, 168]].
Details of each benchmark are provided in Appendix [A.2]

4.2 Results

READ-CLIP outperforms baselines on various compositional benchmarks. Table |1| reports
compositional reasoning performance of READ-CLIP and baselines across five benchmarks. READ-
CLIP achieves the highest average accuracy of 64.1%, outperforming the pre-trained CLIP by 12.1%,
NegCLIP—a strong and widely cited baseline—by 4.5%, and the second-best model FSC-CLIP
by 1.7%. Notably, READ-CLIP ranks first on four benchmarks and second on the remaining one,
demonstrating consistently strong performance. This consistent outperformance highlights the
advantage of enhancing compositional reasoning in the text encoder through the READ method.

Reconstruction and alignment losses provide complementary benefits. We conduct an ablation
study to analyze the benefits of the two auxiliary losses introduced in the READ method: token-level
reconstruction and sentence-level alignment, summarized in Table@ Compared to the contrastive-
only baseline in row 1, adding token-level reconstruction in row 2 improves average accuracy from
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Table 2: Ablation study analyzing how the reconstruction and alignment objectives in our proposed
READ method contribute to its performance of READ-CLIP, both individually and jointly. The
reconstruction loss improves accuracy on WhatsUp, CREPE, VALSE, and SugarCrepe. The inclusion
of the alignment loss improves SugarCrepe++. The combination of both losses results in the highest
overall accuracy, indicating their combined contributions to compositional reasoning.

WhatsUp VALSE CREPE SugarCrepe SugarCrepe++ Avg.

Reconstruction Alignment

Loss Loss ITT  TOT
(N 40.5 74.7 38.4 86.4 693 66.0 62.2
2) v 43.6 76.6 41.6 86.9 69.7 648 639
3) v 43.0 75.5 40.6 86.8 70.2  67.0 63.8
“4) v v 43.9 76.2 41.5 87.0 69.8 662 64.1

Table 3: Analysis of the impact of key hyperparameter selection on the average accuracy (%) of
our proposed READ method: weights for the token reconstruction loss («) and sentence alignment
loss (B), the number of target sequences (K) used in the token reconstruction loss, and the size of
the TS5 [46]] decoder model employed for computing the reconstruction loss. Gray cells indicate the
hyperparameter configuration that yields the highest average accuracy.

«@ 8 K Decoder Model
(Token Reconst. Loss) | (Sentence Align. Loss) | (Num. of Targets) (T5 [46))
Value Avg. Acc. | Value Avg. Acc. | Value Avg. Acc. | Size Avg. Acc.
- 63.8 - 63.9 - 63.8 - 63.8
0.1 64.1 0.1 63.4 1 64.1 Small 64.0
0.2 64.0 0.2 64.0 2 63.5 Base 64.1
0.5 63.4 0.5 64.1 3 63.9 Large 64.1
1.0 62.7 1.0 64.0 4 64.0 XL 63.4
2.0 61.8 2.0 63.8 5 63.7 XXL 63.9

62.2% to 63.9%, notably enhancing WhatsUp by 3.1%, VALSE by 1.9%, and CREPE by 3.2%, while
adding sentence-level alignment in row 3 substantially enhances SugarCrepe++ ITT to 70.2% and
TOT to 67.0%. Combining both losses in row 4 achieves the highest average accuracy of 64.1%,
confirming that each objective offers complementary benefit.

READ-CLIP is robust to hyperparameter selection. To assess the robustness of READ, we analyze
its sensitivity to four major hyperparameters used for training READ-CLIP: the weight « and 3 for
the auxiliary objectives in the READ method, the number K of target sequences, and the size of the
T5 decoder [46] used for reconstruction. Table [3|summarizes the average accuracy across the five
benchmarks for each configuration. The performance of READ-CLIP remains stable over a wide
range of hyperparameter values. In particular, varying the loss weights « and (3 results in only modest
performance differences. Also, it achieves strong performance even with a single target sequence
(K = 1) and a T5-Large decoder, demonstrating robust gains with minimal computational overhead.

READ provides consistent gains when applied to diverse fine-tuning methods. The experiments
so far applied READ to a modified CLIP objective (Eq. ) that incorporates hard negative captions
only. To establish broader applicability, it is crucial to verify whether the READ method consistently
provides gains when applied on top of diverse fine-tuning methods. Therefore, we evaluate READ
alongside three baselines: (1) naive CLIP with standard contrastive loss (Eq.[I); (2) NegCLIP [41],
and (3) FSC-CLIP [38]], without additional hyperparameter tuning. Table | presents the results of
applying the READ to these three fine-tuning baselines, illustrating its impact across diverse fine-
tuning methods. Across all three settings, augmenting the baseline with READ leads to consistent
performance improvements on the majority of benchmarks. When applied to naive CLIP, READ
improves the average accuracy from 57.0% to 58.2%, with consistent gains across all five benchmarks.
For NegCLIP and FSC-CLIP, the average accuracy increases from 61.5% to 62.5% and from 62.8%
to 63.6%, respectively. In both cases, READ leads to clear improvements on WhatsUp, VALSE,
CREPE, and SugarCrepe, while maintaining comparable performance on SugarCrepe++.



Table 4: Performance comparison of baseline fine-tuning methods—CLIP [45]], NegCLIP [64], and
FSC-CLIP [38]—and their READ-augmented counterparts, to assess the effectiveness of READ
method. READ consistently improves performance on WhatsUp, VALSE, CREPE, and SugarCrepe,
while preserving comparable accuracy on SugarCrepe++.

WhatsUp VALSE CREPE SugarCrepe  SugarCrepe++ Avg.

Methods ITT TOT

Fine-tuned: MS-COCO, 100K Samples, 5 epoch
CLIP 41.3 70.4 15.5 81.8 66.2 66.5 57.0
+ READ 433 200 71.3 09 17.3 +18 83.0 120 68.2 200 66.2 (03 58.2 +1.2)

NegCLIP 41.3 75.4 34.4 84.5 68.0 65.6 61.5
+ READ  43.7 24y 76.5 o1y 36.7 230 852 w07 68.1 0.y 64.9 o7y 62.5 (+1.0)

FSC-CLIP 41.3 73.9 427 85.8 68.1 65.1 62.8
+ READ  43.2 419 74.4 05 45.1 2499 86.6 08 67.1 (100 64.8 (03 63.6 (+0.8)
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Figure 3: Representative examples illustrating how applying the reconstruction loss affects caption
rankings based on image-caption cosine similarity on WhatsUp [24] and SugarCrepe [19]]. Positive
(v') and negative captions (X) are shown with their rankings based on image-caption cosine similarity.

5 Analysis

Our results in Sec. ] show that the reconstruction and alignment losses in the READ method
consistently improve compositional reasoning, with each offering complementary benefits. To better
understand the role of our proposed loss, we present a qualitative analysis in Sec.[5.1]and Sec.[5.2] We
then quantitatively analyze the key components of each loss. In Sec.[5.3] we examine the benefit of
reconstructing an alternative caption instead of the original one within the foken-level reconstruction
loss. Subsequently, Sec. [5.4]investigates how the quality and diversity of LLM-generated paraphrases
used in the sentence-level alignment loss affect compositional reasoning.

5.1 Token-Level Reconstruction Enhances Encoding of Compositional Relationships

Fig. [Billustrates the effect observed in Table 2] (rows 1 vs. 2), showing that incorporating the recon-
struction loss improves compositional reasoning across benchmarks. Specifically, we observe that the
reconstruction loss helps lower the ranking of negative captions that differ from positive ones. These
negative captions typically involve subtle structural edits—such as swapping, replacing, or inserting
single words or short phrases—that preserve most of the original wording while altering the underly-
ing meaning. This improved discrimination between correct captions and their negative counterparts
suggests that the reconstruction loss enables the encoder to recognize semantic differences between
those captions by capturing the relationships between words.

5.2 Sentence-Level Alignment Promotes Semantic Consistency

Fig.@illustrates the effect observed in Table[2](rows 1 vs. 3), showing how the alignment loss enhances
compositional reasoning by affecting the ranking of two positive captions in SugarCrepe++ [[L1]],
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Figure 4: Representative examples from each category (SWAP and REPLACE) of SugarCrepe++ [[11]]
dataset, showing how applying the alignment loss improves the ranking of positive captions. In
Sugarcrepe++, each image is paired with two positive captions (v) that are worded differently. In ITT
(image-to-text) evaluation, a prediction is considered accurate if both positive captions are ranked
higher than all negatives based on image-caption cosine similarity.
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Figure 5: Comparison of reconstructing a paraphrased caption versus the original one, measured by
the performance of trained encoder on SugarCrepe++ [[L1] TOT (text-to-text) benchmark, for various
training epochs. In the TOT evaluation, average accuracy (left) is computed by checking whether the
cosine similarity between the positive caption pair is higher than that of any positive—negative pairs.
Average similarity (right) measures cosine similarity between caption pairs. Here, Pos1 and Pos2
are positive pairs, while others are negative pairs.

where each image is paired with two paraphrases (denoted as Pos1 and Pos2) that convey the same
meaning but differ in expression. We observe that applying the alignment loss leads to improved
ranking for some positive captions that were previously ranked below negatives. This effect arises
because the alignment loss encourages the encoder to embed paraphrased captions closer together in
the embedding space, despite differences in wording. Consequently, both captions become embedded
closer to the corresponding image than to negative caption, which in turn strengthens the ability in
vision-language compositional reasoning.

5.3 Reconstructing Alternative Captions Mitigates Overfitting and Enhances Generalization

Recall that the reconstruction loss in Sec. [3.2] is designed to reconstruct an alternative caption
rather than the original one. In here, we explore the effect of using such alternative caption on the
compositional reasoning performance of the trained encoder. To be specific, we conduct experiments
on the SugarCrepe++ TOT (text-to-text) benchmark, comparing two variants of READ-CLIP: one
that reconstructs the original caption and the other that reconstructs an alternative caption.

The left plot in Fig. [5]shows that reconstructing an alternative caption leads to significantly more stable
accuracy across training epochs, whereas using the original caption results in a gradual performance
decline. To better understand this effect, in the right plot of Fig.[5] we compare the similarity of
positive/negative caption pairs in the trained embedding space. We compare three pairs, where Pos1-
Pos2 indicates the positive pair, and other pairs are negative. One can confirm that reconstructing
the original caption causes a steady decline in similarity between Pos1 and Pos2 over time, which
is undesired. This phenomenon can be interpreted as follows: when trained to exactly reconstruct
the original caption, the encoder increasingly overfits to exact wording and phrasing rather than
capturing the underlying relationships between words within a caption. In contrast, reconstructing
an alternative caption better preserves semantic similarity between positive captions and maintains
greater discrimination from negatives. These findings indicate that reconstructing an alternative
caption mitigates overfitting to exact wording and enhances generalization in relational understanding.



Table 5: Compositional reasoning performance under varying quality of LLM-generated paraphrases
in Eq.[7] We randomly replaced 10% or 20% of LLM-generated paraphrases with unrelated captions
from the dataset to simulate lower-quality paraphrases during training.

WhatsUp VALSE CREPE SugarCrepe SugarCrepe++ Avg.

Model ITT TOT

READ-CLIP 43.9 76.2 41.5 87.0 69.8 662 64.1
READ-CLIP (10% Noise)  43.6 76.0 39.0 86.9 67.1 647 629
READ-CLIP (20% Noise)  43.4 76.0 38.6 86.8 65.1 629 621

Table 6: Compositional reasoning performance under varying diversity of LLM-generated paraphrases
in Eq. [/} We generated multiple paraphrases per caption and randomly sampled one during each
training step to examine whether increased diversity improves robustness.

WhatsUp VALSE CREPE SugarCrepe SugarCrepe++ Avg.

Model ITT TOT

READ-CLIP (num, = 1) 439 76.2 41.5 87.0 69.8 662 64.1
READ-CLIP (num, = 3) 434 76.4 41.1 86.5 700 664 64.0
READ-CLIP (num, = 5) 43.6 76.0 41.3 86.5 70.8 66.6 64.1

5.4 Sentence-Level Alignment is Robust to Quality and Diversity of Paraphrases

Recall that the sentence-level alignment loss in Sec. [3.3Juses LLM-generated paraphrases to encourage
semantic consistency between captions with different wordings. In here, we investigate how the
quality and diversity of these paraphrases affect compositional reasoning performance.

First, we assess whether the performance of compositional reasoning of our proposed READ method
is sensitive to lower-quality paraphrases. To this end, we intentionally inject noise by randomly
replacing LLM-generated paraphrases with unrelated captions from the dataset at two levels: 10%
and 20%. As shown in Table[5] performance drops by only 1.2-2.0% on average when 10-20% of
paraphrases are replaced with noise, indicating that the sentence-level alignment loss is reasonably
robust to moderate degradation in paraphrase quality.

Next, we examine whether increasing diversity of LLM-generated paraphrases improves the perfor-
mance of compositional reasoning. We vary the number of LLM-generated paraphrases per caption
(num, € {1,3,5}) and randomly sample one at each training step. All other components in Eq.
remain unchanged, thereby the only difference is the diversity of available paraphrases. Table[6]shows
that while increasing num,, slightly improves performance on SugarCrepe++ [L1]] — where recognizing
paraphrased captions as semantically equivalent is critical — the average performance across all bench-
marks remains nearly unchanged. This suggests that a single number of LLM-generated paraphrase
is already sufficient for effective alignment, and additional diversity provides only marginal benefits.

6 Conclusion

We introduced READ, a fine-tuning method that enhances compositional reasoning in contrastively
trained VLMs by integrating token-level reconstruction and sentence-level alignment objectives.
READ explicitly captures compositional relationships, enabling READ-CLIP to outperform other
fine-tuning baselines across diverse benchmarks. We hope this work provides a practical approach
for compositionality-aware fine-tuning of VLMs, and encourages further exploration of auxiliary
objectives to strengthen the compositional reasoning ability of text encoders.

Limitation. While our method is designed to leverage multiple captions per image, it can still be
applied to the dataset with only a single caption per image by generating additional paraphrases using
LLMs, although this introduces additional complexity. In addition, we only used T5 [46] decoder in
our reconstruction loss, without exploring the impact of alternative generative architectures [[L6} 144].
We did not assess the effect of fine-tuning the decoder as well, which may influence the compositional
reasoning capability of our proposed method.
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NeurlIPS Paper Checklist

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 claims made in the abstract and introduction accurately reflect the paper’s
contributions. The motivation (limitations of compositional reasoning in contrastive VLMs),
method (READ with two auxiliary objectives for the text encoder), and results (consistent
improvements across benchmarks and compatibility with other methods) are all clearly
stated and supported by empirical evidence throughout the paper.

Guidelines:

» The answer NA 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 No or NA
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: The paper includes a dedicated Limitations section that discusses the scope
of generalization with respect to training data (e.g., dependence on high-quality, multi-
caption datasets), architectural choices in the reconstruction objective (e.g., reliance on a TS
decoder), and the absence of exploration into alternative decoder types or objectives. These
limitations are clearly acknowledged and contextualized with respect to potential future
directions.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No 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
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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: [NA] .

Justification: This work focuses on empirical evaluation and does not contain theoretical
assumptions or formal proofs.

Guidelines:

» The answer NA 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 ex-
perimental 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: We provide all necessary details to reproduce our main experimental results,
including architecture, training protocol, hyperparameters, data splits, and implementation
specifics in Appendix [A.T] All models are trained using publicly available datasets and
baselines, and paraphrased captions are generated via an open API with specified parameters.
Guidelines:

* The answer NA means that the paper does not include experiments.

« If the paper includes experiments, a No 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.

* 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 submis-
sions 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.
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(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 instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes] .

Justification: We provide an anonymous open-access GitHub repository| containing all
necessary materials to reproduce the main experimental results, including code, model
checkpoints, and data. The repository includes detailed instructions on environment setup,
data, and exact commands to run each experiment. Scripts are provided to reproduce the
result of READ-CLIP.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.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 “No” 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:
//nips.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, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes] .

Justification: All training and evaluation details—including dataset splits, optimizer, learning
rate, warmup steps, batch size, weight decay, decoder choice, loss weights, and paraphrase
generation method—are specified in the main text (Sec. [4.1)) and Appendix [A.T]
Guidelines:

* The answer NA 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.
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7. Experiment statistical significance

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

Answer:

Justification: None of the existing work, including NegCLIP, CE-CLIP, and FSC-CLIP,
report statistical significance. To ensure fair comparison, we follow this convention and
report single-run results on standard benchmarks. For training, we fix all random seeds to
2025. Evaluation is deterministic, and thus variability due to randomness does not arise.
Guidelines:

* The answer NA 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.

It is 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% Cl, 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 com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes] .

Justification: We report that all experiments can be conducted on a single NVIDIA A100
40GB GPU.
Guidelines:

* The answer NA 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: Our research does not involve human subjects, personal data, or high-risk
assets. All datasets and models used are publicly available, properly licensed, and fully
credited. We have carefully reviewed the NeurIPS Code of Ethics and confirm that our work
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10.

11.

adheres to all its principles regarding safety, fairness, environmental impact, data licensing,
and reproducibility.

Guidelines:
* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
« If the authors answer No, 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 considera-
tion 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: Our paper proposes a fine-tuning framework (READ) to improve compositional
reasoning in vision-language models. This may lead to more accurate and interpretable
VLMs. We do not foresee direct risks of misuse, as our model does not generate open-ended
content or interface with end users.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, 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., deployment 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 monitoring 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: [NA] .

Justification: The paper does not release any high-risk assets. All datasets used are publicly
available and widely adopted compositional reasoning benchmarks with no known safety
concerns. Our released model is a fine-tuned version of CLIP (ViT-B/32) on caption-
based reasoning tasks, and is intended for academic use only. It does not have generative
capabilities and poses minimal risk for misuse.

Guidelines:

* The answer NA 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
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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.

12. 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] .

Justification: We use five existing datasets—CREPE-Productivity, SugarCrepe, WhatsUp,
VALSE, and SugarCrepe++—all of which are publicly released under MIT licenses (with
the exception of CREPE-Productivity, for which the license is unspecified). We cite the
original papers introducing these benchmarks and describe their licenses and image sources
in Appendix [A.2] (see Table[7). All datasets were used in accordance with their published
terms of use. No scraped or proprietary assets were used.
Guidelines:

* The answer NA 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 pack-
age 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.
13. New assets

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

Answer: [NA] .

Justification: The paper does not introduce any new assets. All datasets used are publicly
available benchmarks, and our method is a fine-tuning approach applied to existing models.
No new datasets or models are released.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions 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.

14. Crowdsourcing and research with human subjects
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15.

16.

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: [NA] .

Justification: This work does not involve any crowdsourcing or experiments with human
participants. All data and evaluations were conducted using publicly available resources
without human subject interaction.

Guidelines:

» The answer NA 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 contri-
bution 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: [NA] .

Justification: This study does not involve research with human subjects. All experiments
were conducted on publicly available datasets without any interaction with individuals or
collection of personal data, and therefore IRB approval was not required.

Guidelines:

* The answer NA 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
applicable), such as the institution conducting the review.

Declaration of LLLM 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 rigorousness, or originality of the research, declaration is not required.

Answer: [NA] .

Justification: LLMs were used solely for writing assistance (e.g., wording, formatting), and
did not contribute to the design, implementation, or evaluation of the proposed methods.
Guidelines:

* The answer NA 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 (https://neurips.cc/Conferences/2025/LLM) for
what should or should not be described.
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<task>
Rewrite the following image description:
</task>
**Input**:
{caption}
**output**:

Figure 6: A prompt for generating synthetic paraphrased captions.

Benchmark License Image Source
CREPE-Productivity [37] Unspecified Visual Genome [27]

SugarCrepe [19] MIT COCO [35]

SugarCrepe++ [[L1] MIT COCO [33]

WhatsUp [24] MIT Custom-collected, COCO [35]], GQA [21]]
VALSE [40] MIT Visual7W [[73]], COCO [35]], SWiG [43]], FOIL-it [52]

Table 7: Benchmarks used in the evaluation, along with license and image source.

A Appendix

A.1 Implementation Details

Batch Sampling for Training. As described in Sec.[4.1] all our experiments are conducted using
the COCO [35]] dataset. The COCO dataset is an image-caption dataset consisting of images, each
associated with a set of captions. During training, we first sample a batch of B images from this

dataset. Foreachi € {1,2,...,B},let7; = {Zl’i(")}ff:1 denote the set of N captions associated
with I; (where I; denotes the i-th image). From this set, we randomly select one caption T; € 7; to
form a positive image-text pair (I;, ;). In this way, we obtain a batch of B image-text pairs, denoted

as {(Ii’ T%) f;l'

Details of Each Loss Component. Recall that our proposed REconstruction and Alignment of text
Descriptions (READ) method comprises three components in the final loss (Eq.[8): the standard
contrastive loss, the token-level reconstruction loss, and the sentence-level alignment loss. For the
contrastive loss (Eq. ), we incorporate M/ = 3 hard negative captions per image, generated via
rule-based perturbations as proposed in NegCLIP [64]. For the reconstruction loss (Eq.[5), we use
a frozen decoder extracted from the pre-trained encoder-decoder language model, T5-Large [46].

To obtain {y,gk)}kK:I, we randomly sample K = 1 element from the caption set 7; associated with
each image-text pair (I;,T;) and use it as an alternative caption. For the alignment loss (Eq. ,
we generate a paraphrased caption 77 for each T; via augmentation using large language models.
Specifically, prior to training, we generate one paraphrased caption for every caption in each image’s
original caption set using the gpt-40-mini-2024-07-18 model [22]]. This is done by applying
a simple prompt as shown in Fig[6] with a temperature of 1.0 and all other parameters set to their
default values [22]]. From this augmentation, we obtain a synthetic caption set for each image. Given
a batch of sampled image-text pairs {(I;, 7;)}2 , during training, we randomly sample one caption
from the union of the original and synthetic caption sets associated to I;, and use it as 7. Finally, the
weighting factors in Eq.[8]are set to « = 0.1 and 8 = 0.5.

Training Details. We fine-tune all models using the Huggingface transformers [61] libraryﬂ The
AdamW optimizer is used with a learning rate of 1.0 x 10~°, cosine annealing schedule, 50 warmup
steps, and a weight decay of 0.1. Training is performed with bf16 mixed precision for computational
efficiency. All experiments are conducted using a single A100 40GB GPU.

A.2 Evaluation Details

Description of Benchmarks. WhatsUp [24] evaluates spatial reasoning by testing whether models
can interpret relative object positions. CREPE [37] measures compositional reasoning at varying

*https://github.com/huggingface/transformers
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Table 8: Detailed results on CREPE [37].

Model Atom Negate Swap Total
CLIP [45] (Pre-trained)  18.9 353 173 239
Triplet-CLIP [41] 18.5 11.2 153 15.0
GNM-CLIP [50] 21.7 13.3 173 174
CE-CLIP [68] 404 21.2 427 348
NegCLIP [64] 32.1 16.6 428 305
FSC-CLIP [38] 40.5 41.3 455 425
READ-CLIP 37.1 26.2 612 415

Table 9: Detailed results on WHATSUP [24].

Model COCO-Spatial GQA-Spatial Whats-up Total
CLIP [45] (Pre-trained) 44.5 47.8 30.7 41.0
Triplet-CLIP [41] 49.2 47.1 28.5 41.6
GNM-CLIP [50] 44.8 47.4 32.6 41.6
CE-CLIP [68] 437 47.8 30.7 40.7
NegCLIP [64] 45.1 471 34.4 424
FSC-CLIP [38] 47.7 419 29.6 39.8
READ-CLIP 51.6 48.1 31.8 43.9

complexity levels using logical operations such as conjunction, negation, and attribute swapping.
VALSE [40] assesses fine-grained linguistic understanding, including object existence, quantity,
action semantics, and coreference resolution. SugarCrepe [19] focuses on relational reasoning
through hard negative captions crafted with natural linguistic variation. SugarCrepe++ [11] extends
SugarCrepe by adding a paraphrased positive caption and introduces two tasks: (1) image-to-text
(ITT), which tests whether all paraphrased positives for a given image are ranked above all negatives,
and (2) text-to-text (TOT), which evaluates semantic consistency by checking whether each positive
paraphrase pair is ranked above all negative pairs in the absence of visual context. Since our study
aims to improve the compositional reasoning capability of VLMs such as CLIP, we primarily adopt
the ITT metric as a major focus for evaluation, while including TOT as a supplementary measure.

Licensing of the Benchmarks. We conduct our evaluation on five publicly available compositional
reasoning benchmarks. Table[/|summarizes their license information and image sources. All datasets
used for training and evaluation are either MIT-licensed or publicly released for research use.

A.3 Supplementary Experimental Results

This section provides extended experimental results that complement the main paper. We include both
(1) detailed, category-wise results for each benchmark and (2) additional evaluations on zero-shot
image classification datasets [S] to further assess the generalization ability of READ-CLIP.

A.3.1 Detailed Version of Experimental Results in the Main Paper

To complement the results presented in Table[I] we report category-wise results on all evaluation
benchmarks, including CREPE, VALSE, WhatsUp, SugarCrepe, and SugarCrepe++ (ITT and TOT).
Table [8HI3] present detailed breakdowns for individual benchmarks. These results provide a finer-
grained analysis of compositional reasoning performance supplementing the aggregated scores shown
in the main paper. Overall, the detailed results confirm that READ-CLIP consistently improves
over baselines across categories. In addition, we provide Fig.|/|and Fig.|8| which present extended
qualitative examples that respectively complement Fig. [3|and Fig. ] in the main paper.
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Table 10: Detailed results on VALSE [40].

Model Actions Coreference Counting Existence Noun Phrases Plurals Relations Total
CLIP [45] (Pre-trained) 74.3 54.4 61.7 69.3 90.4 57.9 66.0 67.4
Triplet-CLIP [41] 72.6 54.8 54.0 59.4 91.4 61.3 60.9 64.2
GNM-CLIP [50] 72.1 61.1 66.5 76.0 90.8 68.7 62.6 70.7
CE-CLIP [68] 85.0 59.9 67.6 78.2 94.4 78.8 74.0 76.0
NegCLIP [64] 84.1 60.2 65.7 75.3 93.4 70.3 69.6 73.7
FSC-CLIP [38] 82.9 59.4 66.3 77.6 93.5 72.7 75.3 74.4
READ-CLIP 86.3 55.7 69.0 80.8 95.8 73.8 75.0 76.2

Table 11: Detailed results on SugarCrepe [19]. Att., Obj., and Rel. denote the targets of
transformation: Attribute, Object, and Relation, respectively.

Model Add Att. Add Obj. Replace Att. Replace Obj. Replace Rel. Swap Att. Swap Obj. Total
CLIP [45] (Pre-trained) 69.5 77.0 80.3 90.7 69.4 64.1 61.2 73.2
Triplet-CLIP [41] 85.5 87.5 86.7 94.5 83.2 73.1 68.6 82.7
GNM-CLIP [50] 79.9 88.4 84.9 93.2 67.8 70.0 61.2 77.9
CE-CLIP [68] 91.9 92.3 90.2 94.4 81.4 76.7 75.1 86.0
NegCLIP [64] 85.3 90.0 88.2 94.0 74.6 77.9 75.5 83.6
FSC-CLIP [38] 86.7 90.2 89.2 94.3 80.4 77.8 77.6 85.2
READ-CLIP 87.7 90.3 91.0 94.9 80.6 82.7 81.6 87.0

Table 12: Detailed results on image-to-text subset of SugarCrepe++ [L1]. Att., O0bj., and Rel.
denote the targets of transformation: Attribute, Object, and Relation, respectively.

Model Replace Att. Replace Obj. Replace Rel. Swap Att. Swap Obj.  Total
CLIP [45] (Pre-trained) 65.7 87.0 56.5 45.0 45.8 60.0
Triplet-CLIP [41] 71.7 87.0 62.3 48.5 39.2 61.7
GNM-CLIP [50] 68.9 89.5 52.8 48.6 41.2 60.2
CE-CLIP [68] 62.4 81.9 53.5 40.5 40.0 55.7
NegCLIP [64] 69.7 89.8 52.6 58.1 54.7 65.0
FSC-CLIP [38] 73.5 90.4 60.1 60.4 55.1 67.9
READ-CLIP 72.2 90.1 57.5 66.2 62.9 69.8

Table 13: Detailed results on text-fo-text subset of SugarCrepe++ [11]. Att., 0bj., and Rel. denote
the targets of transformation: Attribute, Object, and Relation, respectively.

Model Replace Att. Replace Obj. Replace Rel. Swap Att.  Swap Obj.  Total
CLIP [45] (Pre-trained) 59.3 83.7 38.6 32.7 19.2 46.7
Triplet-CLIP [41] 74.1 92.3 523 43.2 24.9 574
GNM-CLIP [50] 76.9 95.9 51.9 48.9 26.1 60.0
CE-CLIP [68] 74.2 89.6 52.0 42.8 26.5 57.0
NegCLIP [64] 76.4 94.6 51.7 56.6 33.1 62.5
FSC-CLIP [38] 83.5 96.3 56.8 56.3 29.0 64.4
READ-CLIP 71.3 97.6 58.0 56.8 41.2 66.2

A.3.2 Additional Experimental Results

To further verify the generalization capability of READ-CLIP, we conducted an additional evaluation
beyond the main benchmarks. We assessed the model’s zero-shot image classification performance
across 23 widely used benchmarks [S]. We compared READ-CLIP with the original CLIP [435]]
pre-trained model and six representative compositional reasoning fine-tuning methods.

In Table [El, The results show that all fine-tuned models, including READ-CLIP, achieve lower
average performance than the original CLIP across the 23 datasets. This finding aligns with trends
reported in previous study [38]], where improvements in compositional understanding often come at
the cost of general zero-shot capability. Such trade-offs highlight the inherent difficulty of maintaining
broad generalization while adapting models specifically for compositional reasoning.
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 Positive wlo w/ wlo w/

X Negative Reconst.  Reconst. Reconst.  Reconst.
Loss Loss Loss Loss
A lupmp. to the left of a # # v A can in front of a P #
g armchair headphones
2 X A laptop on a armchair #3 #3 X A can behind a #2 #2
g headphones
3 A lapto_p under a # P x A can to the left of a # P
armchair headphones
A laptop .to the right of #a #a A can to the right of a 4 #a
a armchair headphones
v trash can on ground. 4 “ v flower in garden box; " n
there is a liner. bench between box
x trash can jns Ae A “ m box in garden flower; # ¥
3 ground. there is a liner. bench between flower
& X trash can acro§5 4 " n flower in garden bench; # #
o~ ground. there is a liner. box between bench
@] x trash can on water. #6 #6 flower in bench; garden “ n
there is a liner. box between box
trash can on ground. n " bench in garden box; #6 #6
there is a flare. flower between box
trash f:an O," location. “ # garden box in flower; n »n
there is a liner. bench between box
w A rcjporler interviews a P # There are exactly 4 " #
17 policeman. stars on flag.
=
> A pol{ceman # P There are exactly 2 # P
interviews a reporter. stars on flag.
A cat sitting in front of a . P
. L This man is riding a
2 v mor.mor that is displaying #2 #1 / skateboard behind a P #
13 a picture of another cat.
Q dog.
=1 L
it s i
17} . > Cisplaying #1 #2 X behind a man on a #1 #2
an animated picture of
skateboard.
another cat.

Figure 7: Extended representative examples for Fig. [3| including additional examples from
CREPE and VALSE [40], as well as WhatsUp [24] and SugarCrepe [19]. These extended
examples additionally include a broader range of benchmarks where applying the reconstruction loss
proved effective.

Table 14: Additional results of zero-shot image classification performance across various datasets.
Here, CLIP [43] is the pre-trained model, while the other models are fine-tuned versions of CLIP [43].

=
2 £
& 2
g g 2
& ] S
- . g P BT 3 £ 2
=} P~y 5 - o~ o~ =~ k= 4 Y -
g g 5 & 5 g 8 ¢ : T £ g2 2 9 2 I £ T Z 2 9 @
Model 3 § 5 5 8 ¥ 3 & &» & & & E E E E 2 E & 38 & 3 &8 =z
CLIP @3] 815 597 898 643 172 443 505 412 197 664 840 325 47.6 634 423 557 270 483 623 588 536 91 765 558
NegCLIP [64] 826 539 889 630 150 430 497 467 168 650 794 302 465 609 404 532 277 497 549 586 529 967 79.6 546
GNM-CLIP 815 531 885 650 152 421 507 460 172 633 818 302 474 614 410 541 253 543 556 585 498 964 774 546
818 518 891 649 145 407 516 495 158 617 787 208 455 592 389 517 294 504 510 598 528 961 790 54l
DAC-LLM [6] 777 394 904 639 143 390 523 505 113 546 742 242 455 510 352 450 166 422 500 544 496 971 779 503
DAC-SAM 757 309 899 637 148 400 512 477 90 539 723 249 455 524 351 468 187 453 500 598 517 961 658 50.0
READ-CLIP 782 396 871 578 102 350 392 410 131 522 716 267 445 515 329 453 30.5 480 473 523 443 952 789 4838
CE-CLIP 783 353 859 601 95 352 428 305 100 482 70. 280 448 499 315 432 346 406 500 612 477 958 773 487
TripletCLIP [31] 806 239 89.1 615 7. 393 352 477 127 546 763 247 428 548 370 484 153 343 496 518 547 946 729 482
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SWAP

REPLACE

 Positive wlo w/ w/o w/
X Negative Alignment Alignment Alignment  Alignmeni
. . Loss Loss Loss Loss
A person in a green shirt black goat standing next
 stands by a child holding a # #2 @ goars 8 #1 #
: to two white goats
piece of cake on a plate.
A person in a green shirt § L
J stands by a child holdinga  #3 # A black goat is positioned 4 n
. next to two white goats.
piece of cake on a plate.
A child in a green shirt .
X stands by a person holding # ) Two black goats standing " "
X next to a white goat.
a piece of cake on a plate.
Trays of pastries and
 sandwiches beside a bowl #3 #2 An open laptop and #1 #1
. speakers on top of a desk.
of soup.
The bowl of soup is placed Speakers and an open
 beside trays of sandwiches #1 #1  laptop are positioned on #3 #2
and pastries. top of a desk.
A bowl of pastries and Speakers on top of an open
X sandwiches beside trays of #2 #3 peakers P ol an.open #2 #3
laptop on a desk.
soup.
Two zebras grazing while I .
 another horse standing and #1 #1 A kld_ wearing y zfllow ' #1 #1
. holding a pizza in a box.
staring.
8 A horse is standing and PP .
M/ staring while another two #3 #2 A ku{ ma y%]l(mf outfit is #3 #2
5 i holding a pizza in a box.
zebras are grazing.
Two zebras running while . . .
X another horse standing and #2 #3 A klfi wearing green 1s #2 #3
X holding a pizza in a box.
staring.
A person leaning up against a A person in grey shirt and
 metal rail while holding a #1 #2  hat sitting on a wooden #3 #1
rainbow colored umbrella. bench.
A person is positioned against A person wearing a grey
V a metal rail while holding a #3 #1  shirt and a hat is sitting on #1 #2
rainbow-colored umbrella. a wooden bench.
A person leaning up against a A person in pink shirt and
X plastic rail while holding a #2 #3 X hat sitting on a wooden #2 #3

rainbow colored umbrella.

bench.

Figure 8: Extended representative examples for Fig. Ell, including additional examples each category
(SWAP and REPLACE) of SugarCrepe++. These extended examples further illustrate the effectiveness

of applying the alignment loss across diverse cases.
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