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Abstract

Contrastively trained vision-language models
like CLIP, have made remarkable progress in
learning joint image-text representations, but
still face challenges in compositional under-
standing. They often exhibit a “bag-of-words”
behavior—struggling to capture the object re-
lations, attribute-object bindings, and word or-
der dependencies. This limitation arises not
only from the reliance on global, single-vector
representations for optimization, but also from
the insufficient exploitation and modeling of
the rich compositional information inherently
present in paired image text data. In this work,
we propose MACCO (MAsked Compositional
Concept MOdeling), a framework that masks
compositional concepts in one modality and
reconstructs them conditioned on the full con-
textual information from the other, enabling
the model to capture and align cross-modal
compositional structures more effectively. To
facilitate this process, we introduce two auxil-
iary objectives that jointly align and regularize
masked features both inter-modally and intra-
modally. Extensive experiments on five com-
positional benchmarks, along with in-depth
analyses, demonstrate that our approach not
only significantly enhances compositionality in
VLMs but also improves their ability to capture
syntactic structure and linguistic information.
Additionally, the improved compositionality
also benefits text-to-image generation and mul-
timodal large language model.

1 Introduction

Vision-language foundation models like CLIP
(Radford et al., 2021) have significantly advanced
multimodal learning by aligning images and texts
in a shared semantic space via contrastive learn-
ing, and have been widely adopted in tasks such as
image-text retrieval (Koukounas et al., 2024; Chen
et al., 2023), VQA (Zhu et al., 2023; Liu et al.,
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Figure 1: The core idea of our method. We mask
compositional concepts in one modality and reconstruct
them conditioned on the full information from the other.
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2023), video understanding (Wasim et al., 2023),
and text-to-image generation (Ramesh et al., 2022).

However, compositional understanding remains
a key limitation. These models often struggle
with object relations, attribute-object bindings, and
word order dependencies—frequently exhibiting
“bag-of-words” behavior (Yuksekgonul et al., 2023;
Thrush et al., 2022; Zhao et al., 2022; Hsieh et al.,
2024). For instance, they tend to fails to distinguish
between “the horse is eating grass” and “the grass
is eating the horse” or between “a black dog with
a white cat” and “a white dog with a black cat”.
Addressing this challenge is crucial for improving
VLMs reasoning and facilitating their application
in downstream tasks.

To enhance the compositional understanding ca-
pabilities of VLMs, most existing approaches fo-
cus on the careful construction of hard negative
samples with subtle semantic variations, using rule-
based templates (Yuksekgonul et al., 2023), LLM-
generated captions (Doveh et al., 2023a), or syn-
thetic scenes (Cascante-Bonilla et al., 2023). While
effective, these methods are often costly, noisy, and
lead the model to focus on superficial patterns spe-
cific to those negatives (Hsieh et al., 2024; Geirhos
et al., 2020). Moreover, recent work (Kamath et al.,
2024) shows that reliance on hard negatives may
induce oversensitivity, causing models to rank se-
mantically equivalent captions incorrectly. This
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motivates an intriguing question: Beyond hard
negative mining, can we improve compositional-
ity of VLMs by designing a training framework
that better exploits the rich aligned compositional
information inherently present in existing image-
text pairs?

In this work, we introduce MACCO (MAsked
Compositional Concept MOdeling), a novel frame-
work that enhances compositionality in VLMs with-
out explicit hard negative construction. Our method
masks compositional concepts in one modality and
reconstructs it conditionally using full context from
the other. As illustrated in Figure 1, the masked
text and full image are used to reconstruct compo-
sitional concept words, while the masked image
and full text are used to reconstruct image regions
corresponding to compositional concepts. To better
constrain global features during reconstruction and
enrich local tokens with contextual global seman-
tics, we introduce a parameter-free global-to-local
semantic injection operation.

To facilitate this masked cross-modal recon-
struction, we introduce two novel auxiliary ob-
jectives. First, the Masked-augmented Cross-
Modal Alignment Loss (MCA) integrates global
features of masked texts or masked images into the
cross-modal contrastive learning process. Second,
the Masked-augmented Intra-Modal Regulariza-
tion Loss (MIR) regularizes the global features of
masked instances within each modality to prevent
representational collapse. Extensive experiments
across five compositional benchmarks and four
backbones demonstrate the effectiveness of our ap-
proach. In-depth analyses show that MACCO also
enhances the model’s ability to capture syntactic
structure and semantic nuance. It produces more
concept-aware embeddings, exhibits stronger ro-
bustness to semantically invariant perturbations,
and better preserves fine-grained linguistic infor-
mation. Moreover, MACCO can be integrated with
hard negative mining methods to obtain additional
gains. Finally, further experiments show that the
improved compositionality also benefits text-to-
image generation and multimodal large language
models.

To summarize, our main contributions are:

1. We introduce a novel framework that im-
proves vision-language compositionality in
pre-trained VLMs without requiring explicit
hard negative samples, and we show that the
improved compositionality also benefits other
multimodal tasks.

2. We propose two auxiliary objectives, MCA
and MIR, to promote effective cross-modal
reconstruction and alignment learning.

3. We validate the effectiveness of our approach
through extensive experiments on five widely
used vision-language compositional bench-
marks, complemented by in-depth analyses.
Our framework is also compatible with exist-
ing hard negative mining methods, yielding
additional gains when integrated.

2 Related Works

Contrastive Vision-Language Models. Vision-
language foundation models have achieved remark-
able progress. Representative models such as
CLIP (Radford et al., 2021), pretrained via con-
trastive learning on large-scale and noisy image-
text datasets, exhibit impressive zero-shot trans-
fer capabilities, leading to success across a wide
range of tasks. Our motivation to focus on CLIP is
twofold. First, contrastive learning has become a
dominant and highly effective paradigm for multi-
modal representation learning. Second, CLIP-like
models serve as the foundation of numerous ap-
plications, showcasing wide applicability across
diverse domains. Enhancing CLIP is therefore of
significant value, as improvements can benefits to
a broader range of vision-language applications.

Vision-Language Compositionality. Despite sig-
nificant progress, vision-language models such
as CLIP still struggle with compositional rea-
soning—understanding fine-grained relations, at-
tributes, and word order beyond object recogni-
tion (Yuksekgonul et al., 2023; Hsieh et al., 2024;
Zhao et al., 2022; Thrush et al., 2022). To enhance
compositionality, most prior work focuses on fine-
tuning with hard negative samples, using strategies
such as rule-based construction (Yuksekgonul et al.,
2023), LLM-based synthesis (Doveh et al., 2023a),
and negative image synthesis via diffusion mod-
els (Li and Li, 2025). Beyond these, SDS-CLIP
(Basu et al., 2024) introduces a novel distillation
loss from Stable Diffusion to improve the compo-
sitionality of CLIP. CLIP-CAE (Li et al., 2024)
enhances the model’s attention to compositional
concepts by explicitly optimize internal attribution.
Masked Signal Modeling. Masked reconstruc-
tion is a widely adopted pretraining strategy. In
NLP, BERT (Devlin et al., 2019) demonstrates the
success of masked language modeling (MLM). In-
spired by this, masked image modeling methods
(MIM) like BEIiT (Bao et al., 2021), MAE (He
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Figure 2: Our framework employs image and text predictors exclusively during training, removing them at inference
time. The two image encoders share weights and function as a single encoder, as do the two text encoders.

et al., 2022), and SimMIM (Xie et al., 2022) train
vision transformers to recover masked visual con-
tent. In VLMs, MaskVLM (Kwon et al., 2022)
jointly reconstructs randomly masked image and
text inputs, while Arici et al. (2021) explores MIM
and MLM for structured catalog data to facilitate
downstream vision tasks. These methods highlight
the potential of masked modeling for cross-modal
representations learning.

3 Method

3.1 Preliminaries of CLIP

CLIP consists of an image encoder E; and a text
encoder E, which project images and texts into
a shared embedding space. The image encoder
produces patch-level features and a global CLS to-
ken via full attention, while the text encoder gener-
ates token-level representations via causal attention,
with the CLS token derived from the EOS token.
Given a batch of paired samples B = (I, Ti)i]\il,
CLIP computes the similarity between global im-
age and text embeddings using cosine similarity
and is trained via a symmetric InfoNCE loss to
align matching pairs and contrast mismatched ones.
Detailed formulations are provided in Appendix A.

3.2 MACCO Framework

As illustrated in Figure 2, our framework enhances
compositional understanding by masking composi-
tional concepts in one modality and reconstructing
them using the full features of the other modality
as context. This design better exploits the aligned
compositional signals inherent in paired image-text
data. Specifically, masked texts are reconstructed
using complete image features, and vice versa for
masked images.

Prior studies (Kamath et al., 2023a; Dumpala
et al., 2024) indicate that contrastive VLMs often
struggle with compositional semantics due to limi-
tations in the text encoder, particularly in capturing
object relations and attribute bindings. Motivated
by this, our framework emphasizes improving the
text encoder’s capacity to understand and represent
compositional concepts. During reconstruction, we
stop the gradients of the image features in both
predictors, ensuring the loss focuses on optimizing
text representations. We analyze this design choice
and its impact in Section 4.5 and Appendix F.
Compositional Concept Extraction. To iden-
tify compositional concepts in both text and im-
age modalities, we extract relation and attribute
phrases from training examples. For textual inputs,
we apply a scene graph parser (Wu et al., 2019) to
obtain a mask M7 indicating the token positions
of compositional phrases. For visual inputs, we
use GroundingDINO (Liu et al., 2024b) to local-
ize image regions corresponding to compositional
phrases and map them to CLIP patch indices, pro-
ducing a mask M7' over visual tokens. The full
extraction pipeline and alignment details are pro-
vided in Appendix B and Algorithm 1.

Feature Extraction Formulation. Given a batch
B = (1, T) _, of image-text pairs, we first obtain
token-level compositional concept masks M’ &

boolV* L and M! € boolV*(P+1) for the text and
image modalities, respectively, where L is the max-
imum text length and P is the number of image
patches. A value of True indicates that the to-
ken is masked. For each modality, we initialize a
shared learnable mask token (m; for text and m;
for image). We then replace the tokens at masked
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positions with the corresponding mask token and
add positional embeddings PE” and PE!:

X7 = Embed(T)+PE", X, = Mask(Embed(T))+PE",

(€]

X" = Embed(I) + PE', X/, = Mask(Embed(I)) + PE".

(@3]

Then, we feed both the masked and unmasked se-

quences into the respective encoders. The masked

and unmasked representations are then encoded as:

1" = Br(X"), fm = Br(Xn), 3)

ff=E/(X"), fr, = E/(X)). 4)

Here, f7 and f! denote the full text features and
full image features, while f1, and fI correspond
to masked variants.

Masked Textual Compositional Concept Model-
ing. To reconstruct masked text from cross-modal
signals, we extract global features of the masked

text ( fﬂT@Ms) and the full image (f l<ls). Due to the
causal nature of the text encoder, masked tokens
lack sufficient future context. To mitigate this, we
apply a simple global-to-local semantic injection
operation, in which each masked token is enriched
by integrating its representation with the global
feature of the masked text, thereby enhancing con-
textual reasoning within the same modality.

For the image features, since CLIP’s pretraining
does not explicitly constrain local patch tokens,
their alignment with text is weaker than that of
the CLS token (Bica et al., 2024). Thus, we also
inject global semantics into each image patch token
to compensate for CLIP’s weak local supervision
and strengthen grounding during reconstruction.
For simplicity, we formalize the global-to-local
semantic injection operation as follows:

Fh= U SEE) = S 4 1))

The text predictor DT uses two layers of cross-
attention, attending from contextual masked text
tokens to full image features, followed by a classi-
fication head, which is used to predict in the vocab-
ulary space, following BERT (Devlin et al., 2019).
The final loss for the masked modeling of texual
compositional concepts is formulated as:

Ly = Eq npH[DT (£, stopgrad(f1)), T], (6)
where ‘H denotes cross entropy loss. We compute
the loss only on masked token.

Masked Visual Compositional Concept Model-
ing. For cross-modal image reconstruction, we also
apply global-to-local semantic injection operation
to enrich local tokens with contextual global se-
mantics. Specifically, each local text token is fused

with the global text feature 71 to obtain fiT, and

the global masked image feature fﬁds is similarly
injected into local patch tokens to obtain [/ :

Fho= S+ S, 7T = ST T )

The image predictor D! employs masked im-
age tokens as queries and full text features as
keys/values in a three-layer cross-attention mod-
ule. Following MAE (He et al., 2022), we use a
decode embedding layer and 2D positional embed-
ding prior to attention. The final prediction head
reconstructs pixel values for each patch. The loss
is the mean squared error (MSE) between recon-
structed and original pixels:

Lyiv = Erry~p H[Dl(stopgrad(f:{L), fiT)v I||27 (8)
we compute the loss only on the masked patches.
Masked-augmented Cross-Modal Alignment.
We extend the standard contrastive learning frame-
work in CLIP by incorporating the CLS token
features of masked text or image inputs into the
contrastive objective. Compared to their complete
counterparts, masked inputs lack certain composi-
tional concepts. For example, a masked text may
retain only object-level information and thus can
serve as a soft negative sample in image-to-text
contrastive learning. Despite missing some details,
the CLS token of masked input is still encouraged
to encodes meaningful global semantics, as it facili-
tates reconstruction through global-to-local seman-
tic injection. Thus, to better constrain the seman-
tics, we introduce masked-augmented cross-modal
alignment losses by computing contrastive losses
between masked text and full images, and vice
versa. During alignment, masked inputs are treated
as soft negatives in the corresponding contrastive
objectives. The masked-augmented image-to-text

contrastive loss is formulated as follows:

N S(I1;,T;)
MCA _ exp

L —Zlog ~ < -
i=1 expSUiTi) 4 5 eXpS(Ii,Tj )

J=1 j=1

N S(I™,T;) ©)
exp” i T
+> log

N N :
R m . I:”L Tm
i=1 > exps(li Ti) 4 > exps< 1)
j=1 j=1

Similarly, the masked-augmented text-to-image
contrastive loss is formulated as:

N S(Ti,1;)
MCA exp
Lt?’i = Z log N N
i=1 expS(Ti1i) 4 eXpS(T,“IJT”)
—1 j=

j =1

(10)
exps(Ti ,IT;)

I~ :
expST 1) 4 3 exp® i)
1 j=1

N
+Zlog

i=1

s

J
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Finally, the total masked-augmented cross modal
contrastive loss is the sum of both:

1
Lyca = _é(L%tCA + L. (11)

Masked-augmented Intra-Modal Regulariza-
tion. To prevent the masked text features or masked
image features of different samples from collaps-
ing into the same subspace and to constraint the
deviation of the masked features from their corre-
sponding full text or image features, contrastive
loss is is well-suited for this regularization purpose.
Additionally, contrasting single modality when per-
forming cross-modal alignment is helpful for stable
training (Zhang et al., 2024). Therefore, we intro-
duce a new intra-modal regularization loss. Specif-
ically, we apply intra-modal contrastive learning
between the masked text features and the full text
features, as well as between the masked image fea-
tures and the full image features. The masked text
to original text contrastive loss is formulated as
follows:

N S(T{™,T;) S(T;,T]™)
i=1 > eXpS(TZ?”,TJ-) D eXpS(T“TJ'm)
Jj=1 j=1

(12)
Similarly, the masked image to original image
contrastive loss is formulated as:

N S 1) S(I;, 1)
LMIR _ Z log Nexp +log Nexp
i=1 S expSU 1) > exp Uil
Jj=1 j=1

(13)
Finally, the total masked-augmented intra-modal
contrastive loss is the sum of both:

1
Lmig = —;L%JR + Ll ). (14)

Overall Training Objective. Our MACCO incor-
porates two masked modeling losses, L1 s and
Lasra, as well as two masked-augmented auxil-
iary losses, Lyrca and Lysrr. The final loss is
formulated as follows:

Liotat = Lnuca+MLyrr+A2Larpns +A3Larrar, (15)

where A1, A2, and A3 are the weighting factors for
the respective losses.

4 Experiments

Training Setup. Following (Li et al., 2024) and
(Basu et al., 2024), we use approximately 110k
high-quality image text pairs from MSCOCO (Lin
et al., 2014) as the training set, and include addi-
tional experiments on CC3M in Appendix K. In
the main experiments, we use the widely adopted

OpenAl CLIP ViT/B-32 model, and provide supple-
mentary results with ViT/B-16 and ViT/L-14 in Ap-
pendix I. We initialize both the text encoder and the
image encoder with pretrained CLIP weights. The
image and text predictors are trained from scratch.
Following previous approaches (Basu et al., 2024;
Lietal., 2024), we fine-tune the model for 5 epochs
with a batch size of 256 and conduct a 50 steps
warm up. The learning rate for the CLIP model
is set to He-7, while the learning rate for the two
predictors is set to le-3. We use AdamW as the
optimizer with a weight decay of 0.2. Experiments
are conducted on a single NVIDIA A100 GPU.

Evaluation Setup. At inference time, both pre-
dictors are removed, and the model’s architecture
remain the same as the pre-trained CLIP model.
We perform a comprehensive evaluation using
five widely used benchmarks for vision-language
compositional understanding: ARO (Yuksekgonul
et al., 2023), SugarCrepe (Hsieh et al., 2024),
VL-Checklist (Zhao et al., 2022), VALSE (Parcal-
abescu et al., 2021) and What’s-up (Kamath et al.,

2023b). Detailed information about these datasets

can be found in Appendix C.1.

For a fair comparison and comprehensive evalu-
ation, we mainly selected three types of baselines:
(1) the pre-trained CLIP model; (ii) the CLIP model
fine-tuned on MSCOCO using only the contrastive
loss (denoted as CLIP-FT); and (iii) CLIP-CAE

- (Liet al., 2024) and SDS-CLIP (Basu et al., 2024),

which enhance the compositionality of CLIP-like
model through fine-tuning on MSCOCO.

4.1 Main Results

As shown in Table 1, MACCO-CLIP achieves
state-of-the-art performance across five widely-
used benchmarks, significantly outperforming both
the pretrained CLIP model and several fine-tuned
variants, including CLIP-FT and CLIP-CAE. These
results demonstrate MACCO-CLIP’s strong advan-
tages in relation understanding, attribute binding,
and word order sensitivity.

Compared to CLIP, our model yields notable
improvements, including 14.4% on ARO-Relation,
5.8% on ARO-Attribute, 21.9% on ARO-Order,
and 8.3% average gain on Sugar-Crepe. Against
CLIP-FT, we observe gains of 8.8% (ARO-
Relation), 6.0% (Sugar-Crepe Relation), and 9.3%
(VL-Checklist Relation). Notably, MACCO-CLIP
achieves a 26.9% improvement on ARO-Order
over CLIP-FT, significantly mitigating the well-
documented insensitivity of CLIP to word order.
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Model ARO Sugar-Crepe VL-Checklist VALSE  What’s-up
Relation Attribute Order Relation Attribute Relation Attribute Relation  Relation

Random Chance 50.0 50.0 20.0 50.0 50.0 50.0 50.0 50.0 41.7
CLIP! (ViT-B/32) 58.7 62.7 54.1 68.8 70.8 63.6 67.7 70.1 41.8
CLIP-FT 64.3 66.2 49.1 71.1 77.7 60.9 67.4 69.3 414
IL-CLIP? 50.0 55.3 16.7 56.3 63.9 55.7 59.5 55.7 42.3
SDS-CLIP? 53.0 62.0 29.0 - - - - - -
CLIP-CAE* 69.5 65.4 - 73.0 78.9 65.4 68.6 68.8 -
MACCO-CLIP (ours) 73.1 68.5 76.0 771 79.1 70.2 68.7 75.3 43.2

References: '(Radford et al., 2021) ?(Zheng et al., 2024) (Basu et al., 2024) 4

(Li et al., 2024)

Table 1: Results on ARQO, SugarCrepe, VL-Checklist, VALSE, and What’s-up. The best results are marked in
bold, and the second-best results are underlined. Empty entries denote that the model’s code has not been released.
The result reported for CLIP-CAE are the average performance across its four model instances. The detailed results

can be found in Appendix J.

MACCO-CLIP also consistently outperforms
CLIP-CAE across all benchmarks, for example,
with gains of 4.1% on Sugar-Crepe Relation and
4.8% on VL-Checklist Relation. While CLIP-CAE
underperforms CLIP-FT on ARO-Attribute, our
model improves over CLIP-FT by 2.3%. These
gains may stem from a key design difference: al-
though CLIP-CAE encourages models to focus on
compositional concepts, it lacks an explicit mech-
anism for modeling dependencies between enti-
ties and their corresponding relations or attributes.
In contrast, MACCO-CLIP incorporates a cross-
modal masked modeling objective that explicitly
encourage the model to capture such dependencies,
resulting in semantically richer and more syntacti-
cally coherent representations. We also valid this
effect in Section 4.4.

We note that both our MACCO-CLIP and prior
work CLIP-CAE achieve smaller gains on attribute-
focused tasks compared to relation-based tasks.
This aligns with findings from prior work (Huang
et al., 2023; Lewis et al., 2024), which suggests
that attribute binding remains a more challenging
aspect of compositional understanding and mer-
its more investigation. Further discussion of this
challenge can be found in Appendix S.

Finally, we also conduct additional experiments
on three models with different scales and train-
ing paradigms, namely ViT-B/16, ViT-L/14, and
SigLIP, and observe consistent and significant im-
provements across all of them. Detailed results are
presented in Table 16 in Appendix I. Overall, these
results highlight the effectiveness of our method.

4.2 Combined with Hard-Negative Samples

Since our framework is orthogonal to hard negative
mining approaches, we further investigate whether
it can be effectively integrated with hard negative

samples. We consider two representative methods
based on hard-negative samples: NegCLIP (Yuk-
sekgonul et al., 2023), which incorporates hard neg-
atives within a standard contrastive learning frame-
work, and CE-CLIP (Zhang et al., 2024), which
introduces two additional contrastive loss terms to
better leverage the hard negatives.

For fair comparison, we use the same hard neg-
ative samples provided by NegCLIP across all ex-
periments. As shown in Table 2, without bells and
whistles, both models consistently benefit from
the integration with MACCO, with the most no-
table improvements observed on VL-Checklist. For
instance, MACCO enhances the performance of
NegCLIP by 3.1% and CE-CLIP by 1.9% on the
VL-Checklist Relation. These results further high-
light the effectiveness of our method and its plug-
and-play compatibility with existing hard negative
mining methods. In Appendix N, we provide a
more detailed discussion on our approach and hard-
negative mining methods.

4.3 Downstream Tasks

In Table 3, we present the zero-shot classification
accuracy and linear probing results on 11 widely
used classification benchmarks. Details of the lin-
ear probing protocol settings are provided in the
Appendix C.2. The results show that MACCO-
CLIP incurs only a slight reduction in zero-shot and
linear probe performance compared to the original
CLIP model (a decrease of just 1.5% and 0.4% re-
spectively). These results indicate that our method
significantly improves compositional understand-
ing while largely preserve the representation capac-
ity of the original CLIP model. Nevertheless, simul-
taneously enhancing general representation while
improving compositional understanding remains
an open question and warrants further investigation.
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Model ARO Sugar-Crepe VL-Checklist ~ VALSE What’s-up
Relation Attribute Order Relation Attribute Relation Attribute Relation Relation

Random Chance 50.0 50.0 20.0 50.0 50.0 50.0 50.0 50.0 41.7

CLIP! (ViT-B/32) 58.7 62.7 54.1 68.8 70.8 63.6 67.7 70.1 41.8

NegCLIP2 80.4 71.7 91.7 73.2 80.0 71.8 70.1 79.5 42.1

+ MACCO 80.2 71.6 92.1 74.9 79.7 74.9 70.6 78.7 43.1

CE-CLIP? 82.2 72.9 95.1 72.6 80.1 75.6 69.4 78.5 44.4

+ MACCO 82.6 73.0 96.4 72.7 80.0 71.5 70.5 79.2 44.7

References: ' (Radford et al., 2021) 2(Yuksekgonul et al., 2023) 3(Zhang et al., 2024)

Table 2: Results on ARO, Sugar-Crepe, VL-Checklist, VALSE and What’s-up when combined with hard
negative samples. Highlighted in bold denote an improvement over NegCLIP or CE-CLIP, while the underlined
ones indicate a performance degradation compared to NegCLIP or CE-CLIP.

Zero-Shot  Linear Probe Comp.
Model Avg. Avg. Avg.
CLIP 59.5 80.1 61.2
CLIP-FT 57.9 80.0 61.8
MACCO-CLIP (ours) 58.0 79.7 67.7

Table 3: Zero-shot classification performance and
linear probe results on 11 datasets. The results in last
column represent the average performance across five
compositional understanding benchmarks.

SICK-R STS-Benchmark
Model
Spearman Pearson Spearman Pearson
CLIP 67.9 68.6 61.5 59.1
CLIP-FT 68.0 73.4 66.3 64.0
CLIP-CAE 69.3 71.6 66.5 65.2
MACCO-CLIP (ours) 70.5 76.4 65.3 64.9

Table 4: Semantic textual similarity results on SICK-
R and STS-Benchmark.

4.4 Analysis

Semantic Textual Similarity. Following prior
work CLIP-CAE (Li et al., 2024), we evaluate the
text encoders of different models on two widely
used STS benchmarks: STS-Benchmark (Cer et al.,
2017) and SICK-R (Marelli et al., 2014). Details
about the task can be found in Appendix C.3.

As shown in Table 4, our method achieves a no-
table improvement on SICK-R over CLIP-FT, and
outperforms CLIP-CAE with a 4.8% gain in Pear-
son correlation. While slightly underperforming
on STS-Benchmark, we attribute this to its domain
heterogeneity and reliance on shallow lexical cues,
where CLIP-CAE’s keyword-focused optimization
provides a slight advantage. In contrast, SICK-R
demands deeper compositional reasoning and sensi-
tivity to lexical-syntactic structure. These findings
highlight that MACCO enhances the text encoder’s
ability to capture nuanced semantic and composi-
tional relations, beyond surface similarity.

Model
CLIP

CLIP-FT
MACCO-CLIP (ours)

Tense
82.4

823
84.0

Depth  TopConstituents ~BigramShift
25.0 50.5 64.8

25.5 49.1 64.5
26.2 50.7 65.7

Avg.
55.7

55.4
56.6

Table 5: Probing results of linguistic information in
text embedding.

Linguistic Information Probing. The experi-
ments on the STS task demonstrate that our model
is more effective at capturing compositional seman-
tic information within sentences. To further ex-
amine the linguistic properties encoded in the text
embedding produced by different models, we per-
form a probing analysis using the SentEval toolkit
(Conneau and Kiela, 2018) on the text encoders
of different models. We use four representative
tasks that evaluate the extent to which sentence
embeddings encode latent structural and semantic
information. As shown in Table 5, CLIP-FT shows
performance degradation on three tasks relative to
the original CLIP, whereas MACCO-CLIP consis-
tently yields substantial accuracy gains across all
tasks. These results further confirm that our method
not only improves the model’s ability to encode
compositional concepts but also enhances the text
encoder’s capacity to capture syntactic structure
and linguistic information.

Text Embedding Ingredients. Inspired by (Li
et al., 2024), we follow the procedure outlined in
their work to compute the similarity between the
embedding of the full caption and that of the cor-
responding relation or attribute phrase in the ARO
benchmarks. Figure 3 presents the similarity distri-
butions for CLIP, CLIP-FT, and our MACCO-CLIP.
As shown, the text encoder of MACCO-CLIP pro-
duces embeddings that exhibit significantly higher
similarity to their corresponding compositional con-
cept embeddings, compared to those generated by
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Figure 3: The similarity distribution between the embed-
dings of full captions and those of relation or attribute
phrases extracted from the same text.

CLIP and CLIP-FT. This result further validates
that our model more effectively captures composi-
tional concepts in text, with its embeddings encap-
sulating richer semantic information.

Compositionality Robustness Evaluation. To
assess robustness to semantically invariant pertur-
bations, we evaluate MACCO-CLIP on the Hard
Positive Compositional Benchmark (Kamath et al.,
2024). The results are shown in Table 6. Orig. Test
Acc. measures the ability to distinguish positives
from meaning-altering hard negatives, while Aug.
Test Acc. additionally requires recognizing semanti-
cally equivalent hard positives. For example, given
an image I and captions “brown grass” (positive
T, “blue grass” (hard negative T},), and “chestnut
grass” (hard positive T},), the model must satisfy:
S(I,T)> S(I,T,)and S(I,T,) > S(I,Ty).
The results show that MACCO-CLIP consis-
tently outperforms CLIP-FT on both metrics, with
notable gain on the SWAP subset. This subset
presents a more challenging scenario that tests
compositional understanding by constructing hard
positives through the reordering of object-attribute
phrases. On this subset, MACCO-CLIP achieves
a 4.6% improvement over CLIP-FT, highlighting
its superior capability in capturing object-attribute
binding relationships. These results demonstrate
that our method not only improves the model’s sen-
sitivity to meaning-altering perturbations but also
enhances its robustness to semantically equivalent
variations. This highlights our framework’s strong
robustness in visio-linguistics compositionality.

Robustness Analysis and Discussion About De-
tection Model. In Appendix M, we demonstrate
that highly proficient off-the-shelf visual grounding
model is not a strict requirement for our method
and MACCO is resilient to noisy detection results.
We further discuss the scenario generalizability and

Model REPLACE SWAP
Orig. Aug. Orig. Aug.
Test Acc. Test Acc. Test Acc. Test Acc.
CLIP 63.2 472 61.0 49.7
CLIP-FT 62.3 48.3 63.9 48.4
MACCO-CLIP (ours) 68.3 48.5 66.1 53.8

Table 6: Results on Hard Positive Benchmark.

potential systemic biases of external pre-trained
tools in Appendix P and Appendix Q. Due to space
limitations, more detailed analysis and discussion
can be found there.

4.5 Ablation

We conduct ablation studies to understand the ef-
fectiveness of each component in our framework
(see Table 9 and Table 10 in Appendix D). We also
provide a clearer ablation of mask strategies and
auxiliary objectives in Table 12.

Cross-Modal Masked Modeling Losses. Experi-
mental results show that incorporating reconstruc-
tion losses for both text and image improves model
performance, regardless of whether auxiliary ob-
jectives are included. The best results are achieved
when both losses are combined, highlighting the
effectiveness of the masked modeling framework.

Auxiliary Losses. Even without masked modeling,
introducing each auxiliary loss individually yields
consistent performance gains, achieving the highest
improvement when used together. When used with
masked modeling, adding Lyac brings a signifi-
cant boost, and further incorporating Lyyr leads to
the best performance. These results suggest that
each auxiliary loss is beneficial on its own, and that
compositional masked modeling synergizes with
the auxiliary losses to enhance feature representa-
tion learning.

Global-to-local Semantic Injection. The ablation
results in Table 10 and Table 11 shows that our
method performs better with this strategy, confirm-
ing its effectiveness. We attribute this to its ability
to enrich local tokens with global semantic con-
text and to provide an additional constraint on the
global representation.

Stop-Gradient and Masking Strategy. Blocking
gradient flow from image features within the pre-
dictors yield better performance, due to a sharper
focus on optimizing the text encoder. And our
masking strategy targeting compositional concepts
clearly outperforms random masking. We provide
a more detailed discussion on masking strategies
in Appendix L.

32291



BLIP-VQA 1

Human-preference 1

Model

Color Texture Shape  Color Texture Shape
SD 1.5 (w/ vanilla CLIP text encoder) 0.3651 0.4135 0.3721 -0.4381 -0.4349 -0.3323
SD 1.5 (w/ MACCO-CLIP text encoder) 0.3815 0.4236 0.3835 -0.3295 -0.3840 -0.2793

Table 7: Experimental results on compositional text-to-image generation tasks.
Model AMBER MME
Attribute State Number Action Relation Perception

LLaVA-1.5-7B (w/ vanilla CLIP vision encoder) 75.8 73.9 78.2 81.1 68.4 1447.1
LLaVA-1.5-7B (w/ MACCO-CLIP vision encoder) 76.5 74.8 78.2 81.7 69.3 1452.3

Table 8: Experimental results when applying MACCO’s vision encoder to multimodal large language models.

4.6 Application

Compositional Text-to-Image Generation. Text-
to-image (T2I) diffusion models such as Stable
Diffusion (Rombach et al., 2022) typically use pre-
trained VLMs (e.g., CLIP) as their text encoders.
We therefore investigate whether MACCO, by im-
proving the compositionality of VLMs, also en-
hances compositional generation in T2I models.
As an extended application, we apply the text en-
coder trained under our MACCO framework to
compositional text-to-image generation. Specifi-
cally, we replace the original text encoder (ViT-
L/14) of Stable Diffusion v1.5 (SD 1.5) with the
MACCO-CLIP (ViT-L/14) text encoder. We evalu-
ate attribute binding on T2I-CompBench (Huang
et al., 2023), which contains three subsets (color,
texture, and shape), each with 300 text prompts.
For each prompt, we generate 10 images with dif-
ferent random seeds and evaluate them using BLIP-
VQA scores (Huang et al., 2023) and ImageReward
(Xu et al., 2023) preference scores. As shown in Ta-
ble 7, using the text encoder from MACCO-CLIP
improves the attribute binding performance of the
T2I model without additional fine-tuning. These
results indicate that the stronger text representation
backbone learned by MACCO also benefits text-to-
image diffusion models and supports more accurate
generation under compositional semantics.
Multimodal Large Language Models. Given
that mainstream multimodal large language models
(MLLMs) commonly adopt VLMs such as CLIP as
visual backbone, we conduct transfer experiments
based on the LLaVA-1.5-7B (Liu et al., 2024a)
to further assess the potential of our method for
improving MLLMs. We follow the two-stage train-
ing recipe of LLaVA (Liu et al., 2024a), and use
LoRA for the instruction-tuning stage due to lim-
ited computational resources. We replace the visual

encoder of LLaVA-1.5-7B with the vanilla CLIP
ViT-L/14 and our MACCO-CLIP ViT-L/14 respec-
tively, and perform the same two-stage training
with identical data and hyperparameters. We then
evaluate compositional perception performance
on AMBER (Wang et al., 2023), a benchmark
for multimodal hallucination, and on MME (Fu
et al., 2025), a general multimodal benchmark.
As shown in Table 8, using the visual encoder
of MACCO-CLIP improves performance over the
baseline across multiple AMBER dimensions, in-
cluding attributes, states, actions, and relations, and
also improves MME perception scores, indicating
that the compositional gains from MACCO can
also transfer to MLLMs. These results suggest that
MACCO strengthens compositional semantic mod-
eling through cross-modal compositional concept
masked modeling, thereby enhancing the visual en-
coder’s ability to capture fine-grained visual cues.
In contrast to the compositional perception defi-
ciencies of the original CLIP visual encoder (Yuk-
sekgonul et al., 2023), MACCO produces visual
representations with richer structural information.

5 Conclusion

Our work introduced MACCO, a framework that
improves compositional understanding in VLMs
like CLIP. By masking compositional concepts in
one modality and reconstructing them from the
other, MACCO better exploits the aligned composi-
tional signals in paired image-text data. We further
proposed two auxiliary objectives, MCA and MIR,
to enhance cross-modal alignment and intra-modal
regularization. Extensive experiments and in-depth
analyses show that MACCO effectively improves
compositional reasoning, enhances the model’s en-
coding of syntactic structure and semantic nuance,
and benefits other multimodal tasks.
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6 Limitations

While MACCO introduces a novel and effective
framework for enhancing the compositional un-
derstanding of vision-language models without re-
lying on explicit hard negative construction, sev-
eral limitations remain, each pointing to promis-
ing avenues for future research. First, although
MACCO leverages naturally aligned image-text
pairs for masked cross-modal reconstruction, it re-
quires lightweight pre-processing to extract com-
positional concepts (e.g., phrases or regions) from
both modalities. This step, while minimal and com-
patible with standard tools, introduces a depen-
dency that may limit flexibility in fully end-to-end
pipelines. Second, MACCO adds two predictors
and prediction heads during training, increasing the
number of training-time parameters. These compo-
nents are discarded at inference, but the approach
still incurs greater training overhead than meth-
ods such as CLIP-CAE (Li et al., 2024). Improv-
ing the efficiency and transparency of MACCO’s
learned representations remains an important goal.
Third, the current design targets contrastive vision-
language models like CLIP. Its applicability to gen-
erative architectures such as BLIP (Li et al., 2022)
has yet to be explored. Extending MACCO to
generative objectives, especially those based on
language modeling or captioning, is a natural and
valuable direction for future work. Lastly, while
MACCO enhances compositional robustness and
alignment, it does not yet offer the interpretabil-
ity of concept bottleneck models or attribution en-
hancement frameworks. Incorporating mechanisms
such as concept probing or attributing tracing could
yield deeper insights into model behavior. Despite
these limitations, MACCO contributes a promis-
ing training paradigm for compositional reasoning
in VLMs. In addition, MACCO leaves room for
further improvement. For example, incorporating
multi-granularity alignment as in X-VLM (Zeng
et al., 2022) or adopting a stronger text encoder
may further enhance MACCO. We provide detailed
discussions in Appendix R and Appendix T.
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A Preliminaries of CLIP

CLIP typically consists of two independent en-
coders: an image encoder E; and a text encoder
Er. Consider a mini-batch B = {(I;, T;)}¥, of
size N, consisting of image and text pairs (I;, T;).
The image encoder first divides each image I; into
several image patches, which are embedded into
a token sequence, and then positional encoding
is added before feeding them into a transformer
model. The output is a series of image tokens
V = {v 0!, 0P} € RPHDXA where vl
denotes the CLS token that encapsulates global in-
formation, v’ represents the patch embedding con-
taining the local information of the image, and d
denotes the feature dimension, while P denotes the
number of patches. The image encoder employs
full attention, meaning all patches and CLS token
can attend to each other.

Similarly, the text encoder Er tokenizes each
text T;, then pads it with padding token, adds po-
sitional embedding, and feeds it into the trans-
former model. The output is a series of text tokens
T ={tO ¢, ...t ..t} € REXD, 95 i the
text-side CLS token, initialized with the EOS to-
ken, which encapsulates the global information of
the text. The text encoder uses causal attention,
meaning that each token can only attend to itself
and the previous tokens.

The image-text similarity is measured using the
similarity of their global representations:

cls tcls
;1

S, Ty) = ——3 /7, (16)
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where 7 is the temperature parameter.

CLIP maximizes the similarity between each
matching image-text pair using an InfoNCE loss
while minimizing the similarities with other non-
matching image-text pairs. The Image-Text Con-
trastive (ITC) loss is formulated as follows:

N 5(1;,T) S(T3.,1:)
ex ex
Z:ITC:—E log — P + log — L
i=1 > expSUiTi) 3 exp?(Ti-15)

j=1 j=1

a7

B Details of Compositional Concept
Extraction

Textual Compositional Concepts Extraction. For
each text in the training set, we utilize a widely
adopted text scene graph parser (Wu et al., 2019)
to extract compositional concepts. This parser con-
verts each text into a scene graph by identifying
object-relation phrases and object-attribute phrases.
It also provides the exact words in the text corre-
sponding to each relation or attribute. For example,
the sentence “A man with a brown backpack is
pushing a black bicycle” will be parsed as: “man
pushing bicycle”, “brown backpack”, “black bi-
cycle” with compositional concept words being
[“pushing”, “brown”, “black™]. In this way, we
identify the compositional concepts (i.e., relations
and attributes) contained in each text. Finally, for
each text, we can generate a binary text token mask
MT to indicate the positions of the compositional
concepts within the text.
Visual Compositional Concepts Extraction. For
each image in the training set, we leverage the
scene graph annotations derived from its cap-
tion (i.e., the object-relation and object-attribute
phrases), along with a open-set object detector,
GroundingDINO (Liu et al., 2024b). These open-
world detection model does not require predefined
categories and can detect regions in the image cor-
responding to the input textual description. Other
open-world detection models are also applicable,
and empirical results indicate that a reasonably ca-
pable detector can yield competitive performance,
demonstrating robustness to the choice of detection
model. In our main experiments, we use the base
version of GroundingDINO and follow the official
GitHub repository for inference setup.
Specifically, we input each relation or attribute
phrase from the image caption into the detection
model and obtain bounding box coordinates for the

matching region. These coordinates are based on
the unnormalized coordinates of the original im-
age. We then apply a simple coordinate mapping
algorithm to map these coordinates into the image
coordinate space used by the CLIP model (since
the images input into CLIP often undergo random
cropping and resizing as part of data augmentation,
we track the parameters of the image data augmen-

. tation process to facilitate the coordinate mapping).

Next, we further map the region corresponding to
these coordinates to specific image patches. Finally,
we obtain the positions of the patches in the image
corresponding to each relation or attribute phrase.
For each relation or attribute phrase, we can gener-
ate a binary image token mask M to indicate the
positions of the compositional concepts within the
image corresponding to the phrase. The detailed
extraction process is described in Algorithm 1.

C Details on Evaluation Benchmark

C.1 Compositionality Benchmark

To comprehensively assess the effectiveness of our
method in improving compositional understand-
ing, we conduct evaluations on five widely used
compositional benchmarks, as well as a recently
proposed benchmark that emphasizes robustness
under semantically invariant perturbations. Below,
we summarize the details of each dataset.

ARO (Yuksekgonul et al., 2023) systematically
evaluates vision-language models on three core as-
pects of compositionality: relations, attributes, and
word order. It comprises four major subsets: ARO-
Relation, ARO-Attribute, and ARO-Order (which
includes both COCO-Order and Flickr30k-Order).
ARO-Relation spans 48 relation types and 23, 937
test samples, requiring models to accurately distin-
guish relational structures such as “a dog behind a
tree” versus “a tree behind a dog”. ARO-Attribute
includes 117 attribute-object combinations across
28, 748 samples, challenging models to resolve at-
tribute compositionality (e.g., distinguishing be-
tween “a crouching cat and an open door” and “an
open cat and a crouching door”’). ARO-Order as-
sesses sensitivity to word order by presenting four
permuted versions of a caption, with the model
tasked to identify the correct one. Performance
is averaged over the COCO-Order and Flickr30k-
Order subsets.

Sugar-Crepe (Hsieh et al., 2024) is a recently in-
troduced benchmark focused on evaluating models
with adversarially generated hard negatives. Lever-
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Algorithm 1 Visual Compositional Concepts Ex-
traction
Require: Training image I, corresponding scene
graph phrases P, detector G
Ensure: Image token masks of compositional con-
cept {M'(p)} forp € P
1: Initialize image preprocessor C (can track Ran-
domResizedCrop parameter)
0 < (4,4, h,w) < C(I;) > Record parameter
for each phrase p € Py do
By < G(Ij,p) > Raw detection
for each object coordinate B; in B, do
B;i, — CoordinateMapper(B;’,7 0) »>
Map coordinates into space after apply image
preprocessor
M (p) + GenerateMask(B?)
end for
Merge image token masks belonging to the
sample phrase p to M’ (p)
10: end for
11:
12: function COORDINATEMAPPER([,, 0)
13: Parse 0 = (i, j, h, w)

AN A ol

14: Compute scaling factors (sy,sp) <
(224/w,224/h)
15: Transform coordinates:
max(Byt — 7,0) - sy
- max(Bj' —1,0) - sy,
By = min(B¥2 — j,w) - s
P Y w
min(Bj* —i,h) - sp,
16: return Bp
17: end function
18:
19: function GENERATEMASK(B,)
20: return Image patch indices covered by B’p

21: end function

aging large language models, it produces fluent and
semantically plausible negative captions through
targeted insertions, replacements, or rephrasings.
Following (Li et al., 2024), we report accuracy on
the relation and attribute subsets of SugarCrepe
separately.

VL-Checklist (Zhao et al., 2022) is a large-scale
compositionality evaluation dataset composed of
over 410,000 samples sourced from VG, SWIG,
VAW, and HAKE. It covers a wide array of subcat-
egories including color, material, size, action, and
spatial relations. Consistent with prior work, we

report average results for the relation and attribute
categories.

VALSE (Parcalabescu et al., 2021) serves as
a task-agnostic benchmark aimed at assessing
the foundational visual-linguistic competence of
general-purpose pretrained VLMs. It comprises six
linguistic phenomena: existence, plurality, count-
ing, spatial relations, actions, and entity corefer-
ence. We evaluate our method on the three subsets
most relevant to visio-linguistic compositionality,
in accordance with (Li et al., 2024).

What’s-Up (Kamath et al., 2023b) is a spatial
reasoning benchmark specifically designed to test
VLMs’ understanding of object spatial relation. It
consists of three datasets: What’sUp (820 manu-
ally curated images), constructed with controlled
object layouts to mitigate spatial priors. COCO-
spatial (2, 687 images), derived from the COCO
dataset, pairs each image with two mutually exclu-
sive captions differing in spatial expressions. GQA-
spatial (1, 451images), adapted from the GQA val-
idation set, contains spatial questions with unam-
biguous object references and prominent object
sizes. We report the average accuracy across all
three datasets.

Hard Positive Benchmark (Kamath et al.,
2024) is introduced to measure model robustness
under semantic-preserving compositional pertur-
bations. This benchmark comprises 56,191 im-
ages, including 28,748 swap-based and 27,443
replacement-based hard positives.

C.2 Downstream Classification Benchmark

Due to computational constraints, we evaluate the
model’s performance under both zero-shot and lin-
ear probing settings across 11 widely used im-
age classification datasets: CIFAR-10, CIFAR-100,
Caltech-101, MNIST, VOC-2007, Aircraft, Hateful
Memes, Rendered SST2, FER-2013, RESISC45,
EuroSAT and FGVC-Aircraft. For linear probing,
we adopt a full-shot training setup, training each
model for 50 epochs using SGD optimizer with a
learning rate of 0.1 and a weight decay of 1le—6.

C.3 Semantic Textual Similarity Benchmark

STS-Benchmark (Cer et al., 2017) is a standard
dataset for semantic similarity assessment, com-
prising sentence pairs drawn from diverse domains
such as news headlines, image captions, and QA
forums. Each pair is annotated with a continuous
similarity score ranging from 0 to 5. In contrast,
SICK-R (Marelli et al., 2014) is designed to assess
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compositional semantics by systematically generat-
ing sentence pairs that reflect fine-grained semantic
differences induced by lexical and syntactic vari-
ations. It places a greater emphasis on a model’s
ability to understand structured and compositional
meaning.

D Detailed Ablation Study of Key Designs

In Table 9 and Table 10, we present ablation stud-
ies analyzing key components of our framework.
Due to space limitations, detailed results are pro-
vided in here. The main text discusses the impact
of cross-modal masked modeling losses, auxiliary
objectives, global-to-local semantic injection, stop-
gradient strategy, and the masking scheme

Our use of the global-to-local semantic injec-
tion strategy serves two purposes: first, to pro-
vide the key and value tokens with more contextual
global information; and second, to make the recon-
struction learning more effective in constraining
the global representation. This is particularly im-
portant because our contrastive learning objective
(whether CLIP or SigLIP) mainly supervises the
global representation, and most downstream tasks
also rely on global representations. Therefore, even
though SigLLIP adopts bidirectional text attention,
our strategy should still offer benefits. To further
validate this assumption, we conduct additional ex-
periments on SigLIP ViT-B/16, with results shown
in Table 11. The results further indicate that in-
corporating our global-to-local semantic injection
strategy improves performance in Sigl.IP models,
although the gain is smaller than in CLIP-based
models. This suggests that our strategy remains
beneficial even when applied to architectures like
SigLIP that use bidirectional text attention.

E Further Simplified Ablation of
Auxiliary Losses and Targeted Masking
Strategy

To more clearly isolate the contributions of the aux-
iliary losses and the targeted masking strategy in
our method, we summarize the key ablation results
in Table 12. In light of these results, we draw the
following two conclusions:

(1) Compositional masking outperforms ran-
dom masking. A comparison between ‘“Random
Masking” (4+1.4) and “Compositional Concept
Masking” (+2.1) without auxiliary losses demon-
strates that specifically targeting compositional con-
cepts is more effective than random masking. Fur-

thermore, contrasting “Random + Aux” (71.2) with
MACCO (73.4) highlights that while both bene-
fit from enhanced feature representation learning,
MACCO achieves an additional performance gain
of +2.2%. This underscores the effectiveness of
our masking strategy, as compositional concepts
serve as the “structural glue” of a scene, mask-
ing these concepts forces the model to engage in
higher-order vision-language reasoning and mov-
ing beyond simple token-level reconstruction.

(2) Compositional masking and enhanced fea-
ture representation learning work synergisti-
cally. The performance improvement achieved
by MACCO (+7.3) significantly exceeds the ad-
ditive contributions of “Auxiliary Losses” (42.6)
and “Compositional Masking” (4-2.1) individually.
This substantial synergy indicates that our masked-
augmented losses (Lyrca& Lyrr) play a crucial
role in effectively regularizing the feature space
and facilitating the masked modeling process. This
finding underscores the indispensable interplay be-
tween compositional masking and improved fea-
ture representation learning, as both components
mutually reinforce each other to achieve notable
performance gains.

F Freeze or Fire Image Encoder?

We conduct additional experiments with the vision
encoder frozen, as shown in Table 13. Overall, the
results indicate that finetuning the vision encoder
leads to better performance, although freezing it
yields marginal advantages on a few benchmarks.
This observation is reasonable regarding the find-
ings from prior work (Zhai et al., 2022; Sung et al.,
2022; Li et al., 2022), which suggest that jointly
optimizing both modalities enhances the flexibility
of the shared embedding space and enables more
effective cross-modal alignment. Specifically, Zhai
et al. (2022) suggests that while freezing the vi-
sion encoder may improve training efficiency and
mitigate overfitting, it is generally more effective
when the encoder is already strong, for instance,
pretrained via self-supervised learning on large-
scale image datasets such as JFT-300M. Sung et al.
(2022) argues that the adaptability of the vision
encoder’s feature space is critical for downstream
text-side tuning. If the vision encoder is fixed, its
output space may be too rigid, limiting the text
encoder’s ability to capture cross-modal semantics.
Li et al. (2022) shows that jointly optimizing both
encoders leads to more stable and higher perfor-
mance in both zero-shot and fine-tuning settings.
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Model »CAILM »CMIM £MAC CMIR ARO Sugar—Crepe VL-Checklist Avg.

CLIP (ViT-B/32) - - - - 58.5 69.8 65.6 64.6
CLIP-FT - - - - 59.9 74.4 64.2 66.1
ablation of cross-modal masked modeling losses
v - - - 68.2 74.5 65.0 68.2 (+2.1)
- v - - 65.3 75.4 64.7 68.5 (+2.3)
77777777777777 - - v v 650 751 662 687 (+2.6)
v - v v 72.0 77.6 68.7 72.8 (+6.7)
- v v v 69.9 74.9 66.8 70.5 (+4.4)
MACCO-CLIP v v v v 72.5 78.1 69.5 73.4 (+7.3)
ablation of two auxiliary losses
- - - v 58.2 75.4 64.0 65.9 (-0.2)
- - v - 63.9 74.4 65.2 67.9 (+1.8)
- - v v 65.0 75.1 66.2 68.7 (+2.6)
77777777777777 v v - - 651 750 645  682(+21)
v v v - 71.5 77.9 68.3 72.6 (+6.5)
v v - v 64.1 75.2 64.2 67.8 (+1.7)
MACCO-CLIP v v v v 72.5 78.1 69.5 73.4 (+7.3)

Table 9: Ablation of different losses. The numbers in parentheses indicate the performance gains relative to
CLIP-FT.

Global-to-local Mask

Model semantic injection Stop-grad compositional concepts ARO Sugar-Crepe VL-Checklist Avg.
CLIP (ViT-B/32) - - - 58.5 69.8 65.6 64.6
CLIP-FT - - - 59.9 74.4 64.2 66.1
v v 722 76.3 67.6 72.0

v - v 724 76.0 68.0 72.1

v v - 71.1 75.4 67.0 71.2

MACCO-CLIP v v v 72.5 78.1 69.5 73.4

Table 10: Ablation of global-to-local semantic injection operation, stop-gradient strategy and masking strategy.
We ablate the mask strategy with random mask, where random mask represents randomly masking image and text
with a mask ratio of 75% and 15% following MAE (He et al., 2022) and BERT (Devlin et al., 2019).

Model Globa.l—t.o—.l oca.l ARO Sugar-Crepe VL-Checklist Avg.
semantic injection

SigLIP (ViT-B/16) - 27.4 62.8 50.9 47.0
SigLIP-FT - 49.9 79.0 65.3 64.7
MACCO-SigLIP - 61.5 80.0 67.1 69.5
MACCO-SigLIP v 62.5 80.2 67.5 70.1

Table 11: Ablation results of w and w/o global-to-local semantic injection on SigLIP.
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Lyca & Lyr

Method (Improved feature Masking Avg. Compositional
. . Strategy Performance
representation learning)

CLIP X None 64.6
CLIP-FT X None 66.1

CLIP + Auxiliary Losses v None 68.7 (+2.6)
CLIP + Random Masking X Random 67.5 (+1.4)
CLIP + Random Masking + Auxiliary Losses v Random 71.2 (+5.1)
CLIP + Compositional Concept Masking X Compositional 68.2 (+2.1)
MACCO-CLIP (ours) v Compositional 73.4 (+7.3)

Table 12: Simplified ablation of auxiliary losses and targeted masking strategy.

Fire

Model
ode Image Encoder

ARO  Sugar-Crepe  VL-Checklist Avg.

MACCO-CLIP - 72.7 75.2 67.3 71.7
MACCO-CLIP v 72.5 78.1 69.5 73.4

Table 13: Ablation results of the choice not to freeze
the image encoder.

G Computational Budget

In Table 14, we present the model sizes along with
the training and evaluation budgets for all mod-
els discussed in our paper. Compared to standard
finetuning, our method does not introduce signifi-
cant additional training cost, and the inference cost
remains unchanged.

Model #Params Training Budge Evaluation Budge
Backbone: CLIP ViT-B/32

CLIP 151M - 0.3h

CLIP-FT 151M 0.8h 0.3h

SDS-CLIP 151M - -

IL-CLIP 151M - 0.3h

CLIP-CAE 151M - -

MACCO-CLIP 151M 1.0h 0.3h
Backbone: CLIP ViT-B/16

CLIP 151M - 0.4h

CLIP-FT 151M 2.5h 0.4h

MACCO-CLIP 151M 2.6h 0.4h
Backbone: CLIP ViT-L/14

CLIP 427TM - 1.0h

CLIP-FT 427M 8.8h 2.2h

MACCO-CLIP 427TM 9.0h 2.2h
Backbone: SigLIP ViT-B/16

SigLIP 172M - 1.5h

SigLIP-FT 172M 2.2h 1.5h

MACCO-SigLIP  172M 2.5h 1.5h

Table 14: Model size and computational budge.

H Error Bar

In Table 15, we report the mean and standard devi-
ation of the model performance trained using four
different random seeds.

I More Experiments on Other Model
Scales

We conduct experiments on three models with dif-
ferent scales and training paradigms: ViT-B/16,
ViT-L/14, and SigLIP ViT-B/16. The results are
presented in Table 16. We compare our method
with CLIP-FT or SigLIP-FT for a fair comparison.

Based on the experimental results, we have the
following observations: (1) Strong generalization:
Our method consistently improves compositional
understanding across models with different scales
and training paradigms (e.g., InfoNCE loss vs. pair-
wise sigmoid loss), demonstrating strong gener-
alization potential. (2) Greater improvements
on contrastively trained models: Compared to
SigLIP ViT-B/16, CLIP ViT-B/16 exhibits larger
performance gains from our method. This may be
due to the fact that SigLIP does not adopt explicit
batch-level contrastive learning but instead relies
on pairwise contrast, while our auxiliary losses are
better aligned with batch-level contrastive learning
paradigms.

J Detailed Version of Main Experimental
Results

We present the detailed results on all benchmark
subsets in Table 17, Table 18, Table 19 and Ta-
ble 20. As shown, our method achieves the best
performance on nearly all subsets across the five
benchmarks.

K Experiments Beyond COCO Domain

To further validate the effectiveness of our method
beyond the MSCOCO dataset, we conduct exper-
iments in two respects: on the one hand, we eval-
uate it on out-of-distribution benchmarks outside
the MSCOCO domain; on the other hand, we train
it on non-COCO datasets.
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ARO Sugar-Crepe VL-Checklist VALSE  What’s-up

Model

Relation Attribute Order Relation Attribute Relation Attribute Relation Relation
Random Chance 50.0 50.0 20.0 50.0 50.0 50.0 50.0 50.0 41.7
CLIP (ViT-B/32) 58.7 62.7 54.1 68.8 70.8 63.6 67.7 70.1 41.8
CLIP-FT 64.4+0.40 66.2+0.05 48.8+0.28 71.1+£0.26 77.44+0.22 60.6+0.22 67.4+0.05 69.4+0.30 41.3+0.16

MACCO-CLIP (ours) 73.5+0.60 69.1+0.64 75.0£1.14 76.1+0.95 78.44+0.50 69.9+1.03 68.9+0.62 75.240.44 43.0+0.72

Table 15: Multiple Runs. We report the mean and standard deviation over four training runs of CLIP-FT and our
MACCO-CLIP with four different random seeds.

Model ARO Sugar-Crepe VL-Checklist VALSE  What’s-up
Relation Attribute Order Relation Attribute Relation Attribute Relation Relation

Random Chance 50.0 50.0 20.0 50.0 50.0 50.0 50.0 50.0 41.7
Backbone: CLIP ViT-B/16

CLIP 59.9 62.0 54.1 66.3 70.5 61.7 68.8 68.8 41.9

CLIP-FT 61.2 62.3 39.9 71.6 78.5 56.9 68.5 67.7 44.2

MACCO-CLIP (ours) 73.4 67.3 68.0 76.2 79.5 66.5 68.9 70.4 41.7
Backbone: CLIP ViT-L/14

CLIP 61.7 61.7 51.3 65.0 70.8 64.7 68.0 66.7 41.2

CLIP-FT 58.1 63.8 38.4 75.3 78.9 63.0 71.8 714 42.0

MACCO-CLIP (ours) 72.6 65.7 59.8 773 79.3 72.5 72.1 74.0 42.4
Backbone: SigLIP ViT-B/16

SigLIP 26.6 44.6 11.1 57.9 67.6 42.0 59.8 53.5 41.5

SigLIP-FT 48.3 67.5 33.9 75.0 82.9 60.6 69.9 67.4 40.5

MACCO-SigLIP (ours) 54.6 67.0 66.0 76.2 84.2 63.7 71.2 71.2 40.8

Table 16: Extended experimental results on other model scales.

Model ARO

Relation Attribute COCO-Order Flicker-Order Avg.
CLIP 58.7 62.7 48.0 60.2 574
CLIP-FT 64.3 66.2 43.3 54.8 57.2
IL-CLIP 50.0 55.3 16.8 16.6 34.7
SDS-CLIP 53.0 62.0 24.0 34.0 43.3
CLIP-CAE 69.5 65.4 - - -
MACCO-CLIP 73.1 68.5 72.3 79.6 73.4

Table 17: Detailed results on ARO (Yuksekgonul et al., 2023). In the main paper, we take the average performance
of the model on the COCO-Order and Flickr-Order subsets as the performance of ARO-Order.

Sugar-Crepe

Model REPLACE SWAP ADD

Relation Attribte Object Avg. Attribute Object Avg. Attribute Object Avg.
CLIP 68.9 80.1 90.8 799 63.5 604  62.0 68.4 769 727
CLIP-FT 71.1 84.1 929 827 70.3 69.0  69.7 78.6 87.2 829
IL-CLIP 56.3 66.4 777  66.8 54.7 547 547 70.8 654  68.1

MACCO-CLIP 77.1 84.6 92.1 84.6 70.0 722 711 82.8 86.5 84.7

Table 18: Detailed results on Sugar-Crepe (Hsieh et al., 2024).
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VL-Checklist

Model Relation Attribute Object
Action Spatial Avg. Action Color Material Size State Avg. Location Size Avg.
CLIP 71.3 557 63.6 733 69.3 66.5 63.6 654 67.7 77.4 76.2  76.8
CLIP-FT 70.7 51.1 609 74.1 73.1 66.9 604 624 674 79.8 783 79.1
IL-CLIP 62.3 49.0 557 648 650 61.9 489 57.1 595 71.1 673 69.2
MACCO-CLIP 754 651 702 753  73.6 70.7 570 66.6 68.7 82.0 79.8 80.9
Table 19: Detailed results on VL-Checklist (Zhao et al., 2022).
Model VALSE What’s-Up
Action Relation Avg. Whats’Up COCO-spatial GQA-spatial Avg.
CLIP 74.8 65.4 70.1 31.1 474 46.9 41.8
CLIP-FT 73.5 65.1 69.3 30.7 46.9 46.5 414
IL-CLIP 58.5 52.9 55.7 26.0 523 48.5 423
MACCO-CLIP 78.6 72.0 75.3 34.2 47.1 48.3 43.2

Table 20: Detailed results on VALSE (Parcalabescu et al., 2021) and What’s-up (Kamath et al., 2023b).

(1) Evaluation results on Winoground and
MMVP. We conduct additional evaluations on two
challenging out-of-distribution compositional rea-
soning benchmarks: Winoground (Thrush et al.,
2022) and MMVP (Tong et al., 2024). Both bench-
marks consist of image-text pairs that lie beyond
the COCO domain, and are widely recognized as
some of the most difficult benchmarks in the field,
with the results presented in Table 21. As shown,
our method achieves consistent improvements over
the baseline on both benchmarks. The relatively
smaller gains on Winoground may be attributed
to the intrinsic difficulty of the benchmark (Di-
wan et al., 2022), and evaluation on Winoground
has also been noted to present out-of-distribution
challenges (Zhang et al., 2024; Li et al., 2024). Fur-
thermore, the performance gains on MMVP are
a promising signal. Although our method primar-
ily aims to enhance the encoding capability of the
text encoder, the gains on a vision-centric task like
MMVP suggest that our approach may also benefit
multimodal large language models that use CLIP
as the vision encoder, such as LLaVA (Liu et al.,
2023). In Section 4.6, we replace the vision en-
coder of LLaVA-1.5-7B (Liu et al., 2024a) with
MACCO-CLIP (ViT-L/14) and vanilla CLIP (ViT-
L/14) and train under identical settings. The results
in Table 8 show that using vision encoder from
our MACCO-CLIP yields better performance in
mitigating compositional semantic hallucinations.

(2) Training beyond COCO. To further vali-
date the generalization capability of our method
beyond the COCO domain, we conduct experi-

Model Winoground MMVP
Text score Image score Group score  Avg.
CLIP 31.6 11.1 9.4 14.8
CLIP-FT 322 8.8 5.9 20.7
MACCO-CLIP (ours) 322 11.1 8.2 21.5

Table 21: Experiment results on Winoground and
MMVP.

ments using a subset of CC3M released by the
excellent work (Oh et al., 2024), which contains
approximately 100k samples. We retrain both
CLIP-FT and MACCO on this dataset and evaluate
them on five compositional reasoning benchmarks.
As shown in Table 22, MACCO significantly out-
performs the baseline across all five benchmarks.
This further substantiates the effectiveness of our
method and demonstrates that its benefits are not
limited to object-centric datasets like COCO.

This cross-domain effectiveness, combined with
the OOD benchmark results, provides strong evi-
dence that MACCO’s benefits generalize beyond
the specific structure of COCO.

L Discussion with Related Works About
Masked Modeling

MaskVLM (Kwon et al., 2022) and CLIP-CAEv2
(Zhang et al., 2022) are two studies closely related
to our work. While MaskVLM is an influential
work in vision-language pretraining, our method
differs from it in both the masking strategy and the
training objective:

(1) Task focus and masking strategy is differ-
ent. MaskVLM focuses on multimodal pretraining
and is primarily designed for general multimodal
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Compositional Understanding Benchmarks

Model

ARO SugarCrepe VL-Checklist VALSE What’s-up
CLIP 58.5 69.8 65.7 70.1 41.8
CLIP-FT 64.5 75.7 67.5 70.6 41.2
MACCO-CLIP (ours) 72.8 76.8 70.9 73.4 42.3

Table 22: Experimental results of models trained on CC3M.

tasks, which makes the use of random masking
appropriate. In contrast, our goal is to enhance
fine-grained compositional understanding, which
necessitates a more targeted masking strategy. Thus
we introduce masking over compositional concepts
spanning both text and image modalities.

(2) Training objective is different. As masked
signal modeling primarily constrains local tokens,
whereas both contrastive learning paradigms and
downstream tasks rely on global tokens, thus de-
signing compositional masking alone is not suf-
ficient. Therefore, we incorporate global tokens
into the masked modeling process to jointly op-
timize global representations and facilitate recon-
struction. Specifically, we introduce a global-to-
local semantic injection strategy. To ensure that the
masked global tokens in global-to-local semantic
injection carry meaningful semantics, we further
propose two masked-augmented auxiliary losses
to constrain the masked global tokens. And the
masking strategy of CLIP-CAE v2 is also random
(applied only to the image modality).

As pretraining methods can also be adapted for
fine-tuning, we conduct two additional experiments
to compare our method with settings that adopt the
pretraining strategies to those used in MaskVLM
and CLIP-CAEv2. The results are presented in
Table 23. As shown, directly transferring the
masked modeling strategies from these influential
pretraining methods does not yield significant im-
provements, and their performance is consistently
lower than ours across all benchmarks (with av-
erage gains of 1.4% and 2.8%, compared to our
7.3%). These results further validate the effective-
ness of our method, which uses a more targeted
masking strategy, along with two auxiliary losses
and a global-to-local semantic injection strategy.

M Discussion About the Detection Model

Our method primarily leverages the object detec-
tion capability of advanced grounding models to
identify the object regions corresponding to ground-
ing phrases and apply masking over the full object

area. We analyze the robustness of our method
for the detection model from the following two
aspects.

(1) Highly proficient visual grounding model
is not a strict requirement. Since COCO captions
typically describe the prominent objects in an im-
age, the mentioned objects are generally easy to
ground. We randomly sample 100 examples from
the training set and found that only 7 of them con-
tained objects described in the captions that are
visually ambiguous and required fine-grained at-
tribute reasoning for accurate localization. This
suggests that our method does not heavily rely on
strong visual grounding capabilities. To further val-
idate this claim, we replaced GroundingDINO with
OWLV2 (Minderer et al., 2023), a detection model
that excels at open-set object recognition without
explicit grounding training. The results are show
in Table 24. As shown in the table, the model’s
performance using masks generated by OWLv2
is comparable to that with GroundingDINO, indi-
cating that a highly proficient off-the-shelf visual
grounding model is not a strict requirement, and a
general open-set detector with strong object detec-
tion capabilities is sufficient.

(2) Robust to noisy detection results. To inves-
tigate the performance of our method under mild
detection noise, we randomly replace the Ground-
ingDINO’s predictions with random rectangular
bounding boxes with a 10% probability to simulate
scenarios where some of GroundingDINO’s out-
puts might contain noise. The experimental results
are shown in Table 25. As shown in the results,
even in the presence of some noise, our method
still demonstrates significant improvement over the
baseline, and even slightly outperforms the original
data (by +0.1%). This indicates that our approach
exhibits a certain degree of robustness to potentially
noisy grounding results, which further validates its
reliability.

This result is reasonable because when the de-
tection model introduces noise, the resulting mask
becomes random block-wise masks. Since the im-
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Model ARO Sugar-Crepe VL-Checklist Avg.
Baseline 59.9 74.4 64.2 66.1
MaskVLM 63.0 74.7 64.7 67.5 (+1.4%)
CLIP-CAEvV2 66.0 75.3 65.3 68.9 (+2.8%)
MACCO-CLIP (ours) 72.5 78.1 69.5 73.4 (+7.3%)

Table 23: Performance comparison with models utilizing the pretraining masking strategies of Mask VLM

and CLIP-CAEv2.

Model Main Detection Strength ARO Sugar-Crepe VL-Checklist
Relation Attribute Relation Attribute Relation Attribute
CLIP 58.7 62.7 68.8 70.8 63.6 67.7
CLIP-FT - 64.3 66.2 71.1 71.7 60.9 67.4
MACCO-CLIP (OWLv2) category-level detection 72.0 68.3 76.9 79.2 69.6 69.3
MACCO-CLIP (Grounding DINO) 2nguage-guided visual grounding, = 5 68.5 77.1 79.1 702 68.7

category-level detection

Table 24: Experimental results when using an object detection model without explicit grounding training.

age and text are paired, predicting random image
regions in the image based on the complete text
remains plausible. Moreover, this masking strategy
is more challenging than patch-wise masking, re-
quiring the model to more deeply understand the
textual information and the alignment between the
image and text. Additionally, both in the fields of
computer vision and natural language processing,
many studies have demonstrated the advantages of
block-wise masked modeling over random mask-
ing. In the field of computer vision, block-wise
masked modeling has been proven to be more ef-
fective than random masking, as shown in BEiT
(Bao et al., 2021). Furthermore, in MAE (He et al.,
2022), the authors performed ablation experiments
on block-wise masked modeling (Table 1(f) in the
MAE paper). The experimental results indicate
that the performance of linear probing and fine-
tuning with random block-wise masking pretrain-
ing is only 1.2% and 1.0% worse than that of ran-
dom masking, respectively. This demonstrates that
block-wise masking is indeed a highly effective
strategy in the computer vision domain. And in
the field of NLP, block-wise (or n-gram) masking
is widely used in BERT-like models such as Span-
BERT (Joshi et al., 2020) and UniLMv2 (Bao et al.,
2020).

Model ARO Sugar-Crepe  VL-Checklist Avg.
Baseline 59.9 74.4 64.2 66.1
MACCO-CLIP

(with 10% noisy training data) 2 782 094 735 (+7:4%)
MACCO-CLIP 725 78.1 69.5 73.4 (+7.3%)

Table 25: Experimental results under noisy outputs
from GroundingDINO.

N Discussion with Hard-negative
Methods

Addressing compositional understanding in vision-
language models is a critical challenge, and would
like to discuss this issue from two points:

(1) Acknowledging contributions of prior
work: We recognize and respect the pivotal con-
tributions made by prior works in advancing com-
positional understanding in VLMs. Methods such
as NegCLIP (Yuksekgonul et al., 2023), TSVLC
(Doveh et al., 2023b), DAC (Doveh et al., 2023a),
CE-CLIP (Zhang et al., 2024), syn-CLIP (Cascante-
Bonilla et al., 2023), IL-CLIP (Zheng et al., 2024),
FSC-CLIP (Oh et al., 2024), Triplet-CLIP (Patel
et al., 2024), and recent research like CLIP-CAE
(Li et al., 2024) and SDS-CLIP (Basu et al., 2024)
have significantly progressed the field. These ap-
proaches predominantly focus on data-driven strate-
gies, particularly through constructing hard neg-
atives, with some methods (e.g., SDS-CLIP and
CLIP-CAE) improving the loss function. These in-
novations have markedly enhanced vision-language
compositionality and multimodal research as a
whole. Additionally, benchmarks like Sugar-Crepe
have been instrumental in evaluating compositional
understanding, playing a crucial role in identifying
and addressing the limitations of VLMs.

(2) Our framework and its relationship to
hard-negative mining: Improving compositional
understanding in VLMs remains a significant chal-
lenge, especially when relying on standard image-
text pairs. While many existing methods, such
as the seminal NegCLIP, focus on hard-negative
mining, our approach takes a different path by em-
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phasizing the design of improved training frame-
works and loss functions. These methods should
be considered orthogonal from a machine learn-
ing perspective. For instance, in alignment with
SDS-CLIP and CLIP-CAE, which do not com-
pare directly against hard-negative mining strate-
gies, our framework integrates seamlessly with
hard-negative mining methods (e.g., NegCLIP) to
achieve additional gains, as demonstrated in Sec-
tion 4.2 of the main text. This compatibility fur-
ther validates the effectiveness of our design and
highlights the complementary nature of these ap-
proaches.

O Discussion About Efficacy on Spatial
Relationships

For spatial relationships, on the text side, we can ac-
curately mask the spatial relationship expressions,
which enables the model to learn to better under-
stand spatial relations in the image through cross-
modal masked modeling. On the image side, while
spatial relations cannot be directly grounded to
specific regions, we can mask the regions corre-
sponding to the two related objects and use the full
text to guide reconstruction. Our motivation is that
if the model understands the spatial relationship
described in the text (e.g., “object A is to the left of
object B”), it should be able to reconstruct the rel-
ative positions of the two objects. In this way, we
aim to enhance the model’s ability to interpret spa-
tial relationships described in text. We present the
performance of our method on several benchmark
subsets specifically designed to evaluate spatial re-
lation understanding in the Table 26. As shown,
our method brings significant improvements in this
type, indicating its effectiveness in enhancing the
model’s comprehension of spatial relationships.

P Discussion on Language
Generalizability and Tool Dependency

Our framework leverages external tools for concept
extraction, which may raise question about their
availability and accuracy across diverse languages.
We discuss the generalizability and robustness of
our approach from two key perspectives:

(1) Modular flexibility for multilingual sup-
port. While our current implementation leverages
a specific English scene graph parser (Wu et al.,
2019), the MACCO framework is inherently mod-
ular and not restricted to any particular legacy tool.
For non-English or low-resource languages, com-

positional concepts (objects, attributes, and rela-
tions) can be effectively extracted using modern
open-source large language models (i.e., Qwen) or
multilingual NLP toolkits (i.e., Stanza or spaCy).
Recent studies (Do et al., 2024, 2025) demonstrate
that LLMs are highly proficient in zero-shot com-
positional parsing across diverse languages, under-
scoring the broad applicability of our approach to
multilingual scenarios.

(2) Resilience to imperfect tools. From a visual
perspective, our in-depth analysis in Appendix M
demonstrates that MACCO achieves robust perfor-
mance even when the detection model is imper-
fect. From a textual perspective, if the parser fails
to accurately identify compositional concepts in
certain languages, our masking strategy degrades
to a random masking approach at worst. As re-
vealed in our ablation study (Section 4.5), even un-
der random masking, our framework consistently
outperforms the baseline, although masking com-
positional concepts yields the most substantial im-
provement. This empirical evidence highlights that
MACCO is resilient to parsing inaccuracies, lever-
aging these tools as a guided prior that remains
effective even in the presence of partial noise.

Q Discussion of Potential Biases from
Pre-trained Tools

MACKCO leverages external tools to perform com-
positional concept extraction. Although these tools
are well-established in practice, they inevitably in-
troduce certain systemic biases such as neglecting
long tail patterns. We discuss how MACCO mit-
igates the potential impact resulting from these
limitations from the following perspectives.

(1) Implicit constraints on rare compositional
patterns: MACCO does not solely rely on the “la-
bels” provided by parsers, it uses these labels to
generate masking signals that guide cross-modal
reconstruction. Even if pre-trained tools over-
look rare compositional patterns, the global fea-
tures from the full and masked signals still retain
information about these patterns. Our proposed
global-to-local semantic injection operation inte-
grates global semantic features into local tokens
during reconstruction. This mechanism introduces
implicit constraints on rare compositional patterns,
thereby mitigating the impact of parser limitations.

(2) Feature space regularization facili-
tating rare compositional pattern learning:
The two masked-augmented losses we propose
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Model VL-Checklist VALSE What’s-up
(spatial relation subset) (spatial relation subset) (designed for evaluate spatial relation)
CLIP 55.7 65.4 41.8
CLIP-FT 51.1 65.1 41.4
MACCO-CLIP 65.1 (+14) 72.0 (+6.9) 43.2 (+1.8)

Table 26: Performance on several benchmark subsets specifically designed to evaluate spatial relation

understanding.

(Layrca&Lyrrr) further regularize the feature
space, acting as an additional implicit constraint.
This ensures that the model’s embedding space is
grounded in the entire data distribution of natural
image-text pairs, rather than being overfitted to the
frequent patterns disproportionately emphasized
by pre-trained tools. As a result, our approach
prevents the model from losing sensitivity to infre-
quent but meaningful compositional patterns.

R Discussion with X-VLM

X-VLM (Zeng et al., 2022) is a pioneering work in
multi-grained vision-language pre-training. In con-
trast, MACCO introduces a fundamental paradigm
shift from “Explicit Alignment via Localization” to
“Implicit Alignment via Reconstruction”.

Visual Concept Localization vs. Composi-
tional Concept Reconstruction: X-VLM relies
on the model’s ability to “point” to where a concept
resides in the image using explicit bounding boxes.
In contrast, MACCO emphasizes compositional
reasoning. By strategically masking compositional
anchors instead of random tokens, we encourage
the model to infer missing structural dependencies
through cross-modal context. This approach is in-
herently more demanding than localization, as it ne-
cessitates that the model internalizes how attributes
and relations connect and bind to objects.

General MLM in Language vs. Targeted
Masking in Vision and Language: While X-VLM
includes a general MLM loss, MACCO adopts a
more targeted approach by extracting and masking
compositional concepts. Our approach addresses
the “bag-of-words” bias in contrastive models by
ensuring that the model cannot solve the recon-
struction task without understanding the contextual
interplay between concepts across modalities.

Future Paths for Enhancing MACCO with
Multi-Grained Reasoning: Beyond these dis-
tinctions, we believe that X-VLM’s multi-grained
framework and MACCOQO’s implicit reconstruc-
tion paradigm are highly complementary. For in-
stance, X-VLM’s multi-grained reasoning could

naturally integrate with MACCO by introducing
multi-grained reconstruction strategies, such as re-
constructing compositional text while considering
the global image or corresponding image regions.
Furthermore, X-VLM’s multi-grained contrastive
loss could be adapted to anchor compositional con-
cepts (e.g., specific attribute-object pairs) to their
associated visual regions.

S Discussion About the Attribute Binding
Challenge

Attribute binding is indeed a persistent bottleneck
in the field of multimodal learning. We would like
to discuss this from two perspectives:

(1) Why attribute binding is fundamentally
challenging. Attribute binding is inherently more
difficult than relation modeling because attributes
(e.g., color, material, size) are often visually and
semantically entangled with the objects they mod-
ify. In contrastive VLMs, models can exploit short-
cuts and exhibit a “bag-of-words” behavior, de-
tecting the presence of individual concepts (e.g.,
“red”, “car”) without encoding the structural associ-
ation that binds the attribute (e.g., “red”) to the cor-
rect object (e.g., “car”). Consistent with findings
in compositional text-to-image synthesis (Huang
et al., 2025; Chefer et al., 2023; Rassin et al., 2023)
and VLM research (Johnson et al., 2017), attribute
binding remains a persistent challenge. Attribute
cues are often spatially fused with object evidence
in the same image regions, which makes them dif-
ficult to disentangle. By contrast, relations (e.g.,
“on”, “next to”) typically have clearer geometric
signatures.

(2) Preliminary ideas for future enhance-
ments on attribute binding. First, optimizing
attention mechanisms. During training, selec-
tively blocking attention interactions across differ-
ent attribute-phrase groups can reduce feature en-
tanglement among attributes. Second, token merg-
ing for attribute binding. During inference, merg-
ing tokens that correspond to the same attribute
phrase in the VLM encoder can encourage stronger
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binding between attributes and their associated ob-
jects. Third, synthetic data generation. Leveraging
powerful LLLMs and text-to-image generation mod-
els to synthesize datasets enriched with diverse
attribute combinations can improve generalization
to rare attributes. Fourth, enhanced text encoders.
Employing medium-sized LLMs as the text en-
coder can strengthen the model’s ability to parse
and understand complex attribute bindings in text.

T Discussion About Future Work Using
Strong LLM-based Text Encoders

Zhang et al. (2025) highlights that the text en-
coder trained under the original CLIP paradigm
has limited language understanding capabilities. In
contrast, incorporating more powerful pretrained
language models as the text encoder presents a
promising direction for building robust foundation
vision-language models. We discuss this from the
following two perspectives:

Advantages of using LLM as text encoder: (1)
Stronger language understanding and reason-
ing capabilities. LL.Ms possess richer syntactic,
semantic, and contextual modeling abilities, en-
abling them to capture complex linguistic struc-
tures. This can significantly enhance a model’s
understanding of compositional relations and se-
mantic nuances, which is particularly important for
tasks that require complex reasoning. (2) Better
generalization ability with longer context. LLMs
are typically trained on large-scale, open-domain
corpora, making them more robust to rare vocabu-
lary, long-tail compositional patterns, and and more
effective to understand long sentences containing
complex linguistic structures. As a result, they tend
to generalize better in zero-shot and open-world
settings.

Challenges of using LLLM as text encoder: (1)
Higher computational cost and deployment com-
plexity. Compared to CLIP’s original lightweight
text encoder, using an LL.M significantly increases
the number of parameters, training cost and infer-
ence latency, potentially limiting deployment in
real-time scenarios. Efficient training strategy like
SAIL proposed in the paper provides a promis-
ing solution to mitigate this issue. (2) Potentially
increased difficulty in cross-modal alignment.
Although LLMs produce powerful semantic repre-
sentations, these may not align naturally with visual
feature spaces. Especially without joint training or
fine-tuning, there may be large semantic gap be-

tween modalities, which can degrade image-text
alignment and contrastive learning efficiency.

In summary, replacing the CLIP-style text en-
coder with a strong LLM holds significant potential
for improving language understanding and over-
all generalization in vision-language models, espe-
cially for tasks requiring complex compositional
reasoning. It is a promising and increasingly rec-
ognized direction. Nonetheless, this approach also
introduces new challenges related to cross-modal
alignment and resource demands. In the future, we
also hope to extend our framework to LLM-based
CLIP-like models to further explore this direction.

32308



