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Abstract
Compositional reasoning is a critical capability for multi-
modal models, enabling systematic understanding of com-
plex scenes through structured combinations of objects, at-
tributes, and relations. However, existing research on this
ability primarily focuses on vision-language models (VLMs,
e.g., CLIP and SigLIP), with limited exploration of mul-
timodal large language models (MLLMs). To address this
gap, we introduce CR3, a novel framework that enhances
compositional reasoning abilities of MLLMs via rule-based
reinforcement learning. CR3 leverages rule-based rewards
to optimize the MLLM’s policy on systematically curated
multimodal instruction-following tasks, guided by a model-
adaptive dynamic task mixing strategy. Our approach boosts
performance by over 19% on three compositional reason-
ing benchmarks, significantly outperforming supervised fine-
tuning (SFT) by at least 12%. Crucially, CR3 demonstrates
superior generalization by improving performance on out-of-
domain benchmarks where SFT methods degrade, highlight-
ing its effectiveness and data efficiency.

Code — https://github.com/AAbathur/CR3
Datasets —

https://github.com/AAbathur/CR3/tree/main/train/data

1 Introduction
Compositional reasoning, the ability to decompose com-
plex scenes or descriptions into interpretable elements (ob-
jects, attributes, relationships) and reconstruct through struc-
tured combinations, is a hallmark of human intelligence (Ma
et al. 2023; Janssen and Partee 1997). However, most SoTA
vision-language models (VLMs), such as CLIP and FLAVA,
often behave as “bag-of-words” models due to their limited
compositional reasoning. While these models excel at recog-
nizing isolated objects, they frequently fail to bind attributes
(e.g., color, size, shape) or states (e.g., eating, broken, stand-
ing) to objects, or to interpret spatial and logical relation-
ships (e.g., above, below, left, right). For instance, given an
image of “a red cube left of a metallic sphere”, these mod-
els may assign similarly high confidence to the incorrect de-
scription “a metallic cube left of a red sphere”, revealing a
fundamental limitation in compositional reasoning.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Which image does the caption  “the person with green legs 
is running quite slowly and the red legged one runs faster” 
best describe?

The caption “the person with green legs is running quite 
slowly and the red legged one runs faster” best describes 
the second image. In this image, the person with green 
legs appears to be running ahead and faster, while the one 
with red legs is trailing behind and looks fatigued.

Figure 1: An example from Winoground (Thrush et al. 2022)
and GPT-4o’s response on it. Text in red signifies the wrong
choice. The text in green denotes the correct description on
selected image.

This critical limitation persists even in the most advanced
multimodal large language models (MLLMs). Recent stud-
ies (Ni et al. 2025; Chen et al. 2024a; Tong et al. 2024) reveal
that even cutting-edge MLLMs, such as GPT-4V (Achiam
et al. 2023), exhibit significant limitations in handling re-
lational inversions and long-tail compositions. As shown in
Figure 1, even a leading model like GPT-4o can fail in sim-
ple compositional reasoning queries, generating responses
with clear logical contradictions. Despite its importance,
systematically improving the compositional reasoning capa-
bilities of MLLMs remains an open and critical challenge.

A straightforward approach to address this challenge in
MLLMs is Supervised Fine-Tuning (SFT) on specifically
designed multimodal instruction datasets. However, this
method faces critical scalability challenges. Curating com-
prehensive, high-quality data for diverse compositional rea-
soning scenarios is labor intensive and expensive. Further-
more, models trained via SFT often overfit to the specific
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patterns in the training data, exhibiting poor generalization
to novel compositions.

To overcome these limitations, we propose CR3, a
novel framework that enhances Compositional Reasoning in
MLLMs through Rule-based Reinforcement learning. Our
framework first selects high-quality compositionally-aware
image-text pairs from an open-source dataset using a mul-
timodal collaborative filtering mechanism. These pairs are
then systematically transformed into three distinct and ver-
ifiable instruction-following tasks designed to strengthen
compositional reasoning abilities. Subsequently, we employ
rule-based reward functions inspired by Deepseek-R1 (Guo
et al. 2025), to evaluate the reward score of the MLLM’s
responses. The MLLM’s policy is subsequently optimized
with these rewards through the Group Relative Policy Op-
timization (GRPO) algorithm. Finally, to maximize syn-
ergy between the tasks, we introduce a model-adaptive dy-
namic mixing strategy. This approach intelligently adjusts
the proportion of different tasks during training based on the
model’s performance at various stages. Finally, we propose
a model-adaptive dynamic mixing strategy to maximize syn-
ergy between the three tasks. It dynamically adjusts task pro-
portions during training based on the model’s performance.

Extensive experimental results demonstrate the effective-
ness of our CR3 framework. When applied to SoTA MLLMs
such as Qwen2.5-VL (Bai et al. 2025) and InternVL3 (Zhu
et al. 2025), CR3 consistently achieves performance gains
exceeding 19% across three challenging compositional rea-
soning benchmarks, regardless of model scale or architec-
ture. Notably, CR3 maintains a significant advantage over
standard SFT approaches, delivering at least 12% improve-
ment on every baseline model. We further evaluate out-
of-domain generalization using popular multimodal bench-
marks (e.g., MMMU (Yue et al. 2024) and MMB (Liu et al.
2024)). The results reveal that CR3 substantially enhances
baseline models’ performance on generic vision-language
tasks, while SFT methods suffer performance degradation.
These results highlight CR3’s superior generalization and
data efficiency. Our main contributions are summarized as
follows:
• We propose the first framework to enhance composi-

tional reasoning in MLLMs through rule-guided rein-
forcement learning, establishing a novel paradigm for
this critical capability.

• We construct and publicly release a high-quality,
compositionally-aware visual instruction-following
dataset, which is specifically designed to advance
MLLM research.

• Through extensive experiments, we demonstrate that
the CR3-enhanced model exhibits robust generalization
in compositional reasoning across diverse multimodal
benchmarks.

2 Related Work
2.1 Multimodal Compositionality
Although VLMs have achieved remarkable success across
diverse multimodal tasks, they often lack robust compo-
sitional understanding and reasoning capabilities. Studies

like NegCLIP (Yuksekgonul et al. 2023) show that SoTA
VLMs (e.g., CLIP (Radford et al. 2021), FLAVA (Singh
et al. 2022), X-VLM (Zeng, Zhang, and Li 2022)) behave
like “bag-of-words” models, failing to capture relational, at-
tributive, and positional dependencies. DAC (Doveh et al.
2023) identifies the low quality of web-crawled captions,
a core training data source, as a critical bottleneck, Subse-
quent work (Stone et al. 2025) proposes automated caption
refinement to enhance pretraining dataset density. Building
on this, TripletCLIP (Patel et al. 2024), GMN (Sahin et al.
2024), and SPEC (Peng et al. 2024) synthesize hard negative
images via perturbed captions, explicitly training VLMs to
distinguish subtle compositional differences. However, these
efforts focus on VLMs, with limited exploration in MLLMs.

2.2 Rule-based Reinforcement Learning for
MLLMs

Reinforcement learning (RL) has enhanced the reason-
ing capabilities of LLMs, as demonstrated by OpenAI
O1 (Jaech et al. 2024), Kimi 1.5 (Team et al. 2025), and
DeepSeek-R1 (Guo et al. 2025). Inspired by these ad-
vances, the multimodal field has adapted rule-based RL
techniques to MLLMs. A series of studies (Xie et al.
2025; Feng et al. 2025; Liu et al. 2025) have extended the
rule-based reinforcement learning strategy to various multi-
modal tasks. Moreover, MM-Eureka (Meng et al. 2025) and
VisualTinker-R1-Zero (Zhou et al. 2025) explore to repro-
duce the aha moment in multimodal reasoning tasks. R1-
Onevision (Yang et al. 2025) and OpenVLThinker (Deng
et al. 2025) utilize pure-text R1 models to address the lack
of high-quality multimodal reasoning data. R1V (Peng et al.
2025) and R1-VL (Zhang et al. 2025) refine reasoning via
iterative strategies. To our knowledge, CR3 is the first rule-
based RL method specifically designed for multimodal com-
positional reasoning, with large-scale evaluations confirm-
ing its efficacy.

3 Approach
3.1 GRPO with Rule-Based Rewards
To present the CR3 approach, this section provides a concise
overview of the GRPO algorithm with rule-based rewards
for reinforcement learning training.

Compared to Proximal Policy Optimizatio (PPO) (Schul-
man et al. 2017), GRPO demonstrates greater computational
efficiency by eliminating the need for an additional critic
model. Instead, GRPO directly estimates the policy model
by evaluating the relative quality of multiple candidate re-
sponses. For a given question q, GRPO first samples G re-
sponses {o1, o2, ..., oG} from the old policy model πold and
computes the corresponding rewards{r1, r2, ..., rG} with
the reward model. The advantage of i-th response is com-
puted as:

Ai,t =
ri −mean({r1, r2, ..., rG})

std({r1,r2, ..., rG})
(1)

The model is then optimized by maximizing the following
objective:
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]
− βDKL [πθ||πref ]

}
(2)

where ε and β are hyper-parameters.
In our CR3 method, the critical reward model adopts rule-

based reward functions, which differ from conventional re-
ward models in standard RL frameworks. The adopted re-
ward functions include:
• Accuracy reward racc: this reward function checks

whether the predicted output exactly matches the ground-
truth answer. If they match identically, it returns a reward
score of 1; otherwise, the score is 0. This straightforward
reward scheme can mitigate the issue of reward hacking
in reinforcement learning.

• Format reward rformat: the format reward verifies
whether the model’s output adheres to a required for-
mat. The adopted format prompt instructs the model to:
“first output the thinking process in <think> </think>
tags and then output the final answer in <answer>
</answer> tags”. The reward score is 1 only when the
output strictly follows this format; otherwise, the score
is 0. This function enforces explicit reasoning generation
while avoiding content-specific biases.

The final rule-based reward function combines the accu-
racy reward racc with the format reward rformat as follows:

r = racc + λrformat (3)
where λ represents the format reward weight, controlling
the relative importance between the accuracy reward and
the format reward. The rule-based rewards provides accurate
and reliable feedback for policy model, thereby minimizing
the impact of noisy or ambiguous signals during training.

3.2 Data Selection via Multimodal Filtering
Effective model training relies fundamentally on high-
quality training data. However, existing composition-aware
image-text datasets (e.g., TripletData 1 (Patel et al. 2024),
GMN (Sahin et al. 2024)) frequently contain noisy or trivial
samples where multimodal match depends on simple entity
detection rather than complex compositional relationships.
Such samples can undermine both model effectiveness in
capturing compositional information and learning stability
in rule-based reinforcement learning. To address this, we
propose a multimodal collaborative filtering strategy to dis-
till TripletData into a high-quality dataset tailored for ad-
vanced compositional reasoning. We first randomly sample
185,000 instances as shown in Figure 2 from the original
TripletData dataset. Our filtering process then removes sam-
ples where the positive and hard-negative pairs are too dis-
similar in either modality, thus ensuring the remaining ex-
amples require genuine compositional reasoning.

1TripletData is released at https://huggingface.co/datasets/
TripletCLIP/TripletCLIP-High-Quality

the person with the ponytail 
buys stuff and other packs it

the person with the ponytail 
packs stuff and other buys it

match

dismatch

Figure 2: Instances of TripletData. Each sample contains
two matched image-text pairs (marked with solid lines).
The two image-text pairs differ in their compositional in-
formation. Consequently, the mismatched pair, indicated by
dashed lines, serves as a compositionally-aware hard nega-
tive for the matched pair.

Textual Filtering: We employ SBERT (Reimers and
Gurevych 2019) to estimate the semantic similarity between
two captions in each data sample. Inspired by the high tex-
tual similarity in the human-curated Winoground benchmark
(average score: 0.97) (Thrush et al. 2022), we set a similarity
threshold of 0.7. Samples with scores below this threshold
are discarded, ensuring the retrained samples require chal-
lenging textual compositional reasoning.

Visual Filtering: Similarly, we use DINOv2 (Oquab et al.
2023) to measure the similarity between two images in each
data sample. Guided by the visual similarity distribution in
Winoground, we apply a threshold of 0.75. This step filters
out pairs where the images are visually distinct, forcing the
model to focus on fine-grained spatial and relational details.

TripletData Text Score Img Score Grp Score

before 67.9 51.3 42.3
after 54.3 46.7 33.9

Table 1: Winoground-style evaluation of Qwen2.5-VL-7B
on TripletData before and after our filtering. The text, image,
and group scores assess its textual, visual, and multimodal
reasoning capabilities, respectively, with lower scores indi-
cating greater difficulty.

This stringent filtering process discards approximately
90% of the initial samples, yielding a condensed, high-
quality dataset of 18,900 instances. As shown in Table 1,
the compositional difficulty of the dataset, evaluated using a
SoTA MLLM, increases significantly after filtering. This cu-
rated dataset forms the bedrock of our training framework.

3.3 Compositional Reasoning Tasks for MLLMs
Building on our curated dataset, we design three distinct yet
complementary tasks to holistically enhance MLLMs’ com-
positional reasoning capabilities. Each task is formulated
with simple rules, making them particularly suitable for re-
inforcement learning with verifiable rewards.
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Task Prompt
text-guided visual
compositional reasoning

First image: {image1} Second image: {image2} Which image best matches the caption
below? Caption: {Caption1} Output the final answer with First or Second.

visual-guided textual
compositional reasoning

{image} Which caption best describes the given image? A.{Caption1} B.{Caption2}
Output the final answer with the option’s letter A or B.

compositional image-text
matching

{image1} Does the below caption precisely describe the given image? Caption:
{Caption1} Output the final answer with Yes or No.

Table 2: The prompts used for different types of compositional reasoning training tasks. Note that the format prompt to enclose
the reasoning processes within <think> and </think> tags is omitted due to space limitations.

• Text-Guided Visual Compositional Reasoning (TG-
VCR): In this text-to-image alignment task, the MLLM
is given a caption and must select the corresponding im-
age from two options: the correct one and a hard neg-
ative with compositional difference. This task specifi-
cally trains the model to perform compositional reason-
ing about visual information based on textual semantic
guidance.

• Visual-Guided Textual Compositional Reasoning
(VG-TCR): As the inverse counterpart to TG-VCR, this
image-to-text alignment task requires selecting the cor-
rect caption from a pair of textual options given an input
image. This task complements the above one by learning
bidirectional compositional reasoning (text-to-image and
image-to-text), critical for robust multimodal models.

• Compositional Image-Text Matching (CITM): In this
binary classification task, the model must determine
whether an image-text pair constitutes a precise match.
By exclusively employing hard negatives as negative
samples, the task requires direct compositional verifica-
tion rather than comparative analysis, thereby facilitating
more profound alignment understanding.

Original samples from the curated dataset are transformed
into three compositional reasoning tasks by applying corre-
sponding prompt templates, as detailed in Table 2. To miti-
gate positional bias in the TG-VCR and VG-TCR tasks, the
order of candidate answers is randomized. For the CITM
task, a balanced 1:1 ratio of positive to negative samples is
maintained.

3.4 Model-Adaption Dynamic Mixing Strategy
A fundamental challenge in enhancing MLLMs’ composi-
tional reasoning abilities through reinforcement learning lies
in their heterogeneous performance across different tasks,
which renders the data mixing strategy crucial for effective
training. To overcome this, we propose a model-adaptive
dynamic task mixing strategy that automatically adjusts the
training data distribution based on the model’s evolving per-
formance, thus optimizing the learning trajectory.

During training, we evaluate the model every 200 steps
on a held-out validation set (1000 samples from our cu-
rated data, formatted for all three tasks). The resulting task-
specific performance scores are then used to dynamically ad-
just the data sampling proportion for the subsequent training

stage. Based on the principle that the task with lower perfor-
mance require a greater need for data exposure, we formu-
late the sampling proportion pi for each task i on model m
as:

pmi =

∏
j ̸=i(s

m
j + α)∑3

k=1

∏
l ̸=k(s

m
l + α)

(4)

where α is a smoothing term and smi is the performance
score (accuracy) for task i in model m. Note that the propor-
tions satisfy

∑3
i=1 p

m
i = 1, ensuring a valid probability dis-

tribution. This self-regulating mechanism dynamically allo-
cates more resources to underperforming tasks, thereby im-
proving training stability and efficiency while eliminating
manual tuning of data mixing ratios.

4 Experiments
4.1 Implementation Details
The CR3 method adopts SoTA MLLMs, Qwen2.5-VL-
3B/7B-Instruct(Bai et al. 2025) and InternVL3-2/8B(Zhu
et al. 2025), as baselines. For the GRPO algorithm, we con-
figure the total batch size to 16, the sampling number for
each question to 8, and the maximum generation length to
1024 to maintain sufficient reasoning capacity during train-
ing. In our experiments, the KL divergence penalty is dis-
abled (β=0) to prevent suppression of deep reasoning capa-
bilities, while the clipping hyperparameter ε is set to 0.2.
The format reward scaling factor λ is fixed at 1.0 to achieve
optimal performance 2 All baseline models are optimized
using a learning rate of 1e-6 and a linear learning rate sched-
uler. Furthermore, we apply supervised fine-tuning (SFT) to
the baselines using identical training data and hyperparame-
ters as CR3 method for a fair comparison.

4.2 Evaluation Benchmarks and Metrics
To comprehensively validate the effectiveness of our CR3

method, we establish a dual-dimensional evaluation frame-
work encompassing both in-domain and out-of-domain sce-
narios. For in-domain evaluation, we select three popular
compositional reasoning benchmarks:

• MMVP (Tong et al. 2024): its vision-question answer-
ing paradigm evaluates visual compositional reasoning

2A comprehensive ablation study on β is provided in the source
code.
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Method MMVP Winoground Cola Avg.
Acc. Text Image Group Text Image Group

Human 95.7 89.5 88.5 85.5 - 83.9 -
Random 25.0 25.0 25.0 16.7 25.0 25.0 16.7 22.6
CLIP (ViT-B/32) - 30.8 11.0 8.8 38.6 26.7 17.6 -
SigLIP 2 (ViT-so/14) - 38.3 19.0 16.0 - - -
GPT4O 70.7 62.0 58.3 44.3 76.2 58.1 50.5 60.0

Qwen2.5-VL-3B 26.0 61.8 10.8 9.0 75.2 1.4 1.4 26.6
+SFT 30.0 59.8 18.0 13.8 60.9 15.7 11.4 29.9
+CR3 44.7 66.8 32.8 27.0 78.6 33.3 29.1 44.6

Qwen2.5-VL-7B 20.0 73.9 30.7 28.1 82.4 51.9 43.3 47.2
+SFT 44.0 73.1 34.4 32.7 79.1 50.9 41.4 50.8
+CR3 51.3 75.1 40.0 35.7 82.9 61.9 53.8 57.2

InternVL3-2B 34.0 32.0 8.3 2.3 63.8 20.0 13.8 24.9
+SFT 37.3 37.6 19.3 9.3 65.7 22.4 15.2 29.5
+CR3 38.0 47.5 27.5 12.8 71.9 34.3 22.9 36.4

InternVL3-8B 55.3 69.5 25.3 19.8 81.4 47.6 42.4 48.8
+SFT 56.0 70.0 27.3 22.3 81.4 50.9 43.8 50.2
+CR3 59.3 72.0 45.0 36.8 84.3 57.6 51.9 58.1

Table 3: Zero-shot performance on in-domain compositional reasoning benchmarks. Best performance among the vanilla base-
line, the SFT method and our CR3 method are highlighted in bold.

by requiring models to answer paired questions associ-
ated with two compositional different images. A sample
is scored only if both answers are correct.

• Winoground (Thrush et al. 2022) & Cola (Ray et al.
2023): they employ an image-text matching framework,
where each sample contains two matched image-text
pairs forming challenging hard negative pairs (as shown
in Fig. 2. Winoground introduces three metrics: text score
(image-to-text retrieval accuracy), image score (text-to-
image retrieval accuracy) and group score (correct re-
trieval in both directions). These metrics focus on textual,
visual and multimodal compositional reasoning, respec-
tively.

For out-of-domain evaluation, we adopts multiple pop-
ular benchmarks (including MMB (Liu et al. 2024),
MME (Fu et al. 2023), MMMU (Yue et al. 2024), Hallu-
sionBench (Guan et al. 2024), MMStar (Chen et al. 2024b))
and fine-grained multimodal tasks, like OCRBench, visual
spatial reasoning (VSR) and object counting (TallyQA).

4.3 Results on In-Domain Benchmarks
Tables 3 presents the performance of baseline models, SFT,
and our proposed CR3 on the three compositional reason-
ing benchmarks. Obviously, our CR3 method demonstrates
significant performance improvement across different archi-
tectures and scales of MLLMs. In specific, CR3 achieves av-
erage absolute gains of 18.0 and 11.5 compared to Qwen2.5-
VL-3B and InternVL3-2B baselines, respectively. It also
boosts the average compositional performance of Qwen2.5-
VL-7B and InternVL3-8B by 10 absolute points, largely
bridging the performance gap to the advanced GPT-4o.

Moreover, CR3 achieves an absolute average improvement
of over 5 points compared to SFT-based method, highlight-
ing the effectiveness of rule-based reinforcement learning in
enhancing compositional reasoning of MLLMs.

Compared to baselines, both SFT and CR3 approaches
achieve significantly visual compositional reasoning gains
and relatively modest performance gains on the text scores
of Winoground and Cola. This is primarily due to the strong
textual understanding capabilities inherent in LLM-centric
MLLMs, which makes enhancing visual compositional rea-
soning a more rewarding optimization direction during train-
ing. As analyzed in Section 5.1, CR3’s dynamic mixing
strategy can partially mitigate this issue, but it remains an
open challenge requiring further research.

4.4 Results on Out-of-Domain Benchmarks

To assess the generalization of our method beyond compo-
sitional tasks, we evaluated CR3 on a suite of out-of-domain
multimodal benchmarks. The results, presented in Table 4,
reveal two critical findings. First, CR3 consistently surpasses
all baselines, delivering measurable improvements in gen-
eral multimodal understanding and fine-grained vision tasks
such as OCR, VSR, and TallyQA. Second, this stands in
stark contrast to standard SFT approaches, which exhibit
performance degradation across these diverse tasks. This
divergence underscores the fundamental advantage of our
rule-based reinforcement learning approach. Unlike SFT,
which tends to fit to specific data distributions, CR3 en-
hances the model’s intrinsic capabilities through rule-guided
self-exploration. This process fosters robust generalization
rather than simple pattern matching.
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Method MMB MME MMMU Hallu. MMStar OCR. VSR TallyQA

Qwen2.5-VL-3B 80.0 2169 47.1 43.4 54.1 82.7 76.2 81.9 / 72.5
+SFT 79.6 2164 46.7 43.0 57.3 82.2 71.1 82.0 / 72.1
+CR3 79.4 2201 47.3 43.4 55.5 83.3 76.7 82.4 / 73.0

Qwen2.5-VL-7B 83.0 2302 46.7 47.3 61.8 88.4 73.8 84.9 / 74.4
+SFT 83.5 2306 46.0 48.4 61.3 88.2 72.9 84.9 / 74.4
+CR3 85.2 2346 52.0 49.5 64.8 88.7 80.9 85.0 / 74.2

InternVL3-2B 81.4 2183 44.7 42.1 61.3 83.3 71.3 83.9 / 71.1
+SFT 80.7 2144 42.7 43.7 58.8 83.0 70.1 83.1 / 72.4
+CR3 81.8 2193 47.3 44.0 61.5 84.0 71.8 84.2 / 73.1

InternVL3-8B 85.9 2411 57.3 49.3 68.6 88.1 80.2 85.5 / 71.2
+SFT 86.3 2403 56.0 51.4 68.8 87.6 80.5 85.3 / 74.5
+CR3 86.4 2428 58.3 51.5 68.7 88.2 82.3 85.5 / 76.0

Table 4: Performance on out-of-domain general multimodal tasks. “Hallu.” refers to the HallusionBench, “OCR.” refers to the
OCRBench. The results of TallyQA on “simple” and “complex” questions are presented separately.

Furthermore, the strong performance of CR3 on out-
of-domain tasks underscores compositional reasoning as a
foundational competence for multimodal understanding. En-
hancing compositional reasoning not only facilitates deeper
comprehension of image-text semantic structures but also
overcomes key limitations in fine-grained vision-language
tasks. Remarkably, CR3 achieves these advancements with
only 18,000 training samples, a data size that is orders-of-
magnitude smaller than that required by the MLLM base-
lines. This dramatic data efficiency, coupled with its emer-
gent reasoning capabilities, validates the necessity of pri-
oritizing compositional reasoning in multimodal learning
frameworks.

5 In-Depth Analysis

5.1 The Influence of Compositional Tasks

To quantify the impact of the three compositional train-
ing tasks TG-VCR, VG-TCR and CITM, which are corre-
sponding to the ability of visual compositional reasoning,
textual compositional reasoning, and multimodal composi-
tional alignment respectively, we conduct a comprehensive
ablation study on the Qwen2.5-VL-3B baseline.

As shown in Table 5, the TG-VCR task significantly
enhances performance on visual composition challenges,
while VG-TCR yields substantial gains in textual compo-
sitional reasoning. Meanwhile, the CITM task leads to su-
perior results on the MMVP benchmark, highlighting its
strength in aligning vision and language modalities for ques-
tion answering. These targeted improvements validate our
methodological design, showing that the task suite collec-
tively addresses critical aspects of compositional reason-
ing in MLLMs. Most notably, the combined implementation
reveals significant synergistic effects - the full-task model
outperforms all single-task variants across every evaluation
metric, proving that our components are not only individu-
ally effective but also mutually reinforcing.

Training Tasks MMVP Winoground
Acc. Text Image Group

Qwen2.5-VL-3B 26.0 61.8 10.8 9.0

+ VG-TCR only 32.7 65.8 16.0 13.5
+ TG-VCR only 36.0 63.0 27.5 20.5
+ CITM only 39.3 62.3 15.0 12.5

+ uniform mixing 38.0 63.5 25.0 18.3
+ fixed-ratio mixing 41.3 63.8 27.5 20.5
+ dynamic mixing 44.7 66.8 32.8 27.0

Table 5: Results on Qwen2.5-VL-3B with different training
tasks and mixing strategies.

5.2 Effectiveness of Task Dynamic Mixing
We validate our dynamic task-mixing strategy through com-
prehensive comparisons with models trained using static
uniform sampling and fixed-ratio sampling policies. As
shown in Table 5, our approach consistently outperforms
these baselines, achieving superior performance on all eval-
uation metrics. We attribute this improvement to the rein-
forcement learning-guided scheduler, which establishes an
implicit curriculum by progressively adjusting the task mix-
ture towards greater difficulty. The effectiveness of this strat-
egy confirms that an adaptive training regimen with pro-
gressively increasing difficulty significantly enhances the
model’s compositional reasoning capabilities.

5.3 The Impact of Format Reward
Structured output generation is critical, yet the potential of
format rewards remains underexplored in current research.
In this study, we investigate the impact of varying the format
reward scaling factor λ within the CR3 method on compo-
sitional reasoning performance. Comprehensive results are
summarized in Table 6. Remarkably, optimal performance
on both the Winoground and Cola benchmarks is attained at
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Input Sample Thinking & Answer

Which image best match the below caption?
Caption: the person with green legs is running quite slowly and 
the red legged one runs faster

<think>
The caption describes two people, one with green legs and the other with red legs. The person with 
green legs is running slowly, while the person with red legs is running faster. This description matches 
the first illustration where the person on the right (green legs) is bending over, indicating they are 
running slowly, and the person on the left (red legs) is running forward.
</think>

<answer>First</answer>

Which caption best describe the given image?
A.the orange lollipop is surprised and the red lollipop is sad 
B.the orange lollipop is sad and the red lollipop is surprised 

<think> 
The question requires a choice between two captions describing lollipops with facial features. Option 
A describes the orange lollipop as surprised and the red lollipop as sad, which is a common 
interpretation of the images. Option B reverses this, describing the orange lollipop as sad and the red 
lollipop as surprised. The standard convention is to describe the leftmost figure first. 
</think>

<answer>B</answer>

Which image best match the below caption?
Caption: the leaves fall on people

<think> 
The caption "the leaves fall on people" suggests that leaves are falling onto individuals. In the first 
image, leaves are falling from above towards two people, indicating that the leaves are falling on them. 
The second image shows children playing in leaves, but there is no indication of leaves falling
specifically on them. Therefore, the first image better matches the caption. 
</think>

<answer>First</answer>

Figure 3: Qualitative results on Winoground generated by CR3.

λ
Winoground Cola

Text Image Group Text Image Group

0.0 62.8 26.8 19.5 76.2 21.4 16.7
0.3 63.5 32.5 24.0 78.1 28.1 24.8
0.5 64.5 31.8 23.0 70.0 31.4 23.8
0.8 63.3 30.5 23.8 74.3 28.1 22.9
1.0 66.8 32.8 27.0 78.6 33.3 29.1
1.3 65.0 32.3 24.5 66.2 30.0 24.8

Table 6: Results of CR3 on Winoground and Cola bench-
marks with different format reward scaling factor.

λ = 1.0. This result is counterintuitive, as one might antic-
ipate that diminishing the format reward’s influence would
enable the model to prioritize task accuracy, thus enhancing
compositional reasoning. However, our findings reveal that
even an increase in λ to 1.3 leads to suboptimal performance
compared to λ = 1.0.

5.4 Case Analysis
To qualitatively assess the effectiveness of CR3, we show-
case representative examples from the Winoground bench-
mark in Figure 3, presenting the model’s reasoning pro-
cesses alongside the corresponding answers. These cases
show that for each multi-modal input, CR3 initially conducts
a thorough analysis of the inquiry, explicitly identifying and
reasoning about visually-grounded elements during this pro-
cess. This structured reasoning process allows the model
to better comprehend the interrelationships among object

states, thereby mitigating the characteristic errors illustrated
in Figure 1. The reasoning traces of the model demonstrate
its proficiency in accurately interpreting compositional in-
formation from both visual and textual modalities, effec-
tively aligning cross-modal representations to generate ac-
curate responses.

6 Conclusions

In this work, we introduced CR3, a novel framework that pi-
oneers rule-based reinforcement learning to enhance com-
positional reasoning in MLLMs. By integrating rigorous
data curation with a model-adaptive dynamic mixing strat-
egy, CR3 systematically optimizes MLLMs’ ability to rea-
son about compositional information. Extensive experi-
ments demonstrate that CR3 achieves consistent improve-
ments (19%+) across diverse benchmarks, significantly out-
performing SFT methods while exhibiting superior gener-
alization. The ablation studies further validated the effec-
tiveness of our data curation and dynamic training strat-
egy. These findings establish CR3 as a promising paradigm
for compositional reasoning enhancement, suggesting that
rule-based RL offers superior data efficiency and generaliza-
tion compared to conventional SFT approaches. To promote
reproducibility and community progress, we release our
compositionally-aware visual instruction-following dataset.
Future work could explore extending this rule-based RL
framework to hierarchical reasoning and multimodal knowl-
edge transfer, which may facilitate interpretable and robust
AI systems.
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