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Abstract001

Recent advancements in multimodal reasoning002
have raised interest in improving interpretabil-003
ity and generalization, motivating structured004
reasoning as a promising approach. While005
prior studies have explored structured reason-006
ing through various problem-specific designs,007
they often lack a unified perspective on how rea-008
soning structures can be composed across tasks.009
In this work, we take a step toward addressing010
this by modeling reasoning as the dynamic com-011
position of cognitive-inspired reasoning mod-012
ules, enabling the system to construct flexible013
and generalizable reasoning chains. Specifi-014
cally, we introduce a two-stage compositional015
reasoning framework: we first warm up016
the chain composer with high-quality module017
chains generated by feedback-guided greedy018
search, and then apply PPO-based structure019
policy optimization to learn a more generaliz-020
able composition policy. Our framework yields021
strong cross-task generalization. When trained022
on a single math-centric dataset, the composer023
consistently improves performance across di-024
verse math benchmarks and further extends to025
general-domain multimodal tasks, indicating026
that it learns cross-task composition rules rather027
than dataset-specific heuristics. On the chal-028
lenging MMMU-Pro benchmark, our model,029
based on Qwen2.5-VL-7B, achieves a 7.11%030
gain over its backbone, approaching the perfor-031
mance of the much larger Qwen2.5-VL-72B.032
These results support our central claim that033
reasoning-chain composition follows patterns034
that are consistent across tasks, which in turn035
enables the composer to learn reusable module-036
composition rules for multimodal reasoning.037

1 Introduction038

Recent advances in multimodal large language039

models (MLLMs) have led to remarkable perfor-040

mance across a wide range of vision-language tasks041

such as visual question answering (QA), image042

captioning, and visual grounding(Bai et al., 2025;043
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Figure 1: Cross-distribution generalization across
datasets and domains. Our method improves over
Qwen2.5-VL by +2.7% on MathVista and +7.1% on
MMMU-Pro, and over DeepSeek-VL2 by +3.1% and
+2.1%, showing consistent gains across datasets and
cross-domain benchmarks.

Chen et al., 2024b). As MLLMs are applied to 044

increasingly complex tasks, their success increas- 045

ingly depends on the ability of reasoning, i.e., con- 046

structing logical and effective intermediate steps to 047

guide the inference process. 048

To this end, many efforts has been made to en- 049

hance the reasoning abilities of MLLMs, which 050

broadly fall into two paradigms: reinforcement 051

learning (RL) with task-specific reward signals 052

(DeepSeek-AI et al., 2025; Liu et al., 2025; Zhou 053

et al., 2025), and Chain-of-Thought (CoT) tech- 054

niques, which guide models to generate interme- 055

diate steps, either through supervised fine-tuning 056

(Xu et al., 2025; Xiang et al., 2025) or in-context 057

prompting (Zhang et al., 2024d; Gao et al., 2024). 058

Compared to RL methods which typically de- 059

mand task-specific verifiable reward signals and 060

retraining, CoT-style approaches offer a more flexi- 061

ble framework that achieves impressive zero-shot 062

or few-shot performance across various reasoning 063

tasks. 064

This empirical success has demonstrated the 065

promise of decomposing complex reasoning into 066
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interpretable steps. However, CoT-style reasoning067

often lacks explicit structure and semantic consis-068

tency, limiting controllability across tasks (Wang069

et al., 2025). These challenges have spurred the070

development of structured reasoning, which aims071

to enable transparency and systematic control over072

the reasoning process, yet several key challenges073

remain. (1) Many existing methods are tailored074

to specific tasks or rely on LLMs to generate fine-075

grained reasoning steps (Xiang et al., 2025), which076

may result in fragmented, low-abstraction chains077

that are difficult to generalize. (2) Supervised078

fine-tuning (SFT)-based approaches (Gao et al.,079

2024; Shi et al., 2024) depend heavily on problem-080

specific annotations and require significant com-081

putational resources, limiting scalability. These082

lead us to consider: could the way cognitive oper-083

ations are composed follow a shared, transferable084

principle that generalizes across tasks?085

Drawing on the Core Knowledge Theory (Spelke086

and Kinzler, 2007), which argues that cognitive087

modules can be flexibly composed to adapt novel088

tasks, we model reasoning as a compositional pro-089

cess over reusable operations. Building on this090

principle, we introduce the Compositional Rea-091

soning Framework, which enables dynamic and092

task-adaptive composition of cognitively motivated093

modules into reasoning chains.094

Central to our framework is a structure com-095

poser. We train this via a two-stage process: (1)096

a warm-up stage that employs feedback-guided097

greedy search to construct high-quality pseudo-098

labeled chains based on task correctness, and (2)099

a structure policy optimization stage, where we100

apply PPO (Schulman et al., 2017) to further train101

the composer to generate generalizable reasoning102

chains. This training pipeline enables the model103

to learn structured reasoning without human an-104

notations, and to generalize across tasks through105

modular recomposition rather than retraining.106

Empirically, our framework achieves strong per-107

formance across diverse benchmarks. We find that,108

when trained on a single math-focused dataset,109

the structure composer can generalize effectively110

to diverse math benchmarks and even general-111

domain tasks. This observation leads to the hypoth-112

esis that the compositional structure of reasoning,113

namely how modular operations are selected and114

sequenced, captures a task-independent cognitive115

regularity.116

We summarize our contributions as follows:117

• We propose a two-stage structure composi- 118

tion strategy for reasoning chain generation: 119

(1) a feedback-guided greedy search produces 120

high-quality pseudo-labeled chains to warm 121

up the structure composer; (2) structure policy 122

optimization, where the composer is trained 123

with PPO, further improves the reasoning. 124

• We conduct comprehensive evaluations 125

across cross-dataset and cross-domain bench- 126

marks. Our method demonstrates strong 127

structure-level generalization, achieving a 128

+7.11% gain on MMMU-Pro over Qwen2.5- 129

VL-7B, approaching the performance of 130

Qwen2.5-VL-72B. 131

• Our findings suggest a possibility: the way 132

reasoning modules are composed tends to fol- 133

low consistent patterns across tasks, pointing 134

toward a transferable cognitive structure. 135

2 Related Work 136

Multimodal Mathematical Reasoning. Solving 137

math problems that require joint visual and textual 138

understanding remains a fundamental challenge 139

for MLLMs. Zhang et al. (Zhang et al., 2024c) 140

introduced the MAVIS dataset to support super- 141

vised training on complex math problems involv- 142

ing diagrams. Similarly, Zhuang et al. (Zhuang 143

et al., 2024) proposed Math-PUMA, a progres- 144

sively structured dataset designed to teach upward 145

visual reasoning. Beyond supervised fine-tuning, 146

Luo et al. (Luo et al., 2024) and Wang et al. (Wang 147

et al., 2024b) explored reinforcement learning tech- 148

niques by assigning rewards to final or intermediate 149

reasoning steps. Prompt-based strategies, particu- 150

larly Chain-of-Thought (CoT)(Zhang et al., 2024d), 151

have also been adopted to elicit step-by-step rea- 152

soning through natural language prompts in multi- 153

modal settings. 154

Structured Reasoning in MLLMs. To improve 155

reasoning control and interpretability, recent stud- 156

ies have explored structured reasoning that explic- 157

itly organizes reasoning processes. For instance, 158

CoTDet (Tang et al., 2023), IPVR (Chen et al., 159

2023), and LLaVA-CoT (Xu et al., 2025) decom- 160

pose the problem-solving process into a sequence 161

of predefined steps. Other methods, such as CoT- 162

Valve (Ma et al., 2025) and the Self-Adaptive Chain 163

framework (Mitra et al., 2024), dynamically con- 164

trol reasoning length through learned controllers. 165

Search-based strategies such as Monte Carlo Tree 166
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Search (MCTS) (Zhang et al., 2024a; Dong et al.,167

2024a) have also been considered for reasoning168

structure optimization, but they incur prohibitive169

inference cost and lack transferability across tasks,170

motivating approaches that learn reusable policies171

instead.172

While existing approaches often address reason-173

ing with fixed or implicit structures, they typically174

do not adopt a task-unified perspective on structural175

adaptation. Our framework explores this direction176

by modeling reasoning as an adaptive composition177

of modular operations, aiming to provide flexible178

and general reasoning across diverse tasks.179

3 Method180

Problem Formulation. We aim to address the
task of multimodal reasoning with structured think-
ing, where the system takes a pair of textual ques-
tion and associated image as input, then gener-
ates an accurate answer through a structured se-
quence of reasoning steps. Specifically, given a
pair of text-image input x = (xtext, ximage), the
model needs to infer a variable-length composi-
tion of reasoning modules C from a k-length set
M = {m1,m2, ...,mk}. This is a crucial part of
our method, where the model learns an adaptive
mapping from input x to the composition of rea-
soning blocks C:

f : x 7→ C = [mi1 ,mi2 , ...,miT ],mit ∈M,

where it is the index of the selected module at step181

t. Then, an execution process is conducted to apply182

each reasoning module sequentially to the input and183

intermediate context to get the final answer a. The184

executor function a = Exec(C, x) is implemented185

by adaptively prompting the large language model186

with automatically composed reasoning blocks C.187

This structured thinking formation provides188

three key advantages. First, it decouples the reason-189

ing structure from the underlying large language190

model, allowing more efficient and flexible learn-191

ing. For example, we can introduce useful external192

knowledge such as “reflection” with minimal cost.193

Second, it enables explicit control over the reason-194

ing process, supports interpretability. Third, it facil-195

itates transferability across tasks and domains, as196

we will show in results in the experiments section.197

In the following, we elaborate on our method198

through the description of four main components:199

1) reasoning modules design(§3.1), 2) structure200

composition warm-up(§3.2), 3) structure policy op-201

timization(§3.3), and 4) reasoning execution(§3.4).202

3.1 Reasoning Module Design 203

According to cognitive theories (Lake et al., 2016; 204

Andreas et al., 2017), human cognitive processes 205

typically rely on modular thinking patterns to solve 206

complex reasoning tasks. Inspired by this, we 207

propose to mirror human reasoning behaviors by 208

defining a symbolic space of reasoning modules, 209

in which each module explicitly represents a core 210

cognitive function such as perceiving or reflecting. 211

This modular design enables transparent and exten- 212

sible reasoning, offering the potential to generalize 213

across diverse tasks. To quantify the contribution of 214

each module, we include detailed module ablations 215

in the Appendix A.3.8. 216

Module Name Function Description

Visual (Andreas et al., 2017) Analyze the image.
Prior (Chen et al., 2023) Apply relevant domain laws.
Logic (Xu et al., 2025) Step-by-step reasoning.
Reflection (Barrouillet, 2011) Revise the solution path.
Problem Decompose (Wu et al.,
2025)

Break down the problem into
sub-problems.

Cross-Modal Linking (Chen
et al., 2023)

Connect visual cues with textual
knowledge.

Hypothesis (Klahr and Dunbar,
1988)

Propose plausible assumptions
or interpretations.

Validation (Barrouillet, 2011) Confirm intermediate conclu-
sions using visual evidence or
logical consistency.

Table 1: Cognitive-inspired atomic reasoning modules.
Each module corresponds to a distinct cognitive func-
tion.

Table 1 summarizes the reasoning modules and 217

their corresponding functions. Detailed definitions 218

and prompt templates for each module can be found 219

in Appendix A.1. 220

3.2 Structure Composition Warm-up 221

To avoid manual annotation, we construct warm-up 222

reasoning chains using greedy, feedback-guided 223

search. Given a question-image pair and answer, 224

the method incrementally builds a module chain 225

that maximizes answer accuracy. 226

Starting with an empty chain ending in 227

final_answer, we skip expansion if it correctly 228

solves the task. Otherwise, we sample candidates 229

by past success rates, test them in trials, and pick 230

the one with the best expected reward—repeating 231

until a perfect score is reached or the chain hits its 232

length limit. 233

The reward for each module is computed as: 234

reward = α · correct_count
N − β ·

(
1− correct_count

N

)
235

where α, β > 0 are weighting coefficients, and 236
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Figure 2: Method Overview. The left side illustrates our framework, which consists of three stages: (1) Reasoning
Module Design, where a set of cognitive-inspired reasoning modules is defined to capture fundamental problem-
solving functions; (2) Structure Composition Warm-up, where high-quality pseudo-chains are constructed via
feedback-guided greedy search and used to warm up the composer; and (3) Structure Policy Optimization, where
the structure composer is further optimized through PPO to improve chain generation. The right side presents an
example of reasoning execution based on the predicted chain.

N is the number of trials. Historical scores are up-237

dated using a smoothing factor γ. We apply a linear238

shift-and-scale to keep reward magnitudes in a suit-239

able range for stable softmax sampling, thereby240

maintaining a balanced exploration–exploitation241

trade-off.242

This method yields a high-quality, task-adaptive243

warm-up set for learning structured reasoning244

chains. These chains are used to initialize the policy245

network (§3.3). The overall procedure is summa-246

rized in Algorithm 1.247

3.3 Structure Policy Optimization248

Since multiple valid reasoning chains may exist249

for a given question, the optimal solution is better250

viewed as a distribution rather than a single se-251

quence. To capture this diversity and learn to gen-252

erate high-quality chains, we adopt Proximal Policy253

Optimization (PPO) to optimize the composer. The254

chain generation process is formalized as a finite-255

horizon Markov Decision Process (MDP), defined256

by the tuple (S,A,P,R, γ):257

• State space S: Each state st encodes the in-258

put (xtext, ximage) and the partial module chain259

[m1, . . . ,mt−1] generated so far;260

• Action space A: Each action at selects the261

next module fromM∪ {<eos>};262

• Transition function P: Deterministic exten- 263

sion of the chain, i.e., st+1 = st ∪ {at}; 264

• Reward function R: Defined at the end of 265

each episode based on the execution correct- 266

ness of the full chain; 267

The policy πθ(at | st) is parameterized by a 268

Transformer decoder that autoregressively predicts 269

the module sequence. We train this policy using 270

Proximal Policy Optimization (PPO), which sta- 271

bilizes learning by clipping updates to the policy 272

distribution. 273

To stabilize training, we initialize both pol- 274

icy and value networks using warm-up data from 275

greedy search, leveraging structure chains and their 276

stability signals to accelerate early learning. The 277

subsequent PPO optimization directly maximizes 278

our reward, enabling the composer to discover 279

more robust and generalizable chains than those 280

attainable via greedy warm-up alone. 281

3.3.1 Reward Design 282

Each predicted chain is executed multiple times to 283

estimate its output consistency. The final reward is 284

composed of three terms: 285

r = α · stability + γ · baseline_gain + penalty, 286

where: 287
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Algorithm 1: Feedback-Guided Greedy Chain

Search
Input: Input (q, image, answer); module

poolM; max length L; trials N
Output: Final structure chain C

1 Initialize C ← [final_answer]
2 if run(C) is correct in all trials then
3 return C
4 end
5 Initialize module scores using historical

averages
6 Initialize selected chain S ← [], remaining

modules R←M
7 for t = 1 to L do
8 Sample top-k candidates from R using

softmax over scores
9 foreach candidate m ∈ candidates do

10 Evaluate
C ′ = S + [m, final_answer]
over N trials

11 Compute reward(m) using Eq. (1)
12 Update score of m with smoothing
13 if C ′ is correct in all trials then
14 return C ′

15 end
16 end
17 Select best m⋆ and append to S
18 Remove m⋆ from R

19 end
20 return S + [final_answer]

• Stability: The proportion of correct predic-288

tions across repeated executions;289

• Baseline gain: Improvement over a baseline290

success rate (e.g., from a no-module chain);291

• Penalty: A fixed negative score applied if all292

trials fail.293

This reward design favors chains that are both294

correct and reliable across trials, while explicitly at-295

tributing credit to structural compositions that out-296

perform the baseline. As a result, PPO optimizes297

the composer toward a generalizable composition298

policy that improves not only average accuracy but299

also consistency.300

The policy πθ and value network Vϕ share a com-301

mon encoder and are implemented as lightweight302

Transformer decoders.303

Once a reasoning chain is predicted, the model304

can generate the final answer under its guidance, as305

detailed in §3.4. 306

3.4 Reasoning Execution 307

Given a predicted reasoning chain, our system exe- 308

cutes each module in sequence to derive the final 309

answer. Each module corresponds to a cognitive op- 310

eration and is associated with a functional prompt 311

template that guides the MLLM’s behavior. 312

Execution proceeds step-by-step. At each step 313

t, the system constructs a module-specific prompt 314

by combining: (1) the original question, (2) the 315

current visual input or intermediate result, and (3) 316

the instruction template associated with the module 317

mit . This prompt is fed into the MLLM, whose 318

response is used to update the intermediate context 319

for the next step. The process continues until the 320

chain reaches the final_answer module, whose 321

output is taken as the final prediction. 322

4 Experiments 323

We conduct comprehensive experiments to validate 324

the effectiveness of our compositional reasoning 325

framework. Specifically, we aim to answer the 326

following questions: 327

(1) Does our approach generate more effective rea- 328

soning chains compared to baseline methods? 329

(2) Can the learned structural patterns generalize 330

across diverse tasks and domains? 331

(3) How does policy optimization affect reasoning 332

chain quality and overall accuracy? 333

4.1 Experiment Settings 334

4.1.1 Datasets 335

We evaluate on three types of benchmarks. 336

• Mathematical reasoning: MathVista (Lu 337

et al., 2024), MathVerse (Zhang et al., 2024b), 338

MathVision (Wang et al., 2024a), and We- 339

Math (Qiao et al., 2024), covering geometry 340

problems solving, diagram understanding, and 341

calculation derivation. 342

• Cross-domain QA: MMStar (Chen et al., 343

2024a), ChartQA (Masry et al., 2022), and 344

MMMU-Pro (Standard) (Yue et al., 2025), 345

covering science, medicine, and data visual- 346

ization tasks. 347

• Modality-specific generalization: GPQA 348

(Rein et al., 2023) (text-only) and MMMU- 349

Pro (Vision) (Yue et al., 2025), targeting uni- 350

modal reasoning in text and vision. 351
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Model
MathVerse → Other Math Datasets

MathVision MathVista We-Math

ALL ARI ALG SolG AnaG ALL GPS GEO SCI STA testmini

General MLLMs
Gemini-1.5-Pro (Team et al., 2024) 19.20 34.30 20.30 18.90 35.70 63.90 81.70 – – – 66.90

GPT-4o (OpenAI et al., 2024) 30.39 49.30 42.00 29.10 32.30 63.80 64.70 – – – 62.80

GPT-4v (Yang et al., 2023) 22.76 35.70 27.30 23.80 32.10 49.90 50.50 51.00 63.10 55.80 51.43

InternVL2.5-8B (Chen et al., 2024b) 19.70 29.30 15.10 13.90 23.80 64.40 64.90 – – – 44.70

SPHINX (V2)-13B (Lin et al., 2023) 9.70 12.90 6.70 8.20 7.10 36.70 16.40 17.60 43.40 51.50 –
InternLM-XC2-VL-7B (Dong et al., 2024b) 14.54 12.10 9.30 11.90 15.50 57.60 63.00 59.00 62.30 64.10 30.95

Math-specialized Models
Math-LLaVA-13B (Shi et al., 2024) 15.69 15.70 9.00 9.40 20.20 46.60 57.70 56.50 49.20 43.90 31.30

MathCoder-VL-8B (Wang et al., 2023) 26.10 26.40 18.60 23.00 32.10 54.80 73.60 – – – 58.70

MAVIS-7B (Zhang et al., 2024c) 18.50 21.50 17.50 15.00 19.50 29.10 64.10 – – – 44.30

Math-PUMA-7B (Zhuang et al., 2024) 14.00 21.10 5.00 17.80 21.10 47.90 48.10 47.30 42.60 55.80 41.00

MultiMath-7B (Peng et al., 2024) 16.30 15.50 11.30 13.30 21.10 50.00 66.80 64.90 42.60 49.20 42.20

URSA-8B (Luo et al., 2025) 31.50 29.30 30.10 37.70 28.60 59.80 83.20 77.40 58.20 57.10 60.70

Recent Related Baselines
AStar (Qwen2-VL-7B) (Wu et al., 2025) 25.20 – – – – 63.50 – 71.70 48.20 68.80 –
AtomThink (EMOVA)-8B (Xiang et al., 2025) 24.90 – – – – 53.30 75.90 70.20* 50.40* 57.70* 49.30

Qwen2.5-VL-7B 25.10 31.43 26.09 22.95 28.57 61.70 61.06 61.51 60.66 74.09 57.50

Zero-shot CoT-7B (Kojima et al., 2023) 25.92 37.14 26.96 20.90 32.14 63.30 64.42 64.02 62.30 75.75 57.93

Ours-7B 28.88 37.14 27.54 27.05 34.52 64.40 68.75 68.20 62.30 76.08 59.40
Gain (↑) +2.96 +0.00 +0.58 +6.15 +2.38 +1.10 +4.33 +4.18 +0.00 +0.33 +1.47

DeepSeek-VL2-27B (4.5B) 17.66 16.43 12.17 15.98 19.05 58.10 57.69 58.58 59.84 61.79 43.56

Zero-shot CoT-27B (4.5B) 15.86 15.71 11.88 10.66 19.05 58.30 52.40 53.97 62.30 66.45 44.31

Ours-27B (4.5B) 18.38 20.71 16.52 18.44 21.43 61.20 62.98 63.18 66.39 65.45 44.89
Gain (↑) +2.52 +5.00 +4.64 +7.78 +1.12 +2.90 +10.58 +9.21 +4.09 -1.00 +0.58

Table 2: Cross-dataset generalization from MathVerse to other math benchmarks. We report performance on
MathVision and MathVista subsets, and We-Math testmini. indicates values approximated from bar charts in prior
work. Notation like 27B(4.5B) denotes total parameters and active parameters during inference, respectively.

4.1.2 Training Setup352

We train the structure composer on 2,400 sam-353

ples selected from each of MathVerse and Math-354

Vision, with reasoning chains generated via our355

feedback-guided search. Composer training is con-356

ducted separately on the two datasets.357

We use Qwen2.5-VL-7B (Bai et al., 2025) and358

DeepSeek-VL2 (Wu et al., 2024) as frozen back-359

bones, serving for execution. All models are360

trained on 2 A100 GPUs (40GB).361

4.2 Main Results362

4.2.1 Generalization across datasets363

To evaluate the cross-dataset generalization ability364

of our proposed framework, we train the structure365

composer on the MathVerse dataset and evaluate it366

on MathVision, MathVista, and We-Math.367

As shown in Table 2, our method achieves sub-368

stantial improvements over both vanilla backbones369

and the Zero-shot CoT baseline. For example,370

on Qwen2.5-VL, accuracy on MathVista improves371

from 61.70% to 64.40% , while MathVision rises372

from 25.10% to 28.88%. Similar trends hold for 373

DeepSeek-VL2, where MathVista reaches 61.2% 374

(+3.1%) and MathVision improves by +0.72%, 375

demonstrating robust cross-dataset generalization. 376

Notably, our method even surpasses proprietary 377

systems like GPT-4o (63.8%) and Gemini-1.5-Pro 378

(63.9%) on MathVista, and surpasses most math- 379

specialized models on all datasets. 380

The largest improvements occur in Geometry. 381

On Deepseek-VL2, Geometry Problem Solving 382

(GPS) rises by 10.58% and Geometry Reasoning 383

(GEO) by 9.12%, while on Qwen2.5-VL, they also 384

see notable gains (4.33% and 4.18%). Thus, we hy- 385

pothesize that our approach is especially effective 386

for tasks requiring strong vision–language integra- 387

tion and multi-step reasoning. 388

These results demonstrate that structured rea- 389

soning chains can enhance MLLMs’ performance 390

within the mathematical domain. By learning to 391

compose reusable reasoning modules, our frame- 392

work exhibits structural patterns that appear to gen- 393

eralize across heterogeneous math benchmarks. 394
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Model MMStar MMMU-Pro ChartQA

MathVerse as Source Dataset
Qwen2.5-VL-7B 63.90 38.30 80.88
Zero-shot CoT 61.20 39.60 76.72
Ours (Qwen2.5-VL) 66.23 45.41 82.16
Gain (↑) +2.33 +7.11 +1.28
DeepSeek-VL2 53.67 33.18 83.20
Zero-shot CoT 49.07 32.77 81.84
Ours (DeepSeek-VL2) 59.20 35.26 84.72
Gain (↑) +5.53 +2.08 +1.52

MathVision as Source Dataset
Qwen2.5-VL-7B 63.90 38.30 80.88
Ours(Qwen2.5-VL) 66.63 44.14 83.44
Gain (↑) +2.73 +5.84 +2.56

Proprietary Models
Claude-3.5-Sonnet 65.1 51.5 90.8
GPT-4o 64.7 51.9 86.7

Open-source Models
Qwen2.5-VL-72B 70.8 46.2 89.5
InternVL2.5-78B 69.5 48.6 88.3
InternVL2.5-8B 62.8 34.3 84.8
LLaVA-OneVision-7B 62.7 24.1 80.0

Table 3: Cross-domain generalization accuracy (%) on
MMStar, MMMU-Pro, and ChartQA. Gains are com-
puted over the vanilla backbone.

4.2.2 Generalization across domains395

To assess cross-domain generalization, we train396

separately on math datasets (MathVerse and Math-397

Vision) and evaluate on three benchmarks—MM-398

Star, MMMU-Pro, and ChartQA.399

As shown in Table 3, our method achieves strong400

cross-domain performance across both training set-401

tings. The model reaches 66.23% on MM-Star,402

45.41% on MMMU-Pro, and 82.16% on ChartQA.403

When trained instead on MathVision, performance404

remains competitive, demonstrating consistent gen-405

eralization trends across different training sources.406

In both cases, our models outperform several strong407

open-source baselines such as InternVL2.5-8B and408

LLaVA-One-Vision, and approach the performance409

of much larger models like Qwen2.5-VL-72B—all410

without any fine-tuning on the target tasks.411

These findings suggest that our structured rea-412

soning framework enables broad domain general-413

ization by focusing on abstract reasoning struc-414

ture rather than problem-specific content. The415

consistent cross-domain performance from both416

MathVerse- and MathVision-trained models sup-417

ports our hypothesis that the compositional patterns418

of reasoning modules capture general cognitive419

structures, forming a generalizable foundation for420

multimodal reasoning.421

4.2.3 Generalization under modality-specific 422

settings 423

Text-only
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(b) Accuracy gains (%) of our method compared to baselines.

Figure 3: Modality-specific generalization comparison.

We further evaluate the robustness of our frame- 424

work by testing it on tasks that isolate specific 425

modality demands. Specifically, we consider three 426

settings: text-only (GPQA), vision-only (MMMU- 427

Pro (Vision)), and multimodal (MathVista). 428

As shown in Figure 3, our model surpasses 429

Deepseek-VL2 and Qwen2.5-VL-7B by 11.6% and 430

5.6% on GPQA, and by 2.8% and 5.5% on MMMU- 431

Vision, respectively. Importantly, GPQA consists 432

of PhD-level science problems that demand exten- 433

sive reasoning, further validating the effectiveness 434

of our approach in complex reasoning tasks. 435

These results suggest that our structured reason- 436

ing framework generalizes across modality-specific 437

settings and remains competitive even when only a 438

single modality is provided. 439

4.3 Training Strategy 440

4.3.1 Training Dynamics 441

Figure 4 illustrates the relationship between reward 442

signals and task accuracy during optimization. As 443

the average reward rises from negative to positive, 444

GPQA accuracy improves by +2.5% and MathVista 445

by +4.0%, confirming that reinforcement signals 446

translate into tangible reasoning gains. This trend 447

validates the stability of our policy optimization 448

and suggests that structural feedback effectively 449

aligns module composition with task objectives. 450
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The backbone is Qwen2.5-VL-7B.

4.3.2 Comparing Chain Generation Strategies451

To assess the importance of structured reasoning,452

we compare our model against variants with differ-453

ent chain composition strategies: (i) fixed-length454

chains, (ii) random-length chains, and (iii) a no-455

chain baseline. All settings use the same module456

set, and only the composition differs.457

As shown in Figure 5, fixed and random chains458

yield only marginal improvements over the no-459

chain baseline (38.3%), with peak accuracies of460

40.3% and 41.4%, respectively. This indicates that461

simply increasing chain length without meaning-462

ful structure offers limited benefits. In contrast,463

our learned structured chains achieve 45.4% accu-464

racy—outperforming the best alternatives by over465

4%—despite having a similar average length (2.1466

steps). The improvement stems from adaptive mod-467

ule selection and ordering, not chain depth. These468

results support our central claim: structure mat-469

ters—but only when it is learned, not imposed.470

4.3.3 Comparing Training Strategies471

Table 4 compares four training pipelines with the472

same budget (2,400 examples). Ours optimizes the473

Method Math-V MathVista MMStar

baseline 25.10 61.70 63.90
SFT only 25.90 59.30 61.20
SFT + PPO 26.84 63.00 63.97
PPO (Ours) 28.88 64.40 66.23

Table 4: Comparison of training strategies across diverse
tasks. Accuracy (%) is reported on both in-distribution
and generalization benchmarks.

structure policy via PPO, with a chain-level warm- 474

start from greedy-search trajectories and stability 475

signals. This initialization is not token-level SFT 476

or imitation. We include two SFT baselines (SFT, 477

SFT+PPO) solely for comparison. Details are in 478

Appendix A.2.6. 479

Table 4 shows that PPO-only achieves the high- 480

est accuracy across out-of-distribution benchmarks, 481

suggesting that direct reward optimization is more 482

effective for aligning reasoning structure with task 483

success. In contrast, SFT-based strategies exhibit 484

limited gains, which we attribute to the noise and 485

bias in pseudo-chains. This highlights the diffi- 486

culty of relying solely on imitation learning when 487

optimal structures are not guaranteed. 488

Moreover, PPO-only removes the need for costly 489

annotation and reliance on large teacher LLMs, 490

making it more scalable for structured reasoning. 491

5 Conclusion 492

To enhance generalizability in structured reason- 493

ing, we propose a compositional reasoning frame- 494

work that assembles interpretable modules into 495

reasoning chains. Central to our approach is a 496

structure composer trained with a two-stage strat- 497

egy: feedback-guided greedy search generates 498

high-quality pseudo-labeled chains for warm-up, 499

and PPO-based structure policy learning further 500

refines the composition policy under task feedback, 501

yielding a more flexible chain composer. 502

Extensive experiments demonstrate strong zero- 503

shot generalization across diverse multimodal 504

benchmarks. Notably, a composer trained solely 505

on mathematical tasks transfers effectively to a 506

broad spectrum of unseen evaluations, spanning 507

both other math datasets and general-domain QA. 508

These results suggest that it is not only the module 509

inventory but, more importantly, the compositional 510

organization of reasoning that exhibits cross-task 511

regularities. Consequently, learning a transferable 512

composition policy can serve as a practical path 513

toward generalizable structured reasoning. 514
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Limitations515

Although our method demonstrates strong general-516

ization across multiple benchmarks, it has several517

limitations. First, the current set of conpositional518

reasoning modules is manually designed and may519

not capture all reasoning patterns required for di-520

verse tasks.521

Second, explicit reasoning chains, while en-522

hancing transparency and controllability, introduce523

a potential trade-off between accuracy and effi-524

ciency. We provide a detailed analysis and quan-525

titative comparisons in the Appendix A.3.4. To526

mitigate the latency, we have employed two strate-527

gies: (i) hard-capping the chain length to at most528

three modules, ensuring the reasoning process re-529

mains concise, and (ii) adaptive chain length allo-530

cation, where the composer learns to shorten rea-531

soning for simple questions, often reducing to a532

single final_answer step while allocating addi-533

tional steps only when necessary for complex prob-534

lems. Despite these measures, exploring efficiency535

control remains an open challenge.536

Third, PPO training for structure composition537

can be constrained by relatively sparse task-level538

feedback, since obtaining finer-grained rewards typ-539

ically requires costly step-level annotation. In our540

implementation, we partially mitigate this issue541

by running three rollouts per sample, using aver-542

age accuracy together with auxiliary rewards and543

an explicit failure penalty to reduce variance and544

stabilize updates, and we observe consistent perfor-545

mance across runs. Nonetheless, developing finer546

and more informative reward signals without addi-547

tional supervision remains an important direction548

for future work.549
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A.1 Module Prompt Templates 791

We list the prompt templates used for each reason- 792

ing module. Each template instructs the model to 793

perform a distinct reasoning operation. 794

Module: visual

Solve the problem by analyzing the image.
Focus on extracting spatial layout, objects,
quantities, or symbolic information from
the visual input.

795

Module: physics

Solve the problem by applying relevant do-
main laws. Retrieve domain knowledge
such as formulas, constraints, or relation-
ships.

796

Module: logic

Solve the problem through step-by-step log-
ical reasoning. Derive intermediate values
or decisions in a serial, rule-based fashion.
Use this method when a chain of determin-
istic computation or decision-making is re-
quired.

797
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Module: reflect

Improve the solution by reviewing previous
reasoning steps. Identify possible mistakes,
inconsistencies, or unnecessary detours.
Use this method after a solution attempt to
refine or validate.

798

Module: problem_decompose

Tackle the problem by breaking it down into
smaller sub-problems. Each subgoal should
be simpler and sequentially solvable.
Use this method when the original question
is complex or multi-stage.

799

Module: cross_modal_link

Solve the problem by connecting visual
cues to linguistic or world knowledge. Re-
late what is seen to what is known.
Use this method when reasoning requires
bridging modalities or invoking common-
sense.

800

Module: hypothesis

Solve the problem by proposing plausible
assumptions or interpretations. Consider
multiple explanations if the context is am-
biguous.
Use this method when exact reasoning is
hard and assumption testing is needed.

801

Module: validate

Test the correctness of prior reasoning using
visual evidence or logic. Accept or reject a
previous hypothesis or step.
Use this method to verify assumptions or
computed results.

802

Module: final_answer

Provide the final answer in the following
format: [Answer: X], where X is the result.

803

A.2 Implementation & Model Details804

We provide implementation details of our Struc-805

ture Composer, a sequence prediction model de-806

signed to generate symbolic reasoning chains based807

on multimodal inputs.808

A.2.1 Architecture Overview 809

The Multimodal Composer accepts a pair of ques- 810

tion text and associated image features. It first 811

encodes the text using a BERT-base encoder and 812

projects image features into the same hidden space. 813

A Transformer-based fusion encoder combines the 814

text and image representations. The fused features 815

are then projected into a decoder-specific embed- 816

ding space and used as memory for a Transformer 817

decoder. The decoder autoregressively predicts a 818

sequence of module tokens that represent reason- 819

ing steps. To avoid redundant operations, step-wise 820

decoding includes masking of repeated modules 821

and optional enforcement of a minimum number 822

of steps before allowing the <eos> token. 823

A.2.2 Hyperparameter Settings 824

The main hyperparameters are summarized in Ta- 825

ble 5. 826

Table 5: MultimodalComposer architecture configura-
tion.

Component Setting

Text encoder BERT-base (uncased)
Image input dim 512
Image projection dim 768
Fusion encoder 4-layer TransformerEncoder
Fusion FFN dim 1024
Decoder 16-layer TransformerDecoder
Decoder FFN dim 2048
Module vocab size 10
Module embedding dim 768
Max decoding steps 4
Dropout 0.2

A.2.3 Inference Strategy 827

We support both full-sequence generation and step- 828

wise decoding with autoregressive sampling. The 829

pseudocode of the standard inference process is 830

shown in Algiorithm 2. 831

A.2.4 MLLM Settings 832

We report the parameter configurations used for 833

inference with DeepSeek-VL2 and Qwen2.5-VL 834

in Table 6. The key hyperparameters are listed 835

below for reproducibility. 836

All other unspecified parameters were set to de- 837

fault values provided by the model. No addi- 838

tional prompt engineering was applied beyond task- 839

specific templates. 840

A.2.5 Accuracy Evaluation Method 841

To evaluate model accuracy, we employ a two-stage 842

scoring process. First, we use an automatic judg- 843

12



Algorithm 2: Multimodal Composer Infer-
ence
Input: Question x, image features v, max

decoding steps T , start token <s>
Output: Module sequence [y1, y2, . . . , yT ]

1 ht ← BERT(x) ; // Text encoding
2 hv ← Proj(v) ; // Image projection
3 h← FusionEncoder([ht;hv]) ;
4 m← FusionProj(h) y ← [<s>] ;

// Initialize decoder input
5 for t = 1 to T do
6 et ← Embed(y1:t) ;
7 zt ← Decoder(et,m) ;
8 ŷt+1 ← argmax Softmax(Wzt) ;
9 if ŷt+1 = <eos> then

10 return y
11 end
12 Append ŷt+1 to y ;
13 end
14 return y

Table 6: Inference parameter settings for DeepSeek-
VL2 and Qwen2.5-VL.

Parameter DeepSeek-VL2 Qwen2.5-VL

model deepseek-vl2 qwen2.5-vl
max_tokens 512 4096
temperature 0.2 0.2
top_p 0.9 0.9
top_k 40 40
frequency_penalty 1 1
n 1 1
response_format text text

ment model—Qwen2.5-7B-Instruct—to assess844

whether the predicted answer matches the ground-845

truth answer. The evaluation prompt is as follows:846

Evaluation

Please determine whether the predicted answer is cor-
rect.
If the question includes a list of choices (e.g.,
"Choices:[’0.8’, ’0.7’, ’0.1’, ...]"),
interpret them as multiple-choice options labeled from
A to Z in order:
- ’A’ corresponds to the first option (e.g., ’0.8’),
- ’B’ to the second (e.g., ’0.7’),
- ’C’ to the third (e.g., ’0.1’), and so on, up to ’Z’ if
needed.
Question: {question}
Ground Truth Answer: {gt}
Predicted Answer: {pred}
Respond with only one number: 1 (correct) or 0 (in-
correct).
Judgement:

847

Despite generally reliable performance, we ob- 848

serve that the auto-judger produces approximately 849

10% judgment error on sampled cases. To ensure 850

evaluation fidelity, we manually verify all predic- 851

tions on top of the automatic scoring. This cor- 852

rection step may lead to slight deviations from the 853

original results reported in other works using un- 854

verified accuracy scores. 855

A.2.6 SFT Data Synthesis 856

This subsection describes the data construction 857

pipeline used only for the SFT and SFT+PPO base- 858

lines in Table 4. For each training instance, we first 859

generate a pseudo module chain ĉ (a discrete se- 860

quence of reasoning modules), which serves as a 861

structural scaffold. We then prompt GPT-4o with 862

the original input and the pseudo chain ĉ under a 863

fixed, consistent template, asking it to (i) follow the 864

module sequence, (ii) produce a complete natural- 865

language chain-of-thought consistent with ĉ, and 866

(iii) output the final answer in the required format. 867

The resulting GPT-4o generations yield token-level 868

supervision for SFT. 869

To reduce noise, we apply basic validity checks 870

(e.g., parsable format, presence of termination, and 871

length bounds) and discard failed or inconsistent 872

generations. 873

SFT baseline configuration. For SFT and 874

SFT+PPO, we fine-tune Qwen2.5-VL-7B with 875

LoRA (rank r=16) using bf16 precision, AdamW, 876

and a cosine learning-rate schedule. We train on 877

the 2,400 synthesized examples for 3 epochs with 878

batch size 16. LoRA is applied to the attention 879

projections. 880

A.3 Additional Experiments 881

A.3.1 Datasets 882

We evaluate our approach on multiple multimodal 883

benchmarks to assess reasoning and generalization 884

capabilities. Details are in Table 7. 885

A.3.2 Baselines 886

As shown in Table 8, we compare our approach 887

with a range of proprietary and open-source multi- 888

modal models widely used in mathematical reason- 889

ing benchmarks. 890

A.3.3 Warm-Start Ablation 891

We ablate the proposed chain-level warm-start by 892

training the same PPO optimizer with and without 893

warm-start initialization. Warm-start uses greedy- 894

search trajectories to provide a coarse prior over 895
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Dataset Domain Key Features

MathVista (Lu et al., 2024) Visual math reasoning 1000 questions; covers arithmetic, geometry, algebra; requires
compositional reasoning.

MathVerse (Zhang et al., 2024b) Visual math reasoning Complex symbolic reasoning with structured visual input.
MathVision (Wang et al., 2024a) Visual math reasoning 3,040 high-difficulty problems across 16 domains, five difficulty

levels.
We-Math (Qiao et al., 2024) Visual math reasoning Visual-spatial reasoning and symbolic logic.
MMStar (Chen et al., 2024a) General QA on diagrams and structured data; domain transfer evaluation.
ChartQA (Masry et al., 2022) Charts Reasoning over bar, line, pie charts; requires text-image align-

ment.
MMMU-Pro (Yue et al., 2025) General Standard and Vision-only subsets; domain diversity and robust-

ness tests.
GPQA (Rein et al., 2023) Science Graduate-level proof-based reasoning; language-only modality.

Table 7: Summary of datasets used for evaluation.

plausible structure chains, which stabilizes early896

policy learning. Importantly, it does not perform897

token-level imitation or supervised fine-tuning.898

Figure 6 compares learning dynamics in terms899

of reward. Without warm-start, optimization con-900

verges substantially slower and exhibits higher vari-901

ance, often collapsing to degenerate behaviors such902

as predicting STOP at the first step. In contrast,903

warm-start reduces early variance and prevents de-904

generate chains. Final performance is achieved by905

PPO optimization.906
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Figure 6: Warm-start ablation.

A.3.4 Efficiency and Resource Cost907

Table 9 reports compute and efficiency under iden-908

tical hardware and decoding settings. We separate909

the backbone parameters (Qwen2.5-VL) from the910

trainable parameters introduced by the structure911

composer.912

Concretely, SFT+PPO incurs the highest re-913

source footprint, increasing peak allocated memory914

to 52.16 GB and end-to-end latency to 2.18 s. In915

contrast, our PPO training keeps the adaptation916

lightweight: it uses only 12.89 M trainable param-917

eters and 20.21 GB peak memory, which substan-918

tially lower than SFT (24.12 M / 36.18 GB) and919

SFT+PPO.920

Our training time (2.12 h) is notably shorter than 921

SFT+PPO (3.89 h), while the inference latency 922

increases moderately over the frozen backbone 923

(1.64 s) and stays below SFT+PPO. Overall, the 924

added inference latency is modest relative to the 925

accuracy gains, and our training remains efficient 926

in both peak memory and trainable parameters. 927

A.3.5 Cross-Domain Accuracy Comparison 928

To further analyze generalization across diverse do- 929

mains, we conduct experiments on the MMMU-Pro 930

(Standard) benchmark, which contains questions 931

from five major disciplines: Medicine, Engineer- 932

ing, Science, Humanities, and Business. Each dis- 933

cipline includes multiple fine-grained sub-domains 934

(e.g., Clinical, Mechanical, Economics). We com- 935

pare five methods: the original baseline (Qwen2.5- 936

VL), a Zero-shot CoT variant, GPT-4o, Deepseek- 937

VL2, and our proposed structured reasoning ap- 938

proach. 939

As shown in Figure 7, our method consistently 940

achieves the highest accuracy across all five do- 941

mains, particularly excelling in Medicine and Engi- 942

neering, which demand multi-step reasoning and 943

cross-modal understanding. Compared to Zero- 944

shot CoT, our method demonstrates a notable per- 945

formance boost by reducing redundant steps and 946

improving reasoning controllability. 947

A.3.6 Domain-wise Accuracy Comparison 948

Figure 7 presents accuracy comparisons across five 949

academic domains: Medicine, Engineering, Sci- 950

ence, Humanities, and Business. We compare rep- 951

resentative open-source and proprietary models, 952

both with and without our structure reasoning en- 953

hancements. 954

Our method consistently outperforms baselines 955

across all domains, with particularly large mar- 956

gins in Medicine and Engineering, where pre- 957
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Model Type Description

Gemini-1.5-Pro (Team et al., 2024) Proprietary Google’s flagship multimodal model with long-context capability
and SOTA reasoning across domains.

GPT-4V (Yang et al., 2023) Proprietary OpenAI’s vision-enabled GPT-4, strong performance on MathVista
and visual reasoning tasks.

Claude-3.5-Sonnet(Anthropic, 2024) Proprietary Anthropic’s advanced multimodal model, competitive reasoning
ability across benchmarks.

Qwen-2.5-VL (Bai et al., 2025) Open-source Alibaba’s open-weight multimodal LLM optimized for vision-
language reasoning.

InternVL-2.5 (Chen et al., 2024b) Open-source High-performance vision-language model series with parameter
scaling (3B–88B).

SPHINX(V2) (Lin et al., 2023) Open-source A joint-modality mixing model designed for robust reasoning and
multi-domain tasks.

LLaVA-OneVision (Li et al., 2024) Open-source Lightweight open-source multimodal model focused on visual QA
and instruction following.

LLaVA-CoT (Xu et al., 2025) Open-source Extends LLaVA with structured chain-of-thought prompting for
visual reasoning.

Math-LLaVA (Shi et al., 2024) Open-source Fine-tuned LLaVA on MathV360K to enhance mathematical rea-
soning in multimodal contexts.

MathCoder (Wang et al., 2023) Open-source Integrates code-based symbolic reasoning with multimodal visual
question answering.

MAVIS (Zhang et al., 2024c) Open-source Specialized for math reasoning across diagrams and structured vi-
sual contexts.

Math-PUMA (Zhuang et al., 2024) Open-source Progressive reasoning approach tailored for complex multimodal
math problems.

MultiMath (Peng et al., 2024) Open-source Targets visual-textual alignment for advanced math problem solv-
ing.

URSA (Luo et al., 2025) Open-source Emphasizes solution verification and intermediate step validation in
reasoning.

AStar (Wu et al., 2025) Open-source Employs MCTS and thought card for boosting multimodal reason-
ing accuracy.

AtomThink (Xiang et al., 2025) Open-source Atomic-step reasoning framework for structured and interpretable
multimodal inference.

Table 8: Baseline models and their brief descriptions.

cise, multi-step reasoning is essential. Notably,958

the structural reasoning strategy improves perfor-959

mance even in abstract or less formal fields such960

as Humanities and Business, indicating its broad961

applicability.962

These results underscore the versatility of our963

method across diverse task distributions and knowl-964

edge modalities.965

A.3.7 Cross-Model Generalization966

We further investigate whether a structure com-967

poser trained on one backbone model can gener-968

alize to others during inference. Specifically, we969

use the composer trained with Qwen2.5-VL as a970

fixed module selector, and apply it to two different971

vision-language models: GPT-4o and DeepSeek-972

VL2, without any further adaptation or retraining.973

Table 10 shows accuracy on the MathVista974

benchmark. While our method brings noticeable975

gains when applied to Qwen2.5-VL (the model976

used for training the composer), it yields marginal977

or no improvement when directly used with GPT-978

4o or DeepSeek-VL2. This suggests that the979

learned module sequencing policy is likely cou-980

pled with the specific reasoning patterns and latent 981

spaces of the training backbone. 982

These results imply that while structured rea- 983

soning policies are beneficial, effective cross- 984

model generalization may require additional model- 985

specific adaptation techniques, such as prompt cali- 986

bration, or lightweight finetuning. 987

A.3.8 Module Ablation Study 988

Motivation. Our design goal is to construct a 989

small, sufficient, and interpretable basis of reason- 990

ing modules that can be composed to solve diverse 991

multimodal reasoning problems. Importantly, our 992

composer includes a dedicated STOP action, allow- 993

ing the policy to terminate early once sufficient 994

evidence has been gathered. Therefore, if a module 995

were truly dispensable, an optimal learned policy 996

would omit it by either never selecting it or by 997

terminating earlier via STOP. 998

Protocol. We analyze the module set from two 999

complementary perspectives. (1) Usage analysis: 1000

we report how frequently each module is selected 1001

by the learned composer across datasets, which 1002
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Method Train Time (h) Trainable Params (M) Peak Mem (GB, alloc) End-to-end Latency (s)

Qwen2.5-VL (base) – 0.00 – 1.64
SFT (LoRA) 2.32 24.12 36.18 1.89
SFT+PPO 3.89 37.01 52.16 2.18
PPO (ours) 2.12 12.89 20.21 2.03

Table 9: Efficiency comparison on Qwen2.5-VL-7B under identical hardware and decoding settings. Trainable
parameters exclude the frozen backbone. Peak memory is measured by torch.cuda.max_memory_allocated()
(in GB) with a fixed measurement protocol. Latency is measured end-to-end per example (structure prediction +
answer generation) using the same decoding configuration.

Figure 7: Cross-domain accuracy comparison on MMMU-Pro (Standard). Our method outperforms all baselines
across diverse domains, achieving the most consistent gains in Medicine, Engineering, and Science.

Model Baseline +Composer (Ours) Gain

Qwen2.5-VL 61.7 64.4 +2.7
GPT-4o 63.5 64.3 +0.8
DeepSeek-VL2 58.1 58.1 +0.0

Table 10: Cross-model generalization results on Math-
Vista. Composer is trained on Qwen2.5-VL.

quantifies whether modules are actively utilized1003

rather than being dead actions. (2) Leave-one-out1004

ablations: we remove one module at a time from1005

the action space and re-train the composer under1006

the same configuration (data, backbone, training1007

schedule, and rewards), and evaluate the final end-1008

task accuracy. The performance drop indicates1009

the marginal contribution of the removed module,1010

revealing complementary utility among modules.1011

Module usage across datasets. We visualize the1012

most frequent reasoning chains and their module-1013

position statistics in math tasks (Figure 8) and in1014

general QA tasks (Figure 9). These figures con-1015

tain quantitative signals beyond qualitative exam-1016

ples: they reveal (a) which modules are selected1017

frequently, (b) where they tend to appear along1018

the chain, and (c) whether the policy collapses to1019

trivial patterns (e.g., immediate STOP) or instead1020

composes non-trivial sequences.1021

In math, the composer favors concise, logic-1022

driven chains. A dominant pattern is logic → 1023

visual → final_answer, commonly triggered 1024

by geometry and spatial deduction. Importantly, 1025

logic and visual not only dominate in frequency 1026

but also concentrate in earlier positions, consistent 1027

with an initial stage that establishes symbolic con- 1028

straints and perceptual grounding before producing 1029

the final answer. 1030

In contrast, general QA exhibits more diverse 1031

and semantically rich compositions. Chains fre- 1032

quently begin with hypothesis or reflect, such 1033

as hypothesis → reflect → validate → 1034

final_answer, which appear in tasks requiring 1035

analogical reasoning or explanatory justification. 1036

Notably, cross_modal_link appears more often 1037

and tends to occur later in the chain, suggesting 1038

that bridging textual and visual evidence is typ- 1039

ically resolved after initial hypothesis formation 1040

and reflection, before final validation. 1041

Leave-one-out module ablations. While chain- 1042

distribution visualizations indicate that modules are 1043

actively selected and composed in task-dependent 1044

ways, they do not by themselves establish ne- 1045

cessity. We therefore perform leave-one-out ab- 1046

lations: we remove one module at a time from 1047

the action space and re-train the composer under 1048

the same configuration (data, backbone, training 1049

schedule, and rewards). In addition to end-task 1050
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accuracy, we also report the average reasoning-1051

chain length (i.e., number of selected modules1052

before STOP/final_answer), which helps disam-1053

biguate whether performance changes are merely1054

due to early stopping or altered computation bud-1055

get. Table 11 shows that removing any module1056

consistently degrades accuracy, while the average1057

length changes only moderately. This suggests1058

the performance drop is not explained solely by1059

longer/shorter chains, but by the loss of a specific1060

cognitive capability that other modules (or STOP)1061

cannot fully substitute.1062

Figure 8: Structured reasoning chain distribution
on Math tasks. The heatmap displays the top-15 most
frequent module sequences used by the model on Math-
Vision. Numbers indicate the position of each module
within the chain (1: first, 2: second, etc.). Top and right
bar plots show marginal usage frequencies for modules
and entire chains, respectively.

Figure 9: Structured reasoning chain distribution on
general QA tasks. Compared to math tasks, the rea-
soning structure here exhibits higher diversity in both
module types and chain compositions. Modules such
as hypothesis, reflect, and cross_modal_link ap-
pear more frequently and in varied positions, reflecting
semantic and multimodal inference needs.

Together, Figures 8 and 9 show that the com-1063

poser learns stable, domain-sensitive composition1064

patterns, and Table 11 confirms that these mod-1065

ules provide complementary, non-redundant utility1066

rather than acting as interchangeable artifacts.1067

A.4 Case Study 1068

To illustrate the interpretability and effectiveness 1069

of our approach, we provide case studies compar- 1070

ing three settings: the original baseline, Zero-shot 1071

CoT, and our method. We consider two categories 1072

of tasks: (1) Math Reasoning, which requires 1073

multi-step reasoning over visual and textual cues, 1074

and (2) General QA, involving attribute-based 1075

and contextual understanding. For each category, 1076

we show two representative examples based on 1077

different backbone models: Deepseek-VL2 and 1078

Qwen2.5-VL. In all cases, our method achieves cor- 1079

rect answers with well-structured reasoning chains, 1080

whereas baselines often fail due to incomplete or 1081

incorrect reasoning steps. 1082

A.4.1 Math Reasoning 1083

Figures 10 and 11 present two math reasoning ex- 1084

amples. Both require object identification and con- 1085

ditional subtraction. Our approach successfully 1086

performs structured reasoning and delivers accu- 1087

rate final answers, outperforming baselines. 1088

A.4.2 General Question Answering 1089

Figures 12 and 13 illustrate two general QA cases. 1090

These examples involve multi-attribute reasoning 1091

and cross-modal alignment. Our approach consis- 1092

tently provides interpretable reasoning chains and 1093

correct answers, while baselines and zero-shot CoT 1094

fail to maintain consistency. 1095

A.5 Extended Discussion 1096

This section reflects on the design principles and 1097

empirical behaviors of our atomic reasoning chain 1098

framework. We revisit why it generalizes, when it 1099

works best, and how it relates to broader trends in 1100

structured reasoning. 1101

A.5.1 Comparison with MCTS and 1102

SFT-Based Methods 1103

Two widely explored strategies for enhancing rea- 1104

soning are Monte Carlo Tree Search (MCTS) 1105

and supervised fine-tuning (SFT). While both ap- 1106

proaches improve baseline prompting, they exhibit 1107

limitations that our method addresses, as shown in 1108

Table 12. 1109

MCTS. Tree-search-based methods expand can- 1110

didate reasoning trajectories by simulating multiple 1111

decision branches and selecting the most promis- 1112

ing path. Although this exhaustive search can the- 1113

oretically identify high-quality solutions, it incurs 1114

prohibitive computational costs at inference time. 1115
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Metric Leaved Module (leave-one-out)

None (Ours) −Visual −Physics −Logic −Reflect −Decompose −XModal-Link −Hypothesis −Validate

Acc (%) ↑ 89.00 87.67 87.67 86.67 86.33 87.33 87.33 85.00 86.33
Avg. Length 1.93 1.99 2.14 2.06 2.04 2.05 1.96 2.01 2.10

Table 11: Leave-one-out module ablation results. None (Ours) denotes the full model. Each ablation removes one
module from the action space and re-trains the composer with all other settings unchanged. We additionally report
average chain length to control for changes in computation budget induced by STOP.

Method Reasoning Cost Generalization Controllability Needs Annotation?

MCTS Very High Moderate High No
SFT Low Low–Moderate Low Yes
Ours Moderate High High No

Table 12: Comparison of different approaches in terms of reasoning cost, generalization, controllability, and
annotation dependency.

Multi-modal tasks with long reasoning horizons1116

amplify this overhead, making real-time or large-1117

scale deployment impractical. In contrast, our1118

framework performs a single-pass generation of1119

structured module chains, leveraging structural pri-1120

ors learned offline to achieve search-like benefits1121

without the inference-time explosion in cost.1122

SFT. Supervised approaches rely on mimick-1123

ing annotated or synthetic chains through next-1124

token prediction. While effective for aligning1125

with human-like rationales, this paradigm is inher-1126

ently imitation-driven and tends to overfit domain-1127

specific patterns. Moreover, linguistic entangle-1128

ment often yields verbose or inconsistent reasoning1129

steps. Our method diverges from pure imitation1130

by optimizing structural policies via reinforcement1131

learning, enabling controllable reasoning depth and1132

improved generalization across unseen domains.1133

Overall, our framework combines the inter-1134

pretability and structural rigor sought by MCTS1135

while avoiding its computational bottlenecks, and1136

surpasses SFT by learning reasoning structures1137

rather than memorizing surface forms. This bal-1138

ance underpins its superior adaptability in cross-1139

task and cross-modal scenarios.1140

A.5.2 Why Do Compositional Reasoning1141

Chains Generalize?1142

Our results suggest that the core strength of rea-1143

soning module chains lies in their alignment with1144

general-purpose cognitive functions. Each module1145

encodes a task-agnostic reasoning operation—such1146

as logic, visual, or validate—that can be1147

reused across tasks. These primitives are not tied1148

to any dataset-specific pattern, but instead reflect1149

reusable building blocks of problem solving.1150

This modular abstraction promotes systematic 1151

generalization: rather than memorizing linguistic 1152

heuristics, the model learns to compose reason- 1153

ing strategies from a shared pool. This behavior 1154

resonates with theories of compositionality in cog- 1155

nitive science(Spelke and Kinzler, 2007) and re- 1156

cent advances in neural program induction, where 1157

solving new tasks relies on recombining known 1158

subroutines. 1159

The superior performance of our method on out- 1160

of-distribution tasks (e.g., MMStar, ChartQA) un- 1161

derlines that structured generalization is stable and 1162

effective. 1163

A.5.3 Why Is Reasoning Particularly 1164

Effective in Math Tasks? 1165

Mathematical reasoning inherently involves precise 1166

symbolic manipulation, strict constraint satisfac- 1167

tion, and multi-step deduction—conditions under 1168

which compositional reasoning frameworks thrive. 1169

Our experiments reveal that the advantage is par- 1170

ticularly pronounced in geometry problems, where 1171

visual relations and spatial constraints amplify the 1172

need for explicit reasoning decomposition. On 1173

benchmarks such as MathVista and MathVerse, our 1174

approach surpasses baselines by substantial mar- 1175

gins, underscoring that structured chains effectively 1176

capture both logical and spatial dependencies. 1177

Unlike chain-of-thought prompting, which often 1178

entangles reasoning with natural language fluency, 1179

our compositional reasoning approach explicitly 1180

models the underlying logical structure. This sep- 1181

aration of reasoning content from its expression 1182

enhances generalization in multimodal settings, 1183

where intermediate steps may involve spatial under- 1184

standing or structured visual cues. Moreover, we 1185
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observe consistent chain motifs—such as logic1186

→ visual→ final_answer—across math tasks,1187

reinforcing that the model is not inventing ad hoc1188

reasoning paths but learning domain-appropriate1189

structural priors.1190

A.5.4 Understanding Remaining Errors1191

Despite overall gains, our method remains sensitive1192

to chain configuration. Error analysis highlights1193

three recurring issues.1194

First, excessively long chains degrade stabil-1195

ity, often introducing redundant steps, repetition,1196

or even incoherent tokens—a pattern amplified in1197

over-analytical reasoning attempts. This suggests1198

that beyond an optimal threshold, added steps con-1199

tribute noise rather than clarity.1200

Second, in math-heavy tasks, most failures arise1201

not from flawed logic but from subtle numeric1202

errors—such as arithmetic misalignment or near-1203

miss values—underscoring that symbolic correct-1204

ness is as critical as structural coherence. Address-1205

ing these issues through explicit value tracking1206

or lightweight symbolic solvers may further en-1207

hance performance, complementing the structural1208

improvements introduced by our framework.1209

A.6 Future Work1210

Although our method demonstrates strong general-1211

ization and interpretability across multiple bench-1212

marks, it has several limitations. First, the current1213

set of conpositional reasoning modules is manu-1214

ally designed and may not capture all reasoning1215

patterns required for diverse tasks.1216

Second, explicit reasoning chains, while enhanc-1217

ing transparency and controllability, introduce a1218

potential trade-off between interpretability and ef-1219

ficiency. To mitigate this, we have employed two1220

strategies: (i) hard-capping the chain length to at1221

most three modules, ensuring the reasoning pro-1222

cess remains concise, and (ii) adaptive chain length1223

allocation, where the composer learns to shorten1224

reasoning for simple questions, often reducing to1225

a single final_answer step while allocating ad-1226

ditional steps only when necessary for complex1227

problems. Despite these measures, exploring finer-1228

grained efficiency control remains an open chal-1229

lenge.1230

Future work could explore several promising di-1231

rections. One avenue is automatic or latent module1232

discovery through large-scale pretraining, which1233

may uncover richer reasoning patterns beyond man-1234

ually defined operations. Additionally, it would be1235

valuable to investigate adaptive chain-length con- 1236

trol and reasoning compression, aiming to enhance 1237

efficiency without sacrificing accuracy. Finally, 1238

developing more sample-efficient reinforcement 1239

learning strategies represents an interesting oppor- 1240

tunity to further optimize the generation of reason- 1241

ing chains. 1242

A.7 Use of AI Assistants 1243

We used an AI assistant solely for English proof- 1244

reading and minor wording edits. The technical 1245

content, experimental design, results, and conclu- 1246

sions were produced by the authors, and all state- 1247

ments were verified by the authors. 1248
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Question

Answer from Ours (Deepseek-VL2)

△ABC的两内角平分线OB、OC相交于点O，若∠A＝110°，则∠BOC＝（）Choices:  (A) 135° (B) 140° (C) 145 ° (D) 150 °

1. Identify the given information: We know that ∠A = 110° and that OB and OC are the angle bisectors of ∠B and ∠C, respectively.
2. Determine the sum of the angles in a triangle: The sum of the angles in any triangle is 180°.
3. Calculate B + C: Since ∠A = 110°, we have:∠B + ∠C + 110° = 180°∠B + ∠C = 70°
4. Understand the relationship between the angle bisectors and the angles: The angle bisectors divide the opposite sides in the ratio of the adjacent
sides. However, for this problem, we need to focus on the relationship between the angles.
5. Calculate BOC: The angle bisectors meet at point O, forming an angle ∠BOC. This angle is related to the angles ∠B and ∠C. Specifically, it is twice
the angle formed by the intersection of the angle bisectors, which is half of (∠B +∠C).
6. Determine BOC: Since ∠B + ∠C = 70°, half of this sum is:

\frac{70°}{2} = 35°
7. Calculate the final value of BOC: The angle bisectors meet at point O, so ∠BOC is twice this value:

2 \times 35° = 70°

However, this result does not match any of the given options. Let's re-evaluate our steps to ensure accuracy.
Upon re-evaluation, it appears there was a mistake in interpreting the relationship between the angle bisectors and their intersection point. The
correct approach should directly consider the relationship between the angles formed by the intersection of the angle bisectors.

Given that OB and OC are angle bisectors, they divide their respective angles into two equal parts. Therefore, if we consider the intersection point O as
forming an angle with each of these bisected angles, we need to correctly calculate this intersection angle.
The correct approach should be:
1. Identify the given information: We know that ∠A = 110° and that OB and OC are the angle bisectors of ∠B and ∠C, respectively.
2. Determine the sum of the angles in a triangle: The sum of the angles is 180 °

[Answer: 145°]

Validation

Final Answer

Answer from Zero-shot CoT (Deepseek-VL2)
Step 1: 根据题目，我们知道△ABC的两内角平分线OB、OC相交于点O。根据三角形的内角和定理，三角形的三个内角之和为180°。

Step 2: 题目给出∠A = 110°，我们可以先求出∠B + ∠C的值。因为∠A + ∠B + ∠C = 180°，所以∠B + ∠C = 180° - ∠A = 180° - 110° = 70°。

Step 3: 由于OB和OC分别是∠B和∠C的角平分线，所以∠OBC = ∠OCB = (1/2) * ∠B，∠OCB = (1/2) * ∠C。
Step 4: 因此，∠BOC = ∠OBC + ∠OCB = (1/2) * ∠B + (1/2) * ∠C = (1/2) * (∠B + ∠C) = (1/2) * 70° = 35°。

Step 5: 但是，由于OB和OC是两条角平分线，所以它们相交于一点O，形成的内角和应该是180°，即∠BOC = 180° - ∠A = 180° - 110° = 70°。

Step 6: 然而，我们注意到在题目中给出的选项中并没有70°，因此我们需要重新审视我们的推理过程。

Step 7: 实际上，由于OB和OC是两条角平分线，它们相交于一点O，形成的角度应该是两个内角的和的一半。因此，正确的计算应该是：∠BOC = (1/2) * (∠A + ∠B + ∠C) 
= (1/2) * (110° + 70°) = (1/2) * 180° = 90°。

Step 8: 但是，根据题目给出的选项，最接近90°的选项是135°，因此我们选择135°作为答案。

[Answer: A]

Answer from Deepseek-VL2
首先，根据题目描述，△ABC的两内角平分线OB、OC相交于点O。我们需要求出∠BOC的度数。

第一步：确定∠A的平分线：已知∠A = 110°，根据三角形内角平分线的性质，内角平分线将内角分成两个相等的角。因此，∠A的平分线将∠A分成两个相等的角，每个
角的度数为： \frac{110°}{2} = 55°。所以，∠A的平分线将∠A分成两个55°的角。

第二步：确定∠BOC：接下来，我们需要确定∠BOC。根据三角形内角和定理，三角形的三个内角之和为180°。因此，我们可以先求出∠B和∠C的和：180° - 110° = 70°

由于OB和OC是△ABC的两条内角平分线，它们分别将∠B和∠C分成两个相等的角。因此，每个角的度数为：\frac{70°}{2} = 35°。所以，∠B和∠C的平分线分别将∠B和∠C分成两个35°的角。

第三步：计算∠BOC：现在我们知道，OB和OC分别将∠B和∠C分成两个35°的角。因此，点O处的两个角的和为：35° + 35° = 70°。由于OB和OC是两条内角平分线相交
于O点，所以它们形成的夹角为：180° - 70° = 110°

因此，最终我们得出：∠ BOC = 110°

最终答案：

[Answer: 110°]

Figure 10: Math Reasoning Example 1 (Deepseek-VL2): Our method correctly identifies and subtracts objects
according to conditions, while baselines fail.
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Figure 11: Math Reasoning Example 2 (Qwen2.5-VL): Our method produces the correct result with interpretable
steps.

Question

Answer from Ours (Deepseek-VL2)

The patient shown below most likely has which of the following? <image 1>
Choices:["Paget's disease", 'Sickle cell disease', 'Ankylosing spondylitis', 'Renal osteodystrophy']

The spine in the X-ray shows a lateral curvature, which is characteristic of scoliosis. This condition can be associated with various causes, including
congenital factors, neuromuscular disorders, or metabolic conditions like renal osteodystrophy. Given the context provided by the choices, renal
osteodystrophy is a plausible diagnosis due to its association with bone changes resulting from kidney dysfunction.

1. Analyze the spine for any abnormalities such as curvature, alignment issues, or lesions.
- The spine in the X-ray shows a lateral curvature, which is characteristic of scoliosis.

2. Check for signs of bone density changes, fractures, or other structural anomalies.
- There are no obvious signs of bone density changes, fractures, or other structural anomalies visible in the X-ray.

3. Consider the patient's medical history and symptoms to narrow down potential conditions.
- Given the context provided by the choices, renal osteodystrophy is a plausible diagnosis due to its association with bone changes resulting

from kidney dysfunction.

[Answer: Renal osteodystrophy]

Visual

Final Answer

Problem 
Decompose

Answer from Zero-shot CoT (Deepseek-VL2)

Answer from Deepseek-VL2

[Answer: Ankylosing spondylitis]

[Answer: Ankylosing spondylitis]

Figure 12: General QA Example 1 (Deepseek-VL2): Our structured reasoning improves accuracy over baselines.
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Figure 13: General QA Example 2 (Qwen2.5-VL): Our approach maintains reasoning clarity and correctness.
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