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Abstract In recent years, Multimodal Large Language Models (MLLL.LMs) have made significant
and remarkable progress in the field of artificial intelligence, particularly demonstrating
unprecedented potential in logical reasoning. With the continuous evolution of deep learning
techniques and enhanced capabilities for cross-modal data fusion, MLLMs are gradually
narrowing the gap with human cognitive abilities. The emergence of chain-of-thought reasoning,
as a method mimicking human step-by-step problem analysis, has significantly enhanced the
capabilities of large language models, especially in complex reasoning tasks involving multiple
steps and diverse information, where its importance is increasingly prominent. Despite these
encouraging advancements, MLILMs still face substantial challenges in controllable reasoning,

particularly in visual question answering (VQA) environments that require simultaneous
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processing and understanding of both visual and textual information. Traditional methods often
lead to unstructured reasoning processes that are difficult to trace and verify, or are constrained by
predefined, rigid frameworks. This not only limits the model’s adaptability and generalization
across different tasks but also compromises the effectiveness and interpretability of final decisions.
A core research difficulty lies in balancing the flexibility and structure of the reasoning process to
meet both the efficiency needs of simple tasks and the in-depth analysis requirements of complex
scenarios.

To address these key issues, this study innovatively proposes the Controlled Multimodal
Decision-making Method based on Chain-of-Thought reasoning (CMDM-CoT), a novel
controllable framework designed to systematically enhance the reasoning capabilities of MLLMs.
A core innovation of CMDM-CoT is the introduction of an adaptive problem-solving decision set.

2

This set functions like a dynamic “reasoning toolkit,” enabling the model to autonomously and
intelligently select the most appropriate reasoning paths and strategies based on the intrinsic
complexity and characteristics of the specific task, thereby effectively overcoming the limitations
and rigidity associated with traditional fixed frameworks. Furthermore, to ensure the quality and
robustness of the entire reasoning process, CMDM-CoT meticulously designs and integrates a
state evaluation mechanism. This mechanism provides real-time, quantitative scores for each
intermediate state within the reasoning chain, continuously monitoring logical consistency,
rationality, and informational validity, thus promoting high-quality learning and decision-making
and effectively preventing error accumulation and logical deviation. This comprehensive
methodological design allows the framework not only to facilitate efficient, minimal reasoning for
simple tasks, avoiding unnecessary computational overhead, but also to support detailed, step-by-
step reasoning for complex and ambiguous problems, demonstrating powerful task adaptability.
Notably, to validate the effectiveness and universality of the CMDM-CoT framework, we
applied it to three representative mainstream open-source models—Llama, Qwen2-VL, and
InternVL2—for extensive experimental evaluation. The results demonstrated that CMDM-CoT
performs excellently. Compared to the baseline models without this framework enhancement,
these models achieved an average performance improvement of 7.3% across multiple visual
reasoning and question-answering tasks, fully attesting to the method’s effectiveness and
generalizability. More remarkably, these open-source models enhanced by CMDM-CoT even
surpassed the larger-parameter, computationally intensive closed-source commercial model GPT-
4V in certain evaluation scenarios. This finding strongly indicates that through the introduction of
advanced reasoning control frameworks like CMDM-CoT, the open-source models involved in
this study exhibit strong competitiveness across multiple authoritative benchmarks. This provides
a new direction and robust technical support for the future development and application of the
open-source community, and also suggests that controllable and interpretable multimodal

reasoning is moving towards a more mature and practical stage.

Keywords chain-of-thought reasoning; multimodal large language models; visual question

answering; adaptive decision making mechanism; complex reasoning
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Background

The research presented in this paper falls within the domain
of artificial intelligence, specifically focusing on enhancing the
reasoning capabilities of multimodal large language models
(MLLMs) in the context of visual question answering (VQA).
VQA is a challenging task that requires models to interpret and

reason about visual and textual data to provide accurate answers to
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questions related to images. Despite significant advancements in
the field, current MLLMs often struggle with structured and
effective reasoning, particularly when faced with complex and
diverse VQA tasks. Internationally, the concept of Chain of
Thought (CoT) reasoning has garnered considerable attention as

a means to improve the reasoning abilities of large language
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models. CoT reasoning involves breaking down complex evaluation mechanism that scores each reasoning state to ensure

reasoning tasks into manageable steps, thereby enhancing the
interpretability and accuracy of model outputs. Early work in this
area focused on few-shot CoT, where models were prompted
with a few examples to generate coherent reasoning chains. This
approach was later extended to zero-shot CoT, which uses
prompts like “let’s think step by step”to elicit reasoning without
explicit examples.

Despite few advancements, generating structured and
effective reasoning chains remains a challenge, especially for diverse
and complex tasks. Existing models often face difficulties in maintaining
logical consistency and quality throughout the reasoning process.
The diversity and complexity of VQA tasks necessitate adaptive
reasoning strategies that can dynamically adjust to different task
requirements. This is where the proposed Controlled Multimodal
Decision-making Method based on Chain-of-Thought reasoning
(CMDM-CoT) aims to make a significant contribution.

CMDM-CoT

decision set, allowing models to autonomously select appropriate

introduces an adaptive problem-solving

reasoning paths based on task complexity. This approach
overcomes the limitations of fixed frameworks, enabling minimal
reasoning for simple tasks and detailed reasoning for complex

problems. Additionally, CMDM-CoT incorporates a state

logical consistency and high-quality learning. This mechanism
prevents the model from learning incorrect information from poor-
quality data, thereby enhancing the overall reasoning process.
The experiments demonstrates that CMDM-CoT significantly
improves the performance of MLLMs in VQA tasks. When
applied to three mainstream models—Llama, Qwen2VL, and
InternVL2—CMDM-CoT outperformed baseline models by an
average of 7.3%. Moreover, these models even surpassed the
larger proprietary model GPT-4V in several benchmark tests,
showcasing the competitiveness of the open-source models
developed in this study.

This paper addresses the challenges of structured and
effective reasoning in MLLMs for VQA tasks by introducing the
CMDM-CoT framework. The framework’s adaptive decision set
and state evaluation mechanism ensure logical consistency and
high-quality learning, significantly enhancing the reasoning
capabilities of MLLMs and improving their performance on
diverse VQA benchmarks.
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