
Mitigating Low-Quality Reasoning in MLLMs: Self-Driven Refined Multimodal
CoT with Selective Thinking and Step-wise Visual Enhancement

Chongjun Tu1*, Peng Ye2,3*, Dongzhan Zhou2, Tao Chen1,4†, Wanli Ouyang2, 3

1College of Future Information Technology, Fudan University
2Shanghai Artificial Intelligent Laboratory

3The Chinese University of Hong Kong
4Shanghai Innovation Institute

Abstract
Current Multimodal Chain-of-Thought (MCoT) methods suf-
fer from low-quality multimodal reasoning, characterized by
overthinking on simple queries and inefficient utilization of
visual information, resulting in vast inefficient and ineffec-
tive computations. In this paper, we discover that Multimodal
Large Language Models (MLLMs) possess inherent capabil-
ities to distinguish between simple and difficult queries and
enhance task-related visual information, which remain un-
derutilized by existing approaches. Based on this insight, we
propose Self-Driven Refined Multimodal CoT (SDR-MCoT),
a training-free framework that mitigates these issues through
two self-driven modules. First, our selective thinking module
employs entropy-based confidence estimation to determine
whether queries require detailed reasoning, preventing over-
thinking on simple questions. Second, our step-wise visual
enhancement module strengthens attention to relevant visual
regions at each reasoning step without inserting additional to-
kens, achieving fine-grained visual grounding and enhance-
ment with minimal overhead. Moreover, SDR-MCoT can be
seamlessly integrated into various MLLMs, offering a prac-
tical solution for improving multimodal reasoning. Compre-
hensive experiments across eight benchmarks from diverse
domains (multimodal reasoning, visual understanding, hallu-
cination, and mathematical reasoning) demonstrate that SDR-
MCoT consistently outperforms existing MCoT methods on
four different base models with reduced overhead. For in-
stance, on Qwen2-VL-7B, our method improves average ac-
curacy by over 6% while reducing token consumption by ap-
proximately 60% compared to zero-shot CoT.

1 Introduction
Chain-of-Thought (CoT) techniques have significantly en-
hanced the reasoning capabilities of Large Language Models
(LLMs) by breaking down complex problems into interme-
diate steps (Kojima et al. 2022). As Multimodal Large Lan-
guage Models (MLLMs) evolve, researchers have adapted
CoT for vision-language tasks (Tu et al. 2025; Zhang et al.
2025a), introducing Multimodal Chain-of-Thought (MCoT)
approaches. These methods aim to tackle complex tasks,
such as scientific question answering (Zheng et al. 2025a;
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Figure 1: Performance and token consumption comparisons
of different MCoT methods averaged across 8 benchmarks
using Qwen2-VL-7B. Our proposed SDR-MCoT achieves
superior accuracy while significantly reducing token con-
sumption compared to existing MCoT approaches. Most ex-
isting MCoT methods show inconsistent performance across
diverse task types, leading to limited average improvements.

Yu et al. 2025), medical diagnosis (Liu et al. 2024b), and
robotic navigation (Sun et al. 2024), which require both vi-
sual understanding and multi-step reasoning.

Current MCoT approaches follow three main paradigms,
as illustrated in Figure 2. Prompt-based methods apply
text-based CoT prompting to MLLMs, generating text-only
reasoning chains. For example, MM-CoT (Zhang et al.
2023) introduces a two-stage framework that generates ra-
tionales before answers. Visual supplementation methods
convert visual information into textual context through scene
graphs (Mitra et al. 2024), VQA-generated answers (Zheng
et al. 2023), bounding boxes (Shao et al. 2024; Man et al.
2025), or knowledge graphs (Mondal et al. 2024). Recent
interleaved-modal methods have taken a further step by di-
rectly inserting visual content at each reasoning step. Specif-
ically, existing methods crop relevant patches from input im-
ages (Gao et al. 2025), use external tools for editing (Zheng
et al. 2025b), or generate new images (Hu et al. 2024) to
provide fine-grained visual information during reasoning.

Despite these advances, current MCoT methods still suf-
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Figure 2: Illustration of different MCoT methods. (a) No CoT: MLLMs directly generate answers without intermediate rea-
soning steps. (b) Prompt-based methods: Generate structured reasoning chains through specific prompting instructions. (c)
Visual supplementation methods: Convert visual evidence into textual context in the first generation stage (such as JSON file,
knowledge graph and bounding box), and obtain answers in the second stage. (d) Interleaved-modal methods: Insert visual
content (e.g., cropped patches, edited or generated images) at each reasoning step. (e) Our proposed Self-Driven Refined
MCoT: Enables MLLMs to conduct selective thinking based on response certainty and enhance attention to relevant visual
regions at each reasoning step without inserting tokens. Tokens with enhanced attention are marked with a green box.

fer from low-quality multimodal reasoning that limits their
practical applications. First, most methods apply complex
reasoning to all queries, resulting in the overthinking phe-
nomenon, where unnecessary reasoning traces are generated
for simple questions. While overthinking has been studied in
Large Reasoning Models (LRMs) and LLMs (Chen et al.
2024c; Wu et al. 2025; Alomrani et al. 2025), it remains
under-explored in MLLMs. Second, these methods utilize
visual information inefficiently. Specifically, prompt-based
approaches struggle to leverage visual evidence in reason-
ing steps. Visual supplementation methods primarily supple-
ment at the input phase through extended prompts, resulting
in substantial token overhead without fine-grained alignment
with reasoning steps. Although interleaved-modal methods
directly introduce visual information through image patches,
they incur significant computational costs due to multiple vi-
sual processing and frequent external tool invocations, and
mostly require specialized training or architectural modifi-
cations, limiting their applicability across different models.

In this paper, we discover that MLLMs possess inher-
ent capabilities to distinguish between simple and diffi-
cult queries and enhance task-related visual information,
which can effectively mitigate the low-quality multimodal
reasoning problem but are underutilized by existing meth-
ods. Based on this insight, we propose Self-Driven Refined
Multimodal CoT (SDR-MCoT), a framework with two key
components: a self-driven selective thinking module and a
self-driven step-wise visual enhancement module. Specifi-

cally, at the sample level, the selective thinking module em-
ploys an entropy-based confidence estimation mechanism
via the model’s predicted logits to autonomously determine
whether each query requires detailed reasoning or can be an-
swered directly. This prevents overthinking on simple ques-
tions while maintaining sufficient reasoning depth for com-
plex problems. At the reasoning step level, the step-wise
visual enhancement module strengthens attention to task-
relevant visual regions at each reasoning step without in-
serting additional tokens. This is achieved through a rela-
tive attention mechanism that identifies and boosts attention
to visual patches crucial for each reasoning step. Through
the proposed SDR-MCoT, we achieve superior performance
with significantly reduced token consumption. Moreover,
our proposed method is completely training-free and seam-
lessly applicable to various MLLM architectures.

We evaluate the proposed SDR-MCoT on multiple bench-
marks spanning diverse domains, including multimodal
reasoning (M3CoT (Chen et al. 2024b), CoMT (Cheng
et al. 2025), ScienceQA (Lu et al. 2022)), general vi-
sual understanding (MMStar (Chen et al. 2024a), A-
OKVQA (Schwenk et al. 2022), V* (Wu and Xie 2024)),
hallucination evaluation (HallusionBench (Guan et al.
2024)), and mathematical reasoning (MathVista (Lu et al.
2024)). We compare SDR-MCoT with existing MCoT ap-
proaches across four base models: Qwen2-VL-7B (Wang
et al. 2024), InternVL3-8B (Zhu et al. 2025), and LLaVA-
1.5-7B/13B (Liu et al. 2024a). Experimental results demon-
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strate that our method achieves state-of-the-art performance
while utilizing significantly fewer tokens. For instance, as
illustrated in Figure 1, SDR-MCoT achieves an average per-
formance improvement of over 6% across all eight bench-
marks while reducing token consumption by approximately
60% compared to the zero-shot CoT baseline on Qwen2-
VL-7B. This validates that our approach effectively miti-
gates low-quality multimodal reasoning in MLLMs.

Our main contributions can be summarized as follows:
• We discover that MLLMs possess inherent abilities to

distinguish between simple and difficult queries and en-
hance task-related visual information, based on which
we propose a novel self-driven refined multimodal CoT
(SDR-MCoT) framework that effectively improves the
quality of multimodal reasoning, achieving superior per-
formance with reduced token consumption.

• At the sample level, we introduce an entropy-based selec-
tive thinking module, enabling models to dynamically se-
lect reasoning strategies for each sample and avoid over-
thinking on simple queries. At the reasoning step level,
we develop a step-wise visual enhancement module that
strengthens attention to relevant visual regions for each
reasoning step, thereby achieving fine-grained visual en-
hancement without requiring additional tokens.

• Comprehensive experiments on four base models and
eight benchmarks from different domains demonstrate
that our proposed method achieves superior performance
while significantly reducing token consumption. More-
over, SDR-MCoT is totally training-free and can be
seamlessly applied to various MLLM architectures.

2 Related Work
2.1 Multimodal Chain-of-Thought (MCoT)
Recent advances in MCoT aim to enhance the reasoning ca-
pabilities of MLLMs. These methods can be categorized into
three main paradigms: prompt-based methods, visual sup-
plementation methods, and interleaved-modal methods.

Prompt-based methods apply CoT prompting tech-
niques from LLMs (Kojima et al. 2022) to MLLMs and gen-
erate structured textual reasoning steps. MM-CoT (Zhang
et al. 2023) introduces a two-stage framework that gener-
ates rationales before answers. LLaVA-CoT (Xu et al. 2024)
structures reasoning into four stages to maintain clarity.
While these approaches demonstrate the feasibility of mul-
timodal reasoning, they primarily rely on textual processes,
potentially missing crucial visual details.

Visual supplementation methods enhance MCoT by
transforming visual information into textual context. DD-
CoT (Zheng et al. 2023) decomposes problems and adopts
VQA models to answer sub-questions for visual supple-
ments. CCoT (Mitra et al. 2024) generates scene graphs as
intermediate steps. Other methods train models to leverage
bounding boxes (Shao et al. 2024; Man et al. 2025) and
knowledge graphs (Mondal et al. 2024) to supplement visual
evidence, thereby enhancing the reasoning process. These
methods inject visual information at the input level through
extended prompts, causing substantial token overhead with-
out fine-grained alignment to different reasoning steps.

Interleaved-modal methods directly incorporate visual
content into reasoning steps rather than relying solely on
textual context. Several approaches utilize external tools to
edit (Zhou et al. 2024; Hu et al. 2024) or generate (Xiao
et al. 2024) images to reflect visual state changes during
reasoning. ICoT (Gao et al. 2025) crops and inserts visual
patches at each step based on attention mechanisms. Other
methods use RL or SFT training to enable models to better
master the paradigm of inserting (Jiang et al. 2025a; Zheng
et al. 2025b) or generating (Li et al. 2025a) visual tokens
during MCoT. While achieving stronger visual grounding
and providing step-wise visual information, these methods
incur significant overhead from multiple visual processing
and tool invocations, and mostly require specialized training
or architectural modifications.

In contrast, our proposed method introduces a novel step-
wise visual enhancement mechanism that strengthens atten-
tion to task-relevant visual regions at each reasoning step
without requiring additional tokens. This training-free ap-
proach achieves fine-grained visual grounding enhancement
with minimal computational overhead and can be seamlessly
integrated into various MLLM architectures, offering a prac-
tical alternative to existing MCoT paradigms.

2.2 Efficient Large Model Reasoning
With the increasing development of reasoning capabilities
of LLMs and MLLMs, the simultaneously growing reason-
ing overhead has attracted attention. Currently, research on
efficient reasoning mainly focuses on LLMs, while work on
MLLMs remains relatively underexplored.

Efficient reasoning in LLMs aims to promote concise
reasoning and mitigate unnecessary thinking processes to re-
duce inference costs. Several studies identify the overthink-
ing problem (Chen et al. 2024c; Wu et al. 2025), where mod-
els often allocate excessive tokens to simple queries with-
out performance gains or even causing performance decline.
To address these inefficiencies, various strategies have been
proposed. Token-budget-aware methods (Muennighoff et al.
2025; Han et al. 2024; Li et al. 2025b; Lin et al. 2025) esti-
mate appropriate token budgets or problem difficulty (Huang
et al. 2025; Shen et al. 2025) for each query. Other methods
adaptively select reasoning depths (Zhang et al. 2025b; Xi-
ang et al. 2025) or thinking modes (Jiang et al. 2025b; Liang
et al. 2025) according to problem complexity.

Efficient reasoning in MLLMs remains less explored.
Certainty-Based Adaptive Routing (Lu et al. 2025) uses
perplexity-based confidence to route queries between short
and long reasoning paths. Fast-Slow Thinking (Xiao et al.
2025) trains MLLMs via reinforcement learning to adap-
tively adjust reasoning depth based on visual complexity.
Long or Short CoT (Zhang, Xiao, and Cao 2025) trains
lightweight selectors to choose between reasoning strategies
for multimodal tasks. However, these methods require ei-
ther fine-tuning MLLMs or training external routing models,
which limits their general applicability.

Compared to existing efficient MLLM reasoning meth-
ods, which require training or external components, our pro-
posed method operates in a training-free manner by enabling
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Figure 3: Overview of the proposed SDR-MCoT. Selective Thinking: For each query, MLLMs obtain answer confidence and
determine whether to answer directly or conduct step-by-step reasoning with step-wise visual enhancement. Step-wise Visual
Enhancement: At each reasoning step, the current visual attention map is multiplied by the relative attention and undergoes
morphological erosion to obtain regions related to the question and the current step. Based on this, we adaptively select the
tokens that need to be enhanced. Finally, we achieve visual enhancement for the current step by increasing the attention scores
of selected tokens. Calculation of the relative attention is illustrated in Figure 5.

MLLMs to conduct selective thinking, thereby mitigating
overthinking and reducing token consumption.

3 Method
In this section, we present the Self-Driven Refined Multi-
modal CoT (SDR-MCoT) framework, which mitigates low-
quality multimodal reasoning in MLLMs. As illustrated in
Figure 3, SDR-MCoT operates at both the sample level and
reasoning step level. The selective thinking module assesses
the query complexity at the sample level by estimating an-
swer confidence through entropy-based analysis, determin-
ing whether a direct answer or detailed reasoning is re-
quired. For queries requiring detailed reasoning, the step-
wise visual enhancement module strengthens attention to
task-relevant visual regions at each reasoning step without
inserting additional tokens, ensuring effective visual ground-
ing throughout the reasoning process. This design enables
SDR-MCoT to avoid overthinking on simple queries while
enhancing visual understanding for complex problems.

3.1 Self-Driven Selective Thinking
Our selective thinking module is motivated by the observa-
tion that MLLMs possess inherent capabilities to assess their
answer confidence. To investigate this capability, we ana-
lyze the correlation between answer accuracy and the en-
tropy of predicted logits on the M3CoT benchmark. Specif-
ically, we compute the entropy of the first generated token
when the model is prompted to provide a direct answer. For-
mally, given an input image I and question Q, we compute
the entropy H of the predicted logits:

H = −
V∑

i=1

pi log pi, where pi =
exp(zi/T )∑V
j=1 exp(zj/T )

(1)

where V is the vocabulary size, zi is the logit for the i-th to-
ken, and T is the generation temperature of the MLLM. We
then sort samples by their entropy values and divide them
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Figure 4: Correlation between performance and entropy of
predicted logits on M3CoT using Qwen2-VL-7B.

into 10 groups with equal scales. For each group, we cal-
culate the average entropy and accuracy. Figure 4 reveals
a clear negative correlation: samples with lower entropy
values (indicating higher confidence) achieve substantially
higher accuracy, while those with higher entropy (lower
confidence) show poor performance. This finding suggests
that MLLMs can effectively estimate their answer certainty
through the entropy of predicted logits, which forms the
foundation of our selective thinking mechanism.

Based on this insight, we design an entropy-based con-
fidence estimation mechanism. For each query, we prompt
the model with the instruction Answer the question using a
single word or phrase. This specific prompt serves multiple
purposes: (1) it focuses the model’s attention on answering
the question directly, (2) it encourages the model to provide
a conclusive response, and (3) it enables us to compute a
reliable confidence estimate with just a single forward pass,
avoiding the overhead of generating lengthy reasoning steps.
We then use the obtained entropy value to determine the ap-
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What is the color of the mailbox?
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Figure 5: Illustration of the relative attention mechanism. (a) When provided with answer options, MLLMs focus on answering,
with their visual attention dispersed. (b) Without options, models actively attend to question-relevant regions but still allocate
attention to edges of the input image. (c) By contrasting these two attention patterns, we can obtain the relative attention, which
eliminates edge attention while preserving the main focus on important visual regions.

propriate reasoning strategy:

Strategy =

{
Direct Answer if H < θ

Step-by-Step Reasoning if H ≥ θ
(2)

where θ is an entropy threshold adaptively set by sampling a
small subset and using the average entropy. Queries with low
entropy are answered directly, while those with high entropy
undergo detailed reasoning with visual enhancement.

This selective approach prevents overthinking on sim-
ple queries while ensuring sufficient reasoning depth for
complex problems, effectively reducing token consumption
without compromising performance.

3.2 Self-Driven Step-wise Visual Enhancement
Beyond assessing answer confidence, we discover that
MLLMs also possess capabilities to identify task-relevant
visual regions, which remain underutilized during multi-step
reasoning. To address this, we develop a step-wise visual en-
hancement mechanism that strengthens attention to relevant
regions throughout the reasoning process.

Relative Attention Mechanism. Figure 5 illustrates our
key observation through three distinct attention patterns.
When MLLMs are provided with answer options, they pri-
marily focus on generating the answer, resulting in dispersed
visual attention across the image. In contrast, when options
are removed, models actively attend to question-relevant re-
gions but also allocate substantial attention to image edges
and corners that contain limited semantic information. By
computing element-wise division of these two patterns, we
obtain the relative attention that effectively eliminates edge
attention while preserving high attention scores for impor-
tant visual regions. The relative attention is calculated only
once for each sample. For open-ended questions without an-
swer options, we directly use the active attention pattern.

Step-wise Visual Enhancement. Leveraging the relative
attention mechanism, we enhance visual grounding at each

reasoning step through a multi-stage process that identifies
and strengthens attention to relevant regions as follows:

(1) Region Amplification. First, we compute a region
amplified attention map by combining the current attention
with the relative attention:

Aamp = Acurr ⊙Arel (3)
where Acurr represents the attention map at the current rea-
soning step, Arel is the relative attention map, and ⊙ denotes
element-wise multiplication. Both Acurr and Arel are com-
puted by averaging attention weights across all layers. This
multiplication highlights visual regions that are important
for both the current reasoning context and the original ques-
tion. (2) Morphological Refinement. We apply morpholog-
ical erosion to the amplified attention map to filter out iso-
lated high-attention points caused by the attention sink phe-
nomenon (Kang et al. 2025), which can mislead our token
selection process. This refinement ensures that we focus on
coherent visual regions rather than scattered individual to-
kens. (3) Adaptive Token Selection. We adaptively deter-
mine the number of visual tokens to enhance. Since the dis-
tribution of high-attention tokens after erosion reflects the
visual regions relevant to the current reasoning step, we se-
lect tokens to be enhanced based on the count of remaining
high-attention patches. This adaptive approach can naturally
adjust according to the resolution of the input image and the
scale of the relevant region in the current step. (4) Attention
Enhancement. Finally, we enhance the attention values of
the selected tokens during the reasoning step. Specifically,
we multiply their post-softmax attention values by an en-
hancement factor α and normalize attention values to main-
tain their sum to 1:

a′k =

{
α · ak · 1∑

i/∈S ai+
∑

j∈S α·aj
if k ∈ S

ak · 1∑
i/∈S ai+

∑
j∈S α·aj

if k /∈ S
(4)

where S is the set of selected tokens for enhancement, and
the normalization ensures that

∑
k a

′
k = 1.
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Method Token
Consumption

Multi-modal Reasoning General Visual Understanding Hallucination Math Avg.
M3CoT CoMT ScienceQA MMStar A-OKVQA V* HalBench MathVista

Base Model Qwen2-VL-7B
No CoT 35.54 46.81 28.08 76.15 51.22 83.12 68.06 65.34 53.2 59.00
CoT 172.08 45.90 28.37 72.19 53.62 80.02 67.54 63.76 47.3 57.34
DDCoT 760.41 53.36 31.35 76.25 51.52 81.04 62.75 65.54 50.5 59.04
MMCoT 189.15 54.01 31.56 78.83 55.08 85.21 70.16 66.14 53.0 61.75
CCoT 920.35 50.65 27.67 69.41 52.79 70.42 67.02 66.44 54.0 57.30
ICoT 237.54 46.50 29.30 72.46 53.47 79.72 68.59 65.87 49.1 58.13
SDR-MCoT 67.94 56.17 32.39 81.01 56.39 86.67 70.68 69.12 57.1 63.69
Base Model InternVL3-8B
No CoT 65.40 56.54 45.95 92.58 66.58 87.95 74.73 80.09 57.8 70.28
CoT 224.46 47.90 44.39 89.24 65.07 83.67 70.37 78.97 47.6 65.90
DDCoT 1839.78 60.82 42.69 90.50 63.27 85.31 64.25 76.96 66.0 68.73
MMCoT 406.92 61.52 45.40 91.42 66.67 88.47 73.37 76.46 63.8 70.89
CCoT 1077.70 52.00 40.82 86.02 65.13 84.72 70.43 74.72 57.2 66.38
ICoT 511.57 48.60 39.55 85.55 44.00 73.97 72.61 75.00 32.2 58.94
SDR-MCoT 100.33 61.25 46.21 95.38 67.00 89.09 75.81 79.78 68.4 72.87
Base Model LLaVA-1.5-7B
No CoT 11.76 39.01 26.24 59.87 33.06 77.09 43.98 45.96 23.1 43.54
CoT 104.77 37.75 23.06 61.62 31.91 73.99 40.57 49.27 24.5 42.83
DDCoT 832.25 34.95 24.79 53.41 30.33 68.99 42.41 49.55 23.5 40.99
MMCoT 169.64 35.29 24.89 55.47 32.61 73.70 37.37 42.51 23.2 40.63
CCoT 1112.41 37.85 25.25 59.65 32.15 76.24 39.47 51.23 23.5 43.17
ICoT 148.82 38.55 23.26 62.38 35.16 76.22 43.98 52.22 23.2 44.37
SDR-MCoT 59.40 40.15 27.90 62.65 35.51 78.51 44.62 51.93 25.2 45.81
Base Model LLaVA-1.5-13B
No CoT 23.58 36.28 24.83 66.63 33.27 81.64 46.07 53.24 29.2 46.40
CoT 114.24 36.18 24.28 62.47 33.69 78.56 46.25 49.89 23.9 44.15
DDCoT 818.94 37.50 24.33 64.40 34.88 77.23 45.55 45.75 23.8 44.18
MMCoT 268.81 37.41 26.96 62.17 34.68 75.38 49.17 47.65 26.6 45.00
CCoT 1012.06 36.01 27.33 66.98 35.53 80.49 44.50 57.96 25.8 46.20
ICoT 197.34 37.80 26.11 62.38 34.96 78.61 43.83 52.34 23.9 44.99
SDR-MCoT 63.76 39.31 27.37 67.56 36.01 84.23 49.44 55.03 29.6 48.57

Table 1: Performance comparison of different MCoT methods across multiple benchmarks. Token consumption represents the
average number of tokens used to obtain the final answer. Tokens are counted using tokenizers of the corresponding base
models. Best results are bolded and sub-optimal results are underlined. HalBench and Avg. represent HallusionBench and
Average Performance, respectively.

This step-wise visual enhancement module operates
seamlessly within the reasonging process of MLLMs,
strengthening visual grounding at each step without requir-
ing additional token insertions or external tool invocations.
By leveraging the model’s inherent capabilities, we achieve
fine-grained visual enhancement with minimal computa-
tional overhead.

4 Experiments
4.1 Baselines
We evaluate our method against several representative
training-free MCoT approaches across four base models:
LLaVA-1.5-7B/13B (Liu et al. 2024a), InternVL3-8B (Zhu
et al. 2025) and Qwen2-VL-7B (Wang et al. 2024). The
compared methods are introduced in brief as follows:

No CoT refers to vallina responses where MLLMs di-

rectly process the input image and question without addi-
tional prompt or explicit guidance on reasoning.

CoT (Kojima et al. 2022) encourages MLLMs to generate
reasoning steps in a zero-shot manner by adding a simple
instruction “Let’s think step by step.”

MM-CoT (Zhang et al. 2023) implements a two-stage
reasoning framework. MLLMs generate textual rationales in
the first stage and then derive the final answer based on the
rationales as well as the original image and question.

DDCoT (Zheng et al. 2023) decomposes input ques-
tions into simpler sub-questions and utilizes a separate VQA
model to generate corresponding sub-answers. Then all sub-
questions/answers are provided to MLLMs as preliminary
knowledge along with the original image and question.

CCoT (Mitra et al. 2024) first prompts MLLMs to gener-
ate JSON-formatted scene graphs that describe objects, at-
tributes, and relationships in the image, then uses these scene
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graphs to guide the generation of the final answer.
ICoT (Gao et al. 2025) constructs interleaved-modal CoT

in a training-free way by selecting visual tokens with high
attention scores and inserting them at each reasoning step.

4.2 Benchmarks
We conduct comprehensive experiments across 8 diverse
benchmarks to evaluate different aspects of multimodal rea-
soning capabilities as follows. (1) Multimodal Reason-
ing: M3CoT (Chen et al. 2024b), CoMT (Cheng et al.
2025), and ScienceQA (Lu et al. 2022); (2) General Vi-
sual Understanding: MMStar (Chen et al. 2024a), A-
OKVQA (Schwenk et al. 2022), and V* (Wu and Xie 2024);
(3) Hallucination Evaluation: HallusionBench (Guan et al.
2024); (4) Mathematical Reasoning: MathVista (Lu et al.
2024). Detailed descriptions of each benchmark are pro-
vided in the Appendix.

4.3 Main Results
Table 1 presents the comparative results across eight bench-
marks. We also report the average token consumption, rep-
resenting the number of tokens used to obtain the answer
beyond the input question and image.

Our proposed SDR-MCoT demonstrates superior perfor-
mance across diverse benchmarks while achieving signifi-
cant token efficiency, validating its effectiveness in mitigat-
ing low-quality multimodal reasoning. In contrast, existing
MCoT methods show inconsistent performance gains across
different task types and base models. For instance, while
MM-CoT achieves notable improvements on multimodal
reasoning and general visual understanding tasks on Qwen2-
VL-7B, it shows marginal or negative effects on other bench-
marks and models. Similarly, other MCoT methods fail to
deliver stable improvements. This inconsistency, aligning
with recent findings (Gao et al. 2025), stems from two pri-
mary factors: First, extended reasoning processes introduce
error accumulation and overthinking (Wu et al. 2025), par-
ticularly on simple queries. Second, as recent studies (Yang
et al. 2025; Chu et al. 2025; Tu et al. 2025) have shown,
MLLMs tend to neglect visual information during extended
reasoning, causing them to make errors on questions they
could answer correctly with direct responses. Our proposed
SDR-MCoT mitigates these limitations by reducing over-
thinking on confident questions and enhancing attention to
relevant visual evidence.

From the perspective of token consumption, visual sup-
plementation methods incur significant overhead due to
their inefficient provision of visual information. Taking
Qwen2-VL-7B for example, DDCoT generates extensive
sub-questions and sub-answers, consuming an average of
760.41 tokens. CCoT’s JSON-formatted scene graphs re-
sult in even higher consumption (920.35 tokens), as they
attempt to exhaustively describe visual elements regardless
of task relevance. Besides, ICoT also results in higher over-
head than zero-shot CoT due to multiple insertions of visual
patches. In contrast, our step-wise visual enhancement mod-
ule strengthens attention to relevant regions without insert-
ing any additional tokens. Together with our self-driven se-
lective thinking module, which effectively identifies queries

ST VE Token
Consumption CoMT MMStar HallusionBench

✗ ✗ 212.91 28.37 53.62 63.76
✓ ✗ 74.07 29.25 54.47 67.39
✗ ✓ 216.57 31.24 54.91 67.76
✓ ✓ 69.84 32.39 56.39 69.12

Table 2: Ablation study on the two key components of SDR-
MCoT. ST refers to Selective Thinking, while VE means
step-wise Visual Enhancement. Token consumption repre-
sents the average tokens used to obtain the final answer.

that require detailed reasoning while avoiding overthinking
on simple questions, SDR-MCoT uses only 67.94 tokens
on average, reducing token consumption by approximately
60% compared to CoT.

4.4 Ablation Study
To understand the contribution of each component in our
proposed SDR-MCoT framework, we conduct ablation ex-
periments on Qwen2-VL-7B and three representative bench-
marks by systematically removing the selective thinking
module and step-wise visual enhancement module. Table 2
presents the results.

We first analyse the separate effect of selective think-
ing and step-wise visual enhancement. The selective think-
ing module significantly reduces the average token con-
sumption from 212.91 to 74.07, achieving approximately a
65% reduction. Meanwhile, it also contributes to the per-
formance due to the mitigation of error accumulation dur-
ing overthinking. The step-wise visual enhancement mod-
ule shows minimal impact on token consumption, while pro-
viding consistent performance gains across all benchmarks.
This validates that our step-wise visual enhancement effec-
tively strengthens attention to task-relevant regions during
each reasoning step.

When combined, the two modules demonstrate comple-
mentary benefits. The SDR-MCoT framework not only re-
duces token consumption but also delivers the best perfor-
mance across all benchmarks, which effectively addresses
the low-quality multimodal reasoning problem from both ef-
ficiency and effectiveness perspectives.

5 Conclusion
In this paper, we addressed the low-quality multimodal rea-
soning problem in MLLMs and proposed Self-Driven Re-
fined Multimodal CoT (SDR-MCoT), a training-free frame-
work that leverages models’ inherent capabilities for more
efficient and effective reasoning. Our method introduces two
key innovations: an entropy-based selective thinking module
that dynamically determines whether detailed reasoning is
needed for each query, and a step-wise visual enhancement
module that strengthens attention to task-relevant regions
without inserting additional tokens. Extensive experiments
across eight benchmarks and four base models demonstrate
that SDR-MCoT consistently outperforms existing MCoT
methods while significantly reducing token consumption.
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