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ABSTRACT

Multimodal Chain-of-Thought (MCoT) substantially enhances the complex rea-
soning capabilities of Multimodal Large Language Models (MLLMs) by explicitly
modeling intermediate reasoning processes. However, most learning-based MCoT
methods follow a stage-centric paradigm, where different reasoning behaviors
are assigned to predefined stages and optimized separately. This results in frag-
mented reasoning and a training-inference reasoning-state gap. To address these
limitations, we propose ReState, a unified iterative reasoning framework that re-
formulates multimodal reasoning from a stage-driven pipeline into a state-driven
dynamic process. It comprises two complementary components: Unified Reason-
ing State Modeling (URSM) and Closed-Loop Reasoning-State Learning (CRSL).
URSM unifies reasoning construction, correct reasoning preservation, and erro-
neous reasoning correction as reasoning-state transitions within a shared state
space, enabling these heterogeneous reasoning behaviors to be learned jointly.
CRSL further incorporates self-generated historical reasoning states during training
and recursively updates the current state during inference, thereby mitigating the
reasoning-state gap and enabling iterative self-refinement without requiring an
additional reflection module, critic, or independent correction stage. Furthermore,
we construct VersaCoT-10K, a high-quality CoT dataset spanning eight visual
reasoning domains, which provides diverse supervision for multi-domain reasoning
and reasoning-state refinement. Extensive experiments demonstrate that ReState
exhibits strong adaptability across different MLLM backbones and achieves strong
performance on multiple public reasoning benchmarks, supporting the shift from
stage-centric reasoning toward state-centric reasoning. Our data and code are
available at

1 INTRODUCTION

Multimodal Large Language Models (MLLMs) have achieved remarkable progress across a wide
range of tasks, including visual question answering (Yu et al.,[2026; |Cheng et al.} 2025} Yang et al.,
2025bj; |Chen et al., [2024), scientific reasoning (Lu et al.} 2022 |Wang et al., |2024a; L1 et al., [2024;
Burgess et al.| [2025; Zhang et al. [2025), and chart understanding (Masry et al., [2022; Xu et al.|
2025; Masry et al., 2025; |Yang et al., |2025a). As their perceptual and cross-modal capabilities
improve, research has increasingly shifted from direct answer prediction toward explicit modeling
of intermediate reasoning processes (Zhang et al., 2024} |Cheng et al.| [2026}; Dong et al., 2026).
Multimodal Chain-of-Thought (MCoT) follows this direction by introducing explicit intermediate
reasoning to decompose complex problems into interconnected reasoning steps (Wang et al., 2025).

Existing MCoT research mainly focuses on constructing and optimizing reasoning chains.
Multimodal-CoT (Zhang et al.l |2024) introduced a two-stage paradigm of CoT generation and
answer inference, while subsequent methods incorporated structured reasoning representations (Mitra
et al.,2024), visual grounding (Shao et al.,|2024), and other mechanisms (Tan et al.| [2024aj; [Wang
et al., [2024a; He et al., [2024). More recently, MIND (Yu et al., 2026)) jointly learns positive and
negative CoTs, extending MLLMs from reasoning generation toward reasoning discrimination and
correction. Despite these advances, most learning-based MCoT methods remain stage-centric: differ-
ent reasoning behaviors are assigned to predefined stages with stage-specific models, mappings, or
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Figure 1: Comparison of reasoning paradigms and performance. The stage-centric paradigm assigns
different reasoning behaviors to predefined stages, leading to fragmented modeling and a training-
inference reasoning-state gap. In contrast, ReState proposes a state-centric paradigm that recursively
refines explicit reasoning states with a unified state-update operator, unifying reasoning construction,
preservation, and correction while leveraging model-generated historical states for closed-loop
learning. Across three backbones, ReState improves performance by 0.90%-4.60%, 0.83%-2.87 %,
and 0.18%-13.07% on VersaCoT-10K, ScienceQA, and M3CoT, respectively.

objectives. This leads to two limitations. First, reasoning behaviors are modeled separately, resulting
in fragmented reasoning without a unified mechanism for state evolution. Second, downstream
stages are typically trained on annotated or pre-constructed reasoning states but receive upstream
model-generated states during inference, introducing a training-inference reasoning-state gap.

Rather than designing increasingly complex reasoning stages, we ask whether heterogeneous reason-
ing behaviors can instead be unified as the evolution of explicit reasoning states. Motivated by this
view, we propose ReState (Reasoning-State Refinement), a unified iterative reasoning framework that
reformulates multimodal reasoning from a stage-driven pipeline into a state-driven dynamic process.
As illustrated in ReState focuses not on which predefined stage the model is in, but on what
reasoning state it currently has and how that state should be updated. Reasoning states of different
sources and qualities can therefore be handled by a shared state-update operator.

Specifically, ReState consists of two complementary designs. First, Unified Reasoning State Modeling
(URSM) reformulates reasoning construction, correct reasoning preservation, and erroneous reasoning
correction as transitions within a shared state space. Given an empty, correct, or erroneous reasoning
state, the same MLLM learns to update it toward a correct reasoning state, unifying previously
fragmented reasoning behaviors within a common state-evolution process. Second, Closed-Loop
Reasoning-State Learning (CRSL) incorporates self-generated historical reasoning states during
training and recursively feeds the current state back into the same model during inference. This
closed loop of “state generation — state feedback — state update” reduces the training-inference
reasoning-state gap and enables iterative self-refinement without additional reflection modules, critics,
or independent correction stages. From [Fig. T ReState consistently improves performance across
multiple datasets and backbones, with gains ranging from 0.18% to 13.07%. To further support
multi-domain reasoning and reasoning-state refinement, we construct VersaCoT-10K, a high-quality
CoT dataset containing 10,000 single-image multiple-choice samples across eight heterogeneous
visual reasoning domains for research. The main contributions are summarized as follows:

* We propose ReState, a unified iterative reasoning framework for MLLMs. By reformulating the
reasoning process from a stage-driven pipeline paradigm to a state-driven dynamic process, ReState
enables unified organization and continuous refinement of heterogeneous reasoning behaviors while
establishing a paradigm shift from stage-centric to state-centric reasoning.



* To address the fragmented modeling of reasoning behaviors in stage-based methods, we propose the
URSM mechanism, which unifies heterogeneous reasoning behaviors as reasoning-state transitions,
enabling joint optimization of reasoning construction, correct reasoning preservation, and erroneous
reasoning correction within a unified state space.

* To bridge the reasoning-state gap between training and inference, we propose the CRSL strategy,
which learns from self-generated reasoning states during training and recursively refines them
during inference, enabling continuous reasoning-state refinement without introducing additional
reflection modules or independent correction stages.

* We construct VersaCoT-10K, a high-quality CoT dataset covering eight heterogeneous visual
reasoning scenarios, providing new training and evaluation resources for studying multi-domain
reasoning and reasoning-state refinement in MLLMs.

2 RELATED WORK

Prompt-based MCoT Reasoning elicits explicit reasoning from MLLMs through prompt design,
in-context examples, or external information without parameter updates (Wang et al.||2025). Early
approaches mainly relied on few-shot demonstrations and multi-path sampling (Wei et al.| 2022
Wang et al.,|2022), while later studies strengthened visual-language interaction through explicit visual
descriptions, structured representations, and richer intermediate reasoning forms (Chen et al.| 2023}
Mitra et al., [2024; Meng et al.l 2023} [Hu et al., 2024; |Cheng et al, |2026). Retrieval and tool use
further extend reasoning with external knowledge and specialized visual capabilities (Lu et al., 2023}
You et al., [2023; Wu et al.| 2024b). Despite their flexibility, these methods remain sensitive to model
capability, prompt design, and sampling strategy (Jin et al., [2026).

Learning-based MCoT Reasoning explicitly supervises intermediate reasoning to connect visual ev-
idence, reasoning processes, and final answers. Multimodal-CoT (Zhang et al.,[2024) first established
a two-stage paradigm of CoT generation and answer inference. Building on this, MC-CoT (Tan et al.|
2024a), DPMM-CoT (He et al.,[2024), DDCoT (Zheng et al.,|2023)), and T-SciQ (Wang et al., [2024a)
enhance reasoning learning from the perspectives of multi-path collaboration, cross-modal semantic
alignment, responsibility decomposition, and knowledge transfer, respectively. Recent studies have
further extended MCoT through directions such as visual grounding, interleaved representations,
long-chain reasoning, and reinforcement learning (Li et al.,[2025; [Man et al.| [2025} |Chen et al.| [2026;
Wu et al.| [2024a; Lee et al., [2024; [Dong et al., 2025} [Tan et al., [2026; Huang et al., 2026)). In addition,
MIND (Yu et al.l [2026) further learns from positive and negative CoTs, extending MLLMs from
reasoning generation to reasoning discrimination and correction. Nevertheless, existing methods
generally treat intermediate CoTs as stage-specific outputs rather than reusable states for recursive
refinement. This stage-centric design results in fragmented reasoning and a training—inference
reasoning-state gap, motivating our shift toward state-centric reasoning.

3 PRELIMINARY: STAGE-CENTRIC REASONING PARADIGM

Most existing learning-based MCoT methods follow a stage-centric reasoning paradigm (Zhang
et al., 2024; [Tan et al.| |2024a; He et al.| [2024; |[Zheng et al., 2023} [Wang et al., 20244} [Yu et al.,
2026), typically decomposing reasoning into CoT generation and answer inference. These stages are
modeled independently rather than through unified reasoning-state evolution.

In the CoT generation stage, the model generates an explicit reasoning chain from the input:

R =My, (X), X={I, Q, O, C} (1
where Z, Q, O and C denote the image, question, candidate options, and image caption, respectively.
My, denotes an MLLM parameterized by 6. This stage is supervised using annotated reasoning
chains R¢7, learning a mapping from multimodal inputs to explicit reasoning processes.

In the answer inference stage, the generated reasoning chain is used as an additional condition:
A= Mp, (X, R) 2)

where A denotes the predicted answer, My, denotes an MLLM parameterized by 5. Notably,

this stage is trained on annotated reasoning R“”" but receives model-generated reasoning R by the
preceding stage at inference, resulting in a training-inference reasoning-state gap.
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Figure 2: Overview of the ReState framework. During training, URSM learns a shared state-update
operator from empty, correct, and erroneous reasoning states, while CRSL feeds model-generated
historical states back into training to reduce the training-inference reasoning-state mismatch. At
inference, the same model recursively updates the current reasoning state and answer, enabling
iterative self-refinement without additional critics, reflection modules, or separate correction stages.

Thus, predefined reasoning stages lead to fragmented reasoning and a training-inference reasoning-
state gap. These limitations motivate a unified formulation based on reasoning-state evolution.

4 RESTATE: A UNIFIED ITERATIVE REASONING FRAMEWORK

4.1 OVERVIEW

To address the limitations of stage-centric reasoning in Section [3] we propose ReState, which
reformulates multimodal reasoning from a stage-driven process into a unified dynamic evolution of
explicit reasoning states. As shown in[Fig. 2} ReState consists of unified state learning during training
and recursive state refinement during inference, built upon two complementary designs: URSM and
CRSL. During training, unlike existing MCoT methods (Yu et al.,2026), URSM unifies reasoning
construction, correct reasoning preservation, and erroneous reasoning correction as reasoning-state
transitions implemented by the same MLLM. Building on URSM, CRSL further incorporates
self-generated historical states to expose the state-update operator to model-induced states and
reduce the training-inference reasoning-state gap. During inference, ReState starts from an empty
state and recursively feeds the current reasoning state back into the same state-update operator,
progressively preserving valid reasoning, correcting potential errors, and updating the answer. The
entire process reuses the same model throughout and achieves iterative self-refinement without
requiring an additional reflection module, critic, or independent correction stage.

4.2  UNIFIED REASONING STATE MODELING (URSM) MECHANISM

Existing MCoT methods typically treat reasoning chains as stage-specific intermediate outputs. In
contrast, URSM represents intermediate reasoning of different qualities as continuously updatable
states and models them with a shared state-update operator.

(St+1w‘it+1) = My(X,S), Sie{¢p, R\ R} 3)

where My is the shared reasoning-state transition function implemented by a single MLLM param-

eterized by 0. S;, St+1 and At+1 denote the current reasoning state, updated reasoning state and
predicted answer. ¢, R™, R~ denote the empty, valid, and erroneous reasoning states, respectively,
with ¢ represented by the special token [EM PTY _SOLUTION].
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Figure 3: Construction pipeline of VersaCoT-10K dataset. It consists of three stages: Data Collection
and Standardization, CoT Annotation and Quality Control, and Reasoning-State Augmentation.

Within this unified state space, heterogeneous reasoning behaviors are reformulated as different
reasoning-state transitions. When S; = ¢, the model constructs an initial reasoning state from
the multimodal input, corresponding to reasoning construction. When S§; = R, it preserves
valid reasoning evidence while improving completeness and consistency, corresponding to correct
reasoning preservation. When §; = R, it revisits the original multimodal evidence to correct
errors in the current state, corresponding to erroneous reasoning correction. By jointly learning these
transitions, the model moves beyond generating reasoning chains from scratch to understanding, re-
evaluating, and refining existing reasoning states, extending its capability from reasoning generation
to reasoning-state understanding and refinement.

4.3 CLOSED-LOOP REASONING-STATE LEARNING (CRSL) STRATEGY

Although URSM provides a unified reasoning-state transition mechanism, training only on pre-
constructed states cannot fully cover the model-generated states encountered during recursive in-
ference. Differences in their source and error patterns therefore introduce a training—inference
reasoning-state gap, limiting the model’s ability to refine its own historical states.

To address this issue, CRSL feeds self-generated historical reasoning states back into training,
extending the URSM state space to S; € {¢, RT,R~,R"}. For each training sample i, CRSL
maintains a sample-specific, fixed-capacity history pool:

Hi = {8(1),S(2)s- -+ Sy } (4)

where S(ik) denotes the reasoning state generated for sample ¢ at the k7, round. The pool is updated

in a first-in-first-out manner, allowing #; to continuously track the state distribution induced by the
model throughout training. In our experiments, the pool capacity is set to 2.

By reusing these historical states as subsequent training inputs, CRSL forms a closed loop of
“state generation — state feedback — state update”. This exposes the state-update operator to
model-induced states closer to those encountered during recursive inference, thereby reducing the
reasoning-state gap. Moreover, revisiting historical states encourages the model to re-evaluate and
correct its reasoning, providing a basis for iterative self-refinement.

At inference, ReState recursively applies the same state-update operator from an empty state:
So=¢, (Sip1, A1) = Mp(X,S)), t=0,....,T —1 (5)

This produces the state-evolution trajectory So — &1 — -+ — Sr, A = AT. At each iteration,
the model feeds back the current state to preserve valid reasoning and correct potential errors.
Because the entire recursive process reuses the same state-update operator, ReState achieves iterative
self-refinement without additional reflection modules, critics, or independent correction stages.



Table 1: Main results (%) on the VersaCoT-10K dataset. MED = medical, DRIVE = driving and
safety, COMMON = visual commonsense, DIAG = scientific diagram, SPAT = spatial perception,
GEO = geometric and mathematical, CHART = chart computation, and MULTI = multidisciplinary
knowledge. Red denotes the best result, and blue denotes the second best result.

Model Learning | Size | MED | DRIVE | COMMON | DIAG | SPAT | GEO | CHART | MULTI | Avg

Random - - 22.00 | 46.80 26.80 26.27 | 39.87 | 22.93 | 22.00 25.60 | 29.03

Human - - 66.00 | 89.20 90.40 88.00 | 92.00 | 94.40 | 96.00 85.20 | 87.65
Open-source Models + Zero-shot

Qwen2.5-VL-7B Zero-shot | 7B | 48.00 | 52.00 88.80 72.40 176.80 | 70.40 | 82.40 48.80 | 67.45

Qwen3-VL-8B Zero-shot | 8B | 51.60 | 57.20 88.80 79.20 | 89.20 | 68.80 | 83.60 54.00 | 71.55

Qwen3.5-9B Zero-shot | 9B | 61.60 | 59.60 87.60 81.20 | 83.60 | 70.80 | 84.80 54.00 | 72.90

Qwen3.5-122B-A10B Zero-shot | 122B | 66.40 | 62.80 89.20 90.80 | 87.60 | 86.80 | 93.20 63.20 | 80.00

Qwen3.6-27B Zero-shot | 27B | 68.80 | 59.60 90.00 88.40 | 86.40 | 87.60 | 93.60 62.00 | 79.55

MiniMax-M3 Zero-shot | 428B | 60.80 | 58.00 88.00 80.80 | 79.20 | 73.60 | 92.00 61.60 | 74.25

GLM-4.6V Zero-shot | 106B | 60.40 | 59.20 90.00 85.20 | 87.60 | 78.40 | 93.60 60.80 | 76.90

Kimi-K2.6 Zero-shot | 1T | 68.40 | 63.20 91.60 77.20 | 85.20 | 55.20 | 94.00 58.00 | 74.10

Kimi-K3 Zero-shot | 2.8T | 71.60 | 70.40 90.00 92.40 | 90.80 | 91.60 | 98.00 80.40 | 85.65
Close-source Models + Zero-shot

Qwen3.7-Flash Zero-shot - 65.60 | 62.80 84.00 86.80 | 84.80 | 74.40 | 90.00 60.00 | 76.05

Qwen3.8-Max Zero-shot - 74.00 | 70.00 92.40 91.60 | 92.00 | 94.80 | 96.80 7120 | 85.35

Grok-4.6 Zero-shot - 74.00 | 71.60 88.00 92.80 | 87.20 | 95.20 | 98.00 88.00 | 86.85

GLM-5V-Turbo Zero-shot - 66.00 | 63.60 89.20 86.00 | 91.20 | 64.00 | 94.80 59.60 | 76.80

GPT-5.6-Terra Zero-shot - 66.00 | 62.40 88.80 86.80 | 84.80 | 73.60 | 95.20 67.60 | 78.15

GPT-5.6-Sol Zero-shot - 70.80 | 69.20 90.00 92.00 | 82.80 | 87.60 | 97.20 7440 | 83.00

Claude Sonnet 5 Zero-shot - 68.80 | 63.60 89.20 86.80 | 82.00 | 78.80 | 94.80 69.20 | 79.15

Claude Opus 5 Zero-shot - 70.80 | 75.20 89.20 90.80 | 85.60 | 89.60 | 98.40 78.00 | 84.70

Seed-1.8 Zero-shot - 64.80 | 58.80 90.80 88.00 | 85.60 | 91.60 | 94.80 66.40 | 80.10

Seed-2.1-Pro Zero-shot - 7440 | 71.20 89.60 90.40 | 88.80 | 96.80 | 94.80 75.60 | 85.20

Fine-tuning Methods

Qwen2.5-VL-7B Fine-tune | 7B [ 61.20 | 65.60 90.00 83.20 [ 83.40 [ 72.40 | 91.20 4920 [75.15

Qwen2.5-VL-7B + Multimodal-CoT | Fine-tune | 7B | 49.20 | 62.00 83.60 82.40 | 81.20 | 73.20 | 92.40 57.20 | 72.65

Qwen2.5-VL-7B + MIND Fine-tune | 7B | 55.20 | 66.00 88.80 85.20 | 85.60 | 74.00 | 94.80 56.40 | 75.75

Qwen2.5-VL-7B + ReState (Ours) | Fine-tune | 7B 57.20  68.00 88.40 87.60 | 89.60 | 76.80 | 94.00 54.80 | 77.05

Qwen3-VL-8B Fine-tune | 8B [ 59.20 | 60.80 88.40 87.60 | 90.40 | 76.00 | 90.80 52.00 | 75.65

Qwen3-VL-8B + Multimodal-CoT | Fine-tune | 8B | 50.00 | 66.00 83.20 82.00 | 90.80 | 83.20 | 95.60 61.20 | 76.50

Qwen3-VL-8B + MIND Fine-tune | 8B | 54.80 | 67.60 90.80 84.80 | 90.00 | 83.60 | 94.40 60.80 | 78.35

Qwen3-VL-8B + ReState (Ours) | Fine-tune | 8B 58.80  69.20 87.20 89.60 | 91.60 | 82.80 | 94.40 60.40 | 79.25

Qwen3.5-9B Fine-tune | 9B [ 61.20 | 70.00 86.80 90.00 | 90.00 | 74.00 | 94.40 56.00 | 77.80

Qwen3.5-9B + Multimodal-CoT Fine-tune | 9B | 56.40 | 63.60 83.60 87.20 | 88.00 | 88.80 94.00 56.80 | 77.30

Qwen3.5-9B + MIND Fine-tune | 9B | 63.20 | 68.80 86.40 91.60 | 90.80 | 84.00 | 96.00 60.80 | 80.20

Qwen3.5-9B + ReState (Ours) Fine-tune | 9B 6640  76.00 89.20 91.20 | 92.00 | 83.60 | 95.20 61.60 | 81.90

5 VERSACOT-10K DATASET

Existing multimodal reasoning datasets often lack explicit CoT annotations, broad domain coverage,
or diverse reasoning states for reasoning refinement. To address these limitations, we construct
VersaCoT-10K, a high-quality dataset containing 10,000 single-image multiple-choice samples across
eight heterogeneous visual reasoning domains. As shown in VersaCoT-10K is constructed
through three stages. First, we collect reasoning-intensive samples from multiple public benchmarks
and standardize their options, answers, and multimodal inputs. Second, Gemini-3-Flash (Google
DeepMind, 2025)) generates visually grounded CoTs, followed by rule-based filtering and multimodal
quality assessment with Gemini-3.5-Flash (Google DeepMind| 2026). Third, following RAD (Yu
et al.| [2026)), each quality-filtered CoT is augmented with positive and hard negative reasoning
states. Together with the empty state, they provide supervision for learning reasoning construction,
correct reasoning preservation, and erroneous reasoning correction. Notably, historical states used by
CRSL are instead generated dynamically during ReState training. Detailed construction procedures,
prompts, quality-control criteria, and dataset statistics are provided in Appendix[A]and

6 EXPERIMENTS

6.1 EXPERIMENTAL SETUP

1) Datasets. We evaluate ReState on VersaCoT-10K and two public multimodal reasoning benchmarks,
ScienceQA (Lu et al.| 2022)) and M3CoT (Chen et al., [2024). Following (Yu et al.,|2026), we adopt
the corresponding RAD versions, which provide diverse reasoning states.

2) Implementation Details. We train all Qwen models for 5 epochs with a learning rate of 1e 5.
Iterative self-refinement uses 9 rounds by default and reports peak accuracy. For settings without
iterative refinement, the model performs one additional answer generation or correction round after
initial CoT generation. All experiments are conducted on 8 NVIDIA H20 GPUs.



Table 2: Main results (%) on the ScienceQA dataset. NAT = natural science, SOC= social science,
LAN = language science, TXT = text context, IMG = image context, NO = no context, G1-6 = grades
1-6, G7-12 = grades 7-12. Red denotes the best result, and blue denotes the second best result.

Model Learning | Size | NAT | SOC | LAN | TXT [ IMG | NO [ GI-6 | G7-12 | Avg

Random - - 40.28 | 46.13 | 29.25 | 47.45 | 40.08 | 33.66 | 39.35 | 40.67 | 39.83

Human - - 90.23 | 84.97 | 87.48 | 89.60 | 87.50 | 88.10 | 91.59 | 82.42 | 88.40

VILT Fine-tune | 113M | 60.48 | 63.89 | 60.27 | 63.20 | 61.38 | 57.00 | 60.72 | 61.90 | 61.14

Patch-TRM Fine-tune | 90M | 65.19 | 46.79 | 65.55 | 66.96 | 55.28 | 64.95 | 58.04 | 67.50 | 61.42
VisualBERT Fine-tune | 111M | 59.33 | 69.18 | 61.18 | 62.71 | 62.17 | 58.54 | 62.96 | 59.92 | 61.87
LLaMA-Adapter Fine-tune | 6B 84.37 | 88.30 | 84.36 | 83.72 | 80.32 | 86.90 | 85.83 | 84.05 | 85.19

LLaVA Fine-tune | 13B | 90.36 | 95.95 | 88.00 | 89.49 | 88.00 | 90.66 | 90.93 | 90.90 | 90.92

LaVIN Fine-tune | 7B | 89.25 | 9494 | 85.24 | 88.51 | 87.46 | 88.08 | 90.16 | 88.07 | 89.41
Qwen2.5-VL-7B Zero-shot | 7B [ 83.79 | 88.30 | 82.45 | 83.63 | 84.38 | 81.81 | 86.67 | 80.29 | 84.39
Qwen3-VL-8B Zero-shot | 8B | 90.54 | 94.49 | 87.64 | 92.18 | 91.67 | 86.20 | 90.64 | 90.57 | 90.62
Qwen3.5-9B Zero-shot | 9B | 91.34 | 94.38 | 88.55 | 92.72 | 92.81 | 86.69 | 92.47 | 89.06 | 91.25
Qwen3.8-Max Zero-shot - 98.31 | 99.55 | 96.55 | 98.68 | 98.81 | 96.38 | 98.31 | 97.76 | 98.11

Grok-4.6 Zero-shot - 95.60 | 9539 | 94.64 | 96.63 | 94.89 | 93.80 | 96.15 | 93.80 | 95.31
GPT-5.6-Sol Zero-shot - 98.18 | 95.95 | 98.82 | 97.65 | 96.58 | 98.75 | 98.38 | 96.97 | 97.88
Gemini-3.5-Flash Zero-shot - 98.52 | 98.43 | 97.64 | 98.19 | 98.02 | 97.98 | 98.57 | 97.82 | 98.30

Claude Sonnet 5 Zero-shot - 95.60 | 9539 | 95.45 | 94.13 | 93.90 | 95.89 | 96.26 | 94.20 | 95.52

Claude Opus 5 Zero-shot - 98.45 | 96.85 | 98.64 | 97.41 | 97.22 | 98.68 | 98.60 | 97.36 | 98.16
Seed-2.1-Pro Zero-shot - 97.11 | 97.98 | 96.27 | 97.41 | 96.68 | 96.24 | 97.10 | 97.03 | 97.08

Kimi-K3 Zero-shot | 2.8T | 97.96 | 98.31 | 99.09 | 98.00 | 97.57 | 98.82 | 98.46 | 98.09 | 98.33
Multimodal-CoTpqse Fine-tune | 223M | 84.06 | 92.35 | 82.18 | 82.75 | 82.75 | 84.74 | 85.79 | 84.44 | 85.31
MC-CoTpqse Fine-tune | 223M | 91.87 | 84.59 | 93.00 | 92.28 | 88.30 | 92.75 | 90.64 | 90.64 | 90.64
Multimodal-T-SciQpqse Fine-tune | 223M | 91.52 | 91.45 | 92.45 | 91.94 | 90.33 | 92.26 | 92.11 | 91.10 | 91.75
MINDpgse Fine-tune | 223M | 93.07 | 96.74 | 87.09 | 92.42 | 92.76 | 89.27 | 92.91 | 91.17 | 92.29
Qwen2.5-VL-7B Fine-tune | 7B | 97.02 | 97.86 | 92.82 | 96.77 | 96.33 | 94.15 | 96.92 | 94.66 | 96.11
Qwen2.5-VL-7B + Multimodal-CoT | Fine-tune | 7B | 97.47 | 97.19 | 90.82 | 97.46 | 96.58 | 92.40 | 96.04 | 95.06 | 95.68
Qwen2.5-VL-7B + MIND Fine-tune | 7B | 97.56 | 98.20 | 93.36 | 97.56 | 97.03 | 94.49 | 97.06 | 95.78 | 96.60
Qwen2.5-VL-7B + ReState (Ours) | Fine-tune 7B | 97.91 | 99.44 | 94.82 | 98.04 | 98.17 95.54 | 97.91 | 96.57 | 97.43
Qwen3-VL-8B Fine-tune | 8B | 98.13 [ 97.19 | 94.09 [ 98.00 | 97.12 [ 95.12 | 96.95 | 96.77 | 96.89
Qwen3-VL-8B + Multimodal-CoT | Fine-tune | 8B | 97.42 | 97.08 | 94.27 | 97.26 | 96.28 | 95.33 | 96.92 | 95.85 | 96.53
Qwen3-VL-8B + MIND Fine-tune 8B 97.96 | 98.31 | 94.64 | 97.90 | 97.37 | 95.61 | 97.32 | 96.90 | 97.17
Qwen3-VL-8B + ReState (Ours) | Fine-tune 8B | 99.07 | 99.10 | 95.55 | 99.17 | 98.81 96.38 | 98.27 | 97.96 | 98.16
Qwen3.5-9B Fine-tune 9B 95.69 | 96.40 | 94.73 | 95.31 | 94.15 | 95.68 | 95.89 | 95.06 | 95.59
Qwen3.5-9B + Multimodal-CoT Fine-tune | 9B | 96.40 | 96.63 | 92.73 | 96.29 | 95.49 | 94.01 | 95.78 | 94.99 | 95.50
Qwen3.5-9B + MIND Fine-tune | 9B | 95.78 | 97.64 | 97.18 | 95.45 | 94.60 | 97.63 | 97.10 | 95.52 | 96.53
Qwen3.5-9B + ReState (Ours) Fine-tune 9B | 98.71 | 98.76 | 97.36 | 98.78 | 98.46 97.63 | 98.60 | 97.96 | 98.37

6.2 COMPARISON WITH SOTA METHODS

1) Evaluation on the VersaCoT-10K dataset. As shown in VersaCoT-10K exhibits clear
performance gaps across MLLMs, with overall zero-shot accuracy ranging from 67.45% for Qwen?2.5-
VL-7B (Bai et al.||[2025b)) to 86.85% for Grok-4.6 (xAL 2026c)). Performance also varies substantially
across reasoning categories, and even frontier models remain unsaturated. These results establish
VersaCoT-10K as a challenging and discriminative benchmark for fine-grained multimodal reasoning.

More importantly, under identical backbone and training settings, ReState achieves the best average
performance on all three backbones, reaching 77.05%, 79.25%, and 81.90% with Qwen2.5-VL-
7B (Bai et al.,[2025b), Qwen3-VL-8B (Bai et al., |[2025a), and Qwen3.5-9B (Qwen Team, 2026a)),
respectively. Compared with direct fine-tuning, Multimodal-CoT (Zhang et al.,[2024), and MIND (Yu
et al., 2026), ReState improves accuracy by 1.90%-4.10%, 2.75%-4.60%, and 0.90%-1.70%, respec-
tively. In addition, compared with the latest MIND, ReState also reduces training time by 31.2%
(from 9.86 h to 6.78 h) and requires only one model to be deployed instead of two. Moreover,
combining the results in[Table 1]and [Table 4] even without iterative self-refinement, i.e., under an
inference cost comparable to MIND, ReState still improves accuracy by 0.15%-0.90% across the
three backbones.

Notably, ReState with Qwen3.5-9B reaches 81.90%, outperforming substantially larger models such
as Qwen3.6-27B (Qwen Teaml 2026b), GLM-4.6V (106B) (Team et al., 2026b)), MiniMax-M3
(428B) (Lai et al.| 2026), and Kimi-K2.6 (1T) (Moonshot AL [2026)). Models that further surpass
ReState are generally much larger. For example, the 2.8T-parameter Kimi-K3 (Kimi Team, [2026)
reaches 85.65%. Although fine-tuning and zero-shot evaluation are not directly comparable, these
results show that ReState effectively enhances the reasoning capability of medium-scale MLLMs.
Its consistent gains across backbones and reasoning categories further support the effectiveness of
state-centric reasoning. More comparisons and analyses are provided in Appendix [E.I]and

2) Evaluation on the ScienceQA dataset. As shown in[Table 2| ReState achieves strong overall
performance on ScienceQA. In particular, ReState with Qwen3.5-9B attains the best result of 98.37%,



Table 3: Main results (%) on the M3CoT dataset. The “Random” and “Human” results are averaged
over three trials. Red denotes the best result, and blue denotes the second best result.

Model Size Science Commonsense Mathematics Total
Lang | Natural | Social | Physical | Social | Temporal | Algebra | Geometry | Theory
Random - 3270 | 30.62 | 2671 | 3297 |[2222| 2033 3571 27.50 23.81 [28.56
Human - 97.83 | 92.62 | 9431 | 9628 | 9241 88.71 87.23 88.75 85.71 | 91.61
Tool-Usage Methods
HuggingGPT 175B | 17.57] 20.93 | 10.33 8.70 14.75 9.76 11.35 22.50 9.52 | 14.60
VisualChatGPT >175B | 30.09 | 36.28 | 7.78 4348 |29.92 | 3333 21.99 21.25 28.57 [25.92
Chameleon - 43.87 | 2605 | 2544 | 39.13 | 37.30 | 48.78 17.73 26.25 23.81 |34.29
Zero-shot Methods
Qwen2.5-VL-7B 7B | 83.89| 59.77 | 4745 | 8l.11 | 76.03 | 79.67 4143 30.00 28.57 [59.79
Qwen3-VL-8B 8B | 86.73| 65.77 | 45.86 | 8222 | 7727 | 7724 34.29 32.50 38.10 | 61.43
Qwen3.5-9B 9B | 89.57| 66.28 | 47.45 | 87.78 | 80.99 | 78.86 30.71 33.75 38.10 | 62.81
Qwen3.8-Max - 9431 | 83.27 | 67.68 | 90.00 | 82.23 | 94.31 61.43 60.00 57.14 | 7843
Grok-4.6 - 9384 | 8519 | 73.89 | 91.11 | 75.62 | 9431 70.71 72.50 53.38 |81.02
GPT-5.6-Sol - 98.10 | 78.80 | 66.08 | 88.89 | 79.75 | 91.06 73.57 48.75 61.90 |76.75
Gemini-3.5-Flash - 99.05| 8595 | 72.45 | 9333 | 8512 | 95.12 78.57 63.75 85.71 | 82.96
Claude Sonnet 5 - 95.73 | 76.37 | 57.01 | 87.78 | 79.75 | 90.24 59.29 37.50 5238 |71.83
Claude Opus 5 - 97.63 | 83.65 | 6545 | 90.00 | 80.17 | 95.12 88.57 66.25 61.90 |79.98
Seed-2.1-Pro - 96.68 | 72.67 | 65.13 | 88.89 | 78.93 89.43 68.57 56.25 28.57 |73.77
Kimi-K3 28T |97.16| 86.72 | 70.38 | 91.11 | 78.51 95.93 77.86 60.00 57.14 | 81.32
Fine-tuning Methods
LLaVA-VI.5 13B [ 68.72 | 7241 |40.86 | 83.52 | 64.61 69.11 35.71 45.00 38.10 [59.50
Multimodal-CoTpqse 223M | 41.71 | 46.49 | 3990 | 59.34 | 60.91 27.64 48.57 35.00 28.57 |44.85
MC-CoTygse 223M | 53.55| 63.98 | 43.56 | 61.54 | 69.55 | 29.27 42.86 33.75 28.57 |53.51
MINDy, e 223M | 72.04| 63.09 | 4331 | 8222 | 6529 | 4472 49.29 61.25 33.33 | 57.38
Qwen2.5-VL-7B 7B 9242 91.83 [ 6035 84.44 [ 80.17 86.18 72.14 70.00 71.43 [79.42
Qwen2.5-VL-7B + Multimodal-CoT | 7B | 87.20 | 89.27 | 61.62 | 83.33 | 74.38 86.18 56.43 61.25 47.62 |76.32
Qwen2.5-VL-7B + MIND 7B 9242 | 97.32 | 76.27 83.33 75.62 88.62 66.43 71.25 61.90 | 84.81
Qwen2.5-VL-7B + ReState (Ours) 7B 94.79 | 97.32 | 71.82 85.56 78.10 86.18 75.71 78.75 76.19 84.99
Qwen3-VL-8B 8B 93.84 | 90.55 | 68.31 86.67 80.99 89.43 74.29 67.50 60.67 | 81.62
Qwen3-VL-8B + Multimodal-CoT 8B |90.05| 92.72 | 6592 | 83.33 | 67.36 | 90.24 62.14 62.50 66.67 | 78.95
Qwen3-VL-8B + MIND 8B 94.79 | 97.96 | 79.62 85.56 80.17 95.12 68.57 77.50 66.67 | 87.45
Qwen3-VL-8B + ReState (Ours) 8B 95.73 | 98.47 | 78.03 83.33 83.88 92.68 76.43 76.25 76.19 87.96
Qwen3.5-9B 9B [9336 96.42 | 7452 ] 8556 | 80.58 84.55 70.00 71.25 61.90 184.73
Qwen3.5-9B + Multimodal-CoT 9B | 91.00 | 89.66 | 59.87 | 8556 | 67.77 82.93 60.00 70.00 33.33 | 75.93
Qwen3.5-9B + MIND 9B 95.26 | 98.08 | 81.69 85.56 81.40 85.37 72.86 83.75 57.14 | 88.09
Qwen3.5-9B + ReState (Ours) 9B |95.73| 97.83 | 80.89 | 88.89 8347 | 86.99 80.00 83.75 90.48  89.00

outperforming strong closed-source zero-shot models such as Qwen3.8-Max (98.11%) (Qwen Team,
2026d), Claude Opus 5 (98.16%) (Anthropicl 2026b)), and Kimi-K3 (98.33%) (Kimi Team)| [2026]),
as well as existing learning-based MCoT methods (Zhang et al., [2024; [Tan et al., [2024a; Wang
et al.l2024a};[Yu et al.,2026). Under identical backbone and training settings, ReState consistently
outperforms direct SFT, Multimodal-CoT (Zhang et al.| 2024), and MIND (Yu et al., [2026)) by
1.27%-2.78%, 1.63%-2.87%, and 0.83%-1.84%, respectively. Moreover, ReState achieves the best
results across all eight sub-categories. Overall, these results show the consistent effectiveness of
ReState across MLLMs. More comparisons and analyses are provided in Appendix [E.2]and

3) Evaluation on the M>CoT dataset. As shown in[Table 3| ReState achieves 84.99%, 87.96%, and
89.00% with Qwen2.5-VL-7B, Qwen3-VL-8B, and Qwen3.5-9B, respectively. In particular, ReState
with Qwen3.5-9B attains the best result of 89.00%, outperforming strong zero-shot models such as
Gemini-3.5-Flash (82.96%) (Google DeepMind, [2026)), Kimi-K3 (81.32%) (Kimi Team) |2026)), and
Grok-4.6 (81.02%) (xAl |2026c¢), while trailing human performance (91.61%) by only 2.61%. Under
identical backbone settings, ReState improves over direct SFT, Multimodal-CoT (Zhang et al.| [2024)),
and MIND (Yu et al.l 2026) by 4.27%—-6.34%, 8.67%—13.07%, and 0.18%—-0.91%, respectively,
demonstrating consistent gains across different base models. It also achieves the best results on 7
of 9 sub-tasks, with notable gains on Theory (from 61.90% to 90.48%) and Algebra (from 70.00%
to 80.00%). These results show that ReState provides consistent benefits across diverse knowledge
structures and reasoning patterns, with particularly clear advantages on more challenging multimodal
reasoning tasks. More comparisons and analyses are provided in Appendix [E.3|and

6.3 BREAK-DOWN ABLATION

We conduct progressive ablations on VersaCoT-10K across three backbones to evaluate the contri-
butions of URSM and CRSL. From [Table 4, URSM alone improves the baseline by 0.50% (from
75.15% to 75.65%)-2.55% (from 75.65% to 78.20%), demonstrating the benefit of unifying reasoning
construction, preservation, and correction as state transitions within the same MLLM. Since both
training-time self-history state (SHS) and inference-time iterative self-refinement (ISR) in CRSL
build upon URSM, we further ablate SHS and ISR on top of URSM. Adding training-time SHS yields



Table 4: The Break-Down ablation of ReState on the VersaCoT-10K dataset. SHS and ISR denote the
training-time self-history state mechanism and inference-time iterative self-refinement in CRSL.

Scheme URSM SHSC RSLISR Qwen2.5-VL-7B Qwen3-VL-8B Qwen3.5-9B

Baseline X X X 75.15 (+1.90) 75.65 (+3.60) 77.80 (+4.10)

Baseline w/ URSM v X X 75.65 (+1.40) 78.20 (+1.05) 78.95 (+2.95)

Baseline w/ URSM, CRSL(SHS) v v X 76.20 (+0.85) 78.50 (+0.75) 81.10 (+0.80)

Baseline w/ URSM, CRSL(ISR) v X v 76.20 (+0.85) 78.65 (+0.60) 79.45 (+2.45)
ReState (Final) v v v 77.05 79.25 81.90
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Figure 4: Performance evolution over iterative self-refinement rounds across different MLLMs and
datasets. Round O denotes the initial reasoning, with most gains achieved in the first few rounds.

an additional 0.30% (from 78.20% to 78.50%) - 2.15% (from 78.95% to 81.10%) gain, indicating
that self-generated historical states help the model better adapt to model-induced states. Adding
inference-time ISR further improves performance by 0.45% (78.20% to 78.65%) - 0.55% (from
75.65% to 76.20%), validating the effectiveness of recursive state feedback for refining existing
reasoning. Combining URSM with both SHS and ISR achieves the best performance across all three
backbones, improving the respective baselines by 1.90%, 3.60%, and 4.10%. Overall, URSM pro-
vides unified state modeling, while SHS reduces the training-inference reasoning-state gap and ISR
enables recursive refinement. Their complementary gains support the effectiveness of the proposed
state-centric reasoning framework. More experiments and analyses are provided in Appendix

6.4 DISCUSSION OF “ITERATIVE SELF-REFINEMENT”

To further analyze the iterative self-refinement capability of ReState at inference, we evaluate its
performance under different numbers of refinement rounds in Across all three backbones
and datasets, ReState consistently benefits from iterative self-refinement. After only one refinement
round, performance improves by 1.10%-2.65% on VersaCoT-10K, 0.04%-0.54% on ScienceQA, and
1.99%-3.62% on M3CoT. Compared with round 0, the best gains reach 1.95%-3.45%, 0.09%-0.54%,
and 2.16%-4.91%, respectively. Performance generally improves rapidly in early rounds and then
stabilizes with minor fluctuations, with larger gains on the more challenging VersaCoT-10K and
M3CoT. More importantly, ReState reuses the same MLLM throughout the refinement process and
requires no additional reflection module, critic, or independent correction model. Instead, refinement
is achieved through a recursive loop of “state feedback — re-evaluation — state update”. These results
validate its ability to iteratively refine explicit reasoning states during inference, further supporting
the effectiveness of state-centric reasoning. More discussions are provided in Appendix

7 CONCLUSION

This work revisits the stage-centric paradigm of learning-based MCoT and identifies two key limita-
tions: fragmented modeling of reasoning behaviors and the training-inference reasoning-state gap.
Therefore, we propose ReState, a unified iterative reasoning framework that reformulates multimodal
reasoning as dynamic state evolution. URSM unifies reasoning construction, preservation, and
correction within a shared state-update mechanism, while CRSL incorporates historical-state learning
and recursive feedback to reduce the distribution gap and enable iterative self-refinement without
additional reflection or correction modules. We also construct VersaCoT-10K, a high-quality CoT
dataset spanning eight visual reasoning domains. Extensive experiments demonstrate the consistent
effectiveness and cross-model generalizability of ReState. We hope this work can draw attention
to the research on state-centric multimodal reasoning and advance MLLMs toward more general,
reliable, and adaptive reasoning systems.
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A  DETAILED CONSTRUCTION FOR VERSACOT-10K

As shown in VersaCoT-10K is constructed through three consecutive stages: Data Collection
and Standardization, CoT Annotation and Quality Control, and Reasoning-State Augmentation. We
aim to integrate reasoning-intensive samples spanning diverse visual content, domain knowledge,
and reasoning patterns into a unified single-image multiple-choice format, providing high-quality
supervision for multi-domain reasoning and reasoning-state refinement. For each of the eight
heterogeneous visual reasoning domains, we retain 1,250 samples and split them into training,
validation, and test sets at a 7:1:2 ratio. VersaCoT-10K therefore contains 10,000 samples in total,
including 7,000 for training, 1,000 for validation, and 2,000 for testing. The following subsections
detail each stage of the construction pipeline.

A.1 DATA COLLECTION AND STANDARDIZATION

To ensure broad coverage of multimodal reasoning, we collect reasoning-intensive samples with
explicit visual inputs and valid answer annotations from multiple public benchmarks. According to
their primary visual content and reasoning characteristics, these samples are organized into eight
heterogeneous visual reasoning domains: medical reasoning, driving and safety, visual commonsense,
scientific diagram, spatial perception, geometric and mathematical, chart computation, and multi-
disciplinary knowledge. The corresponding source datasets are PMC-VQA (Zhang et al.| 2023b)),
DrivingVQA (Corbiere et al., 2026), Visual7W (Zhu et al., |2016), AI2D (Kembhavi et al., [2016]),
CV-Bench (Tong et al.| 2024), GeoQA (Chen et al., [2021), ChartQA (Masry et al., |2022), and
MMMU (Yue et al.,[2024), respectively. Together, these datasets provide diverse visual evidence,
domain knowledge, and reasoning patterns. Because the source datasets differ substantially in task
formulation, answer representation, and annotation structure, we further standardize the collected
samples into a unified single-image multiple-choice format. As illustrated in this process
consists of three steps: Option Construction, Answer Normalization, and Input Format Organization.

Option Construction. For source datasets that already adopt a multiple-choice format, we preserve
the original candidate options whenever possible while standardizing their textual representation.
For datasets originally formulated as open-ended question answering, we construct discriminative
distractors from the available annotations and associated structured information, thereby converting
them into a unified multiple-choice format. For ChartQA in particular, originally free-form Yes/No
questions are directly converted into binary-choice questions. For questions whose answers corre-
spond to textual entries, years, or numerical values, distractors are preferentially sampled from the
structured table associated with the chart. For numerical questions, we first select table values with
the same numerical format as the correct answer. When an insufficient number of valid candidates is
available, limited deterministic numerical perturbations are applied to construct additional distractors.
Samples are discarded when reliable and discriminative incorrect options cannot be constructed. The
resulting candidate set for sample ¢ is represented as

Oi - {Oi,17 ey Oi,ni}» (6)

where n; denotes the number of candidate options. We preserve the original variation in candidate-set
size across source datasets rather than forcing all samples into a fixed answer space.

Answer Normalization. The source datasets encode correct answers in heterogeneous forms,
including letter labels, numerical indices, and text strings. To establish a unified training and
evaluation interface, we normalize the correct answer of each sample to its zero-based index in the
standardized candidate set:

A €{0,... n; —1}. 7

For answers represented by letter or numerical labels, we first recover their positions according to the
original option ordering and then map them to the standardized candidate set. Textual answers are
matched against the standardized options before being converted into the corresponding indices. We
additionally verify that each answer uniquely corresponds to exactly one candidate option, ensuring
that every retained sample has a unique and valid ground-truth answer.

Input Format Organization. After option construction and answer normalization, we further
standardize the multimodal input structure across datasets. Each sample ¢ is represented as

Di = {I'u Qi7 Oia Cia Ai}7 (8)
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4 )

You are an expert annotator for a single-image multiple-choice VQA dataset.
Given one image, one question, and several answer options, write a concise, image-grounded reasoning
annotation that supports the correct option.

Dataset information:
- category: {category id} {category}

Output format:

Return exactly one <think>...</think> block followed by one <answer>...</answer> block.

Do not output markdown, JSON, headings, bullet lists, or extra text outside the tags.

Keep the reasoning inside the <think>...</think> block within 1000 tokens.

The <answer> block must contain only the final option in this format: <answer>(A) answer text</answer>.

Reasoning rules:

. Ground the <think> block in the image, question, and choices.

. Reason forward from visual evidence to the conclusion; do not write an answer-driven justification.

. Do not mention that the answer, annotation, label, target, or constraint was provided.

. Use sample-specific visual details, not generic explanations.

. Compare plausible choices when helpful, and explain why distractors are less supported.

. Do not invent visual details or unsupported domain claims.

. For counting, spatial reasoning, diagrams, charts, geometry, or math, include the key intermediate logic
or calculation.

8. Keep the rationale logically complete, while avoiding unnecessary verbosity.

~N N BN~

Category guidance:

- Medical: rely only on visible medical evidence and avoid unsupported diagnostic or treatment claims.
- Driving/safety: focus on road layout, traffic objects, signs, obstacles, and spatial safety cues.

- Natural scenes: combine visible evidence with minimal necessary commonsense.

- Scientific diagrams: use labels, arrows, components, processes, and symbolic relations.

- Spatial/perceptual tasks: focus on objects, counts, positions, orientation, depth, and occlusion.

- Geometry/math: state the relevant relation, shape, measurement, formula, or calculation.

- Charts/tables: use axes, legends, values, trends, comparisons, and necessary arithmetic.

- Expert-domain questions: use domain knowledge only when grounded in the image.

Question:
{question}

Choices:
{choices}

Final-answer consistency:
The final <answer> must be exactly:
<answer>{gold answer}</answer>

Use this only to keep the annotation consistent with the dataset label. The <think> must remain a natural,
image-grounded, forward reasoning process. Do not mention that the answer was supplied or constrained.

Now produce only:\n<think>...</think>\n<answer>...</answer>

Figure 5: Prompt Design for CoT Annotation during the construction of the VersaCoT-10K dataset.
Italicized text represents assignment variables.

where Z;, Q;, O;, C;, and A; denote the input image, question, candidate-option set, image caption,
and correct answer index, respectively. We standardize image storage, question fields, and sample
identifiers, and retain only samples compatible with single-image reasoning. Additional task-specific
filtering is applied when necessary. For Visual7W, we retain only samples from the felling subset
that are compatible with text-based multiple-choice reasoning. For MMMU we retain only samples
satisfying the single-image multiple-choice requirement. We also preserve metadata such as the source
dataset and original split to support subsequent partitioning and statistical analysis. In addition, for
source datasets with predefined training and test partitions, we maintain source-level split consistency
during reorganization to avoid mixing samples from their original training and test sets. Through
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You are a strict multimodal quality judge for a multi-domain single-image multiple-choice VQA dataset.
Given one image, one question, answer choices, the annotated answer, and a generated rationale, judge
whether the rationale is correct and image-grounded.

Dataset information:
- category: {category id} {category}

Accept only if:

1. The rationale is grounded in the image, question, and choices.

2. The rationale reasons forward from visual evidence or necessary calculation to the annotated answer.

3. The rationale supports the annotated answer with sample-specific evidence, not generic wording or
answer-only restatement.

4. The rationale does not hallucinate visual details, unsupported domain facts, or leak that the gold answer/
label/constraint was provided.

5. For counting, spatial, diagram, chart, table, geometry, or math tasks, the key comparison or calculation is
correct.

Category notes:

- Medical: reject unsupported diagnosis, treatment, or overclaiming.

- Driving/safety: check road layout, signs, vehicles, pedestrians, obstacles, and spatial safety cues.

- Natural scenes: allow commonsense only when supported by the image.

- Diagrams/charts/math: check labels, arrows, components, axes, values, trends, formulas, and calculations.
- Spatial/perceptual: check objects, counts, positions, orientation, depth, and occlusion.

- Expert-domain: allow domain knowledge only when tied to visible evidence.

Reject if the rationale is visually unsupported, incomplete, contradictory, generic, hallucinated, answer-
leaking, or too weak to justify the answer. If uncertain, reject.

Scores use 0-10:
10 = excellent, 8-9 = good, 6-7 = partial, 4-5 = weak, 1-3 = poor, 0 = invalid.

Return strict JSON only:

{{"accept": true or false,

"reasoning_correct": true or false,

"reasoning_supports_answer": true or false,

"visual_grounding_score": 0-10,

"reasoning_correctness_score": 0-10,

"reasoning_completeness_score": 0-10,

"answer_support_score": 0-10,

"specificity score": 0-10,

"failure reasons": ["visual hallucination" | "missing_key evidence" | "contradiction" | "unsupported jump"
|  "generic_template" | "answer leakage" | "format error" | '"incomplete reasoning" |
"wrong_counting_logic" | "wrong_spatial logic" | "wrong_chart calculation" |
"wrong_geometry math_logic" | "unsupported medical claim" | "too_short" | "too_verbose" | "other"],}}

Question:
{question}

Choices:
{choices}

Annotated answer:
{gold_answer}

Generated rationale:
{solution}

- J

Figure 6: Prompt Design for CoT filtering during the construction of the VersaCoT-10K dataset.
Italicized text represents assignment variables. A quality score of 8 or higher is deemed acceptable.

these steps, heterogeneous source datasets are transformed into a unified single-image multiple-choice
format for subsequent CoT annotation and reasoning-state construction.
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A.2 COT ANNOTATION AND QUALITY CONTROL

After data standardization, we construct explicit reasoning annotations through CoT Annotation and
Quality Control. Since most source visual question answering datasets do not provide high-quality
explicit CoTs, they cannot directly support reasoning-process learning and subsequent reasoning-state
construction. We therefore employ an automated MLLM-assisted annotation pipeline to generate
visually grounded reasoning trajectories and apply strict quality control to retain reliable annotations.
Before annotation, samples within each domain-specific data pool are randomly shuffled to reduce
the dependence of final sample selection on the original dataset ordering.

CoT Annotation. Manually annotating reasoning trajectories for 10K samples spanning multiple
visual reasoning domains would require substantial human effort. We therefore employ Gemini-3-
Flash (Google DeepMind, 2025) as the CoT generator. Given the task information and a predefined

prompt, the model produces a reasoning trajectory R; together with a predicted answer Ay
(Ri7 Az) = Mgen (D'u Pgen)a (9)
where P, denotes the CoT generation prompt, provided in full in|[Fig. 5]

To construct label-consistent and visually grounded reasoning annotations, Py, provides the source
benchmark answer as the target conclusion and explicitly constrains how that conclusion should be
justified. In particular, the generated rationale must establish a step-by-step reasoning path from
concrete visual evidence and task-relevant information, without referring to or revealing the provided
answer, gold label, dataset annotation, or any equivalent supervision signal. It must also avoid
introducing visual evidence unsupported by the input image. For reasoning-intensive tasks such as
counting, spatial reasoning, chart understanding, scientific diagrams, geometry, and mathematics, the
rationale is further required to include the key comparisons, relational judgments, or intermediate
calculations necessary to support the final conclusion.

To standardize the annotation format, the generator is required to produce outputs following

< think > reasoning process < [think > < answer > final option < /answer > (10)

The generated answer Aj is constrained to match the original annotation AT for label consistency.
‘We then extract the <think> content as the candidate CoT annotation R;.

Quality Control. All generated CoTs undergo a two-stage quality-control procedure consisting
of rule-based filtering and judge-based filtering. Rule-based filtering first verifies output structure,
field validity, answer consistency, and text parsability. We restrict the reasoning length to 200-4,000
characters to remove overly short rationales with insufficient reasoning content as well as abnormally

99 <

long outputs. We further detect answer-leakage expressions, such as “provided answer”, “given
9% ¢ bR TS

answer”’, “gold answer”, “target answer”, and “dataset label”. Samples whose rationales explicitly
reveal dependence on externally supplied answer annotations are discarded.

Satisfying these structural constraints alone does not guarantee that a generated CoT is visually
grounded or logically reliable. We therefore employ Gemini-3.5-Flash (Google DeepMind, |2026),
which is separate from the CoT generator, as a multimodal quality judge. The judge temperature
is set to O to reduce sampling variability. Given the original task information D;, the generated
reasoning trajectory R;, and a predefined filtering prompt Pp;se,, the judge evaluates the visual
grounding, logical validity, and answer-supporting quality of each candidate CoT. Importantly, the
judge is used for reasoning-annotation quality control rather than independent answer verification.
Since the source benchmarks already provide validated target answers, the judge assesses whether the
generated rationale provides a visually grounded and logically coherent justification for the annotated
target. In this way, the source benchmark specifies the target answer, while the multimodal judge
evaluates the quality of the reasoning supporting that target.

For each candidate, the judge produces three binary quality judgments and five fine-grained scores.
The binary judgments indicate whether the rationale is overall acceptable, whether the reasoning is
correct, and whether the reasoning supports the answer. The five scores evaluate visual grounding,
reasoning correctness, reasoning completeness, answer support, and specificity, respectively, each on
a scale from 0 to 10. For sample ¢, we denote the resulting score vector as

vg rc comp as spec
i 29t 9% y8i 58 ] (]1)

s;=[s
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Figure 7: Statistics of VersaCoT-10K dataset. Left: data sources and splits across eight reasoning
categories. Middle: CoT length distribution. Right: distribution of candidate-option counts.

Let c#<¢, ¢§°", and ¢;"” denote the three binary judgments. We retain a sample only when all three

7 >

judgments are positive and every fine-grained score is at least 8:

Dieep = {D; | ¢§° =" = ¢]"" =1, min(s;) > 8}. (12)
The complete multimodal judging prompt is provided in[Fig. 6] Through this combination of rule-
based filtering and multimodal quality assessment, we retain quality-controlled CoT annotations
that satisfy stringent criteria for visual grounding, logical coherence, answer support, and specificity,
providing reliable supervision for subsequent reasoning-state augmentation.

A.3 REASONING-STATE AUGMENTATION

After CoT Annotation and Quality Control, each retained sample is associated with a high-quality
correct reasoning trajectory. However, supervision from a single correct CoT alone cannot expose
the model to the diverse reasoning-state conditions required for reasoning-state understanding and
refinement. We therefore adopt the Rationale Augmentation and Discrimination (RAD) paradigm (Yu
et al.| 2026)) to construct diverse positive states and hard negative states from each filtered CoT.

Specifically, given a correct CoT, we construct positive reasoning states R;“ by introducing variations
in wording, organization, and selected reasoning details while preserving the original reasoning
semantics and conclusion. These diverse but semantically consistent states expose the model to
different valid realizations of the same reasoning process, providing supervision for preserving and
refining correct reasoning. In parallel, we construct hard negative reasoning states R;” by modifying
a small number of critical semantic elements, visual relations, or inference steps. Such negative states
remain superficially similar to the correct reasoning trajectory while containing key reasoning errors,
thereby providing challenging supervision for identifying and correcting erroneous reasoning.

Together with the empty state ¢, the pre-constructed reasoning-state set for sample ¢ is defined as
S ={o. Rf, R/}, (13)

where ¢ is represented by the special token [EMPTY_SOLUTION]. These three state types corre-
spond to the three reasoning behaviors modeled by URSM: the empty state ¢ provides supervision
for reasoning construction, positive states R~ for correct reasoning preservation and refinement, and
negative states R, for erroneous reasoning correction. During training, positive and negative states
are sampled with equal probability when a non-empty reasoning state is selected.

It is important to distinguish these RAD-generated states from the historical reasoning states used by
CRSL. The positive and negative states Rj' and R; are pre-constructed dataset-level annotations
and remain fixed throughout training. In contrast, the historical states R? are not part of the
static VersaCoT-10K annotations. They are dynamically generated from ReState’s own outputs and
maintained during training, exposing the state-update operator to model-induced reasoning states
that more closely resemble those encountered during recursive inference. Therefore, RAD provides
diverse pre-constructed reasoning-state supervision, while CRSL further introduces dynamically
evolving historical states to bridge the training-inference reasoning-state gap.
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Table 5: The Break-Down ablation of ReState on the M3CoT dataset. SHS and ISR denote the
training-time self-history state mechanism and inference-time iterative self-refinement in CRSL.

Scheme URSM SH(S:RSLI SR Qwen2.5-VL-7B Qwen3-VL-8B Qwen3.5-9B

Baseline X X X 79.42 (+5.57) 81.62 (+6.34) 84.73 (+4.27)

Baseline w/ URSM v X X 84.12 (+0.87) 86.58 (+1.38) 88.65 (+0.35)

Baseline w/ URSM, CRSL(SHS) v v X 84.17 (+0.82) 86.67 (+1.29) 88.83 (+0.17)

Baseline w/ URSM, CRSL(ISR) v X v 84.43 (+0.56) 87.14 (+0.82) 88.65 (+0.35)
ReState (Final) v v v 84.99 87.96 89.00

Table 6: The Break-Down ablation of ReState on the ScienceQA dataset. SHS and ISR denote the
training-time self-history state mechanism and inference-time iterative self-refinement in CRSL.

Scheme URSM SHgRSLISR Qwen2.5-VL-7B Qwen3-VL-8B Qwen3.5-9B

Baseline X X X 96.11 (+1.32) 96.89 (+1.27) 95.59 (+2.78)

Baseline w/ URSM v X X 97.31 (+0.12) 97.95 (+0.21) 98.04 (+0.33)

Baseline w/ URSM, CRSL(SHS) v v X 97.38 (+0.05) 98.07 (+0.09) 98.37 (+0.00)

Baseline w/ URSM, CRSL(ISR) v X v 97.31 (+0.12) 97.95 (+0.21) 98.07 (+0.30)
ReState (Final) v v v 97.43 98.16 98.37

B DATA STATISTICS FOR VERSACOT-10K

VersaCoT-10K contains 10,000 high-quality single-image multiple-choice visual reasoning samples
spanning eight heterogeneous visual reasoning domains. From|[Fig. 7| we characterize the dataset from
three perspectives: domain diversity, reasoning-length distribution, and candidate-space variability.

1) Diverse Reasoning Domains. VersaCoT-10K covers eight visual reasoning domains derived
from PMC-VQA (Zhang et al.,[2023b)), DrivingVQA (Corbiere et al., [2026), Visual7W (Zhu et al.,
2016), AI2D (Kembhavi et al., 2016), CV-Bench (Tong et al.| |2024), GeoQA (Chen et al., [2021)),
ChartQA (Masry et al.L[2022), and MMMU (Yue et al.,[2024), respectively. These domains encompass
medical reasoning, driving and safety, visual commonsense, scientific diagram, spatial perception,
geometric and mathematical, chart computation, and multidisciplinary knowledge. Each domain
contains 1,250 samples, of which 20% are reserved for testing. This balanced composition prevents
the overall benchmark performance from being disproportionately dominated by any single domain
and enables more comprehensive evaluation across heterogeneous reasoning patterns.

2) Reasoning-Length Distribution. The CoT annotations have an average length of 170.9 words and
a median length of 162 words, with lengths ranging from 50 to 537 words. The detailed distributions
across the eight domains are shown in[Fig. 7} Although reasoning length alone does not directly reflect
reasoning difficulty, the retained CoTs have undergone strict quality control for answer consistency,
visual grounding, reasoning correctness, completeness, and relevance. Consequently, they provide
explicit and informative supervision involving visual evidence interpretation, knowledge integration,
relational reasoning, and intermediate computation across diverse tasks, supporting both multi-domain
reasoning and reasoning-state refinement.

3) Variable Candidate Spaces. All samples are standardized into a closed-choice multiple-choice
format while preserving variations in the number of candidate options inherited from different task
settings. The candidate-set size ranges from 2 to 9, with four-option questions accounting for the
largest proportion. Rather than enforcing a fixed answer space, this design preserves task-specific
decision structures within a unified evaluation interface, reducing dependence on a single option
configuration and providing more diverse multiple-choice reasoning conditions.

C MORE DETAILED EXPERIMENTAL SETUP

1) Datasets. To evaluate the effectiveness and generalizability of ReState, we conduct experiments
on the proposed VersaCoT-10K dataset and two widely used multimodal reasoning benchmarks,
ScienceQA (Lu et all [2022) and M3CoT (Chen et al., 2024). ScienceQA focuses on scientific
reasoning and contains 21,208 samples, while M®CoT contains 11,289 samples spanning science,
commonsense, and mathematics. For ScienceQA and M3CoT, we follow their ori ginal data splits to
ensure fair comparison with prior work. For VersaCoT-10K, we use the training, validation, and test
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Table 7: Ablation of different reasoning states in ReState on VersaCoT-10K. ¢ , RT, R~, and R"
denote empty, positive, negative, and self-generated historical reasoning states, respectively.

Scheme 10} RT R~ R Qwen2.5-VL-7B Qwen3-VL-8B Qwen3.5-9B
ReState (Final) w/o ¢ X v v v 75.70 (+1.35) 77.95 (+1.30) 80.15 (+1.75)
ReState (Final) w/o R v X v v 75.65 (+1.40) 78.50 (+0.75) 79.50 (+2.40)
ReState (Final) w/o R~ v v X v 76.45 (+0.60) 78.90 (+0.35) 81.75 (+0.15)
ReState (Final) w/o R" v v v X 76.20 (+0.85) 78.65 (+0.60) 79.45 (+2.45)
ReState (Final) v v v v 77.05 79.25 81.90

splits described in Following (Yu et al.}[2026), we adopt the corresponding RAD versions
of ScienceQA and M°CoT, which provide positive and negative reasoning states for learning unified
reasoning-state transitions.

2) Implementation Details. We conduct experiments with three MLLM backbones: Qwen2.5-VL-
7B (Bai et al .| [2025b), Qwen3-VL-8B (Bai et al.l[2025a), and Qwen3.5-9B (Qwen Team), [2026a).
All models are trained for 5 epochs with a learning rate of 1 x 10~°. The batch size is set to 4
for Qwen2.5-VL-7B and Qwen3-VL-8B, and to 2 for Qwen3.5-9B. The maximum input length is
uniformly set to 4096. Following prior experimental settings (Yu et al.l 2026) and accounting for
differences in reasoning complexity and output length across datasets, the maximum output length is
set to 512 for ScienceQA and M3CoT and to 1024 for VersaCoT-10K. Image captions are generated
using Qwen2.5-VL-72B (Bai et al., [2025b), following (Yu et al.l [2026). During ReState training,
URSM constructs two views for each sample in every epoch: one with the empty reasoning state ¢
and one with a non-empty reasoning state. For the non-empty view, positive and negative reasoning
states are sampled with equal probability. Therefore, each sample contributes two training instances
per epoch. Building on URSM, CRSL further maintains a sample-specific historical reasoning-state
pool with a maximum capacity of 2, from which model-generated historical states can be reused as
subsequent training inputs. At inference, Restate evaluates a fixed refinement trajectory consisting of
9 rounds for all backbones and datasets. Following the same protocol, we report the peak dataset-level
accuracy along this trajectory to characterize the refinement behavior, while the complete round-wise
results are provided in This evaluation summarizes the refinement trajectory and does not
involve per-sample iteration selection. For settings without iterative self-refinement, the model
performs only one additional answer-generation or reasoning-correction round after the initial CoT
generation, providing a comparable non-iterative inference setting. For Direct SFT, we use “Answer
+ CoT” as the supervision target. All experiments are conducted on 8 NVIDIA H20 GPUs.

D MORE ABLATION EXPERIMENTS

D.1 BREAK-DOWN ABLATION ON M3COT AND SCIENCEQA

To further examine the contributions of individual components across different reasoning benchmarks,
we conduct the same break-down ablations on M3CoT and ScienceQA as those reported for VersaCoT-
10K in the main text. Specifically, we evaluate URSM together with the two components of CRSL:
training-time Self-History State (SHS) learning and inference-time Iterative Self-Refinement (ISR).

The results are reported in and|[6]

As shown in ReState yields substantial and consistent gains on the more challenging M3CoT
benchmark. Introducing URSM alone improves Qwen2.5-VL-7B by 4.70% (from 79.42% to 84.12%),
Qwen3-VL-8B by 4.96% (from 81.62% to 86.58%), and Qwen3.5-9B by 3.92% (from 84.73% to
88.65%). These improvements demonstrate the effectiveness of unifying reasoning construction,
correct reasoning preservation, and erroneous reasoning correction as transitions within a shared
reasoning-state space. Building on URSM, either SHS or ISR provides further improvements,
indicating that both training-time exposure to model-induced historical states and inference-time
recursive state feedback contribute additional benefits. When both are enabled, the full ReState
reaches 84.99%, 87.96%, and 89.00% on the three backbones, corresponding to gains of 5.57%,
6.34%, and 4.27% over their respective baselines. The full model achieves the best performance
across all three backbones, showing that unified state modeling, historical-state learning, and iterative
self-refinement provide complementary benefits.
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Table 8: Main results (%) on the VersaCoT-10K dataset. Learning = Learning and training methods.
Size = backbone model size. MED = medical, DRIVE = driving and safety, COMMON = visual
commonsense, DIAG = scientific diagram, SPAT = spatial and perceptual, GEO = geometric and
mathematical, CHART = chart and quantitative, and MULTI = multidisciplinary. Red denotes the
best result, and blue denotes the second best result.

Model Learning | Size | MED | DRIVE | COMMON | DIAG | SPAT | GEO | CHART | MULTI | Avg
Random - - 22.00 | 46.80 26.80 26.27 | 39.87 | 22.93 | 22.00 25.60 | 29.03
Human - - 66.00 | 89.20 90.40 88.00 | 92.00 | 94.40 | 96.00 85.20 | 87.65
Open-source Models + Zero-shot
Qwen2.5-VL-7B Zero-shot | 7B | 48.00 | 52.00 88.80 72.40 | 76.80 | 70.40 | 82.40 48.80 | 67.45
Qwen3-VL-8B Zero-shot | 8B | 51.60 | 57.20 88.80 79.20 | 89.20 | 68.80 | 83.60 54.00 | 71.55
Qwen3-VL-32B Zero-shot | 32B | 60.00 | 51.20 87.20 81.20 | 77.60 | 80.40 | 92.80 53.60 | 73.00
Qwen3-VL-235B-A22B Zero-shot | 235B | 63.20 | 66.80 88.40 87.60 | 90.80 | 91.20 | 94.00 63.20 | 80.65
Qwen3.5-9B Zero-shot | 9B | 61.60 | 59.60 87.60 81.20 | 83.60 | 70.80 | 84.80 54.00 | 72.90
Qwen3.5-27B Zero-shot | 27B | 67.60 | 62.80 91.20 90.40 | 86.80 | 80.00 | 95.20 62.00 | 79.50
Qwen3.5-35B-A3B Zero-shot | 35B | 66.80 | 62.40 89.60 86.80 | 84.00 | 74.00 | 92.80 59.60 | 77.00
Qwen3.5-122B-A10B Zero-shot | 122B | 66.40 | 62.80 89.20 90.80 | 87.60 | 86.80 | 93.20 63.20 | 80.00
Qwen3.5-397B-A17B Zero-shot | 397B | 66.80 | 62.40 90.80 89.60 | 88.80 | 93.60 | 95.20 65.60 | 81.60
Qwen3.6-27B Zero-shot | 27B | 68.80 | 59.60 90.00 88.40 | 86.40 | 87.60 | 93.60 62.00 | 79.55
Qwen3.6-35B-A3B Zero-shot | 35B | 64.00 | 63.20 89.20 85.20 | 85.20 | 78.00 | 94.40 62.00 | 77.65
MiniMax-M3 Zero-shot | 428B | 60.80 | 58.00 88.00 80.80 | 79.20 | 73.60 | 92.00 61.60 | 74.25
GLM-4.6V Zero-shot | 106B | 60.40 | 59.20 90.00 85.20 | 87.60 | 78.40 | 93.60 60.80 | 76.90
Kimi-K2.6 Zero-shot IT | 6840 | 63.20 91.60 77.20 | 85.20 | 55.20 | 94.00 58.00 | 74.10
Kimi-K3 Zero-shot | 2.8T | 71.60 | 70.40 90.00 92.40 | 90.80 | 91.60 | 98.00 80.40 | 85.65
Close-source Models + Zero-shot
Qwen-VL-Plus Zero-shot - 60.00 | 53.60 87.60 83.60 | 80.40 | 84.80 | 85.20 53.20 | 73.55
Qwen3-VL-Flash Zero-shot - 61.20 | 58.80 86.80 86.40 | 88.00 | 82.00 | 88.00 60.00 | 76.40
Qwen3-VL-Plus Zero-shot - 64.00 | 63.20 90.40 87.20 | 88.00 | 90.00 | 94.40 63.20 | 80.05
Qwen3.5-Flash Zero-shot - 65.60 | 62.00 90.00 89.20 | 84.40 | 73.60 | 92.40 61.20 | 77.30
Qwen3.5-Plus Zero-shot - 68.00 | 60.40 90.00 90.00 | 88.40 | 93.60 | 94.40 64.80 | 81.20
Qwen3.6-Flash Zero-shot - 62.80 | 62.00 89.20 87.60 | 85.60 | 80.00 | 91.60 5840 | 77.15
Qwen3.6-Plus Zero-shot - 69.60 | 67.20 89.60 91.20 | 88.80 | 94.00 | 94.80 67.60 | 82.85
Qwen3.7-Flash Zero-shot - 65.60 | 62.80 84.00 86.80 | 84.80 | 74.40 | 90.00 60.00 | 76.05
Qwen3.7-Plus Zero-shot - 66.80 | 67.60 90.40 90.40 | 88.40 | 95.20 | 94.80 66.80 | 82.55
Qwen3.8-Max Zero-shot - 74.00 | 70.00 92.40 91.60 | 92.00 | 94.80 | 96.80 71.20 | 85.35
Grok-4.3 Zero-shot - 61.60 | 66.00 87.20 83.60 | 80.00 | 55.20 | 93.60 63.20 | 73.80
Grok-4.5 Zero-shot - 70.80 | 70.80 89.20 92.00 | 85.20 | 94.80 | 98.00 86.80 | 85.95
Grok-4.6 Zero-shot - 74.00 | 71.60 88.00 92.80 | 87.20 | 9520 | 98.00 88.00 | 86.85
GLM-5V-Turbo Zero-shot - 66.00 | 63.60 89.20 86.00 | 91.20 | 64.00 | 94.80 59.60 | 76.80
GPT-40 Zero-shot - 6240 | 67.60 90.00 81.20 | 80.40 | 44.80 | 89.60 57.60 | 71.70
GPT-5.4 Zero-shot - 67.60 | 72.00 89.60 85.20 | 82.40 | 65.60 | 95.20 63.60 | 77.65
GPT-5.5 Zero-shot - 7240 | 64.00 88.40 89.20 | 85.20 | 82.80 | 96.00 70.40 | 81.05
GPT-5.6-Luna Zero-shot - 62.80 | 58.00 88.80 83.20 | 77.20 | 49.20 | 90.40 5840 | 71.00
GPT-5.6-Terra Zero-shot - 66.00 | 62.40 88.80 86.80 | 84.80 | 73.60 | 95.20 67.60 | 78.15
GPT-5.6-Sol Zero-shot - 70.80 | 69.20 90.00 92.00 | 82.80 | 87.60 | 97.20 74.40 | 83.00
Claude Haiku 4.5 Zero-shot - 57.20 | 58.80 86.00 79.60 | 66.40 | 62.80 | 90.00 60.00 | 70.10
Claude Sonnet 4.6 Zero-shot - 66.80 | 66.40 88.00 86.00 | 78.80 | 78.80 | 93.60 67.20 | 78.20
Claude Sonnet 5 Zero-shot - 68.80 | 63.60 89.20 86.80 | 82.00 | 78.80 | 94.80 69.20 | 79.15
Claude Opus 4.8 Zero-shot - 71.20 | 74.00 88.40 86.00 | 82.40 | 86.80 | 96.00 7240 | 82.15
Claude Opus 5 Zero-shot - 70.80 | 75.20 89.20 90.80 | 85.60 | 89.60 | 98.40 78.00 | 84.70
Seed-1.6 Zero-shot | 230B | 64.40 | 62.00 90.00 83.20 | 88.00 | 91.60 | 94.00 66.40 | 79.95
Seed-1.8 Zero-shot - 64.80 | 58.80 90.80 88.00 | 85.60 | 91.60 | 94.80 66.40 | 80.10
Seed-2.0-Mini Zero-shot - 66.00 | 60.80 91.60 87.60 | 88.40 | 83.60 | 92.80 65.20 | 79.50
Seed-2.0-Pro Zero-shot - 70.80 | 66.40 88.80 91.60 | 88.00 | 95.60 | 96.00 72.40 | 83.70
Seed-2.1-Turbo Zero-shot - 72.80 | 67.60 88.40 92.80 | 87.20 | 96.00 | 96.40 72.00 | 84.15
Seed-2.1-Pro Zero-shot - 74.40 | 71.20 89.60 90.40 | 88.80 | 96.80 | 94.80 75.60 | 85.20
Fine-tuning Methods
Qwen2.5-VL-7B Fine-tune | 7B | 61.20 | 65.60 90.00 83.20 | 83.40 | 72.40 | 91.20 49.20 | 75.15
Qwen2.5-VL-7B + Multimodal-CoT | Fine-tune | 7B | 49.20 | 62.00 83.60 82.40 | 81.20 | 73.20 | 92.40 57.20 | 72.65
Qwen2.5-VL-7B + MIND Fine-tune | 7B | 5520 | 66.00 88.80 85.20 | 85.60 | 74.00 | 94.80 56.40 | 75.75
Qwen2.5-VL-7B + ReState (Ours) | Fine-tune | 7B 57.20  68.00 88.40 87.60 | 89.60 | 76.80 | 94.00 54.80 | 77.05
Qwen3-VL-8B Fine-tune | 8B | 59.20 | 60.80 88.40 87.60 | 90.40 | 76.00 | 90.80 52.00 | 75.65
Qwen3-VL-8B + Multimodal-CoT | Fine-tune | 8B | 50.00 | 66.00 83.20 82.00 | 90.80 | 83.20 | 95.60 61.20 | 76.50
Qwen3-VL-8B + MIND Fine-tune | 8B | 54.80 | 67.60 90.80 84.80 | 90.00 | 83.60 | 94.40 60.80 | 78.35
Qwen3-VL-8B + ReState (Ours) | Fine-tune | 8B 58.80  69.20 87.20 89.60 | 91.60 | 82.80 | 94.40 60.40 | 79.25
Qwen3.5-9B Fine-tune | 9B | 61.20 | 70.00 86.80 90.00 | 90.00 | 74.00 | 94.40 56.00 | 77.80
Qwen3.5-9B + Multimodal-CoT Fine-tune | 9B | 56.40 | 63.60 83.60 87.20 | 88.00 | 88.80 | 94.00 56.80 | 77.30
Qwen3.5-9B + MIND Fine-tune | 9B | 63.20 | 68.80 86.40 91.60 | 90.80 | 84.00 | 96.00 60.80 | 80.20
Qwen3.5-9B + ReState (Ours) Fine-tune | 9B  66.40  76.00 89.20 91.20 | 92.00 | 83.60 | 95.20 61.60 | 81.90

A similar trend is observed on ScienceQA in[Table 6l URSM alone improves the three backbones
by 1.20% (from 96.11% to 97.31%), 1.06% (from 96.89% to 97.95%), and 2.45% (from 95.59% to
98.04%), respectively. Incorporating SHS further increases performance to 97.38%, 98.07%, and
98.37%. The full ReState achieves 97.43%, 98.16%, and 98.37%, improving over the corresponding
baselines by 1.32%, 1.27%, and 2.78%. Compared with M?3CoT, the additional gains from SHS
and ISR are smaller on ScienceQA, which is consistent with the relatively limited headroom under
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already strong baseline performance. Nevertheless, the full ReState achieves the best result across all
three backbones, indicating that reasoning-state modeling and refinement remain effective even when
overall benchmark accuracy is already high.

Overall, the results on M3CoT and ScienceQA are consistent with the observations on VersaCoT-10K
in the main text. URSM provides the shared state-transition foundation for jointly modeling heteroge-
neous reasoning behaviors. SHS further exposes the state-update operator to model-induced historical
states during training, reducing the training-inference reasoning-state gap, while ISR recursively
feeds the current state back into the same operator to enable iterative refinement during inference.
Their complementary gains across datasets and backbones demonstrate that the effectiveness of
ReState is not specific to VersaCoT-10K, further supporting the general applicability of the proposed
state-centric reasoning framework.

D.2 EFFECT OF LEARNING WITH DIFFERENT REASONING STATES

To further investigate the roles of different reasoning states in ReState, we conduct state-level ablations
on VersaCoT-10K using all three backbones. Starting from the full ReState, we separately remove the
empty state ¢, positive states R, negative states R, and historical states R". As shown in
removing any state type degrades performance, whereas jointly using all four types consistently
yields the strongest overall results. This demonstrates that the different reasoning states provide
complementary supervision for unified reasoning-state learning.

Among the three pre-constructed states used by URSM, removing the empty state ¢ reduces accuracy
by 1.35%, 1.30%, and 1.75% on Qwen2.5-VL-7B, Qwen3-VL-8B, and Qwen3.5-9B, respectively.
This confirms the importance of explicitly learning to construct an initial reasoning state from an
empty input state. Removing positive states Rt causes larger drops of 0.75%-2.40%, with Qwen3.5-
9B decreasing from 81.90% to 79.50%. These results show that exposure to diverse valid reasoning
states is important for learning to preserve correct evidence while further improving reasoning
completeness and consistency. Removing negative states /R~ results in smaller but consistent
decreases of 0.15%-0.60% across the three backbones, indicating that erroneous states provide useful
supervision for identifying and correcting reasoning errors in existing states.

Historical states R" play a different role from the three pre-constructed URSM states. Removing them
reduces performance by 0.60%-2.45%, with Qwen3.5-9B decreasing from 81.90% to 79.45%. Unlike
¢, RT, and R~, which are predefined before training, historical states are dynamically generated
by ReState itself and therefore reflect model-induced reasoning patterns and errors. Exposing the
state-update operator to these states during training better aligns its input distribution with the states
encountered during recursive inference. The observed degradation without R" therefore further
validates the role of SHS in mitigating the training-inference reasoning-state gap.

Overall, the four state types provide complementary supervision for ReState. The empty state ¢
supports reasoning construction, positive states R+ support correct reasoning preservation and refine-
ment, and negative states R~ support erroneous reasoning correction. Historical states R" further
extend this predefined state space with dynamically generated model-induced states, enabling closed-
loop reasoning-state learning. Although the magnitude of each contribution varies across backbones,
removing any state type consistently reduces performance. These results jointly validate URSM’s
unified modeling of heterogeneous reasoning behaviors and CRSL’s complementary modeling of
historical state distributions, further supporting the proposed state-centric reasoning paradigm.

E COMPREHENSIVE COMPARISON WITH EXISTING METHODS

E.1 EVALUATION ON THE VERSACOT-10K DATASET

To provide a more comprehensive evaluation of multi-domain visual reasoning, we extend the open-
source and closed-source model comparisons reported in of the main text. The complete
results are presented in Overall, substantial performance differences are observed across
model families, model scales, and capability configurations, demonstrating that VersaCoT-10K can
effectively differentiate the cross-domain visual reasoning capabilities of current MLLMs.
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Table 9: Main results (%) on the ScienceQA dataset. Learning = Learning and training methods.
Size=backbone model size. NAT = natural science, SOC= social science, LAN = language science,
TXT = text context, IMG = image context, NO = no context, G1-6 = grades 1-6, G7-12 = grades 7-12.
Red denotes the best result, and blue denotes the second best result.

Model Learning Size NAT | SOC | LAN | TXT | IMG | NO | GI-6 | G7-12 | Avg

Random - - 40.28 | 46.13 | 29.25 | 47.45 | 40.08 | 33.66 | 39.35 | 40.67 | 39.83

Human - - 90.23 | 84.97 | 87.48 | 89.60 | 87.50 | 88.10 | 91.59 | 82.42 | 88.40

MCAN Fine-tune 95M 56.08 | 46.23 | 58.09 | 59.43 | 51.17 | 55.40 | 51.65 | 59.72 | 54.54
Top-Down Fine-tune 70M 59.50 | 54.33 | 61.82 | 62.90 | 54.88 | 59.79 | 57.27 | 62.16 | 59.02

BAN Fine-tune 112M 60.88 | 46.57 | 66.64 | 62.61 | 52.60 | 65.51 | 56.83 | 63.94 | 59.37

DFAF Fine-tune 74M 64.03 | 48.82 | 63.55 | 65.88 | 54.49 | 64.11 | 57.12 | 67.17 | 60.72

VIiLT Fine-tune 113M 60.48 | 63.89 | 60.27 | 63.20 | 61.38 | 57.00 | 60.72 | 61.90 | 61.14
Patch-TRM Fine-tune 90M 65.19 | 46.79 | 65.55 | 66.96 | 55.28 | 64.95 | 58.04 | 67.50 | 61.42
VisualBERT Fine-tune 111M 59.33 | 69.18 | 61.18 | 62.71 | 62.17 | 58.54 | 62.96 | 59.92 | 61.87
GPT-3.5 Few-shot 175B 74.64 | 69.74 | 76.00 | 74.44 | 67.28 | 77.42 | 76.80 | 68.89 | 73.97
GPT-3.5 w/CoT Few-shot 175B 75.44 | 70.87 | 78.09 | 74.68 | 67.43 | 79.93 | 78.23 | 69.68 | 75.17
ChatGPT w/CoT Few-shot 175B 78.82 | 70.98 | 83.18 | 77.37 | 67.92 | 86.13 | 80.72 | 74.03 | 78.31
GPT-4 w/CoT Few-shot - 85.48 | 72.44 | 90.27 | 82.65 | 71.49 | 92.89 | 86.66 | 79.04 | 83.99
Chameleon (ChatGPT) Few-shot - 81.62 | 70.64 | 84.00 | 79.77 | 70.80 | 86.62 | 81.86 | 76.53 | 79.93
Chameleon (GPT-4) Few-shot - 89.83 | 74.13 | 89.82 | 88.27 | 77.64 | 92.13 | 88.03 | 83.72 | 86.54
Gemini+RMR Few-shot - 91.79 | 94.26 | 89.64 | 91.40 | 89.69 | 91.01 | 92.84 | 89.78 | 91.75
Qwen2.5-VL-7B Zero-shot 7B 83.79 | 88.30 | 82.45 | 83.63 | 84.38 | 81.81 | 86.67 | 80.29 | 84.39
Qwen3-VL-8B Zero-shot 8B 90.54 | 94.49 | 87.64 | 92.18 | 91.67 | 86.20 | 90.64 | 90.57 | 90.62
Qwen3.5-9B Zero-shot 9B 91.34 | 94.38 | 88.55 | 92.72 | 92.81 | 86.69 | 92.47 | 89.06 | 91.25
Qwen3.5-Flash Zero-shot - 94.98 | 98.43 | 89.18 | 95.60 | 95.79 | 89.83 | 94.82 | 93.08 | 94.20
Qwen3.5-Plus Zero-shot - 97.20 | 97.86 | 95.73 | 97.12 | 96.88 | 95.68 | 97.17 | 96.57 | 96.96
Qwen3.6-Flash Zero-shot - 94.85 | 97.98 | 90.36 | 95.41 | 95.09 | 90.80 | 94.68 | 93.74 | 94.34
Qwen3.6-Plus Zero-shot - 96.98 | 97.19 | 94.91 | 96.97 | 96.58 | 94.77 | 96.77 | 95.98 | 96.49
Qwen3.7-Flash Zero-shot - 95.20 | 98.31 | 89.09 | 95.80 | 95.64 | 89.97 | 95.30 | 92.42 | 94.27
Qwen3.7-Plus Zero-shot - 96.89 | 97.98 | 9491 | 97.12 | 96.93 | 94.77 | 96.95 | 95.98 | 96.60
Qwen3.8-Max Zero-shot - 98.31 | 99.55 | 96.55 | 98.68 | 98.81 | 96.38 | 98.31 | 97.76 | 98.11
MiniMax-M3 Zero-shot - 93.16 | 95.05 | 88.91 | 93.45 | 92.96 | 89.34 | 93.61 | 90.38 | 92.45
Grok-4.6 Zero-shot - 95.60 | 95.39 | 94.64 | 96.63 | 94.89 | 93.80 | 96.15 | 93.80 | 95.31
GLM-4.6V Zero-shot - 92.41 | 93.25 | 93.73 | 91.84 | 90.43 | 93.45 | 93.50 | 91.89 | 92.93
GPT-40 Zero-shot - 91.47 | 91.34 | 92.00 | 89.44 | 87.95 | 92.68 | 93.17 | 88.73 | 91.58
GPT-5.6-Luna Zero-shot - 92.14 | 88.41 | 91.09 | 90.57 | 88.35 | 91.08 | 92.91 | 87.80 | 91.09
GPT-5.6-Terra Zero-shot - 94.45 | 92.13 | 93.91 | 94.18 | 92.02 | 93.59 | 94.82 | 92.02 | 93.82
GPT-5.6-Sol Zero-shot - 98.18 | 95.95 | 98.82 | 97.65 | 96.58 | 98.75 | 98.38 | 96.97 | 97.88
Gemini-3-Flash Zero-shot - 98.31 | 98.20 | 97.91 | 98.04 | 97.97 | 97.84 | 98.46 | 97.69 | 98.18
Gemini-3.5-Flash Zero-shot - 98.52 | 98.43 | 97.64 | 98.19 | 98.02 | 97.98 | 98.57 | 97.82 | 98.30
Claude Haiku 4.5 Zero-shot - 89.17 | 89.31 | 92.45 | 87.83 | 85.37 | 92.54 | 92.14 | 86.29 | 90.05
Claude Sonnet 5 Zero-shot - 95.60 | 95.39 | 95.45 | 94.13 | 93.90 | 95.89 | 96.26 | 94.20 | 95.52
Claude Opus 5 Zero-shot - 98.45 | 96.85 | 98.64 | 97.41 | 97.22 | 98.68 | 98.60 | 97.36 | 98.16
Seed-2.1-Turbo Zero-shot - 96.67 | 97.08 | 96.36 | 96.68 | 95.79 | 96.45 | 96.92 | 96.24 | 96.68
Seed-2.1-Pro Zero-shot - 97.11 | 97.98 | 96.27 | 97.41 | 96.68 | 96.24 | 97.10 | 97.03 | 97.08
Kimi-K3 Zero-shot 2.8T 97.96 | 98.31 | 99.09 | 98.00 | 97.57 | 98.82 | 98.46 | 98.09 | 98.33
LLaMA-Adapter Fine-tune 6B 84.37 | 88.30 | 84.36 | 83.72 | 80.32 | 86.90 | 85.83 | 84.05 | 85.19
LLaVA Fine-tune 13B 90.36 | 95.95 | 88.00 | 89.49 | 88.00 | 90.66 | 90.93 | 90.90 | 90.92

LaVIN Fine-tune 7B 89.25 | 94.94 | 85.24 | 88.51 | 87.46 | 88.08 | 90.16 | 88.07 | 89.41
UnifiedQApqse Fine-tune 223M 68.16 | 69.18 | 74.91 | 63.78 | 61.38 | 77.84 | 72.98 | 65.00 | 70.12
UnifiedQApgse W/CoT Fine-tune 223M 71.00 | 76.04 | 78.91 | 66.42 | 66.53 | 81.81 | 77.06 | 68.82 | 74.11
Multimodal-CoTpqse Fine-tune 223M 84.06 | 92.35 | 82.18 | 82.75 | 82.75 | 84.74 | 85.79 | 84.44 | 85.31
DDCoTpgse Fine-tune 223M 88.72 | 86.84 | 84.91 | 87.59 | 83.34 | 88.08 | 88.58 | 85.10 | 87.34
MC-CoTpase Fine-tune 223M 91.87 | 84.59 | 93.00 | 92.28 | 88.30 | 92.75 | 90.64 | 90.64 | 90.64
DPMM-CoTpse Fine-tune | 223M+83M | 92.72 | 87.85 | 89.91 | 92.72 | 90.48 | 91.29 | 91.45 | 90.11 | 90.97
Multimodal-T-SciQpqse Fine-tune 223M 91.52 | 91.45 | 92.45 | 91.94 | 90.33 | 92.26 | 92.11 | 91.10 | 91.75
MINDpqse Fine-tune 223M 93.07 | 96.74 | 87.09 | 92.42 | 92.76 | 89.27 | 92.91 | 91.17 | 92.29
Qwen2.5-VL-7B Fine-tune 7B 97.02 | 97.86 | 92.82 | 96.77 | 96.33 | 94.15 | 96.92 | 94.66 | 96.11
Qwen2.5-VL-7B + Multimodal-CoT | Fine-tune 7B 97.47 | 97.19 | 90.82 | 97.46 | 96.58 | 92.40 | 96.04 | 95.06 | 95.68
Qwen2.5-VL-7B + MIND Fine-tune 7B 97.56 | 98.20 | 93.36 | 97.56 | 97.03 | 94.49 | 97.06 | 95.78 | 96.60
Qwen2.5-VL-7B + ReState (Ours) | Fine-tune 7B 9791 99.44 | 94.82 | 98.04 | 98.17 | 95.54 97.91 | 96.57 | 97.43
Qwen3-VL-8B Fine-tune 8B 98.13 1 97.19 | 94.09 | 98.00 | 97.12 | 95.12 | 96.95 | 96.77 | 96.89
Qwen3-VL-8B + Multimodal-CoT | Fine-tune 8B 97.42 | 97.08 | 94.27 | 97.26 | 96.28 | 95.33 | 96.92 | 95.85 | 96.53
Qwen3-VL-8B + MIND Fine-tune 8B 97.96 | 98.31 | 94.64 | 97.90 | 97.37 | 95.61 | 97.32 | 96.90 | 97.17
Qwen3-VL-8B + ReState (Ours) Fine-tune 8B 99.07 99.10 | 95.55 | 99.17 | 98.81 | 96.38 98.27 | 97.96 | 98.16
Qwen3.5-9B Fine-tune 9B 95.69 | 96.40 | 94.73 | 9531 | 94.15 | 95.68 | 95.89 | 95.06 | 95.59
Qwen3.5-9B + Multimodal-CoT Fine-tune 9B 96.40 | 96.63 | 92.73 | 96.29 | 95.49 | 94.01 | 95.78 | 94.99 | 95.50
Qwen3.5-9B + MIND Fine-tune 9B 95.78 | 97.64 | 97.18 | 95.45 | 94.60 | 97.63 | 97.10 | 95.52 | 96.53
Qwen3.5-9B + ReState (Ours) Fine-tune 9B 98.71 98.76 | 97.36 | 98.78 | 98.46 | 97.63 98.60 | 97.96 | 98.37

Among the evaluated open-source zero-shot models (Bai et al.| 2025bja; |Qwen Team), [2026ajbic;
Lai et al., 2026} Team et al., |2026b; Moonshot Al [2026; [Kimi Team), [2026)), performance varies
substantially on VersaCoT-10K. Kimi-K3 (Kimi Team), 2026) achieves the highest average accuracy
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of 85.65%, followed by Qwen3.5-397B-A17B (Qwen Team), 2026a) at 81.60%. Qwen3-VL-235B-
A22B (Bai et al., 2025a), Qwen3.5-122B-A10B (Qwen Team, 2026a), and Qwen3.6-27B (Qwen
Team| 2026b)) achieve 80.65%, 80.00%, and 79.55%, respectively. Although stronger and larger
models often obtain higher accuracy, performance is not monotonically determined by total parameter
count, indicating that model architecture, active parameterization, and training also affect cross-
domain reasoning capability. These results highlight the ability of VersaCoT-10K to distinguish
models with different architectural and capability configurations.

Several closed-source models (Bai et al., 2023} |2025a; |Qwen Teaml, [2026age:fid; x Al [2026agbic;
Team et al.| [2026a; |OpenAlL 2024} 2026djasbic} |Anthropic, 2025} 2026c:djaib; ByteDance Seed),
2025; Seed, 2026azb; ByteDance Seed, [2026)) achieve strong overall performance. Grok-4.6 (xAlL
2026c), Qwen3.8-Max (Qwen Team| [2026d), and Seed-2.1-Pro (ByteDance Seed, [2026) reach
86.85%, 85.35%, and 85.20%, respectively. Clear differences are also observed among capability
configurations within the same model family. For example, the Qwen Plus variants generally
outperform their corresponding Flash variants. GPT-5.6-Luna, Terra, and Sol (OpenAl, |2026c)
achieve average accuracies of 71.00%, 78.15%, and 83.00%, respectively. A similar progression is
observed within the Claude family, from 70.10% with Haiku 4.5 (Anthropic, [2025) to 84.70% with
Opus 5 (Anthropicl 2026b). These results show that VersaCoT-10K captures not only differences
across model families but also capability differences among variants within the same family.

The fine-grained results across the eight reasoning domains further reveal distinct capability profiles.
Stronger models generally achieve high accuracy on COMMON and CHART, whereas MED, DRIVE,
GEO, and MULTI exhibit substantially larger performance variation across models. For example,
accuracy on GEO ranges from 44.80% to above 96.80% among the evaluated models, while MULTI
similarly exhibits a wide performance range. These domains require different combinations of
visual perception, domain knowledge, spatial understanding, and quantitative reasoning. Therefore,
VersaCoT-10K provides both an overall measure of multi-domain reasoning through average accuracy
and a fine-grained view of domain-specific capability differences.

More importantly, under matched backbone and training settings, ReState consistently achieves the
highest average performance across all three evaluated backbones. With Qwen2.5-VL-7B (Bai et al.,
2025b)), ReState reaches 77.05%, outperforming Direct SFT, Multimodal-CoT (Zhang et al., 2024)),
and MIND (Yu et al.,|2026) by 1.90% (from 75.15% to 77.05%), 4.40% (from 72.65% to 77.05%),
and 1.30% (from 75.75% to 77.05%), respectively. With Qwen3-VL-8B (Bai et al., 2025a)), ReState
achieves 79.25%, corresponding to improvements of 3.60% (from 75.65% to 79.25%), 2.75% (from
76.50% to 79.25%), and 0.90% (from 78.35% to 79.25%). With Qwen3.5-9B (Qwen Team, [2026a)),
ReState reaches 81.90%, improving by 4.10% (from 77.80% to 81.90%), 4.60% (from 77.30% to
81.90%), and 1.70% (from 80.20% to 81.90%), respectively.

The improvements of ReState are also not confined to a single reasoning domain. With Qwen3.5-9B,
ReState achieves the best results on MED, DRIVE, COMMON, SPAT, and MULTI. It also improves
multiple reasoning domains with Qwen2.5-VL-7B and Qwen3-VL-8B. Although other methods retain
advantages in several individual domains, ReState consistently achieves the highest average accuracy
across all three backbones. This suggests that its gains arise from broadly improved reasoning-state
modeling rather than optimization toward a particular domain.

Notably, ReState with Qwen3.5-9B achieves 81.90%, surpassing all evaluated open-source zero-shot
models in except Kimi-K3 (Kimi Team| [2026)). For example, Qwen3.5-397B-A17B (Qwen
Team) 2026a)) and Qwen3-VL-235B-A22B (Bai et al., 2025a)) achieve 81.60% and 80.65%, respec-
tively. We emphasize that fine-tuned and zero-shot models are evaluated under different settings
and therefore do not constitute strictly matched comparisons. Nevertheless, these results show that
ReState can substantially enhance the reasoning capability of a medium-scale MLLM, enabling
competitive multi-domain performance relative to much larger models.

Overall, the extended results demonstrate two complementary properties. First, VersaCoT-10K
provides a discriminative benchmark that reveals substantial performance differences across model
families, capability configurations, and reasoning domains. Second, under controlled matched-
backbone comparisons, ReState consistently improves multi-domain reasoning performance across
different MLLMs. Together, these results further support the effectiveness and cross-model adaptabil-
ity of the proposed state-centric reasoning framework.
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Table 10: Main results (%) on the M2CoT dataset. The “Random” and “Human” results are averaged
over three trials. Red denotes the best result, and blue denotes the second best result.

Science Commonsense Mathematics

Model Size Lang | Natural | Social | Physical | Social | Temporal | Algebra | Geometry | Theory Total
Random - 3270 | 30.62 | 26.71 | 3297 |22.22 20.33 35.71 27.50 23.81 |28.56
Human - 97.83 | 92.62 | 9431 | 96.28 | 9241 88.71 87.23 88.75 85.71 |91.61
Tool-Usage Methods
HuggingGPT 175B | 17.57 | 20.93 | 10.33 8.70 14.75 9.76 11.35 22.50 9.52 | 14.60
VisualChatGPT >175B | 30.09 | 36.28 | 7.78 4348 | 29.92 33.33 21.99 21.25 28.57 [25.92
Ideal GPT - 31.73 | 31.63 | 26.23 | 56.52 | 50.00 | 26.83 20.57 30.00 38.10 | 32.19
Chameleon - 43.87 | 26.05 | 2544 | 39.13 | 37.30 | 48.78 17.73 26.25 23.81 |34.29
Zero-shot Methods
Kosmos-2 2B 10.43 | 28.61 | 21.18 | 3333 | 17.77 28.46 21.43 21.25 1429 |23.17
InstructBLIP 13B | 3839 | 30.52 | 26.27 | 76.67 | 70.66 35.77 30.00 22.50 19.05 |35.94
LLava-V1.5 13B | 36.97 | 27.46 | 2022 | 5222 | 2355 27.64 22.86 45.00 476 |27.05
CogVLM 17B | 52.61 | 3742 | 2691 | 5556 | 54.13 29.27 29.29 32.50 23.81 |37.19
Gemini - 7393 | 41.25 | 31.21 | 56.67 | 71.49 62.60 30.71 27.50 28.57 |45.17
GPT4V - 80.09 | 54.66 | 4395 | 87.78 | 67.77 82.11 42.14 43.75 42.86 | 56.95
Qwen2.5-VL-7B 7B 83.89 | 59.77 | 47.45 | 81.11 | 76.03 79.67 41.43 30.00 28.57 |59.79
Qwen3-VL-8B 8B 86.73 | 65.77 | 45.86 | 8222 | 77.27 77.24 34.29 32.50 38.10 | 61.43
Qwen3.5-9B 9B 89.57 | 66.28 | 47.45 | 87.78 | 80.99 78.86 30.71 33.75 38.10 | 62.81
Qwen3.5-Flash - 9479 | 69.99 | 52.87 | 87.78 | 79.75 88.62 45.00 45.00 33.33 | 67.60
Qwen3.5-Plus - 9431 | 76.37 | 63.06 | 86.67 | 83.47 92.68 62.86 45.00 66.67 | 74.42
Qwen3.6-Flash - 9479 | 74.07 | 53.50 | 88.89 | 81.40 86.18 55.71 46.25 33.33 |69.93
Qwen3.6-Plus - 93.84| 76.88 | 62.26 | 88.89 | 80.58 91.87 65.00 45.00 47.62 | 74.03
Qwen3.7-Flash - 9431 | 72.41 | 5350 | 90.00 | 76.86 88.62 56.43 55.00 5238 |69.54
Qwen3.7-Plus - 9431 | 79.69 | 60.99 | 90.00 | 78.51 92.68 62.86 56.25 52.38 | 74.85
Qwen3.8-Max - 9431 | 83.27 | 67.68 | 90.00 | 82.23 94.31 61.43 60.00 57.14 | 7843
MiniMax-M3 - 90.05| 67.05 | 50.00 | 85.56 | 75.62 87.80 50.71 38.75 57.14 | 65.19
Grok-4.6 - 93.84 | 85.19 | 73.89 | 91.11 | 75.62 9431 70.71 72.50 53.38 |81.02
GLM-4.6V - 92.89 | 62.84 | 43.95 | 86.67 | 76.86 82.93 31.43 33.75 42.86 | 60.83
GPT-40 - 9526 | 57.85 | 4395 | 91.11 |79.34| 78.05 30.71 33.75 33.33 |59.40
GPT-5.6-Luna - 9431 | 6245 | 4220 | 88.89 | 76.45 78.86 46.43 42.50 3333 | 61.30
GPT-5.6-Terra - 94.79 | 68.84 | 50.64 | 86.67 | 76.03 86.99 60.71 38.75 42.86 | 66.91
GPT-5.6-Sol - 98.10 | 78.80 | 66.08 | 88.89 | 79.75 91.06 73.57 48.75 61.90 |76.75
Gemini-3-Flash - 99.05| 80.72 | 71.82 | 91.11 | 83.33 94.31 75.00 61.25 71.43 |80.33
Gemini-3.5-Flash - 99.05| 8595 | 72.45 | 9333 | 85.12 | 95.12 78.57 63.75 85.71 | 82.96
Claude Haiku 4.5 - 9336 | 54.66 | 36.46 | 87.78 | 72.73 79.67 33.57 32.50 23.81 | 5544
Claude Sonnet 5 - 95.73 | 76.37 | 57.01 | 87.78 | 79.75 90.24 59.29 37.50 52.38 |71.83
Claude Opus 5 - 97.63 | 83.65 | 6545 | 90.00 | 80.17 95.12 88.57 66.25 61.90 |79.98
Seed-2.1-Turbo - 96.68 | 78.80 | 64.65 | 88.89 | 80.99 91.06 65.71 58.75 5238 |76.14
Seed-2.1-Pro - 96.68 | 72.67 | 65.13 | 88.89 | 78.93 89.43 68.57 56.25 28.57 | 73.77
Kimi-K3 28T |97.16| 86.72 | 70.38 | 91.11 | 7851 95.93 77.86 60.00 57.14 | 81.32
Fine-tuning Methods
LLaMA-Adaper 7B 62.56 | 72.29 | 30.21 | 76.92 | 59.67 72.36 30.71 38.75 38.10 | 54.89
LLaVA-V1.5 13B | 68.72| 72.41 | 40.86 | 83.52 | 64.61 69.11 35.71 45.00 38.10 | 59.50
CogVLM 17B | 65.88 | 77.52 | 29.09 | 81.32 | 6543 75.61 35.71 46.25 47.62 | 58.25
Multimodal-CoTpqse 223M | 41.71 | 4649 | 39.90 | 59.34 | 60.91 27.64 48.57 35.00 28.57 |44.85
Multimodal-CoT;qrge 738M | 45.50 | 50.19 | 43.56 | 63.74 | 64.61 33.33 40.71 61.25 28.57 |48.73
MC-CoTpgse 223M | 53.55| 63.98 | 43.56 | 61.54 | 69.55 29.27 42.86 33.75 28.57 |53.51
MC-CoTj4pge 738M | 42.65| 67.43 | 50.56 | 58.24 | 60.49 56.10 57.86 62.50 1429 | 57.69
MINDy ¢ 223M | 72.04| 63.09 | 43.31 | 82.22 | 65.29 4472 49.29 61.25 33.33 |57.38
MIND; 4/ ge 738M | 79.62 | 66.41 | 48.57 | 81.11 |69.42 | 5122 50.71 61.25 47.62 | 61.56
Qwen2.5-VL-7B 7B 92421 91.83 | 60.35 84.44 80.17 86.18 72.14 70.00 71.43 179.42
Qwen2.5-VL-7B + Multimodal-CoT | 7B 87.20 | 89.27 | 61.62 | 83.33 | 74.38 86.18 56.43 61.25 47.62 |76.32
Qwen2.5-VL-7B + MIND 7B 9242 | 97.32 | 76.27 | 83.33 | 75.62 | 88.62 66.43 71.25 61.90 |84.81
Qwen2.5-VL-7B + ReState (Ours) 7B 9479 | 97.32 | 71.82 | 85.56 78.10 86.18 75.71 78.75 76.19 84.99
Qwen3-VL-8B 8B 93.84 | 90.55 | 68.31 86.67 80.99 89.43 74.29 67.50 66.67 | 81.62
Qwen3-VL-8B + Multimodal-CoT 8B 90.05| 92.72 | 65.92 | 83.33 | 67.36 | 90.24 62.14 62.50 66.67 | 78.95
Qwen3-VL-8B + MIND 8B 9479 | 97.96 | 79.62 | 85.56 | 80.17 95.12 68.57 77.50 66.67 | 87.45
Qwen3-VL-8B + ReState (Ours) 8B 95.73 | 98.47 | 78.03 | 83.33 83.88 92.68 76.43 76.25 76.19 87.96
Qwen3.5-9B 9B 9336 | 96.42 | 7452 | 8556 | 80.58 84.55 70.00 71.25 61.90 |84.73
Qwen3.5-9B + Multimodal-CoT 9B 91.00 | 89.66 | 59.87 | 85.56 | 67.77 82.93 60.00 70.00 33.33 | 75.93
Qwen3.5-9B + MIND 9B 9526 | 98.08 | 81.69 | 85.56 | 81.40 85.37 72.86 83.75 57.14 | 88.09
Qwen3.5-9B + ReState (Ours) 9B 95.73 | 97.83 | 80.89 | 88.89 83.47 86.99 80.00 83.75 90.48 89.00

E.2 EVALUATION ON THE SCIENCEQA DATASET

To provide a more comprehensive evaluation on a standard scientific reasoning benchmark, we extend
the ScienceQA comparisons reported in of the main text. The complete results in[Table 9|
cover traditional visual question answering methods (Yu et al., [2019; |Anderson et al., [2018;; |Kim!
et al} 2018 Gao et al., 2019} |[Kim et al., [2021} |Lu et al.| 2021} |Li et al., 2020), few-shot reasoning
methods (Wei et al., [2022; |Achiam et al.| 2023} Team et al., 2023 |Lu et al., 2023} [Tan et al.| 2024b)),
several families of zero-shot MLLMs (Bai et al., 2025bza; Qwen Team, [2026age;f} [Lai et al., [2026;
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Team et al., 2026bj xAl [2026¢} |Qwen Team, [2026d; |OpenAll 2024} 2026c; |Google DeepMind,
202520265 | Anthropic}, 2025} |2026d:bj; [ByteDance Seed, |2026; | Kimi Team, [2026), and additional
learning-based MCoT methods (Zhang et al., | 2023a; |Liu et al.|[2024; Luo et al., 2023} |Khashabi et al.,
2020; Zhang et al.| [2024} [Zheng et al.| 2023} |Tan et al., [2024a; He et al., |2024; Wang et al.| 2024aj;
Yu et al., [2026; Bai et al., [2025bja; Qwen Team), [2026a). Overall, recent MLLMs already achieve
high accuracy on ScienceQA, providing a complementary setting for evaluating whether ReState can
still yield consistent gains when the remaining performance headroom is limited.

Across different method categories, ScienceQA performance improves substantially with advances
in model capability and reasoning mechanisms. Traditional vision-language models, including
MCAN (Yu et al.| 2019), BAN (Kim et al., [2018)), VILT (Kim et al., 2021), and Visual BERT (Li et al.},
2020), mainly achieve average accuracies in the range of 54.54%-61.87%. With stronger language
models and explicit reasoning mechanisms, performance increases markedly. GPT-4 w/CoT (Achiam
et al., 2023)), Gemini+RMR (Team et al., 2023} |Tan et al.,[2024b), and MINDy, .. (Yu et al., [2026))
reach 83.99%, 91.75%, and 92.29%, respectively. More recent closed-source MLLMs further raise
the performance level: Qwen3.8-Max (Qwen Team| |[2026d)), GPT-5.6-Sol (OpenAl, 2026c), Gemini-
3.5-Flash (Google DeepMind, 2026)), Claude Opus 5 (Anthropic, [2026b)), and Kimi-K3 (Kimi Team,
2026)) all achieve accuracies around 98%. These results indicate that ScienceQA has entered a
high-accuracy regime for strong MLLMs, making further improvements increasingly challenging. It
is worth mentioning that ReState with Qwen3.5-9B also achieves competitive performance against
strong zero-shot MLLMs. Its 98.37% accuracy exceeds Qwen3.8-Max, GPT-5.6-Sol, Gemini-3-Flash,
Gemini-3.5-Flash, and Claude Opus 5, and is comparable to Kimi-K3 at 98.33%.

More importantly, under matched backbone and training settings, ReState consistently achieves
the highest average performance across all three evaluated backbones. With Qwen2.5-VL-7B (Bai
et al.}2025b)), ReState reaches 97.43%, outperforming Direct SFT, Multimodal-CoT (Zhang et al.|
2024), and MIND (Yu et al., 2026) by 1.32% (from 96.11% to 97.43%), 1.75% (from 95.68% to
97.43%), and 0.83% (from 96.60% to 97.43%), respectively. With Qwen3-VL-8B (Bai et al.||2025a),
ReState achieves 98.16%, corresponding to gains of 1.27% (from 96.89% to 98.16%), 1.63% (from
96.53% to 98.16%), and 0.99% (from 97.17% to 98.16%). With Qwen3.5-9B (Qwen Team, [2026a),
ReState further reaches 98.37%, improving by 2.78% (from 95.59% to 98.37%), 2.87% (from 95.50%
to 98.37%), and 1.84% (from 96.53% to 98.37%), respectively. These consistent improvements
demonstrate that ReState remains effective across different MLLM backbones even when baseline
performance is already high.

The fine-grained results further show that the gains of ReState are not concentrated in a particular
ScienceQA subset. With Qwen3-VL-8B, ReState achieves the strongest matched-backbone results
across all reported dimensions, while improving the average accuracy from 97.17% with MIND to
98.16%. Similar overall trends are observed with Qwen2.5-VL-7B and Qwen3.5-9B. These results
indicate that the benefits of ReState extend across different subject categories, context conditions,
and grade levels rather than being driven by a particular subset.

Overall, the extended ScienceQA results demonstrate that ReState consistently improves performance
across MLLM backbones in a high-accuracy evaluation regime. Together with its broad gains across
ScienceQA subsets, these results further support the effectiveness of unified reasoning-state modeling
and closed-loop reasoning-state refinement, as well as the cross-model adaptability of ReState.

E.3 EVALUATION ON THE M3COT DATASET

To provide a more comprehensive evaluation of complex multimodal reasoning, we extend the
M3CoT comparisons reported in of the main text. The complete results incover
tool-usage methods (Shen et al., [2023; [Wu et al., [2023; |You et al.,|2023; |Lu et al., [2023), several
families of zero-shot MLLMs (Peng et al., 2023}, |Dai et al., 2023} |Liu et al.| 2024; Wang et al., 2024b;
Team et al., [2023} |[OpenAl, [2023} Bai et al., [2025bza; |Qwen Team, |2026ajeqf; Lai et al., [2026}  Team:
et al., 2026b; xAlL [2026cf |Qwen Team, 2026d; OpenAl 2024} 2026c¢; |Google DeepMind, 2025;[2026;
Anthropic, 2025}, 2026djb; ByteDance Seed, [2026} |Kimi Team), 2026)), and additional fine-tuning
methods (Zhang et al., [2023a; |Liu et al., 2024; |Wang et al., 2024b; |[Zhang et al., 2024} [Tan et al.,
2024a; |Yu et al.| 2026} Bai et al.,[2025bta; [Qwen Teaml 2026a). M>CoT spans science, commonsense,
and mathematics, with subtasks characterized by substantially different knowledge structures and
reasoning patterns, providing a challenging testbed for heterogeneous multimodal reasoning.
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Question: Based on the figure, what is the solution to the small loan dilemma?
Options: VersaCoT-10K #2171

| A. Appropriately reduce loan interest

TT 1T

| B. Discover more small and medium-sized enterprise customers

MONEY RECEIVED BY POOR PEOPL

| C. Improve loan trust

11 |2

VALUE GIVEN BY POOR PEOPLE

| D. Understand the problem of poverty as the inability to pay someone back

Reference CoT:

Analyze the Graph's Annotations: The top-left speech bubble characterizes a state of being "DEEPLY OBLIGATED / HELPLESS /
HOPELESS." This represents the traditional view or the starting condition of poverty where individuals are seen as unable to break the
cycle of debt or lack the means to contribute value back. The bottom-right bubble mentions a "PERFECT' COMPETITION RACE TO
THE BOTTOM," indicating a failure of standard market mechanisms in this context. The top-right bubble, which is the destination of the
arrow, describes a "RECIPROCAL RELATIONSHIP" where "90% OF LOANS REPAID" and the "BANK IS PROFITABLE." Identify
the Dilemma and Solution: The "small loan dilemma" typically refers to the high risk and perceived impossibility of lending to the poor
because they are viewed as having no collateral or means to repay. The graph shows that as the "VALUE GIVEN BY POOR PEOPLE"
increases (moving right on the x-axis), the outcome shifts from "HELPLESS/HOPELESS" to a "RECIPROCAL RELATIONSHIP." The
success of microfinance, as shown in the top-right bubble, is based on achieving a high repayment rate (90%). This directly addresses the
core dilemma: the perceived inability of the poor to pay back loans. Therefore, the solution involves a conceptual shift: understanding that
the fundamental problem of poverty in a lending context is the perceived or actual "inability to pay someone back." By framing the
problem this way, microfinance can create a "reciprocal relationship" that enables repayment and profitability. Evaluate the Choices: (A),
(B), and (C) are not explicitly supported by the specific labels in the diagram. (D) "Understand the problem of poverty as the inability to
pay someone back" aligns with the transition from the "HELPLESS/HOPELESS" state to the "RECIPROCAL RELATIONSHIP" where
repayment is finally achieved. This understanding allows for the design of a system that facilitates value exchange and high repayment
rates. Conclusion: The graph demonstrates that by addressing the core issue of repayment through reciprocity, the dilemma of lending to

True Answer: The answer is (D).

the poor is solved.
—2 =12
' '

| Direct SFT | | Multimodal-CoT |
Output CoT: ...... The visual path of the curve represents a Output CoT: ...... The curve rises as the value given by poor
transition from a state of financial distress and lack of trust to a people increases, but then levels off, suggesting diminishing
state of successful repayment and mutual benefit. For returns. ..."RECIPROCAL RELATIONSHIP, 90% OF LOANS
microfinance to move from the first point to the second, REPAID, BANK IS PROFITABLE" suggests that microfinance
borrowers must transition from being "deeply obligated" or works through a mutual, trusting lender-borrower
"hopeless" to becoming reliable actors in a "reciprocal relationship. ... By building a trust-based reciprocal relationship,
relationship." This shift requires overcoming the initial microfinance becomes sustainable, with high repayment rates
skepticism and lack of faith that poor people often have in and bank profitability. Therefore, the solution is to improve trust
financial institutions. ...While understanding poverty as an between the lender and borrower. Comparing the choices:(A)
inability to pay (D) is a related concept, the diagram specifically Reducing interest rates does not address the relational aspect. (B)
highlights the need to build the trust necessary for a "reciprocal Finding more customers is not the core solution. (C) Improving
relationship" to flourish. Therefore, improving trust is the key loan trust matches the "RECIPROCAL RELATIONSHIP"
solution represented by the positive trajectory of the curve. shown in the graph. (D) Defining poverty as inability to pay is

. treated as a negative condition that microfinance overcomes.
Model Choice: C. Improve loan trust

Model Choice: C. Improve loan trust

>_<

Thus, the graph points to trust as the core solution.

—> = =

| MIND | | ReState (Ours) |

Output CoT: ...... Initial State: The curve starts steep, indicating Output CoT: ...... The graph reveals that traditional lending
poor people's minimal financial input yields minimal returns, fails in poverty because "value given" is so low that "money
reflecting "DEEPLY OBLIGATED / HELPLESS / received" is insufficient, creating a debt cycle. Microfinance
HOPELESS." Microfinance Shift: The curve flattens, showing solves this by fostering a "reciprocal relationship" with high
improved outcomes. Key Insight: The "RECIPROCAL repayment rates. Option (D) correctly frames poverty as the
RELATIONSHIP, 90% OF LOANS REPAID" suggests trust inability to repay, which the graph addresses. Options (A), (B),
and mutual benefit. Final State: The curve reaches a point where and (C) are not the focus, as the diagram emphasizes the debt
effort equals reward, avoiding "PERFECT COMPETITION trap over interest rates, customer acquisition, or trust.

RACE TO THE BOTTOM." The solution is building trust to
improve repayment rates, not reducing interest or expanding
customer bases. Poverty isn't about repayment inability but the
lack of financial tools.

Model Choice: D. Understand the problem of poverty as the
inability to pay someone back

Model Choice: C. Improve loan trust

. J

J

Figure 8: Qualitative comparison on an example of small loan dilemma reasoning in VersaCoT-10K.

Existing methods exhibit substantial performance variation on M3CoT. Early tool-usage methods
achieve average accuracies below 35%, while GPT-4V (OpenAlL 2023) reaches 56.95%. With stronger
MLLM backbones, zero-shot accuracy increases to 59.79%, 61.43%, and 62.81% for Qwen2.5-VL-
7B (Bai et al.}[2025b), Qwen3-VL-8B (Bai et al., [2025a), and Qwen3.5-9B (Qwen Team, 2026a),
respectively. More recent MLLMs achieve substantially stronger results: Gemini-3.5-Flash (Google
DeepMind, 2026), Kimi-K3 (Kimi Team) 2026), Grok-4.6 (xAl}2026c), and Gemini-3-Flash (Google
DeepMind, 2025) reach 82.96%, 81.32%, 81.02%, and 80.33%, respectively. Despite these advances,
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Question: The direct result of melting is represented at:

VersaCoT-10K #472
Options:

|A.K|| B.L || CA || D.E|

Reference CoT:
1. **Analyze the labels and arrows:** The diagram shows various processes like weathering (B), erosion/transport (J), sedimentation (D),
and lithification (C/F).
2. **Locate the melting process:** Melting occurs deep underground where temperatures are high enough to liquefy rock. In the diagram,
arrows from metamorphic rock regions (near L and I) point downward into a bright orange and yellow zone at the very bottom of the
cross-section.

3. **]dentify the product of melting:** The direct result of melting solid rock is magma. Label **A** is placed directly within this bright,
molten-looking reservoir at the base of the diagram, which feeds the volcanic activity (H) and intrusive bodies (E).

4. **Evaluate other options:**

* **K** represents rocks at the surface, which are the result of cooling or uplift, not melting.

* **¥L** represents metamorphic rocks, which are formed by heat and pressure but remain in a solid state.

* **E** represents an intrusive igneous rock body (pluton), which is the result of magma *cooling and solidifying*, not the melting

process itself.
) \ e 3 3 R

True Answer: The answer is (C).

—

| Direct SFT | | Multimodal-CoT |

Output CoT: ...... evaporation (C) is water vapor rising from Output CoT: ...... Label H shows a volcanic eruption; B shows
the ocean; and melting (E) occurs at the base of the mountain, precipitation; K points to the crust or surface layer; E points to a
where solid ice or snow changes into liquid water and then flows large orange mass beneath the surface, which usually represents
as runoff (J). The question asks for the direct result of melting. magma or molten rock; A is at the bottom and represents solid
Melting converts solid ice or snow into liquid water. Label E Earth or crust; L indicates material movement or a landslide.
depicts this transition point at the base of the mountain. Melting changes solid material into liquid. In a volcanic context,
Although J shows the resulting runoff, it is a downstream effect melting occurs in the mantle or crust and produces magma.
rather than the direct physical result of the phase change itself. Therefore, E represents the molten state produced by melting,
Therefore, E is the most accurate label. ...... while A represents solid crust.
Model Choice: D. E Model Choice: D. E

(. (. 7/

| MIND | | ReState (Ours) |

Output CoT: ...... Locate the melting process: Melting occurs Output CoT: ...... Label Interpretation: A points to a luminous,
when heat from below (like mantle convection) or surface water red-orange zone deep underground, representing magma, the
(like glacial melt) transforms solid rock into magma. The liquid form of rock. K highlights a towering mountain, typically
diagram shows a downward arrow from the surface (labeled 'B' formed through compression and uplift. E shows a reddish-
for rain and 'J' for a river) hitting the crust, with arrows moving brown intrusion, indicating a solidified igneous rock. L denotes
downward into the mantle, representing the heat and water that loose particles, representing sediment created by weathering
cause melting. Trace the arrows to the result:Following the and erosion. Process Mapping: The arrow labeled I travels from
arrows from the surface impact zone (B and J) downward, they the crust's base to the magma chamber (A). This depicts the
point to location 'E'. ...... Label L points to a downward-pointing process of heat and pressure turning solid rock into liquid
arrow, representing the process of sediment deposition or burial Magma. «ees
...... Therefore, 'E' represents the result of melting in this . .
diagram. Model Choice: C. A
Model Choice: D. E

. 7/ (. 7/

Figure 9: Qualitative comparison on an example of rock cycle reasoning in VersaCoT-10K.

substantial performance differences remain across individual subtasks, reflecting the heterogeneous
reasoning requirements of M3CoT.

More importantly, under matched backbone and training settings, ReState consistently achieves the
highest average performance across all three backbones. With Qwen2.5-VL-7B, ReState reaches
84.99%, outperforming Direct SFT, Multimodal-CoT (Zhang et al., 2024)), and MIND (Yu et al.,
2026) by 5.57% (from 79.42% to 84.99%), 8.67% (from 76.32% to 84.99%), and 0.18% (from
84.81% to 84.99%), respectively. With Qwen3-VL-8B, ReState achieves 8§7.96%, corresponding to
gains of 6.34% (from 81.62% to 87.96%), 9.01% (from 78.95% to 87.96%), and 0.51% (from 87.45%
to 87.96%). With Qwen3.5-9B, ReState further reaches 89.00%, improving by 4.27% (from 84.73%
to 89.00%), 13.07% (from 75.93% to 89.00%), and 0.91% (from 88.09% to 89.00%), respectively.

In particular, the gains over Multimodal-CoT range from 8.67% to 13.07%, substantially larger
than those observed on ScienceQA and VersaCoT-10K. This suggests that explicitly modeling and
recursively refining reasoning states is especially beneficial on M2CoT, where diverse knowledge
structures and reasoning patterns place greater demands on intermediate reasoning. ReState with
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Question: Which of the following fossils is older? Select the more likely answer. ET—

Options:
A. ginkgo leaf B. insect

m 6 ScienceQA #3118
deeper

Reference CoT:
Look again at the fossils in the rock sequence diagram. Compare the positions of these fossils to determine which one is older: The
ginkgo leaf fossil is in a deeper layer in the rock sequence than the insect fossil. So, the ginkgo leaf fossil is most likel y older than the

insect fossil.
3 \ ' ) 3 R

True Answer: The answer is (A).

,\@

| Direct SFT | | Multimodal-CoT |
Output CoT: Look again at the fossils in the rock sequence Output CoT: Look again at the fossils in the rock sequence
diagram. Compare the positions of these fossils to determine diagram. Compare the positions of these fossils to determine
which one is older: The insect fossil is in a deeper layer in the which one is older: The insect fossil is in a deeper layer in the
rock sequence than the ginkgo leaf fossil. So, the insect fossil is rock sequence than the ginkgo leaf fossil. So, the insect fossil is
most likely older than the ginkgo leaf fossil. most likely older than the ginkgo leaf fossil.
Model Choice: B. insect Model Choice: B. insect
(. (. 7/
's ' A
| MIND | | ReState (Ours) |
Output CoT: The solution is The sedimentary layers preserve Output CoT: Analyze the diagram'’s fossil placements.
fossils in a stacked order. The insect fossil is found in a layer Compare the layers: The ginkgo leaf is in a deeper layer,
beneath the ginkgo leaf fossil, making it the older of the two. making it older than the insect.
Model Choice: B. insect Model Choice: A. ginkgo leaf
L J U J

Figure 10: Qualitative comparison on an example of fossil age reasoning in ScienceQA.

Qwen3.5-9B also achieves an average accuracy of 89.00%, exceeding all evaluated zero-shot MLLMs
in[Table T0] We emphasize that fine-tuned and zero-shot models are evaluated under different settings
and therefore do not constitute strictly matched comparisons. Nevertheless, this result shows that
ReState can substantially enhance the reasoning capability of a medium-scale MLLLM and enable
highly competitive performance on complex multimodal reasoning. It also narrows the gap to the
reported human performance of 91.61% to 2.61%.

The fine-grained results further show that the gains of ReState extend across science, commonsense,
and mathematics. With Qwen3.5-9B, ReState achieves the best results within the matched-backbone
comparison on multiple subtasks, including 80.00% on Algebra, 83.75% on Geometry, and 90.48%
on Theory. In particular, Theory accuracy increases from 61.90% with Direct SFT to 90.48% with
ReState. Similar improvements across multiple subtasks indicate that the overall performance gain is
not driven by a single reasoning category, but instead reflects broader benefits across heterogeneous
reasoning patterns.

Overall, the extended M3CoT results demonstrate particularly clear gains from ReState on a bench-
mark with diverse and challenging reasoning requirements. ReState consistently improves average
performance across all three backbones and remains effective across scientific, commonsense, and
mathematical reasoning. Together with the results on VersaCoT-10K and ScienceQA, these find-
ings further support the effectiveness and cross-dataset applicability of reformulating multimodal
reasoning from stage-centric pipelines into state-centric iterative refinement.

F QUALITATIVE ANALYSIS

F.1 COMPARISON WITH DIFFERENT METHODS

To further examine the reasoning behaviors of different methods, we present representative examples
from VersaCoT-10K, ScienceQA, and M2CoT, comparing Direct SFT, Multimodal-CoT, MIND, and
ReState in to[T3] Beyond final-answer correctness, these examples reveal clear differences in
visual evidence interpretation, relation modeling, and reasoning consistency.
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Question: Which solution has a higher concentration of green particles?

Options:

A. Solution B 900

B. neither; their concentrations are the same ScienceQA #15960 e

C. Solution A [Solvent volume: 40 mL Solvent volume: 40 mL
L Solution A Solution B

Reference CoT:
In Solution A and Solution B, the green particles represent the solute. To figure out which solution has a higher concentration of green
particles, look at both the number of green particles and the volume of the solvent in each container. Use the concentration formula to
find the number of green particles per milliliter. Solution A has more green particles per milliliter. So, Solution A has a higher

concentration of green particles.
3 \ ' D 3 B

True Answer: The answer is (C).

3

| Direct SFT | | Multimodal-CoT |
Output CoT: In Solution A and Solution B, the green particles Output CoT: In Solution A and Solution B, the green particles
represent the solute. To figure out which solution has a higher represent the solute. To figure out which solution has a higher
concentration of green particles, look at both the number of concentration of green particles, look at both the number of
green particles and the volume of the solvent in each container. green particles and the volume of the solvent in each container.
Use the concentration formula to find the number of green Use the concentration formula to find the number of green
particles per milliliter. Solution A and Solution B have the same particles per milliliter. Solution A and Solution B have the same
number of green particles per milliliter. So, their concentrations number of green particles per milliliter. So, their concentrations
are the same. are the same.
Model Choice: B. neither; their concentrations are the same Model Choice: B. neither; their concentrations are the same
' ' N\
| MIND | | ReState (Ours) |
Output CoT: The solution is The green particles in Solution A Output CoT: The green particles in Solution A and Solution B
and Solution B represent the solute. To identify the solution with represent the solute. To find out which solution has a higher
a higher concentration of green particles, assess the green concentration of green particles, inspect the green particle count
particle count and solvent volume in each. The concentration and solvent volume in each. The concentration formula shows
formula calculates green particles per milliliter. Solution A and the green particles per milliliter. Solution A has more green
Solution B have the same green particle density per milliliter, so particles per milliliter, so its concentration is higher.
their concentrations are identical. .
Model Choice: C. Solution A
Model Choice: B. neither; their concentrations are the same
L J U J

Figure 11: Qualitative comparison on an example of solution concentration reasoning in ScienceQA.

On VersaCoT-10K, Direct SFT, Multimodal-CoT, and MIND are more susceptible to misleading
local visual or textual cues. In the “small loan dilemma” example, all three methods overemphasize
the “reciprocal relationship” and high repayment rate, and consequently misidentify loan trust as
the central issue. In contrast, ReState reasons over the broader semantic structure of the diagram
and correctly identifies repayment ability as the key factor. Similarly, in the “rock cycle” example,
the compared methods incorrectly identify E as the direct product of melting. ReState instead
distinguishes the magma region from the solidified intrusive rock and correctly identifies A as the
material produced by melting. These examples suggest that ReState more reliably captures global
visual structures and process relations rather than relying primarily on local surface associations.

A similar pattern is observed on ScienceQA and M3CoT. In the “fossil age” and “solution con-
centration” examples, the compared methods make incorrect predictions due to errors in spatial
interpretation, quantitative comparison, or proportional reasoning, whereas ReState more accurately
integrates the positions, quantities, and relations. In the “fine-grained species recognition” and “tan-
gram recognition” examples, ReState also combines multiple visual attributes and global structural
cues more effectively, reducing errors caused by over-reliance on isolated appearance features.

Overall, the compared methods can produce fluent and superficially plausible CoTs even when their
intermediate reasoning is grounded in incorrect visual observations or misleading local associations.
Such errors may then propagate through the reasoning chain and affect the final prediction. In contrast,
ReState organizes and updates explicit reasoning states around task-relevant multimodal evidence,
yielding stronger consistency among visual observations, intermediate reasoning, and final answers.
These qualitative examples provide intuitive evidence that state-centric reasoning can better support
robust multimodal reasoning than conventional stage-centric pipelines.
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Question: Study the image given and determine the scientific name of the organism depicted.

Options: MCoT #10111

A. Felis nigripes | |B. Lynx rufus | |C. Neofelis nebulosa

.

(®) Lynx rufus

Reference CoT:

1. Observe the image and identify the key visual characteristics of the organism.
2. Analyze the body size and shape of the organism. It appears to have a medium-sized, compact body with short legs and a relatively
long tail.

3. Examine the fur coloration of the organism. It displays a distinct coat color, which in this case is black or dark brown.

4. Evaluate the facial features of the organism. It has a rounded face with distinctive ear tufts.

5. Compare the visual traits observed to the provided options.

6. Based on the visual traits, determine that option A closely matches the described organism.

7. Understand that the scientific name "Felis nigripes" appropriately represents this species.

8. Recognize that the species described is commonly known as the black-footed cat.

9. For these reasons, the answer is option (A).
=2

True Answer: The answer is (A).

3

—

| Direct SFT | | Multimodal-CoT |
Output CoT: Step 1: Identify the key visual characteristics of Output CoT: 1. Size and Shape: The organism in the image is
the organism based on the image: observed to have the characteristics of a medium-sized cat,
- Size and Shape: The organism is a medium-sized cat with a possessing a compact and muscular body.
compact and muscular body. 2. Fur Color and Pattern: The majority of the organism's fur is
- Fur Color and Pattern: The fur is predominantly reddish-brown reddish-brown, accompanied by several black spots and stripes
with black spots and stripes on its body. located throughout its body.
- Ear Tufts: The organism has distinct ear tufts on top of its ears. 3. Ear Tufts: Notably, the organism exhibits distinct ear tufts
Step 2: Analyze the options: positioned atop its ears.
- Option B closely matches the described organism based on its Based on the analysis of these visual traits, it can be concluded
size, shape, fur color and pattern, and ear tufts. that option B is the most suitable match for the described
Step 3: Determine the scientific name: organism. The scientific name "Lynx rufus" accurately
- The scientific name "Lynx rufus" accurately represents this represents this particular species of medium-sized cat, wherein
species of medium-sized cat with reddish-brown fur and distinct its physical attributes include reddish-brown fur and prominent
ear tufts. ear tufts.
Model Choice: B. Lynx rufus Model Choice: B. Lynx rufus
(. 3 (. } } 7/
4 ) : 4 A
| MIND | | ReState (Ours) |
Output CoT: The solution is 1. **Step 1: Physical Attributes** Output CoT: 1. Size and Shape: The organism is a mid-sized
- The organism exhibits a medium-sized, muscular frame with cat with a sturdy build and short legs.
short legs and a tail of moderate length. 2. Fur Coloration: Its fur is dark brown or black, with a sleek
2. **Step 2: Coat Details** and shiny appearance.
- The fur is primarily reddish-brown, with black spots and 3. Facial Features: The face is round, with a black nose and
stripes scattered throughout. prominent ear tufts.
3. **Step 3: Ear Features** These features correspond to option A, "Felis nigripes," the
- The ears are large and adorned with conspicuous tufts. scientific name for the black-footed cat. Hence, the correct
4. **Step 4: Species Identification** answer is A.
S e e, comespond (0 option B Model Choice: A. Felis nigripes
- "Lynx rufus" is the correct scientific name for this species,
reflecting its reddish-brown fur.
Model Choice: B. Lynx rufus
(.

J J

Figure 12: Qualitative comparison on an example of species recognition in M3CoT.

F.2 ITERATIVE SELF-REFINEMENT CAPABILITY OF RESTATE

We further visualize the evolution of reasoning states during recursive inference to examine the
iterative self-refinement capability of ReState. As shown in to[T6] when an early reasoning
state contains an incorrect judgment, ReState can feed the current state back into the same state-update
operator, re-examine task-relevant visual evidence and reasoning relations, and progressively revise
the erroneous state.

For example, in the highway scene in the initial reasoning state is distracted by irrelevant
facility information and incorrectly predicts that food is unavailable. After recursive state feedback,
the model shifts its attention to the fork-and-knife icon that is directly relevant to the question, revises
the answer to “Yes,” and preserves the corrected reasoning in subsequent iterations. In the “food web”
example in[Fig. T3] the initial state constructs an incorrect matter-transfer relation. After receiving its
own reasoning state as input again, the model re-examines the arrow directions and inter-organism
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Question: What does the tangram shape image represent? .
M>CoT #10738
Options:
A. Afish | |B. A dog | | C. A kangaroo | |D. A penguin |
Reference CoT:

In the tangram shape image, the tangerine part represents the body, the ruby part represents the tail, the raspberry part represents the head,
and the lemon part represents the arms. Therefore, the correct answer is d) A penguin.
>—

I

True Answer: The answer is (D).

—d

| Direct SFT | | Multimodal-CoT |
Output CoT: The tangram shapes in this image form a creature Output CoT: The image is made up of different tangram
that resembles a kangaroo. The largest shape, in tangerine color, shapes. The orange part represents the body, the lemon part
represents the body, while the lemon-colored shape represents represents the arms, the raspberry part represents the legs, and
the arms. The smallest shape, in raspberry color, represents the the red part represents the head. When combined together, they
head, and the overall structure of the image gives the impression form the shape of a kangaroo. Therefore, the correct answer is
of a kangaroo-like figure. Therefore, option C is the correct option C) A kangaroo.

answer.

Model Choice: C. A kangaroo

)

Model Choice: C. A kangaroo

= =

,
-

~\

=

| MIND | | ReState (Ours) |

Output CoT: The solution is The image features four tangram Output CoT: The orange shape represents the body, the lemon
shapes: a raspberry tail, an orange body, lemon-colored front pieces are the wings, and the ruby parts depict the head and tail.
legs, and a raspberry head. When arranged, these shapes form a The face is shown by the white piece. When assembled, the
kangaroo. The legs are positioned for hopping, and the tail is tangram forms a penguin, so the answer is D) A penguin.
designed for balance. Therefore, the answer is C) A kangaroo. Model Choice: D. A penguin
Model Choice: C. A kangaroo

. J . J

Figure 13: Qualitative comparison on an example of tangram recognition in M3CoT.

connections, corrects the intermediate relation, and reaches the correct answer. In[Fig. 16| the initial
state correctly computes the densities of the two objects and concludes that neither should sink,
but nevertheless produces an inconsistent final choice of “B. 1.” Through recursive state feedback,
ReState preserves the valid density calculations and flotation judgments while correcting the final
answer to “C. 0,” which is then maintained in subsequent iterations.

These examples illustrate a typical reasoning-state evolution pattern: erroneous state — evidence
re-evaluation — state correction — correct-state preservation. Importantly, this process is not merely
repeated answer generation. Instead, the model explicitly conditions each update on its current
reasoning state, allowing previously generated reasoning to be preserved, reconsidered, or corrected.
This qualitative behavior is consistent with the quantitative results in the main text, where most gains
are obtained within the first few refinement rounds before performance gradually stabilizes.

The entire refinement process reuses the same MLLM and the same reasoning-state update operator,
without additional reflection module, critic, or independent correction model. By incorporating
self-generated historical states during training, CRSL exposes the model to states closer to those
encountered during recursive inference. At inference, ReState follows a closed loop of “state feedback
— re-evaluation — state update,” progressively correcting erroneous states while preserving valid
reasoning. These qualitative examples provide intuitive evidence for the iterative self-refinement
capability enabled by closed-loop reasoning-state learning.

G MORE DISCUSSION

G.1 GENERALIZATION EVALUATION
To further evaluate the cross-dataset transferability of ReState, we directly evaluate models trained on

VersaCoT-10K on ScienceQA and M2CoT without additional fine-tuning on the target datasets. We
compare ReState with the original pretrained models without SFT and models trained with Direct
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Question: Will I be able to eat at the next highway rest area?

VersaCoT-10K #5108

Options:
A. Yes |

[B.No

Reference CoT:

The image shows a view from inside a vehicle driving on a highway. On the
right side of the road, there is a blue highway information sign. The sign
identifies the next rest area as “Aire de Solaize,” located 20 km ahead.
Below the name and distance, there are two service pictograms: one depicting
a fuel pump (indicating a gas station) and another depicting a crossed fork and
spoon. The crossed fork and spoon symbol is the standard international road
sign for a restaurant or dining facility. Therefore, the presence of this symbol
on the sign for the upcoming rest area indicates that food services will be
available there.

True Answer: The answer is (A).

— ———

Round-1

Output CoT: From the driver's perspective on the highway, a blue sign on the right indicates the “Aire de Solize” rest area in 20 km. The
sign includes two icons: a fork and knife for food services and a crossed-out toilet symbol. The crossed-out toilet icon shows that the rest
area lacks restrooms, which are often a key component of a full-service rest stop. Given the absence of a functional restroom, the rest area is

unlikely to provide food services either.
3 D <
~N

Model Choice: B. No
—
( |
Output CoT: The scene shows a highway with a blue sign on the right side announcing the “Aire de Solize” rest area in 20 km. The
sign includes two icons: a fork and knife (denoting food services) and a toilet with a slash through it (denoting no restroom facilities). The
absence of the restroom icon suggests that the rest area is a basic stop with limited amenities, such as no food services. Hence, you won't be

able to eat at the next highway rest area.
3 D 3
~N
Round-3 |

Model Choice: B. No
; D D
( |
Output CoT: The image captures a highway scene with a blue sign on the right indicating “Aire de Solize” is 20 km away. The sign
displays two icons: a fork and knife (for dining) and a toilet with a slash (for no restrooms). The presence of the fork and knife confirms that
the rest area provides food services. Therefore, you can eat at the next highway rest area.
> D {
~N

Model Choice: A. Yes
> > D
-
Output CoT: The image shows a highway with a blue sign on the right side indicating “Aire de Solize” is 20 km away. The sign
includes two icons: a fork and knife (representing a restaurant or food service) and a toilet symbol with a red slash (indicating no restroom
facilities). The presence of the fork and knife icon confirms that the rest area provides food services. Therefore, you will be able to eat at
the next highway rest area.

Model Choice: A. Yes

— r— )

Round-N
Output CoT: ......

Model Choice: A. Yes
o J

Round-2

Round-4 |

Figure 14: Iterative reasoning-state refinement of ReState on VersaCoT-10K.

SFT on the same VersaCoT-10K data. This setting examines whether the reasoning-state transition
capability learned by ReState can transfer to unseen benchmarks beyond the dataset used for training.

As shown in under the VersaCoT-10K — ScienceQA setting, ReState achieves 85.05%
with Qwen2.5-VL-7B and 91.94% with Qwen3.5-9B. These results improve over the corresponding
original models by 0.66% and 0.69%, and over Direct SFT by 0.35% and 0.40%, respectively.
With Qwen3-VL-8B, ReState reaches 90.10%, which is 0.52% lower than the original model but
still higher than the 89.55% obtained by Direct SFT. Overall, on ScienceQA, where the pretrained
backbones already exhibit strong performance, ReState largely preserves their original capabilities
while providing more consistent cross-dataset transfer than Direct SFT.

The advantage is more evident under the VersaCoT-10K — M3CoT setting. ReState achieves
61.17%, 62.12%, and 65.10% with Qwen2.5-VL-7B, Qwen3-VL-8B, and Qwen3.5-9B, respectively,
improving over the corresponding original models by 1.38%, 0.69%, and 2.29%, and over Direct
SFT by 2.24%, 4.14%, and 1.99%, respectively. Notably, Direct SFT decreases performance relative
to the original models by 0.86% on Qwen2.5-VL-7B and 3.45% on Qwen3-VL-8B, whereas ReState
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Question: In this food web, which organism contains matter that eventually moves to
the earthworm?

ScienceQA #10709
Options:
| A. barren-ground caribou | | B. mushroom |
| C. grizzly bear | | D. bear sedge |

Reference CoT:
Use the arrows to follow how matter moves through this food web. For each answer choice, try to find a path of arrows to the earthworm.
The only arrow pointing from the grizzly bear leads to the mushroom. No arrows point from the mushroom to any other organisms. So, in
this food web, matter does not move from the grizzly bear to the earthworm. There are three paths matter can take from the bear sedge to
the earthworm: bear sedge =» brown lemming = Arctic fox = earthworm; bear sedge = brown lemming =* snowy owl = earthworm;
bear sedge = brown lemming =¥ parasitic jaeger = rough-legged hawk = earthworm. Mushroom. No arrows point from the mushroom to
any other organisms. So, in this food web, matter does not move from the mushroom to the earthworm. Barren-ground caribou. There are
two arrows pointing from the barren-ground caribou to other organisms. One arrow points to the grizzly bear. The only arrow pointing from
the grizzly bear leads to the mushroom. The other arrow pointing from the barren-ground caribou leads to the mushroom. No arrows point
from the mushroom to any other organisms. So, in this food web, matter does not move from the barren-ground caribou to the earthworm.
There are four paths matter can take from the bilberry to the earthworm: bilberry =* Arctic fox = earthworm; bilberry = brown lemming
= Arctic fox = earthworm; bilberry = brown lemming = snowy owl = earthworm; bilberry = brown lemming = parasitic jaeger =
True Answer: The answer is (D).

rough-legged hawk = earthworm.
N 3 3 J
4 | N

Output CoT: Use arrow directions to map matter flow. Barren-ground caribou (A) connects to earthworms via two routes: caribou =
earthworm and caribou =* grizzly bear = earthworm. Mushroom (B) has no outgoing arrows, so matter stops there. Grizzly bear (C)
transfers matter to mushroom, which doesn’ t continue. Bear sedge (D) feeds lemmings, which then transfer to earthworms.

Model Choice: A. barren-ground caribou

—) I———

Output CoT: Track matter flow by following arrows. For each option, find a path to the earthworm. The barren-ground caribou’s arrows
go to the grizzly bear and mushroom. The grizzly bear's arrow ends at the mushroom, so matter doesn't reach the earthworm. The
mushroom has no outgoing arrows, so it doesn't transfer matter. The grizzly bear’s arrow ends at the mushroom, so matter doesn't reach the
earthworm. The bear sedge’s arrow leads to the brown lemming, which connects to the earthworm.

Round-1

Round-2

Model Choice: D. bear sedge

——) I———

Round-3

Output CoT: Follow the arrows to map matter movement. For each option, identify a path to the earthworm. The barren-ground caribou's
arrows go to the grizzly bear and mushroom. The grizzly bear's arrow ends at the mushroom, so matter doesn't reach the earthworm. The
mushroom has no outgoing arrows, so it doesn't transfer matter. The grizzly bear's arrow ends at the mushroom, so matter doesn't reach the
earthworm. The bear sedge's arrow leads to the brown lemming, which connects to the earthworm.

Model Choice: D. bear sedge

— ——

Round-N

Output CoT: ......
Model Choice: D. bear sedge
\_ J

Figure 15: Iterative reasoning-state refinement of ReState on ScienceQA.

improves all three backbones. These results indicate that the benefits of ReState are not confined to the
VersaCoT-10K training distribution and can transfer to a different multimodal reasoning benchmark.

Overall, the cross-dataset results demonstrate promising transferability of ReState. Unlike Direct SFT,
which primarily learns a direct mapping from the training data to target outputs, ReState jointly learns
reasoning construction, correct reasoning preservation, and erroneous reasoning correction through a
shared reasoning-state transition mechanism, while CRSL further exposes the model to self-generated
historical states during training. This learning paradigm may encourage reasoning behaviors that
are less tied to a specific dataset format and more reusable across tasks. Although ReState does not
improve over the original model in every transfer setting, it more consistently preserves or enhances
performance across datasets and backbones, with particularly clear gains on M2CoT. These results
further support the cross-dataset applicability of state-centric reasoning and its potential to improve
reasoning transfer across heterogeneous multimodal tasks.
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Question: In the provided image, how many items from the given choices will submerge underwater?

Options:

(a2 | [B.1 | [co MCoT #10416

A) Object D ® ObjectC

Reference CoT:
First we should extract the data corresponding to the object mentioned in the image. Object D is made of rubber, weighs 3067.95 kg, and
has a volume of 4.77 m?. Object C is made of glass, weighs 7891.41 kg, and has a volume of 16.42 m?. Step 2: At 4 °C, water has a
density of approximately 1000 kg/m?. Objects with a lower density than water float, while those with a higher density sink. Step 3: The
density of Object D is 3067.95 kg + 4.77 m* = 643.18 kg/m?, so it floats. Step 4: The density of Object C is 7891.41 kg + 16.42 m* =
True Answer: The answer is (C).

480.60 kg/m?, so it also floats. Therefore, 0 objects sink, and the answer is (C) 0.
—) ) I—r—=
4 N

Output CoT: Step 1: The image lists Object D (rubber, 3067.95 kg, 4.77 m?) and Object C (glass, 7891.41 kg, 16.42 m?). Step 2: Water
has a density of approximately 1000 kg/m? at 4 °C; objects with lower density float, while objects with higher density sink. Step 3: Object
D’s density is 3067.95 + 4.77 = 643.18 kg/m?, so it floats. Step 4: Object C’s density is 7891.41 + 16.42 = 480.60 kg/m®, so it also floats.

Steps 5 - 7: Neither object sinks; 0 items submerge.
—a—=
| )

Model Choice: B. 1
—
( |
Output CoT: Step 1: The image lists Object D (rubber, 3067.95 kg, 4.77 m?) and Object C (glass, 7891.41 kg, 16.42 m?). Step 2: Water
has a density of approximately 1000 kg/m? at 4 °C; objects with lower density float, while those with higher density sink. Steps 3 - 4:
Object D’s density is 3067.95 + 4.77 == 643.18 kg/m?, and Object C’s density is 7891.41 = 16.42 = 480.60 kg/m’. Both float. Steps 5 - 7:
Neither sinks, so 0 objects are submerged. The answer is (C) 0.
F——=
| )

Model Choice: C. 0
)
( |
Output CoT: Step 1: The image lists Object D (rubber, 3067.95 kg, 4.77 m®) and Object C (glass, 7891.41 kg, 16.42 m?). Step 2: At 4 °C,
water has a density of 1000 kg/m?; objects with lower density float, while those with higher density sink. Steps 3 - 4: Object D's density is
3067.95 = 4.77 = 643.18 kg/m*, and Object C’s density is 7891.41 = 16.42 = 480.60 kg/m*. Steps 5 - 7: Both objects float, so 0 items
sink. The answer is (C) 0.

Model Choice: C. 0

—— F——

Round-N

| Round-1 |

Round-2

Round3

Output CoT: ......

Model Choice: C. 0
\ J

Figure 16: Iterative reasoning-state refinement of ReState on M3CoT.

G.2 TRAINING-INFERENCE REASONING-STATE GAP

As shown in[Fig. T|and [Tables T|to[3]of the main text, the two-stage Multimodal-CoT baseline does
not consistently outperform single-stage Direct SFT under matched backbone and training settings.
Instead, it performs worse than Direct SFT in eight of the nine dataset-backbone combinations.
This degradation is particularly evident on M2CoT. With Qwen2.5-VL-7B and Qwen3-VL-8B,
Multimodal-CoT decreases accuracy by 3.10% (from 79.42% to 76.32%) and 2.67% (from 81.62%
to 78.95%), respectively. With Qwen3.5-9B, the decrease further reaches 8.80% (from 84.73% to
75.93%). Similar performance drops are observed across all three backbones on ScienceQA and on
two of the three backbones on VersaCoT-10K.

This empirical pattern is consistent with the training-inference reasoning-state gap discussed for stage-
centric MCoT methods. A typical stage-centric pipeline decomposes reasoning into CoT generation
and answer inference. During training, the answer-inference stage is commonly optimized with
human-annotated or pre-constructed reasoning chains, whereas at inference time it receives reasoning
generated by the preceding model. Such model-generated states may contain omissions, local errors,
or reasoning patterns that differ from those observed during training, resulting in a mismatch between
the reasoning-state distributions encountered during training and inference. Moreover, existing
stage-centric methods (Zhang et al., 2024} Tan et al.,2024a; |He et al.,2024; Zheng et al., 2023} Wang
et al.,[2024a) generally treat intermediate CoTs as stage-specific outputs rather than reusable states
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Table 11: Cross-dataset generalization of ReState from VersaCoT-10K to ScienceQA and M3CoT.

Setting VersaCoT-10K — ScienceQA VersaCoT-10K — M3CoT
Qwen2.5-VL-7B | Qwen3-VL-8B | Qwen3.5-9B | Qwen2.5-VL-7B | Qwen3-VL-8B | Qwen3.5-9B
Origin (No SFT) 84.39 (+0.66) 90.62 (-0.52) | 91.25(+0.69) | 59.79 (+1.38) 61.43 (+0.69) | 62.81 (+2.29)
Origin (Direct SFT) | 84.70 (+0.35) 89.55 (+0.55) | 91.54 (+0.40) | 58.93 (+2.24) 57.98 (+4.14) | 63.11 (+1.99)
ReState (Ours) 85.05 90.10 91.94 61.17 62.12 65.10

that can be continuously re-evaluated and refined. Consequently, errors introduced by an upstream
reasoning stage may be directly propagated to downstream answer prediction.

In contrast, Direct SFT does not condition a separately optimized downstream stage on an intermediate
reasoning state, thus avoiding this source of cross-stage mismatch. The comparison suggests that
explicit CoT supervision alone does not necessarily guarantee improved reasoning performance.
Effective reasoning also depends on how intermediate reasoning states are modeled and how well
their training-time and inference-time distributions are aligned. Although these comparisons do not
isolate the reasoning-state gap as the sole cause of the observed degradation, they provide empirical
motivation for explicitly modeling model-induced reasoning states during learning.

ReState addresses this issue by reformulating intermediate reasoning from stage-specific outputs into
continuously updatable states. URSM unifies reasoning construction, correct reasoning preservation,
and erroneous reasoning correction as transitions within a shared reasoning-state space. Building on
this unified state-update mechanism, CRSL further incorporates self-generated historical states during
training, exposing the model to model-induced states that more closely resemble those encountered
during recursive inference. At inference, the same state-update operator recursively feeds back and
refines the current reasoning state. Consistent with this design, ReState outperforms Multimodal-CoT
across all three datasets and all three backbones. On M3CoT in particular, the gains range from 8.67%
(from 76.32% to 84.99%) to 13.07% (from 75.93% to 89.00%).

Overall, these results suggest that effective learning-based MCoT requires both explicit reasoning
supervision and consistent reasoning-state modeling across training and inference. By treating
intermediate CoTs as iteratively updatable states and incorporating model-induced historical states
into closed-loop learning, ReState provides a unified state-centric mechanism for mitigating the
training-inference reasoning-state gap and enabling iterative refinement.

G.3 QUANTITATIVE ANALYSIS OF GENERATED COTS

To further evaluate the quality of the generated reasoning processes beyond final-answer accuracy,
we employ Qwen3.8-27B (Qwen Team) 2026d) as a unified judge model to assess CoTs produced by
different methods on VersaCoT-10K. We evaluate five dimensions: Overall, Correctness, Relevance,
Coherence, and Solving Process. As shown in to[T4] ReState achieves the highest Overall
score across Qwen2.5-VL-7B, Qwen3-VL-8B, and Qwen3.5-9B, while also obtaining the best result
on every fine-grained metric. These results indicate that the benefits of ReState extend beyond
final-answer accuracy to the quality and consistency of the generated reasoning process.

With Qwen2.5-VL-7B, ReState achieves an Overall score of 8.12, improving by 0.12 (from 8.00
to 8.12) over MIND, the strongest competing method. Its Correctness, Relevance, Coherence, and
Solving Process scores reach 6.82, 9.05, 8.96, and 7.65, respectively. The improvements are more
pronounced with Qwen3-VL-8B, where ReState obtains an Overall score of 8.85, exceeding the best
competing result by 0.36 (from 8.49 to 8.85). Its four fine-grained scores further reach 7.73, 9.47,
9.43, and 8.78, respectively. In particular, the Solving Process score improves by 0.49 (from 8.29 to
8.78) over the strongest competing result, suggesting a clearer and more reliable problem-solving
trajectory. With Qwen3.5-9B, ReState likewise achieves the highest Overall score of 8.51 and
consistently outperforms the compared methods across all four fine-grained dimensions. Overall,
ReState achieves the strongest result for every evaluated reasoning-quality metric across all three
backbones, demonstrating consistent improvements in generated CoT quality.

These improvements are consistent with the design objectives of ReState. URSM jointly models
reasoning construction from empty states, correct reasoning preservation and refinement, and erro-
neous reasoning correction within a shared reasoning-state space. CRSL further exposes the model to
self-generated historical states during training, enabling the state-update operator to better handle
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Table 12: CoT quality evaluation on VersaCoT-10K with Qwen2.5-VL-7B.

Model Overall Correctness Relevance Coherence Solving Process
Origin (No SFT) 7.30 (+0.82) 5.85 (+0.97) 8.44 (+0.61) 8.62 (+0.34) 6.29 (+1.36)
Origin (Direct SFT) 7.82 (+0.30) 6.44 (+0.38) 8.84 (+0.21) 8.61 (+0.35) 7.38 (+0.27)
Multimodal-CoT 7.56 (+0.56) 6.29 (+0.53) 8.37 (+0.68) 8.40 (+0.56) 7.20 (+0.45)
MIND 8.00 (+0.12) 6.63 (+0.19) 9.01 (+0.04) 8.88 (+0.08) 7.49 (+0.16)
ReState (Ours) 8.12 6.82 9.05 8.96 7.65

Table 13: CoT quality evaluation on VersaCoT-10K with Qwen3-VL-8B.

Model Overall Correctness Relevance Coherence Solving Process
Origin (No SFT) 8.21 (+0.64) 6.93 (+0.80) 9.19 (+0.28) 9.15 (+0.28) 7.55 (+1.23)
Origin (Direct SFT) 8.49 (+0.36) 7.25 (+0.48) 9.28 (+0.19) 9.13 (+0.30) 8.29 (+0.49)
Multimodal-CoT 8.27 (+0.58) 7.28 (+0.45) 8.87 (+0.60) 8.85 (+0.58) 8.06 (+0.72)
MIND 8.35 (+0.50) 7.57 (+0.16) 9.13 (+0.34) 8.65 (+0.78) 8.04 (+0.74)
ReState (Ours) 8.85 7.73 9.47 9.43 8.78

Table 14: CoT quality evaluation on VersaCoT-10K with Qwen3.5-9B.

Model Overall Correctness Relevance Coherence Solving Process
Origin (No SFT) 7.97 (+0.54) 6.68 (+0.64) 9.01 (+0.31) 8.78 (+0.51) 7.42 (+0.71)
Origin (Direct SFT) 8.25 (+0.26) 6.81 (+0.51) 9.12 (+0.20) 9.06 (+0.23) 8.00 (+0.13)
Multimodal-CoT 8.17 (+0.34) 7.04 (+0.28) 8.81 (+0.51) 8.91 (+0.38) 7.93 (+0.20)
MIND 8.42 (+0.09) 7.22 (+0.10) 9.25 (+0.07) 9.25 (+0.04) 7.98 (+0.15)
ReState (Ours) 8.51 7.32 9.32 9.29 8.13

and refine model-induced reasoning states. Consequently, the gains of ReState are reflected not
only in final prediction accuracy, but also in stronger reasoning correctness, relevance, coherence,
and problem-solving quality. Together with the qualitative examples, these judge-based evaluations
provide complementary evidence that state-centric reasoning improves both reasoning outcomes and
the intermediate reasoning processes that lead to them.

G.4 LIMITATIONS AND FUTURE WORK

Although ReState consistently improves performance across multiple backbones and multimodal
reasoning benchmarks, several limitations remain and warrant further investigation. First, the
current experiments primarily focus on multiple-choice reasoning. Although the cross-dataset results
demonstrate some transfer capability, applicability to open-ended VQA, video reasoning, and longer-
horizon multimodal reasoning remains to be established. Future work could extend ReState to more
diverse task formats and model families to evaluate the generality and scalability of state-centric
reasoning. Second, ReState achieves iterative self-refinement by repeatedly invoking the same
MLLM, maintaining a unified reasoning architecture without additional reflection modules, critics, or
independent correction models. However, multiple recursive updates still incur additional inference
cost. The current results show that most gains occur in the first few rounds, after which performance
gradually stabilizes, indicating that much of the benefit can be obtained with a relatively small number
of refinement rounds. Moreover, combining the results in[Table 1]and[Table 4] even without iterative
self-refinement, i.e., under an inference cost comparable to MIND, ReState still improves accuracy
by 0.15%-0.90% across the three backbones. This indicates that the gains of ReState do not solely
depend on iterative self-refinement. Future work could explore more efficient recurrent reasoning
mechanisms, such as Looped Transformers (Giannou et al., 2023)), to reduce computational cost while
retaining iterative refinement capability. Overall, ReState provides a unified modeling perspective that
shifts multimodal reasoning from stage-centric pipelines to state-centric iterative reasoning. Future
work could further improve generality, efficiency, and long-horizon refinement stability, extending
state-centric reasoning to more open-ended and complex multimodal tasks.
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