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Abstract

Multimodal Large Language Models (MLLMs) capable of “thinking with images” often rely
on external tools for fine-grained perception. However, this reliance introduces significant
inference latency and fails to effectively resolve the spatial-structural gap—a fundamental
challenge in text-dense and structurally relational visuals (e.g., charts and visual tables)
where strict relative spatial arrangements bind textual elements. Without external tools,
standard MLLMs struggle with such fine-grained visual reasoning tasks. To address these
issues, we propose Think with Structured Grounding (TwSG), a novel fine-grained image
perception framework designed to internalize complex images’s tool-use capabilities within
the model. TwSG distills the benefits of multi-step reasoning and micro-cropping into a single
efficient forward pass during inference. Specifically, we use an MLLM to identify key regions
guided by ground-truth answers, and then prompt a teacher model to generate high-quality
visual question-answering (VQA) data. These fine-grained, region-based supervisory signals
are subsequently distilled back into the full-image representation. Our training pipeline
consists of two stages: (1) a cold-start supervised fine-tuning (SFT) phase using multi-turn
data with focused area descriptions to foster complex reasoning and error recovery; and (2)
a reinforcement fine-tuning (RFT) phase driven by a novel process reward mechanism, TL-
GRPO, which encourages strategic reasoning. Extensive experiments across various MLLM
architectures demonstrate that TwSG reduces inference latency while substantially improving
accuracy and robustness, endowing models with native fine-grained region description and
flexible reasoning capabilities.

1 Introduction

Charts and visual-tabular data, as the most prevalent mediums for structured data visualization, are ubiquitous
in real-world core applications (Masry et al., 2025a). Recently, Multimodal Large Language Models (MLLMs)
have demonstrated remarkable capabilities in open-ended visual question answering and understanding (Chen
et al., 2025). However, existing methods for Chart Question Answering (ChartQA) (Masry et al., 2022; Xu
et al., 2025a) often overlook the text-dense and structurally relational nature of these formats. Specifically,
charts typically feature abundant textual elements bound by strict relative spatial arrangements, creating what
we term the Spatial-Structural Gap. This challenge is equally prevalent in visual-tabular QA tasks (Lompo
& Haraoui, 2025). Previous studies have introduced “thinking with images” paradigms (Xu et al., 2025b),
empowering models to invoke external tools such as dynamic cropping. While these approaches mitigate the
initial perception gap, they inadvertently introduce a prohibitive efficiency bottleneck: frequent tool calling
and repetitive patch inputs lead to a visual token explosion, resulting in severe inference latency and error
accumulation during multi-turn interactions (Wei et al., 2026). Even when an MLLM perceives fine-grained
details, natural language remains inherently too ambiguous to precisely navigate dense spatial layouts.
Consequently, during the Chain-of-Thought (CoT) process, the model frequently fails to consistently anchor
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its linguistic reasoning to specific visual coordinates, leading to logical collapse and “spatial hallucinations”
(e.g., misattributing a value to the incorrect row or bar).

To address these issues, we propose TwSG, a structured visual data distillation and reasoning framework. Our
core idea is to shift the “interleaved visual reasoning process,” which originally relied on external tools during
the inference stage, into parameter internalization during the training stage. Specifically, when invoking
external high-precision teacher models and image scaling tools, we directly distill the complex multi-turn
image tool invocation generated by the teacher model into a single forward pass of the student model. To
further unlock the MLLM’s CvTR ability potential, we introduce a Reinforcement Learning (RL) phase
following the cold-start. However, we observe that previous methods typically compute importance sampling
ratios at either the token or sequence level, failing to account for the extreme variance in length across different
functional tags. Specifically, the dense text information within think tags often results in much longer
sequences compared to the concise logic in answer tags. This disparity leads to a length-induced gradient
bias, where the optimization process is dominated by perceptual segments, potentially diluting the gradient
contribution of critical reasoning steps. In addition, we propose TL-GRPO, a specialized reinforcement
learning algorithm for TwSG’s reasoning pattern. We introduce Tag-level Importance Sampling (TL-IS),
which normalizes importance weights independently within each tag to ensure the optimization is invariant to
length disparities. To further stabilize the training, we design Clipped Group Sampling (CGS) to filter
statistical outliers in advantage estimation. This synergy, combined with an interleaved verifiable reward
mechanism, provides fine-grained guidance for the complex reasoning process, encouraging the spontaneous
emergence of more strategic multi-step reasoning capabilities.

Our main contributions are summarized as follows:

• We systematically identify the issues of current MLLMs in CvTR tasks. Specifically, we reveal the
inherent flaws associated with the recent “think with images” paradigm that heavily relies on external
tool invocations such as prohibitive inference latency, token explosion, and error accumulation.

• We propose TwSG, a novel paradigm that internalizes tool capabilities via data distillation and
process reward-driven reinforcement learning. Extensive experiments demonstrate that our approach
significantly enhances reasoning accuracy and robustness while drastically reducing inference latency
compared to state-of-the-art (SOTA) methods in the domain.

• We introduce TL-GRPO, a specialized reinforcement learning algorithm tailored for structured
thinking trajectories. By integrating Tag-level Importance Sampling, Clipped Group Sampling, and an
Interleaved Verifiable Reward mechanism, TL-GRPO effectively mitigates length-induced gradients
bias and stabilizes the optimization of complex, multi-turn reasoning paths.

2 Related Work

2.1 CvTR

The field of Chart and Visual-Tabular Reasoning (CvTR) aims to empower MLLMs with the ability to
interpret and reason over data-intensive visual structures. Early research in this domain primarily focused
on single-modality table understanding (Jiang et al., 2025) or text-based TableQA (Wang et al., 2024a).
However, the emergence of benchmarks like ChartQA (Masry et al., 2022) and its more sophisticated extension,
ChartQAPro (Masry et al., 2025a), has shifted the focus toward interpreting complex visual marks (e.g., bars,
sectors) and performing multi-step arithmetic. Parallelly, TableVQA-Bench (Kim et al., 2024) transitioned
traditional text-based tabular datasets into the visual-tabular domain, demanding models to possess both
high-fidelity text Recognition and spatial logical reasoning capabilities.

General-purpose MLLMs, such as Qwen3-VL (Bai et al., 2025a) and MiniCPM-V (Yu et al., 2025b), have
demonstrated remarkable zero-shot performance on basic chart tasks. To further push the boundaries, domain-
specific models like Chart-R1 (Chen et al., 2025) and Chart-RVR (Sinha et al., 2025) have been introduced,
achieving state-of-the-art (SOTA) results through specialized fine-tuning. Additionally, CodeVision (Guo
et al., 2026) explored a tool-augmented approach by converting image operations and cropping into executable
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Figure 1: Pipeline for cold-start SFT data generation.

code within a Chain-of-Thought (CoT) framework. Despite these advances, existing methods often treat
chart and tabular reasoning as isolated tasks. As observed in our experiments, models like Chart-RVR exhibit
a performance trade-off, where optimization for charts leads to a degradation in visual-tabular understanding.
Even MoE-based approaches like ChartMoE (Xu et al., 2025a), while effective for multi type chart scenarios,
do not explicitly resolve this cross-format tension. Our work, TwSG, addresses this gap by seeking a unified
reasoning perspective for both data formats, which are frequently co-present in critical domains like finance.

2.2 Interleaved Multimodel Chain-of-Thought

The concept of “Thinking with Images” has recently gained traction as a means to alleviate the limitations of
MLLMs in perceiving fine-grained visual details. This paradigm typically involves the model autonomously
calling image-cropping or enhancement tools to zoom into local regions, thereby improving grounding
accuracy. For instance, in text perceptional tasks, VACoT (Xu et al., 2025b) proposed integrating image
data augmentation tools into the reasoning process to resolve ambiguities in dense text recognition. Recent
advancements have further diversified these visual interaction strategies: DeepEyes (Zheng et al., 2026)
introduced the foundational approach of invoking specialized tools for adaptive image cropping, while
DeepEyesV2 (Hong et al., 2026) evolved this into a more flexible framework by utilizing code execution to
perform precise cropping and information retrieval. Furthermore, ThyME (Zhang et al., 2025) emphasized
the necessity of temporal coherence in visual reasoning, employing multi-round cropping tool invocations to
iteratively refine the model’s perception.

However, a wide spectrum of prior efforts—including direct QA and forgery localization methods (e.g.,
IML (Qu et al., 2023), IML2 (Qu et al., 2024), RTM (Qu et al., 2025), Omni-IML (Qu et al., 2026a),
DS-Net (Qu et al., 2026b), Mesorch (Zhu et al., 2025), Imdl-benco (Ma et al., 2024), Forensichub (Du et al.,
2026), RIML (Zhu et al., 2026b), and Venus-DeFakerOne (Team, 2026)) as well as broader multimodal
modeling frameworks (e.g., UniMoMo (Xin et al., 2026a), Beyond Human Annotation (Ying et al., 2026),
IMG (Lin et al., 2025a), DualCPT (Xin et al., 2026b), Multi-Omics (Xin et al., 2024), TRS (Kong et al., 2025)
and Hytrec (Xin et al., 2026c))—primarily investigate MLLM performance within standard, direct-QA or
fixed-input paradigms. While these approaches have achieved notable empirical success on closed benchmarks,
they heavily rely on monolithic representations without explicit intermediate visual verification. As a result,
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their generalization ability proves inherently limited when transferred to structured, multi-hop reasoning
tasks that demand fine-grained visual-symbolic alignment.

While iMCoT has shown promise in general visual grounding (Qi et al., 2026), its application to the CvTR
domain remains underexplored. CvTR tasks are inherently “text-dense” and “computation-intensive”,
requiring both precise value extraction from small visual elements and high-level logical synthesis. Existing
iMCoT frameworks have not yet been optimized for the structured, graph-like nature of charts and tables. In
this paper, we bridge this gap by introducing a structured graph-based “Thinking with Images” strategy,
enabling TwSG to perform more robust and interpretable reasoning on complex visual data structures. The
complete training parameters setup can be see in Appendix B.

3 Methodology

In this section, we introduce Think with Structured Grounding (TwSG), a novel framework designed
to bolster the CvTR reasoning of MLLMs on complex document data through an internalized, self-consistent
cognitive process.

3.1 Cold-start SFT Data Construction

The core philosophy of TwSG is to leverage a powerful teacher model to perform fine-grained, region-based
perception and reasoning, and then condense this process into a student model that can perform “one-pass”
reasoning without external tools. As shown in Figure 1, the TwSG pipeline consists of four main stages:
(1) Query-Driven Region Proposal: Based on the given question and the global input image, a robust
teacher model is employed to predict and return the most probable regions of interest (RoIs) that contain
the target information; (2) Sub-image Cropping and Teacher MLLMs Integration: The retained
RoIs are cropped into high-resolution sub-images to preserve fine-grained visual details. A teacher model
is then invoked to extract highly accurate textual data from these specific crops; (3) Structured iMCoT
Trajectory Generation: The teacher model outputs a detailed reasoning path along with the final answer.
We summarize and format this output into a structured, iMCoT sequence. Crucially, to handle complex
queries, this process accommodates multiple iterations of thinking and observing before reaching a conclusion.
This encapsulates the internal cognitive reasoning and external perceptual steps using explicit tags, resulting
in a multi-turn trajectory patterned as: <think> [reasoning step 1] </think> <observation> [visual cue
1] </observation> <think> [reasoning step 2] </think> <observation> [visual cue 2] </observation>
. . . <answer> [final answer] </answer>; (4) Hallucination-Aware Refined Distillation: To minimize
hallucination in distilled trajectories, we utilize an independent teacher model as a Reward Model to audit
the reasoning process. Instead, we instruct the teacher model to generate a corrective reasoning path. If
an inconsistency is detected, rather than simply discarding the sample, we instruct the teacher model to
generate a corrective reasoning path. Specifically, each “observation” is formatted as a structured JSON
object, comprising bbox coordinates and the associated text fields, ensuring a precise mapping between visual
grounding and textual evidence. Finally, we collect 12,674 Cold-Start SFT samples, denoted as TwSG-12K.
Detailed data distributions and construction prompts are provided in Appendix E.

Compute importance ratios at the token level

(a) GRPO:  Token- level (b) GSPO:  Sequence- level (c) TL- GRPO:  Tag- level

Rollout trajectory (one sample)
< think> < observation> < answer>

… … …

token- wise importance ratios ��
… rT−2

policy update

Token- wise ratios

Rollout trajectory (one sample)

Treat the whole trajectory as one unit
single sequence importance weight

�푠�� = [
�� � � 
��표�� � � 

]
1
|�|

policy update

Single sequence weight;  ignores tag heterogeneity.
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<think> Tag <observation> Tag <answer> Tag

tag-level sequence
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tag-level sequence
weight �(2)

tag-level sequence
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푇�−퐺푅�� =

1
��
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��

��
(�)
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< think>  . . . < /think>  < observation>  . . . < /observation>  < answer> . . . < /answer> < think>  . . . < /think>   < observation>  . . . < /observation>   < answer> . . . < /answer>

rT−1 rTr5r3r2r1 r4

Figure 2: Comparison between Tag-level Importance Sampling and token-level or sequence-level importance
sampling.
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Unlike traditional CoT which provides a single reasoning block (Wei et al., 2026), we adopt an interleaved
Think-Observation-Answer pattern (Xie et al., 2025). Specifically, for a query Q, the teacher generates a
trajectory τ = {t1, o1, t2, o2, . . . , a}, where: (1) ti (Think): The reasoning step focusing on a specific part
of the structured graph G; (2) oi (Intermediate Evidence): The extracted region-based perceptional result
or sub-calculation result corresponding to ti; (3) a (Final Answer): The final answer to the question. This
format ensures that the model grounds each reasoning step in explicit visual evidence before proceeding to
the next logical deduction.

3.2 TL-GRPO

Tag-level Importance Sampling. As shown in Figure 2, standard reinforcement learning frameworks,
such as GRPO (Shao et al., 2024) and GSPO (Zheng et al., 2025), typically compute importance sampling
ratios at either the granular token level or the sequence level. Although several recent works, such as
EA-RLVR (Zhou et al., 2026), Se-GUI (Yuan et al., 2025), FakeVLM-R1 (Zhu et al., 2026a), EGPO (Zhao
et al., 2026), Veritas (Tan et al., 2026a), and Veritas++ (Tan et al., 2026b), have modified multi-turn sampling
schemes or reward functions, they still do not apply importance sampling from the visual Chain-of-Thought
(CoT) perspective. Other approaches either adopt coarse-grained multi-turn rollout strategies, such as
Fake-HR1 (Jiang et al., 2026b), or reformulate the overall GRPO objective along the visual CoT sequence,
such as Ivy-Fake (Jiang et al., 2026a). Crucially, none of these methods account for the significant variance
in sequence length across different functional tags. In contrast, our proposed sampling paradigm bridges the
spatial-structural gap and substantially improves sampling efficiency and accuracy.

Specifically, during our cold-start phase, the model is trained to internalize dense region-based perceptual
information while maintaining concise logical deductions, resulting in a highly non-uniform token distribution.
Standard sampling techniques tend to be biased toward these longer perceptual segments, thereby diluting
the gradient contributions of critical yet concise reasoning steps. To overcome this limitation, we propose
Tag-level Importance Sampling (TL-IS). By segmenting the trajectory according to our structured
tripartite format, TL-IS normalizes the importance weight independently within each functional tag. This
ensures that the optimization process remains invariant to length disparities between cognitive reasoning and
perceptual observation, enabling more balanced and stable policy updates.

Following the above motivation, we represent a structured trajectory as a concatenation of tag-level sequences:
τ = {t1, o1, t2, o2, . . . , a}, where each segment corresponds to a structured reasoning stage. We denote each
tag segment as τ

(j)
i with length |τ (j)

i |.

We first compute the sequence importance sampling ratio within each tag segment:

w
(j)
i =

[
πθ(τ (j)

i | x)
πθold(τ (j)

i | x)

] 1
|τ

(j)
i

|

= exp

 1
|τ (j)

i |

∑
t∈τ

(j)
i

log πθ(yi,t | x, yi,<t)
πθold(yi,t | x, yi,<t)

 . (1)

We then aggregate across all tag segments to obtain the final tag-level importance weight:

wTL-GRPO
i = 1

Si

Si∑
j=1

w
(j)
i , (2)

where Si is the number of valid tag segments in τi.

Reward function. To guide the model’s reasoning process and ensure output quality, we design a multi-
dimensional reward function R(y) consisting of three components: format integrity, answer accuracy, and
region-based perceptional grounding. Formally, the total reward is defined as:

R(y) = λ1rfmt + λ2rans + λ3rverify (3)

where: (1) Format Reward (rfmt): We define rfmt as an indicator function, where F is the set of sequences
that strictly adhere to the template ⟨think⟩⟨observation⟩⟨answer⟩ without any additional or unauthorized
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tags; (2) Answer Reward (rans): This term evaluates the semantic similarity between the predicted answer
yans and the ground truth ŷ using ANLS, i.e., rans = ANLS(yans, ŷ); (3) Verify Reward (rverify): To
ensure the model remains grounded in the visual evidence, we leverage an expert MLLM to evaluate the
correctness of the intermediate observation yobservation given the image I. Specifically, follow by OpenAI’s
practice (OpenAI, 2024), we formulate observation verification as a multiple-choice evaluation task with
five options, A-E. For each intermediate observation, the judge MLLM assigns a positive score only when
selecting Option A or B, which indicates that the observation is sufficiently accurate and visually grounded.
All other options are treated as incorrect or hallucinated observations and receive a score of 0. Formally,
given a trajectory containing N observation fields, the verification reward is computed as

rverify = 1
N

N∑
i=1

I (ai ∈ {A, B}) , (4)

where ai denotes the judge’s selected option for the i-th observation. This normalization constrains rverify to
[0, 1] regardless of the number of generated observations.

This sparse yet reliable reward penalizes ungrounded observations and suppresses hallucination propagation,
while providing process-level supervision for generating high-quality reasoning traces. During training, we use
Qwen3-VL-72B-Instruct (Bai et al., 2025a) as the judge MLLM to provide verification signals for process-level
reward estimation. The detailed judgment prompt is provided in Appendix D.

Clipped Group Sampling. To further stabilize the reinforcement learning process, especially for tasks
with high variance such as OCR and mathematical reasoning, we introduce Clipped Group Sampling
(CGS). Inspired by the dynamic sampling in DAPO (Yu et al., 2025a) and advantage filtering in CPPO (Lin
et al., 2025b), CGS refines the advantage distribution by trimming statistical outliers within each group.
Specifically, for a group of n sampled trajectories, we first compute their raw relative advantages Âi. We then
exclude the k trajectories with the highest and lowest advantage scores (typically k = 1), retaining the central
n − 2k trajectories for the policy update. This ensures that the advantage distribution remains centered
and symmetric, preventing the model from over-fitting to anomalous lucky successes or being distracted by
singular catastrophic failures. For the data used in TL-GRPO, following DeepSeek-R1 (Guo et al., 2025), we
applied rejection sampling using the post-SFT checkpoint across the original SFT dataset and the training
sets of ChartQA (Masry et al., 2022), ChartQA-X (Hegde et al., 2025), and Visual-TableQA (Lompo &
Haraoui, 2025). Specifically, we generated responses four times per sample, discarding instances that were
correctly answered in all attempts and retaining only those with at least one incorrect response. Ultimately,
this yielded a final dataset of 64,334 entries for RFT. By synergizing these two mechanisms, our framework
achieves a more robust credit assignment, effectively bridging the gap between fine-grained image perception
and high-level logical deduction.

4 Experiment

4.1 Experiment Setup

Benchmarks. We evaluate the performance of TwSG across diverse CvTR tasks, we conduct experiments
on three benchmarks: (1) TableVQA-Bench Kim et al. (2024): This benchmark focuses on open-domain visual
tabular reasoning over complex tabular data; (2) ChartQA Masry et al. (2022): A large-scale benchmark
designed for question answering about charts that involves both visual and logical reasoning. It combines
human-written and machine-generated questions, necessitating multi-step arithmetic operations and the
ability to link visual marks (e.g., bars, lines) to their corresponding data values; (3) ChartQAPro Masry et al.
(2025a): As a more challenging extension of ChartQA, ChartQAPro incorporates a higher degree of visual
and topical diversity, including real-world infographics and complex dashboards. Additionally, we compare
our performance with closed-source models on CharXiv-R Wang et al. (2024b) in Appendix C.

Baselines. We evaluate MLLMs on these representative categories: (1) General MLLMs, including Qwen3-
VL-Instruct Bai et al. (2025a), Qwen2.5-VL Bai et al. (2025b), MiniCPM-V-4.5 Yu et al. (2025b), and
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Table 1: Performance comparison on chart and visual-tabular reasoning benchmarks. Accuracy (%) is
reported for the machine-generated (M) and human-generated (H) subsets of ChartQA, five question types of
ChartQAPro, and four data sources of TableVQA-Bench. Avg. denotes the macro-average over all 11 subsets.

Method Size
Chart Visual Tabular

Avg.ChartQA ChartQAPro TableVQA-Bench
M H Factoid MCQ Convers. FactChk. Hypoth. VWTQ VWTQ-Syn VTabFact FinTabNetQA

General MLLMs
4B 95.44 78.80 37.34 43.46 31.48 52.46 43.86 60.11 65.55 83.20 77.58 60.84LLaVA-OneVision-1.5 8B 94.64 78.88 38.88 35.05 34.72 53.28 46.38 62.20 71.33 84.00 76.82 61.47
3B 94.24 74.24 29.24 38.32 33.86 49.59 38.91 56.27 65.59 75.60 77.76 57.60Qwen2.5-VL 7B 94.88 80.56 38.88 49.53 34.66 56.56 37.73 61.67 70.61 80.00 72.88 61.63
4B 94.24 73.28 29.24 38.32 33.86 49.59 38.91 56.17 61.77 76.80 73.19 56.85Qwen3-VL 8B 94.72 76.40 39.53 55.14 36.81 60.25 39.83 59.56 63.29 80.80 77.05 62.13

MINICPM-V-4.5 8.7B 81.60 67.44 47.39 48.13 41.16 56.56 39.54 71.48 76.85 89.60 78.80 63.50
Reasoning MLLMs

Visionary-R1 3B 92.40 69.84 27.41 31.31 31.57 36.48 36.58 50.63 62.10 74.80 76.33 53.59
M2-Reasoning 7B 88.80 80.32 37.68 54.67 41.93 53.28 55.90 72.51 78.65 90.00 76.43 66.38
VL-Rethinker 7B 83.12 72.72 43.36 60.75 41.27 60.66 53.78 68.41 70.79 86.00 72.68 64.87

CvTR-domain MLLMs
Chart-RVR 3B 93.76 75.76 30.07 51.40 32.58 49.59 37.05 54.37 63.91 81.20 68.10 57.98
Chart-RVR-Hard 3B 92.88 80.08 30.88 54.67 36.32 50.00 40.32 54.97 62.89 83.60 70.16 59.71
Chart-R1 7B 95.20 88.72 40.63 52.80 40.62 63.93 51.71 71.39 77.98 87.60 78.74 68.12

4B 95.36 86.48 37.88 58.92 40.73 61.02 50.91 72.83 79.66 88.40 77.52 68.16TwSG 8B 96.12 89.44 45.92 62.35 44.80 66.18 58.77 79.93 88.72 95.60 82.92 73.70

LLaVA-OneVision-1.5 An et al. (2025); (2) Reasoning MLLMs, including M2-Reasoning AI et al. (2025),
VL-Rethinker Wang et al. (2025), and Visionary-R1 Xia et al. (2025); (3) Chart and Visual-Tabular (CvTR)-
domain MLLMs, including Chart-R1 Chen et al. (2025) and Chart-RVR Sinha et al. (2025). TwSG’s backbone
is Qwen3-VL-8B.

4.2 Main Result

As shown in Table 1, we compare MLLMs at comparable model scales on a unified suite of chart and visual-
tabular reasoning (CvTR) benchmarks. TwSG-8B achieves the best overall performance, with an average
accuracy of 73.70%, outperforming the strongest prior model in this comparison, Chart-R1, by 68.12%.
Moreover, TwSG-8B obtains the best performance on 10 out of the 11 evaluated subsets, demonstrating
consistently strong generalization across both chart and visual-tabular reasoning tasks.

Strong performance on standard chart benchmarks does not necessarily translate into robust performance
across more challenging chart and visual-tabular reasoning tasks. General-purpose MLLMs often achieve strong
accuracy on ChartQA, yet their performance does not consistently transfer to the more reasoning-intensive
ChartQAPro and TableVQA-Bench subsets. In contrast, TwSG exhibits more balanced performance across
these benchmarks. Notably, even TwSG-4B achieves an average accuracy of 68.16%, slightly surpassing the
7B Chart-R1 model (68.12%) despite using a smaller model scale. This further demonstrates the effectiveness
of unified chart and visual-tabular reasoning.

For example, compared with its base model Qwen2.5-VL-3B, Chart-RVR-Hard improves ChartQA-H from
74.24% to 80.08%, while its FinTabNetQA accuracy decreases from 77.76% to 70.16%. These results suggest
that improvements from chart-specific specialization do not necessarily transfer to structured visual-tabular
data, motivating a unified treatment of the two modalities.

Figure 3 compares the inference throughput of different reasoning paradigms. Tool-augmented approaches,
particularly the Think-with-Images series, incur substantial inference overhead due to external tool invocation
and repeated perception–reasoning interactions. In contrast, our approach internalizes bounding-box reasoning
and spatial grounding into the model’s native reasoning process, avoiding external tool calls during inference.
TwSG therefore maintains approximately 1.75–2.00 samples per second and achieves higher throughput than
the Qwen3-VL base model, while substantially improving CvTR performance. Together with the accuracy
results in Table 1, these results demonstrate a favorable accuracy–efficiency trade-off through unified, tool-free
end-to-end reasoning.
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4.3 Ablation Study

Table 2: Ablation studies of TL-GRPO on ChartQAPro and TableVQA-Bench. w/o R denotes the SFT
checkpoint before reinforcement learning. Best results are shown in bold.

Effect of TL-GRPO
Benchmark GRPO GRPO + TL-IS GRPO + CGS TL-GRPO (Full)
ChartQAPro 49.40 52.34 53.65 55.60
TableVQA-Bench 77.80 83.33 82.53 86.79

Reward Component Ablation
Benchmark w/o R Rans Rans + Rfmt Rans + Rfmt + Rverify

ChartQAPro 48.22 47.30 52.30 55.60
TableVQA-Bench 78.53 60.22 82.91 86.79

Reasoning Component Removal
Benchmark ⟨think⟩ ⟨observation⟩ ⟨answer⟩ Full
ChartQAPro 48.23 51.72 54.32 55.60
TableVQA-Bench 80.92 79.95 85.50 86.79

CGS Hyperparameter K

Benchmark K = 0 K = 1 K = 2 K = 3
ChartQAPro 52.34 55.60 53.66 50.02
TableVQA-Bench 83.33 86.79 82.12 79.88

We conduct comprehensive ablation studies on ChartQAPro and TableVQA-Bench to validate the key design
choices of our framework, with detailed results summarized in Table 2.

Comparison of TL-GRPO and Baseline. Both TL-IS and CGS consistently yield performance gains
over the standard GRPO baseline. When combined, TL-GRPO achieves superior performance, outperforming
GRPO by +6.20% on ChartQAPro (from 49.40% to 55.60%) and +8.99% on TableVQA-Bench (from 77.80%
to 86.79%). This gain stems from a critical domain characteristic in visual reasoning: reasoning trajectories
(⟨think⟩) are disproportionately long relative to the final prediction (⟨answer⟩). Under standard token-level
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weighting, long reasoning steps dilute the gradient signal of compact answers, which tag-level sequence
importance sampling effectively mitigates.

Effect of Cold Start SFT. The SFT checkpoint without RL (w/o R) achieves 48.22% on ChartQAPro
and 78.53% on TableVQA-Bench. While cold start establishes fundamental instruction-following and question-
answering capabilities, its generalization on complex visual-tabular reasoning remains limited without
reinforcement learning.

Reward Function Decomposition. Evaluating individual reward terms reveals that all components are
essential. Supervising solely with outcome correctness (Rans) leads to severe performance degradation across
both benchmarks (dropping to 47.30% and 60.22%), indicating optimization instability under sparse and noisy
answer-only rewards. Incorporating formatting constraints (Rfmt) substantially restores and improves accuracy
to 52.30% and 82.91%. Further adding visual verification (Rverify) achieves the best performance (55.60% /
86.79%), yielding additional gains of +3.30% and +3.88% respectively, which confirms the importance of
fine-grained verification for structured reasoning.

Sensitivity of Clipping Hyperparameter K. Setting K = 0 corresponds to training with TL-IS alone
without advantage-based trajectory clipping (achieving 52.34% and 83.33%). The optimal trade-off is achieved
at K = 1 (55.60% / 86.79%). As K increases to 2 and 3, performance consistently degrades, because
filtering out too many extreme-advantage samples excessively suppresses gradient variance and slows policy
optimization.

Contribution of Reasoning Tags. Dissecting intermediate reasoning tokens shows distinct dependencies
across tasks. Removing the ⟨think⟩ tag incurs the largest performance drop on ChartQAPro (-7.37%),
while removing the ⟨observation⟩ tag causes the sharpest drop on TableVQA-Bench (-6.84%), verifying
that explicit visual grounding is indispensable for structured tabular data. In contrast, removing ⟨answer⟩
results in a modest yet consistent degradation (-1.28% / -1.29%), demonstrating the utility of explicit answer
boundary tokens in stabilizing output decoding.

5 Conclusion

In this paper, we identify that relying on the “think with images” paradigm for perceptual understanding
in highly structured, text-intensive visual contexts introduces prohibitive inference latency and exacerbates
the Spatial-Structural Gap in CvTR tasks. To overcome these bottlenecks, we propose TwSG, a novel
structured data distillation framework tailored specifically for charts and tables. This framework significantly
enhances the fine-grained OCR reasoning and perceptual capabilities of MLLMs. Furthermore, by introducing
TL-GRPO and integrating a two-stage training paradigm that combines cold-start supervised fine-tuning
with RL, we systematically align and bolster the model’s performance in complex CvTR tasks. Extensive
ablation studies and inference latency evaluations empirically demonstrate the effectiveness and efficiency
of our proposed method. Ultimately, our work provides a highly efficient, tool-free pathway for advancing
MLLMs in structurally complex visual reasoning.

Broader Impact Statement

Due to computational resource constraints, our framework was exclusively trained and evaluated on models
with 8B parameters or fewer. Additionally, our approach inherently relies on the accuracy of the raw Cold
start data. Consequently, the initial context fed into the large model cannot be guaranteed to be entirely
error-free. Nevertheless, our empirical results demonstrate that our proposed method can still substantially
enhance the CvTR capabilities of MLLMs despite this dependency.

Furthermore, we observe that computational reasoning challenges within chart understanding remain un-
addressed, as pure CoT prompting falls short in handling complex arithmetic calculations. In contrast,
TabDSR (Jiang et al., 2025) demonstrates the superiority of Program-of-Thought (PoT) in enhancing compu-
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tational capabilities. Inspired by CodeVision (Guo et al., 2026), we plan to explore internalized, code-grounded
image operations and programmatic visual reasoning in future work.

Our work aims to improve structured visual reasoning for charts and visual tables, which can benefit data
analysis, document understanding, and accessibility-oriented applications. We do not develop technologies for
weapons, biometric identification, surveillance, or direct decision-making in high-stakes domains. Therefore,
we do not anticipate direct safety risks such as physical harm or increased weapon lethality.
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A License

All datasets and models used in our experiments are available for research purposes. We declare that this
study is conducted solely for academic research and has no commercial purpose.

B Experimental Setup

The training of TwSG is conducted in two distinct phases: (1) Cold-start SFT. To initialize the reasoning
capability of the model, we perform SFT with a learning rate of 1e-5 and a global batch size of 32; (2)
Following the cold-start SFT, we employ TL-GRPO to further refine the model’s reasoning trajectory. Unlike
SFT, this stage emphasizes final outcome correctness rather than dense CoT supervision. We set the reward
coefficient β to 0.0 and utilize a dual-clip epsilon strategy with ϵ = 3 × 10−4 and ϵhigh = 4 × 10−4 to stabilize
importance sampling. The learning rate is decayed to 1 × 10−6 with a warmup ratio of 0.05. For each prompt,
we sample G = 8 generations to compute the relative reward. The models are trained on a cluster of 128
NVIDIA A100 GPUs (80GB). The total computational budget for training and evaluation ranges from 50 to
120 wall-clock hours, depending on the backbone scale.

C Compare with close-source MLLMs

As shown in Table 3, on CharXiv-R (Wang et al., 2024b), TwSG-8B achieves 67.8%, outperforming strong
proprietary models such as GPT-4.1 (56.7%) and GPT-4.5 (55.4%), and even surpassing large-scale models
like Qwen3-VL-235B-A22B-Thinking (66.1%) despite a significantly smaller parameter size. Compared with
recent “thinking with images” models, our method demonstrates superior performance without explicit
test-time reasoning or tool use, indicating that our gains come from improved intrinsic multimodal reasoning
rather than inference-time scaling.

Table 3: Performance comparison on chart reasoning benchmarks. Left: results on ChartQA with open-source
MLLMs. Right: comparison with proprietary models on the CharXiv-R subset. “Tools” indicates whether
external tool use is enabled. Bold denotes the best, and underline the second best. ChartMOE performs
inference with an external Python tool.

(a) Comparison with general MLLMs on ChartQA.

Model Venue Tools ChartQA (%)
General-domain MLLMs

Qwen2.5-VL-7B (Bai et al., 2025b) - 87.3
Qwen3-VL-8B (Bai et al., 2025a) - 85.6
Thyme (Zhang et al., 2025) ICLR’26 ✓ 86.1
DeepEyesV2 (Hong et al., 2026) ICLR’26 ✓ 88.4
VGR-7B (Wang et al., 2026) ICLR’26 ✓ 72.8

CvTR-domain MLLMs
ChartAst-S (Meng et al., 2024) ACL’24 79.9
ChartLLaMa (Han et al., 2023) - 69.7
BigCharts-R1-7B (Masry et al., 2025b) COLM’25 89.8
Chart-R1 (Chen et al., 2025) - 91.0
ChartMOE* (Xu et al., 2025a) ICLR’25 ✓ 87.8
Ours (TwSG-8B) - 92.9

(b) Comparison with large size MLLMs on CharXiv-R.

Model Provider / Venue CharXiv-R (%)
General-domain MLLMs

GPT-4o OpenAI 47.1
Qwen3-VL-8B-Thinking Alibaba 53.0
GPT-4.5 OpenAI 55.4
GPT-4.1 OpenAI 56.7
Qwen3-VL-235B-A22B-Instruct Alibaba 62.1
Qwen3-VL-32B-Instruct Alibaba 62.8
Qwen3-VL-32B-Thinking Alibaba 65.2
Qwen3-VL-235B-A22B-Thinking Alibaba 66.1

CvTR-domain MLLMs
BigCharts-R1-7B (Masry et al., 2025b) COLM’25 41.3
Bespoke-MiniChart (Meng et al., 2025) - 45.4
Chart-R1 (Chen et al., 2025) - 46.2
Ours (TwSG-8B) - 67.8

D Verify Reward

Evaluating the quality of open-ended intermediate reasoning steps is notoriously difficult, as traditional
string-matching metrics often fail to assess semantic correctness and visual faithfulness. To address this
limitation, we leverage an expert MLLM as an automated judge to compute the verify reward (rverify). This
follows the general practice of LLM/MLLM-as-a-judge evaluation, where strong foundation models are used
to assess open-ended outputs beyond exact string matching.
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Table 4: Ablation studies on reward verification and reward weighting.

(a) Judge Model

Method ChartQAPro TableVQA-Bench

GPT-4o 54.44 85.32
Qwen3.6-plus 56.32 85.90
Qwen3-VL-72B-Instruct (Default) 55.60 86.79

(b) Reward Weights

λ1 λ2 λ3 ChartQAPro TableVQA-Bench

0.00 1.00 0.00 52.30 82.91
0.05 0.90 0.05 54.83 85.74
0.10 0.80 0.10 55.60 86.79

Table 5: Impact of decoding hyperparameters. Left: different random seeds. Right: different sampling
temperatures.

(a) Seed
Seed ChartQAPro TableVQA
42 55.60 86.79

1024 55.47 86.62
8192 55.71 86.84

(b) Temperature
Temp ChartQAPro TableVQA

0.1 55.60 86.79
0.5 55.42 86.51
0.9 55.18 86.35

The primary advantage of this approach is its ability to perform nuanced, visually grounded evaluation. By
framing the assessment as a rigorous multiple-choice task, the expert MLLM can explicitly differentiate
critical visual hallucinations from acceptable minor phrasing variations.

D.1 Ablation Experiment

Effect of judge models. Table 4 (a) shows that the choice of judge MLLM for rverify has only a marginal
impact on the final performance. Replacing the default Qwen3-VL-72B-Instruct (Bai et al., 2025a) with
stronger proprietary judges does not lead to consistent gains: GPT-4o obtains 54.44 on ChartQAPro and
85.32 on TableVQA-Bench, while Qwen3.6-plus (Qwen Team, 2026) reaches 56.32 and 85.90, respectively.
In comparison, our default Qwen3-VL-72B-Instruct achieves 55.60 on ChartQAPro and the best result of
86.79 on TableVQA-Bench. The overall variation across different judges is small, suggesting that our reward
verification is not highly sensitive to the specific judge model once the judge has sufficient multimodal
reasoning capability. From a cost perspective, using Qwen3-VL-72B-Instruct is also more practical.

Effect of reward weights. Table 4 (b) analyzes the effect of different reward-weight configurations in
TL-GRPO. When only the answer reward is used, i.e., (λ1, λ2, λ3) = (0.00, 1.00, 0.00), the model obtains
52.30 on ChartQAPro and 82.91 on TableVQA-Bench, indicating that direct answer supervision provides the
main optimization signal. After introducing small weights for the format reward and verification reward, the
performance improves to 54.83 and 85.74 with (0.05, 0.90, 0.05), showing that output-format regularization
and judge-based verification provide complementary guidance. The default setting (0.10, 0.80, 0.10) achieves
the best performance on both benchmarks, with 55.60 on ChartQAPro and 86.79 on TableVQA-Bench. This
suggests that answer correctness should remain the dominant reward, while lightweight format and verification
rewards are beneficial for stabilizing the reasoning process and improving final accuracy.

Effect of decoding hyperparameters. Table 5 evaluates the robustness of our method under different
decoding hyperparameters. Across three random seeds, the performance remains stable, with only minor
fluctuations on both ChartQAPro and TableVQA-Bench. This indicates that the reported results are
not sensitive to random sampling effects. We also vary the sampling temperature from 0.1 to 0.9. The
performance changes only slightly, while higher temperatures lead to a small degradation due to increased
output randomness. These results suggest that our method is robust to decoding configurations and does not
rely on carefully tuned test-time sampling.
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System Instruction:
You are an expert visual evaluator. Your task is to carefully assess the accuracy of a generated
“Observation” based strictly on the provided image. Compare the textual description with the visual
evidence and determine its level of accuracy.
Input:
- Image: [Sub Image]
- Observation: [Visual Description]
Evaluation Options:
Please select the most appropriate option from the following categories:

A. Completely Accurate: The observation perfectly aligns with the visual content, containing
absolutely no hallucinations or factual errors.

B. Mostly Accurate: The observation is largely correct and visually grounded, with only minor or
negligible discrepancies that do not impact the overall understanding.

C. Partially Accurate: The observation contains a mix of accurate visual descriptions and
noticeable hallucinations or errors.

D. Mostly Inaccurate: The observation is dominated by severe hallucinations, or fundamentally
contradicts the primary visual evidence.

E. Completely Unrelated: The observation completely fails to describe the image, or is entirely
irrelevant to the visual content.

Output Format:
Provide your judgment by outputting ONLY a single uppercase letter corresponding to your choice (A, B,
C, D, or E). Do not include any explanations, punctuation, or extra text.

Figure 4: Prompt for Verify Reward.

D.2 API Cost

For the exact prompt template used to query the expert MLLM, including the detailed instructions and the
complete option descriptions provided to the model, please refer to Figure 4.

Public API pricing shows that GPT-4o is substantially more expensive (OpenRouter, 2026), commonly listed
around $2.50/M input tokens and $10.00/M output tokens, while Qwen3.6-plus is listed around $0.355/M
input tokens and $1.99/M output tokens. By contrast, Qwen-VL/Qwen3-VL family models are available at
lower-cost API endpoints, and Qwen3-VL-72B-Instruct can also be deployed locally as an open-weight judge,
further reducing large-scale training-time annotation cost. Therefore, we adopt Qwen3-VL-72B-Instruct as
the default judge since it provides a better trade-off between verification quality and training cost.

E Cold-Start SFT Data Construction

This section details the construction process of the Cold-Start SFT data, including the distillation of CvTR-
domain datasets and their statistical distributions. The primary objective of our distillation process is
to extract interleaved CoT from diverse data sources, enabling the MLLM to internalize this reasoning
paradigm—a strategy that has been widely adopted in recent state-of-the-art methodologies (Xia et al., 2025;
Guo et al., 2025). Consequently, this phase focuses on constructing a high-quality offline dataset where the
inputs comprise the image I, the question Q, and the ground truth label from the original training set, while
the output is the corresponding elicited CoT.

We collect raw training data from the original training splits of TableQA, TableQA-X, and Visual-TableQA. To
further enrich the visual layouts, especially for multi-chart and multi-table scenarios, we randomly synthesize
composite samples consisting of two charts, two tables, or one chart and one table, while preserving the original
question-answer pairs. This strategy allows us to efficiently expand the coverage of complex chart-table
layouts without introducing additional annotation cost. We then perform the following filtering procedure:

Step 1: ROI Identification. The initial step involves leveraging a leading closed-source MLLM to identify all
potential ROI bounding boxes. Specifically, given the full image I and the question Q, the model determines
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1.Bar 2.Line 3.ErrorBar 4.Heatmap 5.Box 6.Scatter 7.his 8.Radar 9.3D

10.Pie 11.ErrorPoint 12.Violin 13.Area 14.Bubble 15.Axis Chart 16.Ring 17.Rose 18.TreeMap

19.BarNum 20.Contour 21.Density 22.Graph 23.Quiver 24.Funnel 25.Stacked Bar 26.Grouped Bar 27.Stacked Area

28.Waterfall 29.Candlestick 30.Gantt 31.Timeline 32.Calendar 33.Sankey 34.Sunburst 35.Map 36.ChoroplethMap

37.Network 38.Dendrogram 39.Surface Plot 40.Polar 41.Single-column 
Tab

42.Cross-row 
Tab

43.Cross-col 
Tab

44.Mix Tab 45.Multi CvT

Figure 5: Illustrative examples of the 45 chart and table categories covered in our benchmark.

which sub-regions are most relevant to the query and returns their absolute coordinates. For this ROI
generation, we utilize GPT-4o. The detailed prompt for this task is illustrated in Figure 6.

Step 2: Region Description. In the second step, we crop the corresponding sub-regions based on each
generated bounding box to obtain sub-images sub_I. We then prompt the MLLM to generate a comprehensive
description for each region. Unlike standard global description prompts, our instruction is explicitly optimized
for text recognition within charts and tables (as detailed in Figure 7). One area exects once time. We
similarly employ GPT-5.1 for this high-fidelity content description task.

Step 3: CoT Refinement and Structuring. The third step refines the CoT generated in the preceding
stages. We empirically observed that raw CoT often contains colloquialisms and excessive redundancy.
Given the critical role of data quality, we instruct the MLLM to perform two key tasks: (1) simplify the
reasoning path by preserving only essential text-related descriptions, and (2) extract textual content strictly
pertinent to the question. For instance, if a query specifically targets a “yellow region,” any extraneous
global descriptions are distilled to retain only information concerning that target area. We require the model
(Qwen3.6-Plus (Qwen Team, 2026)) to produce this refined data in a structured JSON format. Finally, we
encapsulate the comprehensive visual observations within <observation> tags, while the question-specific
reasoning is enclosed within <think> tags, as shown in Figure 8.

Finally, we conduct a hallucination detection phase for each data entry to ensure faithfulness. The evaluation
methodology and the corresponding verification prompt are provided in Figure 4. Unlike the main text, this
section details the specific, step-by-step construction process.

Figure 5 illustrates the diversity of visualization and table types covered in our benchmark. The benchmark
includes 45 categories, spanning standard statistical charts, distribution plots, relational diagrams, temporal
visualizations, geographic maps, hierarchical structures, and complex tables. Specifically, it covers basic chart
types such as bar, line, scatter, pie, histogram (his), heatmap, box, violin, radar, area, bubble, and 3D plots;
advanced visualization forms such as error bars, error points, multi-axis charts (Axis Chart), ring charts
(Ring), rose charts (Rose), treemaps, contour plots, density plots, quiver plots, funnels, stacked/grouped
bars, stacked areas, waterfalls, candlesticks, Gantt charts, timelines, calendar heatmaps, Sankey diagrams,
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You are a visual localization assistant. Given a question and an input image, identify the region(s)
of interest (ROIs) that contain the visual evidence needed to answer the question.

Do not answer the question. Return only the relevant bounding box(es) and a brief description of what
each region contains.

Return the result as a JSON list of dictionaries only:

[
{

"bbox_2d": [x1, y1, x2, y2],
"region_summary": "A brief description of the localized region."

},
...

]

Requirements:

1. Each dictionary corresponds to one question-relevant ROI.

2. The bounding box must tightly cover the relevant region.

3. The coordinates must follow the format [x1, y1, x2, y2].

4. The region summary should be brief and factual.

5. Do not extract detailed text or numbers at this stage.

6. Do not provide the final answer.

7. Do not hallucinate regions that are not visible in the image.

Question: {question}
Image: {image}

Figure 6: Prompt for ROI extraction.

You are a visual reasoning assistant.
Given a image summary and an input image, identify the image region that contains information useful
for answering the question.
Describe the given region and explicitly include the key visible text/numbers from that region.
Return JSON only:

{
"bbox_2d": [x1, y1, x2, y2],
"area_description": "Describe the given region, including its spatial context and all
question-relevant visible text/numbers exactly as shown in the image."

}

Requirements:

1. Include exact visible text/numbers in area_description.

2. Include labels, row/column names, cell values, axis values, or legends if relevant.

3. List multiple relevant values explicitly.

4. Do not hallucinate missing text.

Input:
Image Summary: {region_summary}
Image: {image}

Figure 7: Prompt for region description and text extraction.

sunburst charts, maps, choropleth maps, network graphs, dendrograms, surface plots, and polar plots.
In addition, the benchmark includes five table-oriented categories: single-column tables, cross-row tables,
cross-column tables, mixed tables, and Multi chart and table layouts (Multi CvT). Following the query
design of ChartQAPro (Masry et al., 2025a), we define eight question categories in our benchmark, including
Mathematical Reasoning, Visual Reasoning, Conversational, Multiple-Choice, Hypothetical, Fact-Checking,
Unanswerable, and Multi-Chart QA. To build a balanced benchmark, we first train a local Qwen3-32B
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You are a CoT refinement assistant. Given a question, an input image, and raw textual descriptions
extracted from multiple localized regions, clean and structure the reasoning information for
high-quality data construction.
Your task is to simplify the raw descriptions and retain only the information that is directly useful
for answering the question. Remove colloquial expressions, redundant descriptions, irrelevant global
context, and any content unrelated to the question. For each localized region, output a concise
question-relevant textual description.
Return JSON only:

{
"cleaned_description": "A concise description of the question-relevant
text, numbers, labels, or visual evidence in this region."

}

Requirements:

1. Preserve only essential information that is directly related to the question.

2. Extract textual content strictly pertinent to the question.

3. Remove redundant, colloquial, or irrelevant descriptions.

4. If the question targets a specific region, such as a yellow region, keep only information
about that target region.

5. Do not add information that is not visible in the image or not present in the raw text.

6. Do not answer the question.

7. The output must be a JSON dictionary.

Input:
Question: {question}
Sub Image: {image}
Raw region descriptions: {raw_region_descriptions}

Figure 8: Prompt for CoT refinement and structuring.
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Figure 9: The Static of TwSG-12K.

classifier to categorize all candidate questions in the seed pool, and further train a Qwen3-VL-8B classifier to
identify the chart/table type of each sample. Based on these automatic annotations, we perform category
balancing and then manually filter redundant or low-quality samples. As shown in Figure 9, the final
benchmark contains 12,674 samples spanning 45 chart/table categories and 8 question categories. The chart
and table distribution exhibits a mildly long-tailed pattern, where common categories such as bar, line, scatter,
and pie occupy relatively larger portions, while rarer categories remain sufficiently represented. Meanwhile,
the question distribution is relatively balanced across the eight categories, which helps ensure comprehensive
evaluation over diverse reasoning skills.
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Question:Sum all the values from 
the orange cells in the heat map
Answer:455

Chart-R1: (Data extraction completely incorrect)
<think>Step 1: Locate the 'Risk Heat Map' section. Step 2: Identify all cells that are orange. These are the cells with values: 48, 39, 49, 51, 4, 
110, 140, 150, 105, 85, 208, 400, 106, 88, 81, 400, 110, 105, 22. Step 3: Sum these values: 48 + 39 + 49 + 51 + 4 + 110 + 140 + 150 + 105 + 85 + 
208 + 400 + 106 + 88 + 81 + 400 + 110 + 105 + 22. Step 4: Perform the summation: 48 + 39 = 87; 87 + 49 = 136; 136 + 51 = 187; 187 + 4 = 191; 191 + 110 = 
301; 301 + 140 = 441; 441 + 150 = 591; 591 + 105 = 696; 696 + 85 = 781; 781 + 208 = 989; 989 + 400 = 1389; 1389 + 106 = 1495; 1495 + 88 = 1583; 1583 + 
81 = 1664; 1664 + 400 = 2064; 2064 + 110 = 2174; 2174 + 105 = 2279; 2279 + 22 = 2301.</think><answer>2301</answer>

TwSG: (Correct)
<think> Locate the “Risk Heat Map” and identify the orange-colored cells. </think> <observation> { "bbox_2d": [356, 157, 657, 346], "text": "The 
relevant region is the central risk heat map table under the title "Risk Heat Map" and subtitle "Total of Risk Ratings". It shows row labels "Severe", 
"Major", "Moderate", "Minor", "Insignificant" and column labels "Rare", "Unlikely", "Moderate", "Likely", "Almost Certain". Visible cell values include: 
Severe row: 35, 48, 35, 3, 1; Major row: 58, 39, 49, 55, 4; Moderate row: 52, 110, 149, 159, 105; Minor row: 144, 208, 105, 89, 81; Insignificant row: 
204, 400, 110, 105, 22." } </observation> <think> Orange cells: 48, 39, 49, 149, 89, 81. Now Compute the sum: 48 + 39 + 49 + 149 + 89 + 81 = 455. 
</think> <answer> 455 </answer>

Chart-RVR: (Partial data extraction error, incorrect table type recognition)
<think><type>Bar</type><table>{"columns": ["Risk Level", "Severe", "Major", "Moderate", "Minor", "Insignificant", "Rare", "Unlikely", "Moderate", 
"Likely", "Almost Certain"],"rows": [["Critical Risk", 35, 58, 52, 144, 204, 3, 39, 144, 110, 5], ["High Risk", 45, 39, 49, 149, 110, 3, 4, 106, 80, 5], ["Low 
Risk", 48, 51, 106, 105, 22, 5, 4, 110, 22, 2]]}</table><step-1>: Identify the orange cells in the heat map, which represent the Moderate risk values: 52, 
49, 149, 106, and 106.<step-2>: Gather the values associated with these cells, confirming they are orange.<step-3>: Break down the values: 52, 49, 149, 
106, and 106.<step-4>: Verify each value, summing them up: 52 + 49 + 149 + 106 + 106 = 453.<step-5>: Ensure they are the values in the orange 
cells, calculating their sum: 52 + 49 + 149 + 106 + 106 = 453.<step-6>: Provide a final calculation, confirming the sum is 453, answering the question 
correctly.</think><answer>453</answer>

Figure 10: Reasoning comparisons between TwSG and existing CvTR-domain MLLMs.

The Distillation Objective. Given the teacher-generated interleaved trajectory τ , we optimize the student
model Mθ using a standard cross-entropy loss:

LT wSG = −
|τ |∑

j=1
log P (xj |I, Q, x<j ; θ) (5)

where xj are the tokens in the interleaved sequence. By training on these trajectories, the student learns to
internally simulate the “Reason-Observation-Reason” process.

This approach mimics the reasoning process of iteratively referencing visual charts during complex, multi-
step problem-solving. Consequently, it significantly mitigates the “coordinate hallucination” prevalent in
MLLMs (Fu et al., 2025)—instances where the predicted coordinates decouple from the reasoning con-
text. Furthermore, by integrating an expert teacher model, our method effectively alleviates the inherent
hallucinations typically observed during the model’s CoT.

F Qualitative Analysis

As shown in Figure 10, existing CvTR-domain MLLMs can identify the relevant heat-map region but often fail
to establish a faithful mapping between color-coded cells and their textual values. Chart-R1 directly extracts
incorrect values from non-orange cells, while Chart-RVR repeats the same error despite producing a longer
reasoning trace, suggesting that extended reasoning alone does not guarantee reliable visual grounding. In
contrast, TwSG first localizes the key region through the ⟨observation⟩ field and explicitly lists the orange-cell
values before aggregation.
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