
Exploring the Interplay Between Explicit Grounding and Reasoning in
Visual TableQA

Anonymous ACL submission

Abstract001

This paper investigates how explicit visual002
grounding within Chain-of-Thought (CoT) se-003
quences impacts the reasoning proficiency of004
multimodal large language models (MLLMs).005
Using visual TableQA as a testbed, we examine006
this interplay through supervised fine-tuning007
(SFT) and reinforcement learning (RL) with a008
hierarchical grounding reward. Our analysis009
reveals an observable performance trade-off,010
where the requirement for rigid spatial syntax011
appears to interfere with the model’s internal012
reasoning heuristics. These insights suggest013
that aligning precise spatial anchoring with log-014
ical inference poses substantial challenges for015
current training regimes, highlighting the need016
for more sophisticated data synthesis and op-017
timization strategies in complex multimodal018
tasks.019

1 Introduction and Related Works020

Multimodal large language models (MLLMs) (Liu021

et al., 2023; Bai et al., 2025) have demonstrated022

remarkable potential in complex visual reasoning023

tasks, such as document understanding (Li et al.,024

2024; Ye et al., 2023) and GUI navigation (Hong025

et al., 2023; Wang et al., 2024; You et al., 2024).026

These tasks involve reasoning over structured vi-027

sual environments, where logical consistency is028

closely coupled with the underlying spatial layout029

and visual semantics (e.g., cell content or func-030

tional icons). However, standard Chain-of-Thought031

(CoT) prompting often exhibits a misalignment be-032

tween textual inference and visual evidence. In033

such cases, the model may generate a logically co-034

herent narrative that diverges from the actual visual035

input, leading to severe hallucinations (Li et al.,036

2025; Thawakar et al., 2025; Huang et al., 2025).037

To bridge this gap, various grounding strate-038

gies have been explored, ranging from semantic-039

level reinforcement via textual descriptions (Ghosh040

et al., 2025) to structural anchoring through mech-041

anisms such as dynamic regional cropping (Zhang 042

et al., 2025; Qiu et al., 2025) and interleaved spa- 043

tial representations. In the latter, visual indicators 044

such as latent feature tokens (Wang et al., 2025b; 045

You et al., 2024) or symbolic coordinates (Shao 046

et al., 2024a) are woven directly into the textual 047

sequence to anchor the reasoning process. One 048

noteworthy direction is explicit visual grounding 049

(Shao et al., 2024b; Wang et al., 2025a), which as- 050

sociates reasoning steps with spatial coordinates. 051

This architecture-agnostic approach is theoretically 052

appealing as it leverages the latent localization ca- 053

pabilities acquired during pre-training (Qiu et al., 054

2025) without requiring structural modifications. 055

However, a critical question remains unex- 056

plored: Does enforcing rigid spatial syntax inadver- 057

tently interfere with the model’s internal reasoning 058

heuristics? In this work, we use visual TableQA 059

task as a representative testbed to investigate this 060

interplay. Our results demonstrate that SFT for ex- 061

plicit grounding effectively enforces the required 062

output syntax but simultaneously induces a sig- 063

nificant alignment tax on reasoning performance. 064

Although a hierarchical RL reward facilitates bet- 065

ter structural adherence, its capacity to mitigate 066

this degradation remains limited. Even with refine- 067

ment during the RL stage, larger models struggle to 068

restore their baseline reasoning proficiency, indicat- 069

ing a fundamental tension between rigid formatting 070

constraints and logical inference. 071

We summarize our contributions as follows: 072

• Data Synthesis: We develop a pipeline to 073

transform Text2SQL execution traces into 074

a grounded CoT dataset with hierarchical 075

bounding box annotations, filling the gap in 076

fine-grained visual-tabular reasoning data. 077

• Methodology: We design a hierarchical 078

grounding reward that provides dense super- 079

vision, facilitating spatial alignment through 080

a fine-grained RL stage. 081
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• Empirical Insights: We characterize the align-082

ment tax of explicit grounding during SFT,083

revealing how rigid formatting disrupts rea-084

soning heuristics and identifying the limita-085

tions of RL as a corrective mechanism.086

2 Methodology087

2.1 Grounded TableQA Dataset Construction088

To evaluate how visual grounding affect reason-089

ing, we first develop a grounded TableQA dataset090

for SFT, interleaving CoT reasoning with precise091

spatial anchors. We choose TableQA as a repre-092

sentative testbed because reasoning over structured093

tables requires both precise spatial perception and094

multi-step logical inference. To ensure data diver-095

sity, we also incorporate general visual question096

answering (VQA) data from prior work. The con-097

struction follows a two-stage pipeline: grounded098

data processing and reasoning data generation.099

Rule-based Bounding Box Generation. Step-100

wise reasoning data is inherently complex, espe-101

cially in multimodal settings where textual steps102

must synchronize with visual cues. Given the high103

cost and quality-control challenge of manual an-104

notation, we adopt a programmatic approach by105

leveraging the Text2SQL datasets. A Text2SQL106

task (Zhong et al., 2017) involves mapping natu-107

ral language questions to executable SQL queries.108

Crucially, SQL query execution mirrors human-109

like reasoning processes, with its sequential selec-110

tion and filtering operations providing a logical111

backbone that maps directly to specific spatial re-112

gions. This allows us to transform SQL execution113

traces into step-wise reasoning data, where bound-114

ing boxes represent the visual context of each opera-115

tion. To formalize this mapping, the transformation116

process leverages the hierarchical structure of SQL117

execution. First, each table is rendered as an image118

while simultaneously capturing the pixel coordi-119

nates of all row and column boundaries. Then, the120

procedure follows a top-down refinement strategy:121

first, we identify all cells in columns specified by122

both the SELECT and WHERE clauses, merging ad-123

jacent cells into unified bounding boxes to form124

the contextual set Bctx as Contextual Regions. Sec-125

ond, we filter rows from Bctx satisfying the WHERE126

predicates to produce the subset Bfilt as Filtered127

Regions. Finally, we extract the specific cells con-128

tributing to the answer to form Bcore as Core Re-129

gions. This hierarchical derivation ensures visual130

regions are narrowed down progressively, maintain- 131

ing the property Bcore ⊆ Bfilt ⊆ Bctx. 132

Reasoning Data Generation. Based on these 133

generated ground-truth bounding box sets, we use 134

GPT-o3 (OpenAI, 2025) to synthesize correspond- 135

ing step-wise reasoning texts. For each table- 136

question pair, the model is provided with the or- 137

dered grounding sets {Bctx,Bfilt,Bcore} augmented 138

with localized cell texts and prompted to synthesize 139

natural language rationales describing the transi- 140

tions between these stages. More details can be 141

found in subsection D.1 with a visualized exam- 142

ple. To ensure quality, generated texts are evaluated 143

for consistency with SQL semantics and subjected 144

to human verification. The final dataset, sampled 145

from WikiSQL (Zhong et al., 2017), comprises 146

2,558 high-quality samples aligning textual infer- 147

ence with precise visual grounding. Additionally, 148

we retain a distinct set of 4,851 instances contain- 149

ing only the grounding sequences as supplementary 150

training data for subsequent RL stage. 151

2.2 Hierarchical Reward Design 152

Following the SFT phase, we incorporate a RL
stage to further refine the alignment between the
model’s reasoning trajectories and the table’s vi-
sual structure. This stage is designed to ensure the
model internalizes the logic of visual reasoning be-
yond simple pattern matching. We define the total
reward as

Rfinal = waccRacc + wbboxRbbox + wfmtRfmt,

where answer reward Racc measures Exact Match 153

(EM) accuracy and format reward Rfmt enforces 154

adherence to the <think> and <answer> schema. 155

In early experiments, we observed that using 156

only the direct answer bounding boxes Bcore as a 157

reference for bounding box reward Rbbox led to 158

very weak intermediate signals. When predicted 159

bounding boxes were far from the answer bounding 160

boxes, the learning signal was almost nonexistent, 161

often leading to catastrophic entropy collapse. To 162

address this, we propose a hierarchical bounding 163

box reward providing more dense supervision. For 164

the core regions, the reward Rcore combines cover- 165

age and geometric alignment: 166

Rcore =
λ · Hit(Bp,Bcore) + GIoU(Bp,Bcore)

λ+ 1
, 167

where Bp denotes predicted boxes and λ = 1.0. 168

The total grounding reward Rbbox is formulated by 169
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Table 1: The overall evaluation of both SFT and RL stages. RL results are color-coded based on the delta relative
to SFT: green for improvement, red for decline. Best and second-best results are highlighted independently for
each stage within model size groups. All performance metrics are reported using greedy decoding.

Size SFT Dataset SFT Scale Rollout FinTabNetQA VTabFact VWTQ VWTQ-syn All

SFT SFT+RL SFT SFT+RL SFT SFT+RL SFT SFT+RL SFT SFT+RL

3B

/ - Direct 55.3 55.3 60.0 60.0 20.3 20.3 28.0 28.0 35.2 35.2
- CoT 52.9 52.9 68.4 68.4 24.5 24.5 31.9 31.9 38.9 38.9

WikiSQL
500

CoT

57.0 63.1 57.2 54.0 24.4 25.0 31.4 29.3 37.6 37.6
1000 62.3 62.5 57.2 58.8 23.9 26.7 27.5 34.9 37.0 40.7
2000 60.3 54.1 57.6 50.0 22.1 21.1 26.6 27.2 35.9 33.4

MM-GCoT
500 44.1 55.0 54.8 61.2 22.6 24.8 27.7 30.1 33.2 37.6
1000 47.1 51.6 56.8 58.8 24.3 22.8 32.7 29.8 36.3 35.9
2000 45.2 58.6 56.8 63.2 24.5 21.4 34.4 30.6 36.6 37.6

Mixed
500+500 61.4 55.2 51.6 16.8 21.2 21.0 29.6 27.2 35.7 28.0

1000+1000 60.9 55.1 60.8 59.2 21.2 19.8 26.5 32.5 36.2 36.4
2000+2000 56.1 58.5 58.4 62.0 18.4 20.4 23.9 25.4 33.1 35.3

7B

/ - Direct 73.2 73.2 74.4 74.4 34.3 34.3 45.1 45.1 51.0 51.0
- CoT 77.7 77.7 80.0 80.0 46.0 46.0 55.2 55.2 59.9 59.9

WikiSQL
500

CoT

62.7 75.4 60.0 67.2 41.4 43.4 47.3 51.4 50.0 55.3
1000 63.6 68.9 63.6 65.6 38.4 40.0 47.0 50.7 49.6 52.5
2000 64.4 70.2 60.8 66.8 32.2 34.9 40.0 42.2 44.9 48.4

MM-GCoT
500 64.7 66.2 69.2 72.4 36.7 38.1 48.1 42.5 50.5 49.9
1000 64.9 69.7 74.0 59.6 38.7 38.5 46.3 48.3 51.4 50.4
2000 65.2 64.6 69.2 72.4 37.6 34.4 44.8 45.8 49.8 49.5

Mixed
500+500 61.8 64.9 66.0 66.4 37.2 39.4 42.2 50.6 47.7 51.8

1000+1000 64.6 69.7 66.0 64.8 37.6 37.8 45.5 47.6 49.4 50.8
2000+2000 59.5 69.8 64.8 66.8 32.0 28.9 42.2 38.2 45.4 45.1

decomposing hierarchical contributions from the170

contextual and filtered levels:171

Rbbox = Rcore+α·Hit(Bp,Bfilt)+β ·Hit(Bp,Bctx),172

where α = 0.7 and β = 0.3 are decay coefficients.173

These values are chosen to prioritize localized pre-174

cision while maintaining a smooth gradient from175

broader contextual regions. More details can be176

found in Appendix B.177

To balance functional correctness with structural178

grounding, we set the task weights to wacc = 1.0,179

wbbox = 0.25, and wfmt = 0.1, ensuring that while180

EM remains the primary objective, the hierarchi-181

cal bounding box reward provides the necessary182

structural dense supervision.183

3 Experiments184

In this section, we present a comprehensive eval-185

uation of the interplay between explicit spatial186

grounding and logical reasoning. Our primary re-187

sults are summarized in Table 1.188

3.1 Experimental Setup189

3.1.1 Involved LLMs190

To evaluate the impact of grounding on reasoning191

across different parameter scales, we employ two192

popular MLLMs: Qwen2.5-VL-3B and Qwen2.5-193

VL-7B (Bai et al., 2025). This series of models194

utilizes a vision-language architecture capable of 195

processing dynamic resolution inputs, and both 196

have been specifically trained on visual ground- 197

ing tasks. Implementation details can be found in 198

subsection D.2. 199

3.1.2 Datasets 200

We utilize MM-GCoT (Wu et al., 2025) and pro- 201

cessed WikiSQL (Zhong et al., 2017) as training 202

data to establish foundational relational reasoning 203

and grounded multimodal capabilities. In the SFT 204

stage, we evaluated three distinct data compositions 205

including pure MM-GCoT, pure WikiSQL, and a 206

balanced 1:1 mixture to observe their respective 207

effects on performance. During the RL stage, we 208

exclusively utilized the processed WikiSQL dataset 209

to focus on refining logical-spatial alignment for 210

reasoning abilities. 211

For evaluation, we employ TableVQA-Bench 212

(Kim et al., 2024) to assess cross-domain table 213

understanding. Specifically, FinTabNetQA and 214

VTabFact focus more on conditional cell locat- 215

ing and precise data retrieval. In contrast, VWTQ 216

and its synthesized variants (VWTQ-syn) repre- 217

sent the more challenging tasks, requiring complex 218

counting and multi-step reasoning beyond simple 219

retrieval. More details can be found in Appendix A. 220
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3.2 Evaluation on SFT and RL221

Based on the results in Table 1, we articulate two222

key findings regarding the trade-off between ex-223

plicit grounding format and reasoning performance,224

and the role of RL in mitigating this trade-off.225

Finding 1: SFT for explicit grounding func-
tions as a structural prerequisite that enables
structured output at the cost of a substantial
alignment tax.

226

Our first observation is that SFT for explicit227

grounding incurs a substantial alignment tax, par-228

ticularly as model scale increases. Since few-229

shot prompting fails to reliably elicit structured,230

grounded CoT in either 3B or 7B models, SFT231

emerges as a necessary foundation to enforce the re-232

quired output format. However, this structural adap-233

tation generally degrades reasoning performance234

relative to original models.235

Crucially, we observe a phenomenon of negative236

scaling with respect to data volume, yet its severity237

is highly dependent on data composition. For the238

7B model, increasing task-specific WikiSQL data239

from 500 to 2,000 samples triggers a sharp per-240

formance decline from 50.0% to 44.9%, suggest-241

ing that rigid, domain-constrained formats rapidly242

override the model’s logical integrity. In contrast,243

general-domain data, namely MM-GCoT, exhibits244

significantly higher resilience to this degradation;245

its performance remains relatively stable (around246

50%–51%) even as the scale increases. This sug-247

gests that the semantic diversity of general VQA248

data acts as a functional buffer, slowing the onset of249

overfitting to grounded syntax and better preserving250

the model’s inherent reasoning heuristics. Despite251

these mitigations, however, neither dataset allows252

the SFT variants to restore the baseline reasoning253

performance of the original models, confirming254

that rigid spatial anchoring imposes an inherent255

constraint on cognitive flexibility.256

Finding 2: RL acts as a partial corrective for
the SFT alignment tax, yet its ceiling remains
intrinsically tied to the SFT initialization.

257

Our second finding highlights both the correc-258

tive power and the inherent limitations of the RL259

stage. As illustrated by the predominantly green260

cells in Table 1, adding RL generally improves261

performance over SFT-only baselines, acting as a262

recovery mechanism for the reasoning logic sup- 263

pressed during the SFT stage. For instance, on the 264

3B model trained with WikiSQL-1000, RL boosts 265

the average score from 37.0% to 40.7%, notably 266

surpassing the base performance (38.9%). 267

However, this effectiveness is not an autonomous 268

capability because the RL phase depends on the 269

pre-established structural format provided during 270

SFT. Without an initial grounding mechanism, the 271

RL process cannot forcibly optimize spatial local- 272

ization from scratch. But once this structural foun- 273

dation exists, RL significantly enhances grounding 274

quality across different model scales as detailed in 275

Appendix C. Interestingly, RL gains are inversely 276

proportional to SFT data resilience. RL yields the 277

most dramatic improvements on models fine-tuned 278

on task-specific data (e.g., WikiSQL), where SFT- 279

induced degradation was most severe. In contrast, 280

on general-domain data like MM-GCoT, where 281

SFT preserved reasoning integrity, RL’s marginal 282

improvements are diminished. 283

Finally, we observe a persistent ceiling effect in 284

the 7B model. While RL successfully optimizes 285

grounding accuracy, it fails to fully restore the 286

model’s baseline reasoning performance. This gap 287

is particularly significant given that larger mod- 288

els are expected to better balance new constraints. 289

However, our results suggest that current scaling 290

laws may not naturally resolve the inherent friction 291

between formatting and logic. This also indicates 292

that the structural distortion from rigid ground- 293

ing syntax persists through late-stage optimiza- 294

tion. Consequently, post-training refinements can- 295

not compensate for the lack of a fundamental shift 296

in grounding representation to mitigate reasoning 297

loss. 298

4 Conclusion 299

This study characterizes the performance trade-offs 300

within the explicit grounding paradigm. Our find- 301

ings identify a persistent alignment tax where rigid 302

coordinate syntax appears to interfere with reason- 303

ing heuristics. Although grounding-enhanced RL 304

improves formatting adherence, it only partially re- 305

covers the reasoning proficiency lost during align- 306

ment. Our work highlights the challenge of in- 307

tegrating spatial precision with logical reasoning, 308

suggesting that future research might further inves- 309

tigate the underlying mechanisms of this trade-off 310

to ultimately enhance the visual reasoning capabili- 311

ties of MLLMs. 312
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5 Limitations313

Despite the insights provided by our study, several314

limitations remain to be addressed in future work.315

First, our empirical investigation is primarily316

centered on the Qwen architecture (Bai et al., 2025).317

While Qwen represents a popular MLLM with ro-318

bust visual-language capabilities, its internal at-319

tention mechanisms and pre-training priors may320

inherently influence how it handles spatial syntax321

and reasoning heuristics.322

Second, due to computational constraints, our323

experiments did not encompass the most expansive324

parameter scales (e.g., models exceeding 70B pa-325

rameters) or the use of full-parameter fine-tuning.326

We primarily focused on moderate-sized models327

and parameter-efficient strategies. It remains possi-328

ble that larger-scale models possess greater residual329

capacity to absorb the cognitive load imposed by330

rigid formatting, potentially alleviating the reason-331

ing degradation we observed. Future research is332

needed to verify whether scaling up model size or333

adopting more intensive optimization regimes can334

further bridge the gap between explicit grounding335

and logical proficiency.336

6 Ethical Considerations337

Generative AI was utilized solely to refine the338

manuscript’s linguistic clarity and readability, with339

the authors maintaining full responsibility for all340

original intellectual content.341

Regarding data processing, the curation and fil-342

tering of LLM-generated outputs were performed343

exclusively by the authors under ethical labor prac-344

tices. Furthermore, all data were sourced from345

publicly available datasets that contain no person-346

ally identifiable information or privacy risks. While347

the research team is primarily of Asian background,348

the potential for cultural or demographic bias is sig-349

nificantly minimized as the filtering focused strictly350

on logical reasoning and structural accuracy within351

the visual TableQA task, which is relatively objec-352

tive and culturally neutral.353

References354

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-355
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shi-356
jie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu,357
Mingkun Yang, Zhaohai Li, Jianqiang Wan, Pengfei358
Wang, Wei Ding, Zheren Fu, Yiheng Xu, and 8 oth-359
ers. 2025. Qwen2.5-vl technical report. Preprint,360
arXiv:2502.13923.361

DeepSeek-AI. 2025. Deepseek-v3 technical report. 362
Preprint, arXiv:2412.19437. 363

Sreyan Ghosh, Chandra Kiran Reddy Evuru, Sonal Ku- 364
mar, Utkarsh Tyagi, Oriol Nieto, Zeyu Jin, and Di- 365
nesh Manocha. 2025. Visual description grounding 366
reduces hallucinations and boosts reasoning in lvlms. 367
Preprint, arXiv:2405.15683. 368

Wenyi Hong, Weihan Wang, Qingsong Lv, Jiazheng 369
Xu, Wenmeng Yu, Junhui Ji, Yan Wang, Zihan Wang, 370
Yuxiao Dong, Ming Ding, and Jie Tang. 2023. Co- 371
gagent: A visual language model for gui agents. 372
Preprint, arXiv:2312.08914. 373

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan 374
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and 375
Weizhu Chen. 2022. LoRA: Low-rank adaptation of 376
large language models. In International Conference 377
on Learning Representations. 378

Jingcheng Hu, Yinmin Zhang, Qi Han, Daxin Jiang, Xi- 379
angyu Zhang, and Heung-Yeung Shum. 2025. Open- 380
reasoner-zero: An open source approach to scaling up 381
reinforcement learning on the base model. Preprint, 382
arXiv:2503.24290. 383

Mingxin Huang, Yongxin Shi, Dezhi Peng, Songxuan 384
Lai, Zecheng Xie, and Lianwen Jin. 2025. Ocr- 385
reasoning benchmark: Unveiling the true capabili- 386
ties of mllms in complex text-rich image reasoning. 387
Preprint, arXiv:2505.17163. 388

Yoonsik Kim, Moonbin Yim, and Ka Yeon Song. 2024. 389
Tablevqa-bench: A visual question answering bench- 390
mark on multiple table domains. 391

Xiaoyuan Li, Moxin Li, Wenjie Wang, Rui Men, 392
Yichang Zhang, Fuli Feng, and Dayiheng Liu. 2025. 393
Mathopeval: A fine-grained evaluation benchmark 394
for visual operations of mllms in mathematical rea- 395
soning. Preprint, arXiv:2507.18140. 396

Zhang Li, Biao Yang, Qiang Liu, Zhiyin Ma, Shuo 397
Zhang, Jingxu Yang, Yabo Sun, Yuliang Liu, and 398
Xiang Bai. 2024. Monkey: Image resolution and 399
text label are important things for large multi-modal 400
models. In proceedings of the IEEE/CVF conference 401
on computer vision and pattern recognition, pages 402
26763–26773. 403

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae 404
Lee. 2023. Visual instruction tuning. Preprint, 405
arXiv:2304.08485. 406

OpenAI. 2025. Openai o3 and o4-mini system card. 407

Panupong Pasupat and Percy Liang. 2015. Composi- 408
tional semantic parsing on semi-structured tables. In 409
Proceedings of the 53rd Annual Meeting of the As- 410
sociation for Computational Linguistics and the 7th 411
International Joint Conference on Natural Language 412
Processing (Volume 1: Long Papers), pages 1470– 413
1480, Beijing, China. Association for Computational 414
Linguistics. 415

5

https://arxiv.org/abs/2502.13923
https://arxiv.org/abs/2412.19437
https://arxiv.org/abs/2405.15683
https://arxiv.org/abs/2405.15683
https://arxiv.org/abs/2405.15683
https://arxiv.org/abs/2312.08914
https://arxiv.org/abs/2312.08914
https://arxiv.org/abs/2312.08914
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://arxiv.org/abs/2503.24290
https://arxiv.org/abs/2503.24290
https://arxiv.org/abs/2503.24290
https://arxiv.org/abs/2503.24290
https://arxiv.org/abs/2503.24290
https://arxiv.org/abs/2505.17163
https://arxiv.org/abs/2505.17163
https://arxiv.org/abs/2505.17163
https://arxiv.org/abs/2505.17163
https://arxiv.org/abs/2505.17163
https://arxiv.org/abs/2507.18140
https://arxiv.org/abs/2507.18140
https://arxiv.org/abs/2507.18140
https://arxiv.org/abs/2507.18140
https://arxiv.org/abs/2507.18140
https://arxiv.org/abs/2304.08485
https://cdn.openai.com/pdf/2221c875-02dc-4789-800b-e7758f3722c1/o3-and-o4-mini-system-card.pdf
https://doi.org/10.3115/v1/P15-1142
https://doi.org/10.3115/v1/P15-1142
https://doi.org/10.3115/v1/P15-1142


Han Qiu, Peng Gao, Lewei Lu, Xiaoqin Zhang, Ling416
Shao, and Shijian Lu. 2025. Spatial preference re-417
warding for mllms spatial understanding. Preprint,418
arXiv:2510.14374.419

Hamid Rezatofighi, Nathan Tsoi, JunYoung Gwak,420
Amir Sadeghian, Ian Reid, and Silvio Savarese.421
2019. Generalized intersection over union: A metric422
and a loss for bounding box regression. Preprint,423
arXiv:1902.09630.424

Hao Shao, Shengju Qian, Han Xiao, Guanglu Song,425
Zhuofan Zong, Letian Wang, Yu Liu, and Hong-426
sheng Li. 2024a. Visual cot: Advancing multi-modal427
language models with a comprehensive dataset and428
benchmark for chain-of-thought reasoning. Preprint,429
arXiv:2403.16999.430

Hao Shao, Shengju Qian, Han Xiao, Guanglu Song,431
Zhuofan Zong, Letian Wang, Yu Liu, and Hong-432
sheng Li. 2024b. Visual cot: advancing multi-modal433
language models with a comprehensive dataset and434
benchmark for chain-of-thought reasoning. In Pro-435
ceedings of the 38th International Conference on436
Neural Information Processing Systems, NIPS ’24,437
Red Hook, NY, USA. Curran Associates Inc.438

Omkar Thawakar, Dinura Dissanayake, Ketan More,439
Ritesh Thawkar, Ahmed Heakl, Noor Ahsan, Yuhao440
Li, Mohammed Zumri, Jean Lahoud, Rao Muham-441
mad Anwer, Hisham Cholakkal, Ivan Laptev,442
Mubarak Shah, Fahad Shahbaz Khan, and Salman443
Khan. 2025. Llamav-o1: Rethinking step-by-step vi-444
sual reasoning in llms. Preprint, arXiv:2501.06186.445

Haochen Wang, Xiangtai Li, Zilong Huang, Anran446
Wang, Jiacong Wang, Tao Zhang, Jiani Zheng, Sule447
Bai, Zijian Kang, Jiashi Feng, Zhuochen Wang, and448
Zhaoxiang Zhang. 2025a. Traceable evidence en-449
hanced visual grounded reasoning: Evaluation and450
methodology. Preprint, arXiv:2507.07999.451

Jiacong Wang, Zijian Kang, Haochen Wang, Haiy-452
ong Jiang, Jiawen Li, Bohong Wu, Ya Wang,453
Jiao Ran, Xiao Liang, Chao Feng, and Jun Xiao.454
2025b. Vgr: Visual grounded reasoning. Preprint,455
arXiv:2506.11991.456

Junyang Wang, Haiyang Xu, Jiabo Ye, Ming Yan,457
Weizhou Shen, Ji Zhang, Fei Huang, and Jitao Sang.458
2024. Mobile-agent: Autonomous multi-modal mo-459
bile device agent with visual perception. Preprint,460
arXiv:2401.16158.461

Qiong Wu, Xiangcong Yang, Yiyi Zhou, Chenxin Fang,462
Baiyang Song, Xiaoshuai Sun, and Rongrong Ji.463
2025. Grounded chain-of-thought for multimodal464
large language models. Preprint, arXiv:2503.12799.465

Jiabo Ye, Anwen Hu, Haiyang Xu, Qinghao Ye, Ming466
Yan, Yuhao Dan, Chenlin Zhao, Guohai Xu, Chen-467
liang Li, Junfeng Tian, Qian Qi, Ji Zhang, and Fei468
Huang. 2023. mplug-docowl: Modularized multi-469
modal large language model for document under-470
standing. Preprint, arXiv:2307.02499.471

Keen You, Haotian Zhang, Eldon Schoop, Floris Weers, 472
Amanda Swearngin, Jeffrey Nichols, Yinfei Yang, 473
and Zhe Gan. 2024. Ferret-ui: Grounded mobile 474
ui understanding with multimodal llms. Preprint, 475
arXiv:2404.05719. 476

Jiarui Zhang, Mahyar Khayatkhoei, Prateek Chhikara, 477
and Filip Ilievski. 2025. Mllms know where to look: 478
Training-free perception of small visual details with 479
multimodal llms. arXiv preprint arXiv:2502.17422. 480

Yuze Zhao, Jintao Huang, Jinghan Hu, Xingjun Wang, 481
Yunlin Mao, Daoze Zhang, Zeyinzi Jiang, Zhikai Wu, 482
Baole Ai, Ang Wang, Wenmeng Zhou, and Yingda 483
Chen. 2024. Swift:a scalable lightweight infrastruc- 484
ture for fine-tuning. Preprint, arXiv:2408.05517. 485

Victor Zhong, Caiming Xiong, and Richard Socher. 486
2017. Seq2sql: Generating structured queries 487
from natural language using reinforcement learning. 488
CoRR, abs/1709.00103. 489

A Dataset Details 490

In this section, we introduce the details of the uti- 491

lized datasets in this study. 492

Training Datasets. To establish a robust founda- 493

tion for table understanding, we utilize two datasets 494

for supervised fine-tuning: 495

• WikiSQL (Zhong et al., 2017): A large- 496

scale Text-to-SQL dataset containing hand- 497

annotated SQL queries and QA pairs 498

distributed across tables extracted from 499

Wikipedia. We leverage this dataset to train 500

the model in fundamental relational reason- 501

ing and table structure parsing. Following the 502

procedures in subsection 2.1, we convert the 503

original relational tables into high-resolution 504

images and transform the SQL-based logic 505

into natural language questions, ensuring the 506

model learns to map linguistic queries to spe- 507

cific structural headers and cell values. 508

• MM-GCoT (Wu et al., 2025): A versatile 509

multimodal CoT dataset that spans diverse, 510

general-purpose VQA scenarios. It interleaves 511

reasoning paths with fine-grained object-level 512

grounding, such as bounding boxes and point- 513

level references. By incorporating this broad- 514

spectrum data, the model establishes a founda- 515

tional capability for generating intermediate 516

rationales. This general reasoning framework 517

is essential for the model to later adapt and de- 518

compose complex visual evidence within the 519

more specialized environments of multi-row 520

and multi-column tables. 521
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Evaluation Benchmark. Our primary evalua-522

tion suite, TableVQA-Bench (Kim et al., 2024),523

comprises three specialized subsets to assess cross-524

domain generalization:525

• FinTabNetQA: Sourced from the annual re-526

ports of S&P 500 companies, this subset eval-527

uates expert-level financial extraction. It re-528

quires precise cell locating and scale-unit han-529

dling (e.g., million, percentage) within dense,530

professional layouts.531

• VTabFact: A fact-checking task adapted into532

a True/False binary format. It assesses the533

model’s ability to verify claims by retrieving534

specific evidence and maintaining logical con-535

sistency against table content.536

• VWTQ & VWTQ-syn: These subsets repre-537

sent the higher cognitive demand, requiring538

multi-step reasoning such as counting and ag-539

gregation. VWTQ is constructed by incor-540

porating an image collection into the WTQ541

(Pasupat and Liang, 2015), while VWTQ-syn542

employs randomized styles via a custom ren-543

dering system to test the model’s visual ro-544

bustness and generalization.545

B Algorithm and Metric Details546

This section provides formal definitions for the RL547

algorithm and the spatial metrics used within our548

reward function.549

B.1 Group Relative Policy Optimization550

To optimize the model, we employ Group Rela-551

tive Policy Optimization (GRPO) (DeepSeek-AI,552

2025), a variant of PPO that eliminates the need553

for a separate value function by using group-based554

relative rewards. For each input q, we sample a555

group of G outputs {o1, o2, . . . , oG} from the old556

policy πθold . The objective function is:557

JGRPO(θ) =
1

G

G∑
i=1

[
min

( πθ(oi|q)
πθold(oi|q)

Âi,

clip

(
πθ(oi|q)
πθold(oi|q)

, 1− ϵ, 1 + ϵ

)
Âi

)
− βDKL(πθ||πref )

]
.

558

The advantage Âi for each output oi is computed559

by normalizing the total reward Rfinal within the560

group: Âi =
Ri−mean(R)

std(R) .561

B.2 Reward Components: Hit and GIoU 562

While the final model performance is evaluated us- 563

ing Exact Match (EM), the reinforcement learning 564

stage utilizes spatial grounding signals to provide 565

dense supervision. 566

Hit Ratio. The hit ratio measures the spatial cov- 567

erage between the predicted box set Bp and the 568

ground-truth set Bgt. We implement two modes to 569

provide different directional supervision: 570

• Strict Hit (for Bcore): Measures the recall of 571

target cells, ensuring all required regions are 572

identified. S = Bgt, T = Bp. 573

• Loose Hit (for Bfilt and Bctx): Measures the 574

precision of predictions, encouraging anchors 575

to fall within valid regions. S = Bp, T = Bgt. 576

The formula is defined as: 577

Hit(Bp,Bgt) =
1

|S|
∑
b∈S

I
(
∃b̂ ∈ T ,Center(b̂) ∈ b

)
, 578

where Center(b̂) is the midpoint of box b̂, and I(·) 579

is the indicator function. 580

Generalized Intersection over Union. To pro- 581

vide non-zero gradients even when boxes do not 582

overlap, we incorporate GIoU (Rezatofighi et al., 583

2019). For a predicted box A and a ground-truth 584

box B, let C be the smallest convex hull enclosing 585

both: 586

GIoU(A,B) =
|A ∩B|
|A ∪B|

− |C \ (A ∪B)|
|C|

. 587

Since the model may predict multiple boxes, we 588

aggregate the signal by calculating the average max- 589

imum alignment for each target cell: 590

RGIoU(Bp,Bcore) =
1

|Bcore|
∑

b∈Bcore

Φ(b,Bp), 591

where Φ(b,Bp) = maxb̂∈Bp
GIoU(b̂, b) represents 592

the maximum spatial alignment between the target 593

cell b and the set of predicted boxes. Consistent 594

with our implementation, the raw RGIoU ranges 595

from [−1, 1]. To balance its magnitude with the 596

Hit rate, we normalize it to a non-negative interval 597

[0, 1] during the final reward summation: 598

R′
GIoU =

RGIoU(Bp,Bcore) + 1

2
. 599

This normalized term provides a continuous penalty 600

that guides the model to shift its focus toward the 601

target even in the absence of initial spatial overlap. 602
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C Evolution of Grounding Capabilities603

during RL604

To further investigate the evolution of spatial un-605

derstanding during the RL phase, we analyze the606

bounding box reward across different model scales607

and SFT initializations. As illustrated in Figure 1,608

both the Qwen2.5-VL 3B and 7B models demon-609

strate a consistent upward trend in reward val-610

ues over the training trajectory. This steady im-611

provement, observed across varying SFT data mix-612

tures, confirms that the RL stage effectively refines613

grounding performance beyond the initial super-614

vised tuning. Notably, the 7B model reaches a615

higher reward plateau compared to the 3B model’s616

peak, yet both scales exhibit the same characteris-617

tic learning curve. These results validate that the618

reinforcement learning process successfully opti-619

mizes coordinate precision and spatial alignment620

by leveraging group-based relative rewards, demon-621

strating its robustness and efficacy in enhancing the622

model’s fundamental grounding capabilities.623

D Prompts and Implementation Details624

This section details the specific prompts and625

detailed experimental settings employed in our626

methodology.627

D.1 Prompts and Data Processing628

Prompt 1 illustrates the prompt designed for GPT-629

o3 (OpenAI, 2025) to synthesize the grounded CoT630

dataset, where we enforce a structured JSON for-631

mat (see Prompt 2 and Prompt 3) to ensure reason-632

ing steps are strictly aligned with the hierarchical633

grounding sets.634

The synthesized structured data further under-635

goes a post-processing stage to adapt it into the636

final CoT training format. During this process,637

auxiliary hierarchical metadata and redundant ob-638

ject labels are removed to streamline the reasoning639

trajectory. Crucially, since the initial grounding640

signals are generated based on logical table indices641

(i.e., row and column numbers), we perform a642

coordinate transformation to map these indices into643

absolute pixel coordinates. To ensure strict spatial644

consistency, we utilize the official smart_resize645

function provided by the qwen-vl-utils library1,646

which is the standard utility for the Qwen-VL647

model series. This function allows us to si-648

multaneously rescale the original images and649

1https://github.com/QwenLM/Qwen3-VL/tree/main/
qwen_vl_utils
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Figure 1: Evolution of the bounding box reward during
GRPO training for 3B and 7B models across different
SFT initializations. Curves are smoothed using a mov-
ing average with window size 10 for visualization, and
shaded areas indicate the range of fluctuations in the
original (unsmoothed) reward.
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Step 0

Step 1

Q: What position does the player who played for butler cc (ks) play?

First, I‘ll scan the <tag>School/Club Team column</tag> 
<bbox>[1104,152,1372,415]</bbox>  to locate …

Text2sql: SELECT Position FROM table WHERE `School/Club Team` = 'Butler CC (KS)'

ground truth
reasoning path

context cell ranges

I identify that the row for the player from <tag> Butler CC 
(KS) </tag> <bbox>[1104,227,1372,265]</bbox> is …

rule-based

…

Figure 2: An example of grounded CoT data generation process.

their corresponding bounding box coordinates650

while maintaining the alignment required by the651

model’s vision-language adapter. This synchro-652

nization ensures that the processed visual features653

and the re-scaled bounding box tokens (e.g.,654

<|box_start|>(y1,x1),(y2,x2)<|box_end|>)655

remain perfectly aligned, effectively eliminating656

spatial drift during the RL phase.657

During the SFT and RL phases, the model is658

presented with a multimodal input formatted as659

<image>{question}. The system prompt used660

during training and the rollout process is detailed661

in Prompt 4. This prompt instructs the model to662

generate its reasoning trajectory within <think>663

tags—incorporating precise bounding box coordi-664

nates as visual anchors—and to provide the final665

extraction within <answer> tags. A visualized ex-666

ample can be found in Figure 2.667

668
You are a helpful assistant specialized in669

table-based reasoning.670
Your task is to generate step-by-step671

Chain-of-Thought reasoning steps for the672
user question.673

674
### Requirements:675

676
- Return an object with a key `reasoning_steps`677

which is a list of step objects.678
- Each step object must have:679

- `step_number`: integer starting from 1680
- `reasoning_description`: a string681

describing the step, **including682
`<grounding_object> ...683
</grounding_object>` tags to explicitly684
mark the grounding objects** mentioned685
in this step.686

- `groundings`: a list (possibly empty) of687
grounding objects, each having:688
- `grounding_object`: a string, matching689

exactly the text inside the690
`<grounding_object> ...691
</grounding_object>` tags in the692
description.693

- `range`: an object with `rows` and694

`cols` arrays indicating the 695
selected table indices. 696

697
### Example output: 698

699
{get_example()} 700

701
### Input: 702

703
User question: 704
{question} 705

706
Table: 707
{table} 708

709
Precomputed ranges: 710
- Select range: {select_range} 711
- Where range: {where_range} 712
- Ground truth answer {f"with aggregation 713

term '{agg_term}'" if agg_term else 714
""}: {gt_result} 715716

Prompt 1: User prompt for grounded CoT data
generation.

717
{ 718
"type": "object", 719
"additionalProperties": False, 720
"properties": { 721

"reasoning_steps": { 722
"type": "array", 723
"minItems": 1, 724
"items": { 725

"type": "object", 726
"additionalProperties": False, 727
"required": ["step_number", 728

"reasoning_description", 729
"groundings"], 730

"properties": { 731
"step_number": { 732

"type": "integer", 733
"minimum": 1 734

}, 735
"reasoning_description": { 736

"type": "string", 737
"pattern": ".*<grounding_object>.* 738

</grounding_object>.*" 739
}, 740
"groundings": { 741
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"type": "array",742
"minItems": 0,743
"items": {744
"type": "object",745
"additionalProperties": False,746
"required": ["grounding_object",747

"range"],748
"properties": {749

"grounding_object": { "type":750
"string" },751

"range": {752
"type": "object",753
"additionalProperties": False,754
"required": ["rows", "cols"],755
"properties": {756

"rows": {757
"type": "array",758
"items": { "type": "integer" }759
},760
"cols": {761
"type": "array",762
"items": { "type": "integer" }763
}764

}765
}766

}767
}768

}769
}770

}771
}772

},773
"required": ["reasoning_steps"]774
}775776

Prompt 2: Json schema for grounded CoT data
generation.

777
{778
"reasoning_steps": [779
{780
"step_number": 1,781
"reasoning_description": "Select782

<grounding_object>Player783
column</grounding_object> to identify784
all players.",785

"groundings": [786
{787
"grounding_object": "Player column",788
"range": {789
"rows": [790
0,791
1,792
2,793
3,794
4,795
5,796
6797

],798
"cols": [799
0800

]801
}802

}803
]804

},805
{806
"step_number": 2,807

"reasoning_description": "Filter 808
<grounding_object>rows with Position 809
= Guard</grounding_object> to narrow 810
candidates to players in rows 1, 5, 811
6.", 812

"groundings": [ 813
{ 814
"grounding_object": "rows with 815

Position = Guard", 816
"range": { 817
"rows": [ 818
1, 819
5, 820
6 821

], 822
"cols": [ 823
2 824

] 825
} 826

} 827
] 828

}, 829
{ 830
"step_number": 3, 831
"reasoning_description": "Select 832

<grounding_object>No. 833
column</grounding_object> for the 834
filtered players in rows 1, 5, 6.", 835

"groundings": [ 836
{ 837
"grounding_object": "No. column", 838
"range": { 839
"rows": [ 840
1, 841
5, 842
6 843

], 844
"cols": [ 845
1 846

] 847
} 848

} 849
] 850

}, 851
{ 852
"step_number": 4, 853
"reasoning_description": "Identify 854

<grounding_object>lowest 855
number</grounding_object> among 856
selected players: 2 (row 1), 25 (row 857
5), 3 (row 6). The lowest number is 858
2.", 859

"groundings": [ 860
{ 861
"grounding_object": "lowest number", 862
"range": { 863
"rows": [ 864
1 865

], 866
"cols": [ 867
1 868

] 869
} 870

} 871
] 872

}, 873
{ 874
"step_number": 5, 875
"reasoning_description": "Final answer is 876

<grounding_object>Voshon 877
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Lenard</grounding_object> with number878
2 in row 1.",879

"groundings": [880
{881
"grounding_object": "Voshon Lenard",882
"range": {883
"rows": [884
1885

],886
"cols": [887
0888

]889
}890

}891
]892

}893
]894

}895896

Prompt 3: A few-shot example for grounded CoT data
generation.

897
You are an expert assistant specializing in898

interpreting tables. For each reasoning899
step, reference the exact visual region900
(bounding box) involved, wrapping your901
thought in <think>example thinking</think>902
tags. Conclude with the result in903
<answer>example answer</answer> tags.904905

Prompt 4: System Prompt for training and rollout
process.

D.2 Experimental Configurations906

All experiments are implemented using the907

ms-swift framework (Zhao et al., 2024). To main-908

tain computational efficiency, we employ LoRA909

(Hu et al., 2022) on linear modules with a rank910

r = 8 and α = 32. To optimize memory usage911

and training speed, all parameters are trained using912

bfloat16 precision.913

SFT Stage. In the SFT stage, the model is trained914

for 1 epoch with a learning rate of 1× 10−4 and a915

total effective batch size of 16 (achieved via gradi-916

ent accumulation). We utilize a cosine learning rate917

scheduler with a 0.05 warmup ratio. The maximum918

sequence length is set to 4, 096 tokens to accom-919

modate long execution traces and table contexts.920

RL Stage. Starting from the optimal SFT check-921

point, we perform RL using the GRPO algorithm.922

This stage focuses exclusively on the refined Wik-923

iSQL training samples to maximize logical-spatial924

alignment. We sample G = 4 completions per925

prompt with a temperature of 0.7. The learning926

rate is reduced to 1 × 10−5 and the KL diver-927

gence coefficient β is set to 0.00. Following the de- 928

fault configuration of the Hugging Face trl GRPO 929

trainer 2 and recent empirical evidence (Hu et al., 930

2025) suggesting the KL term is not essential for 931

GRPO-based reasoning tasks, this setting facili- 932

tates unconstrained policy exploration within the 933

structured reasoning space. For visual processing, 934

we constrain the image resolution between 3, 136 935

and 1, 003, 520 pixels. The training spans 5 epochs 936

to ensure the stability of the reward convergence. 937

2https://huggingface.co/docs/trl/main/en/grpo_
trainer
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