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Abstract001

Visual Retrieval-Augmented Generation002
(VRAG) enhances Vision-Language Models003
(VLMs) by incorporating external visual004
documents to address a given query. Existing005
VRAG frameworks usually depend on rigid,006
pre-defined external tools to extend the007
perceptual capabilities of VLMs, typically by008
explicitly separating visual perception from009
subsequent reasoning processes. However,010
this decoupled design can lead to unnecessary011
loss of visual information, particularly when012
image-based operations such as cropping are013
applied. In this paper, we propose Lang2Act,014
which enables fine-grained visual perception015
and reasoning through self-emergent linguistic016
toolchains. Rather than invoking fixed external017
engines, Lang2Act collects self-emergent018
actions as linguistic tools and leverages them019
to enhance the visual perception capabilities020
of VLMs. To support this mechanism, we021
design a two-stage Reinforcement Learning022
(RL)-based training framework. Specifically,023
the first stage optimizes VLMs to self-explore024
high-quality actions for constructing a reusable025
linguistic toolbox, and the second stage026
further optimizes VLMs to exploit these027
linguistic tools for downstream reasoning028
effectively. Experimental results demonstrate029
the effectiveness of Lang2Act in substantially030
enhancing the visual perception capabilities of031
VLMs, achieving performance improvements032
of over 4%. All code and data will be released033
on GitHub.034

1 Introduction035

Retrieval-Augmented Generation (RAG) has been036

established as a foundational framework for en-037

hancing Large Language Models (LLMs) (Lewis038

et al., 2020; Liu et al., 2025) by retrieving query-039

related text documents and then feeding these doc-040

uments as contextual knowledge to support gen-041

eration (Ram et al., 2023). To extend the bene-042

fits of RAG to visual documents, existing meth-043

:

What is the name of the brand
which Nestlé acquired in 2000?

(1) VRAG-RL

(2) Lang2Act

VRAG-RL

Documents 

The cropped image confirms that Nestlé 
acquired Purina in 2000. This aligns with the 
information needed to answer the question.

Answer:

wrong crop misses the answer

GT: PowerBar

Crop

Lang2Act

Page Routing:
.....Image 1 provides... ,while Image 2 ... 
Image 1 is the more relevant.

Toolbox
Selection:

read text
element

Tool Execution:
<toolname="read_text_
element args="Image 1: 
Acquisition Details">The 
brand that Nestlé 
acquired in 2000 is listed 
as "PowerBar"</tool>

Answer:     
Powerbar

Figure 1: Comparison between VRAG-RL and the
Lang2Act framework.

ods (Yu et al., 2024; Faysse et al., 2024) typically 044

adopt an end-to-end Visual Retrieval-Augmented 045

Generation (VRAG) modeling paradigm. This de- 046

sign avoids the error propagation introduced by 047

text-based RAG pipelines that rely on optical char- 048

acter recognition, instead directly leveraging the 049

strong visual understanding capabilities of Vision- 050

Language Models (VLMs). Specifically, VRAG 051

models treat entire document-page snapshots as re- 052

trieval units and generate answers directly based on 053

the retrieved visual pages. Such systems effectively 054

preserve global visual context and layout structures, 055

which are often lost in text-only representations of 056

visually rich documents. 057

To further empower VLMs in handling complex 058
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queries, some works have focused on exploiting059

the reasoning capabilities of VLMs to produce060

more accurate answers grounded in retrieved docu-061

ment pages. Some of them (Wu et al., 2025; Peng062

et al., 2025; Sun et al., 2025) employ Reinforce-063

ment Learning (RL) (Shao et al., 2024; Yu et al.,064

2025) to optimize VLMs for generating more ef-065

fective Chain-of-Thought (CoT) (Wei et al., 2022)066

reasoning to derive more accurate answers. This067

enables VLMs to more effectively select query-068

relevant document pages and extract critical ev-069

idence from visual documents. By incentivizing070

VLMs (Bai et al., 2025; Yao et al., 2024; Peng et al.,071

2025) to plan search steps and integrate informa-072

tion across multiple sources autonomously, these073

approaches facilitate more effective retrieval and074

reasoning behaviors, thereby improving the collec-075

tion and utilization of relevant external knowledge.076

Instead of focusing on the denoising and utiliza-077

tion of retrieved documents, recent research (Wang078

et al., 2025c,a) aims to empower VLMs with finer-079

grained perceptual capabilities through interaction080

with explicit image tools. By leveraging external081

APIs to actively crop, zoom, or select specific im-082

age regions, these models can selectively attend083

to subtle visual details that are often overlooked084

by holistic processing. Through this simulation085

of active observation, tool-enhanced VLMs (Wang086

et al., 2025c,a) seek to bridge the gap between the087

intrinsic reasoning abilities of VLMs and low-level088

pixel inspection. However, such systems typically089

rely on rigid, pre-defined image tools that explicitly090

decouple visual perception from logical reasoning,091

constraining models to fixed mechanical operations092

and potentially leading to the loss of critical visual093

information during tool application.094

To bridge this gap and unify perception with095

reasoning, we propose Lang2Act, a framework096

that enables fine-grained visual reasoning via self-097

emergent linguistic toolchains. As shown in Fig-098

ure 1, unlike traditional methods that rely on de-099

tached external engines, Lang2Act curates a set of100

linguistic tools to enhance visual perception, such101

as read_text_elem, and implicitly internalizes vi-102

sual operations through autoregressive generation.103

When a linguistic tool is decoded, the VLM dynam-104

ically modulates its attention according to the tool105

instruction, thereby enabling more fine-grained vi-106

sual perception. To optimize how VLMs curate and107

utilize linguistic tools, we adopt a two-stage RL-108

based optimization mechanism (Yu et al., 2025), in109

which the model first discovers effective visual ac-110

tions for problem solving through self-exploration, 111

and subsequently strengthens the visual perception 112

capability of VLMs by leveraging the curated lin- 113

guistic toolbox. 114

Experimental results on multiple visual ques- 115

tion answering benchmarks demonstrate the effec- 116

tiveness of Lang2Act, which outperforms all base- 117

lines by more than 4%. Further analysis shows 118

that, by leveraging intrinsic linguistic toolchains, 119

Lang2Act not only facilitates accurate localization 120

of the ground-truth image regions, but also achieves 121

higher answer accuracy when attending to golden 122

regions. These results indicate that Lang2Act en- 123

hances visual perception, more effectively exploits 124

visual evidence, and alleviates hallucination. No- 125

tably, Lang2Act mitigates unexpected information 126

loss typically introduced by image tools, relying 127

instead on linguistic tools. 128

2 Related Work 129

Retrieval-Augmented Generation (RAG) has been 130

established as a foundational framework for en- 131

hancing Large Language Models (LLMs) by 132

grounding generation in external knowledge (Lewis 133

et al., 2020; Gu et al., 2021; Liu et al., 2025). While 134

effective for plain text, traditional RAG often dis- 135

cards critical layout cues and spatial structures 136

when processing visually rich documents (Zhang 137

et al., 2025). To address this, Visual Retrieval- 138

Augmented Generation (VRAG) (Suri et al., 2024; 139

Cho et al., 2024) has emerged as a significant ad- 140

vancement. By utilizing whole document-page 141

snapshots as retrieval units, systems like Col- 142

Pali (Faysse et al., 2024) and VisRAG (Yu et al., 143

2024) effectively preserve the global visual con- 144

text. However, despite retaining layout informa- 145

tion, these methods typically rely on implicit holis- 146

tic processing, mapping high-dimensional visual 147

features directly to answers without the resolution 148

required to inspect fine-grained visual details. 149

To further empower RAG models in han- 150

dling complex and knowledge-intensive queries, 151

recent works leverage Reinforcement Learning 152

(RL) (Shao et al., 2024; Yu et al., 2025) to en- 153

hance VLMs for both retrieval-augmented reason- 154

ing and search planning. For intrinsic reason- 155

ing, R1-Onevision (Yang et al., 2025), Vision- 156

R1 (Huang et al., 2025), and ThinkLite-VL (Wang 157

et al., 2025d) employ RL to reward Chain-of- 158

Thought trajectories that can accurately deduce the 159

golden answers. For information seeking, MM- 160
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Search-R1 (Wu et al., 2025) and R1-Router (Peng161

et al., 2025) learn to autonomously conduct search162

planning, while EVisRAG (Sun et al., 2025) guides163

VLMs in visual evidence extraction and integration.164

Despite their success in accurate visual evidence ex-165

ploitation, these methods fail to consider the role of166

RL in capturing richer visual cues for finer-grained167

visual understanding.168

To enable finer-grained visual perception, recent169

works have augmented VLMs (Bai et al., 2025; Yao170

et al., 2024) with external visual tools. For example,171

Pixel-Reasoner (Wang et al., 2025a) enables pixel-172

level inspection by introducing explicit operations,173

such as zoom and select, to attend to specific image174

coordinates. Likewise, VRAG-RL (Wang et al.,175

2025c) formulates the retrieval–reasoning loop as a176

sequential decision process, allowing an agent to it-177

eratively crop ambiguous regions for more detailed178

examination. Although these methods achieve im-179

provements in image perception, they rely on rigid,180

tool-based interfaces, leading to fragmented rea-181

soning processes and inevitable inference latency.182

More importantly, discrete visual operations can183

cause irreversible information loss due to imperfect184

cropping or suboptimal region selection.185

3 Methodology186

This section presents Lang2Act, a unified frame-187

work for fine-grained visual reasoning with Vision-188

Language Models (VLMs), as illustrated in Fig. 2.189

Given a question q and retrieved document pages190

P = {p1, . . . , pK}, the objective of the VLM is to191

answer the query q based on retrieved documents192

P . We first introduce a linguistic tool curation193

process that extracts tools emerging from model194

reasoning trajectories (Sec. 3.1). Building upon195

this curated toolset, Lang2Act continuously opti-196

mizes the visual understanding capability of VLMs197

by incorporating linguistic tools as prompts during198

inference and training (Sec. 3.2).199

3.1 Enhancing Visual Reasoning Trajectories200

for Linguistic Tool Curation201

To enable VLMs to perform fine-grained and inter-202

pretable visual reasoning, Lang2Act first optimizes203

VLMs to generate higher-quality visual reasoning204

trajectories, thereby encouraging the emergence of205

more effective visual understanding actions. The206

linguistic tools distilled from successful reasoning207

trajectories are then collected to form the linguistic208

tool pool Tpool.209

Linguistic Action Emergence via RL Training. 210

Existing visual understanding approaches (Sun 211

et al., 2025) typically adopt Chain-of-Thought 212

(CoT) prompting to facilitate visual reasoning in 213

VLMs, including explicit visual actions such as 214

“read the title, list related information”. To collect 215

higher-quality visual actions from reasoning trajec- 216

tories, we train the VLM (πθ) using the Decoupled 217

Clip and Dynamic sampling Policy Optimization 218

(DAPO) method (Yu et al., 2025) to encourage self- 219

exploration of reasoning trajectories and retains 220

these trajectories that can lead to correct answers. 221

For each training sample (q,P, a∗), where a∗ 222

denotes the ground-truth answer to the question q, 223

the VLM policy πθ generates a complete linguistic 224

reasoning trajectory τ along with a final answer a: 225

(τ, a) ∼ πθ(· | q,P). (1) 226

The model parameters θ are then optimized to max- 227

imize the expected answer reward: 228

max
θ

Eτ∼πθ(·|q,P)[rans(τ, a)], (2) 229

where the answer reward rans(τ, a) ∈ {0, 1} is pro- 230

vided by an automatic reward model that evaluates 231

the predicted answer against the reference answer. 232

Tool Curation. To organize and summarize the 233

self-explored linguistic actions, we process the rea- 234

soning trajectories sequentially while maintaining 235

a global tool pool Tpool. These linguistic tools that 236

appear most frequently are retained in Tbox, and 237

each tool t in Tpool is represented as a standardized 238

triplet consisting of a tool name, a textual descrip- 239

tion, and a parameter specification. 240

After obtaining the optimized exploration pol- 241

icy πθ∗ , we sample reasoning trajectories for all 242

training instances (qi,Pi, a
∗
i ) in the dataset. Specif- 243

ically, for each instance, we sample a trajectory: 244

(τi, ai) ∼ πθ∗(· | qi,Pi), (3) 245

and denote the resulting trajectory set as {τi}ni=1. 246

Each trajectory τi contains a sequence of self- 247

explored linguistic actions executed over the re- 248

trieved document pages. When processing a trajec- 249

tory τi, we use the optimized VLM πθ∗ to abstract 250

these actions into a set of utilized tools Si: 251

Si ∼ πθ∗(τi, T (i−1)

pool ). (4) 252

The πθ∗ parses the actions in τi and aligns them to 253

maintain a consistent format with the existing tool 254

set T (i−1)
pool . And then the tool pool is updated using 255

the produced tool set Si: 256

T (i)

pool = T (i−1)

pool ∪ Si, (5) 257
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I scan ..' section. I look for the entry 
related to 'American Black Bear'.  
locate the ..., where the bear image ...
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Query: According to "The Landscape of Social Media Users", which social media has more internet users? Answer: Pinterest

.. see a ...at the bottom ... locate the Instagram 1    logo ... 
'150 Million'. ... find the Pinterest logo ... '70 Million'. ... 150 
million is much larger ... So Instagram has more users.

first locate the title ...in the top-right table. ... find the row 
for Use Pinterest value 15. find the row for Use Instagram 
value 13. compare 15 > 13 Pinterest has more users.

reading the the value of Pinterest is 15 the value of 
Instagram is 13, 15 is larger than 13, Pinterest is the answer.

... It explicitly states: Chlorpyrifos is a 
critical tool for American crop 
production

...the demographic is 21%. ...the same 
demographic is 14%. Comparing the 
two values: 21% is higher than 14%.

...

Vision-Language Models Enhanced by Linguistic Tools

Answer
Reward

Tool
Reward

Update

Lang2Act

...
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...Image 1  is 

relevant

...
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...

Pinterest...Image1 is 
relevant ...

read_numeric_value (args="Image
1: 'Use Pinterest' row value") The
value is 15.

Instagram...Image 1  is 
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read_numeric_value (args="Image
1: Instagram label in chart") The
value is 150 Million.
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...

Action RL 
Model

read text 
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compare 
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Action RL 
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<tool name="locate_visual_element”
args="structural hint"> ...

locate visual 
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...
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Tool 
abstraction

Action RL 
Model

DocsQuery

Figure 2: The overview architecture of Lang2Act.

where T (i)
pool denotes the tool pool after processing258

trajectory τi, and the pool is initialized as T (0)
pool = ∅.259

After processing all n trajectories, we get the260

final tool set T (n)
pool and select the top-K most fre-261

quently used tools from the set to construct the262

linguistic toolbox:263

Tbox = TopK

(
{(t1, f(t1)), . . . , (tm, f(tm))}

)
, (6)264

where tj ∈ T (n)
pool and the ranking is determined by265

the usage frequency f(tj), computed as:266

f(tj) =

n∑
i=1

1[tj ∈ Si]. (7)267

3.2 Optimizing Vision-Language Models268

through Linguistic Tool-Based Prompting269

With the curated linguistic toolbox Tbox obtained in270

Sec. 3.1, we further optimize the VLM parameters271

θ∗ via reinforcement learning by augmenting the272

optimized VLM with linguistic tools, thereby fully273

leveraging the potential of these linguistic tools in274

visual reasoning.275

Linguistic Tool Grounded Visual Reasoning.276

We internalize visual perception tools as verbalized277

functions within the curated toolbox Tbox, enabling278

the VLM to autoregressively generate a structured279

linguistic toolchain z together with the final answer280

a in a unified generation process:281

(z, a) ∼ πθ∗(· | q,P, Tbox). (8)282

To facilitate grounded and interpretable tool usage, 283

the linguistic toolchain z is explicitly organized 284

into two consecutive components: 285

z = {zroute, zexec}, (9) 286

where zroute corresponds to a visual routing stage 287

that performs the page selection over the retrieved 288

pages P and identifies a subset of relevant pages, 289

denoted as Psub ⊆ P , for subsequent reasoning. 290

Conditioned on the selected subset Psub, the second 291

reasoning component zexec represents a linguistic 292

tool execution stage that generates a sequence of 293

language-level tool actions along with their corre- 294

sponding execution observation: 295

zexec = {(u1, o1), (u2, o2), . . . , (ul, ol)}, (10) 296

where u denotes an implicit invocation of a lin- 297

guistic tool from Tbox, implemented via autoregres- 298

sive decoding. This invocation is applied to guide 299

VLMs to focus on specific regions of the target doc- 300

ument in Psub by modulating their internal visual 301

attention. The corresponding execution observa- 302

tion o is generated internally by the model through 303

language-driven reasoning over the target pages. 304

These execution observations serve as fine-grained 305

intermediate evidence supporting the final answer 306

generation. 307

Tool-Enhanced Reasoning Optimization. To 308

synergistically optimize the ability of πθ∗ to uti- 309

lize the curated tools, execute them intrinsically, 310
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and integrate visual information, we also employ311

DAPO (Yu et al., 2025) by maximizing the ex-312

pected reward:313

max
θ

E(z,a)∼πθ∗ (·|q,P,Tbox)
[
R(z, a)

]
, (11)314

where the reward R(z, a) is defined as a weighted315

combination to balance final answer correctness316

and intrinsic toolchain validity:317

R(z, a) = α · rans(z, a) + β · rtool(z), (12)318

where both α and β are hyperparameters. The an-319

swer reward follows Eq. 2, and the reward rtool(z)320

is a tool-usage regularization term that encourages321

linguistic tool usage to occur within the tool execu-322

tion stage zexec:323

rtool(z) = Ivalid(z | Tbox), (13)324

where Ivalid(z) = 1 if the linguistic toolchain z325

satisfies the prescribed structural constraints on326

tool usage, and 0 otherwise.327

4 Experimental Methodology328

This section describes the dataset, evaluation met-329

rics, baselines, and implementation details.330

Datasets. We evaluate Lang2Act on three docu-331

ment visual question answering benchmarks: Slide-332

VQA (Tanaka et al., 2023), ViDoSeek (Wang et al.,333

2025b), and MMLongBench-Doc (Ma et al., 2024),334

which respectively cover presentation slides, visu-335

ally rich documents, and long-context multimodal336

documents. Additional dataset statistics and bench-337

mark details are provided in Appendix A.2.338

Evaluation Metrics. Following Wang et al.339

(2025c), we adopt the LLM-as-judge method and340

calculate the accuracy as the primary evaluation341

metric. Specifically, we employ Qwen2.5-72B-342

Instruct (Bai et al., 2025) as an automatic evaluator343

to compare the predictions of models with the cor-344

responding ground-truth answers.345

Baselines. To comprehensively validate the ef-346

fectiveness of Lang2Act, we compare our method347

with four categories of approaches: Prompting348

Methods, Vision Language Reasoning Models349

(VLRMs), Multimodal Retrieval-Augmented Gener-350

ation models (MRAGs), and Tool-Enhanced VLMs.351

First, the Prompting Methods category includes352

Vanilla model (Bai et al., 2025), TOT (Yao et al.,353

2023), and GOT (Besta et al., 2024), which serve354

to evaluate the native reasoning capabilities of the355

backbone model under different chain-of-thought356

prompting strategies (Wei et al., 2022). Second, the357

VLRMs category consists of R1-Onevision (Yang 358

et al., 2025), Vision-R1 (Huang et al., 2025), 359

ThinkLite-VL (Wang et al., 2025d), OpenVL- 360

Thinker (Deng et al., 2025), and VisionMasters (Li 361

et al., 2025). These methods primarily focus on 362

enhancing reasoning capabilities through reinforce- 363

ment learning or specific fine-tuning. While they 364

possess strong logical deduction skills, they typ- 365

ically lack explicit tool-use mechanisms to ac- 366

quire fine-grained information through tool inter- 367

action. Third, the MRAGs category includes Vis- 368

Dom (Suri et al., 2024), MM-Search-R1 (Wu et al., 369

2025), and EVisRAG (Sun et al., 2025). These 370

models are explicitly optimized with multimodal 371

retrieval-augmented generation objectives, aim- 372

ing to effectively process and integrate informa- 373

tion from retrieved document contexts. Finally, 374

the Tool-Enhanced VLMs are evaluated in our 375

experiments and serve as our primary baselines: 376

Pixel-Reasoner (Wang et al., 2025a) and VRAG- 377

RL (Wang et al., 2025c). These methods incorpo- 378

rate explicit tool execution or action-based mecha- 379

nisms to support complex visual reasoning, repre- 380

senting the current mainstream approach of using 381

external aids for visual tasks. 382

Implementation Details. We employ Qwen2.5- 383

VL-7B-Instruct (Bai et al., 2025) as the backbone 384

model and conduct reinforcement learning using 385

the EasyR1 framework (Yaowei et al., 2025). Train- 386

ing is performed with the DAPO (Yu et al., 2025) 387

algorithm, utilizing a group size of 8. For retrieval, 388

we use ColQwen2 (Faysse et al., 2024) to extract 389

the top-3 document pages per query as visual evi- 390

dence. Regarding the training data, we collect ap- 391

proximately 11K samples from the training splits 392

of OpenDocVQA (Tanaka et al., 2025) and Slide- 393

VQA (Tanaka et al., 2023), applying a rigorous 394

filtering strategy to exclude low-quality or overly 395

simple instances. Additional details on hyperpa- 396

rameters, training environments, and data filtering 397

criteria are provided in Appendices A.3 and A.4. 398

5 Evaluation Result 399

This section first presents a comprehensive evalua- 400

tion of Lang2Act on three challenging document- 401

based VQA benchmarks. We then conduct ablation 402

studies to validate the effectiveness of individual 403

components of Lang2Act and provide an in-depth 404

analysis of the role of linguistic tools in enhancing 405

visual perception capabilities. 406
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Methods
In Domain Out of Domain

Avg.SlideVQA MMLongBench-Doc ViDoSeek

Single Multi Overall TXT TAB CHA FIG LAY Overall Single Multi Overall

Prompting Methods

Direct 71.36 52.56 66.55 31.21 23.50 27.53 23.59 21.19 27.59 64.50 66.20 65.24 53.12
TOT 66.02 39.68 59.28 27.18 22.12 21.91 27.57 25.42 27.82 57.36 69.82 62.78 49.96
GOT 69.11 45.68 63.12 29.19 21.66 22.47 24.25 22.03 27.12 55.66 62.37 58.58 49.60

Vision-Language Reasoning Models (VLRMs)

R1-Onevision 71.78 51.32 66.55 30.54 26.73 27.53 27.57 25.42 30.50 62.48 68.41 65.06 54.03
Vision-R1 78.09 53.79 71.87 32.55 27.65 26.40 29.90 30.51 32.25 60.31 68.01 63.66 55.92
ThinkLite-VL 76.88 58.02 72.05 33.22 24.88 26.97 29.90 27.12 31.66 63.88 71.43 67.16 56.96
OpenVLThinker 78.94 57.50 73.45 35.23 28.57 26.97 30.23 27.97 32.71 65.43 74.45 69.35 58.50
VisionMatters 74.76 56.08 69.98 35.91 23.96 29.21 27.91 28.81 31.66 61.40 72.23 66.11 55.91

Multimodal Retrieval-Augmented Generation Models (MRAGs)

VisDom 73.79 50.09 67.72 33.89 21.20 21.35 18.94 21.19 25.96 62.95 70.62 66.29 53.32
MM-Search-R1 76.64 53.44 70.70 31.54 25.35 27.53 26.91 22.88 29.92 65.58 72.23 68.48 56.36
EVisRAG 79.55 54.67 73.18 32.55 27.19 25.28 27.57 27.12 30.97 66.51 73.84 69.70 57.95

Tool-Enhanced VLMs

Pixel-Reasoner 78.13 57.50 72.84 37.37 27.19 24.72 32.89 27.97 33.22 67.96 70.1 68.89 58.31
VRAG-RL 81.74 49.21 73.41 31.54 24.88 30.34 30.23 20.34 31.55 64.65 71.63 67.69 57.55
Lang2Act 83.62 64.55 78.74 38.59 31.80 31.46 32.23 33.05 36.55 74.25 75.35 74.87 63.39

Table 1: Overall performance. The best results are highlighted in bold, and the second-best are underlined.

5.1 Overall Performance407

As shown in Table 1, we compare Lang2Act against408

several baseline models, including prompting-409

based models, VLRMs, MRAG systems, and Tool-410

enhanced VLMs.411

Overall, Lang2Act consistently outperforms all412

baseline models by achieving improvements of413

over 4% in different testing scenarios, which414

demonstrates its effectiveness in addressing a415

wide range of visual QA tasks. Compared with416

prompting-based models, Lang2Act achieves more417

than 10% gains, indicating that our training method418

enables the backbone model to perform more419

effective reasoning trajectories for visual under-420

standing and answer questions more accurately.421

Based on reinforcement learning, VLRMs such422

as ThinkLite-VL (Wang et al., 2025d) and Open-423

VLThinker (Deng et al., 2025) also learn to con-424

duct more effective reasoning for answering given425

questions. Even using the same reinforcement426

learning strategy, Lang2Act shows substantial im-427

provements, demonstrating that leveraging care-428

fully designed linguistic tools allows the VLM to429

converge to more effective reasoning trajectories430

after training. While MRAG models shift the fo-431

cus from enhancing visual reasoning capabilities432

to evidence denoising and extraction, Lang2Act433

outperforms them, highlighting its effectiveness434

Methods SlideVQA ViDoSeek MMBench Avg.

Qwen2.5-VL-3B-Instruct

Vanilla VLM 60.18 63.80 25.61 49.86
Vanilla DAPO 67.72 67.42 29.10 54.74
Lang2Act 71.02 71.98 31.20 58.06
w/o Action RL 69.03 69.18 30.27 56.22
w/o Tool-based RL 68.35 68.30 29.68 55.47

Qwen2.5-VL-7B-Instruct

Vanilla VLM 66.55 65.24 27.59 53.12
Vanilla DAPO 76.79 70.23 35.86 60.96
Lang2Act 78.74 74.87 36.55 63.39
w/o Action RL 77.25 73.23 35.39 61.95
w/o Tool-based RL 76.03 72.68 35.86 61.52

Table 2: Ablation results comparing different training
strategies used by Lang2Act.

in query-related evidence selection and extraction. 435

Finally, compared with Tool-enhanced baseline 436

models that utilize image-based tools for visual 437

perception, Lang2Act achieves over 5% improve- 438

ments. This demonstrates the advantage of our 439

self-emergent linguistic toolchain, which enables 440

flexible, context-aware, and fine-grained visual op- 441

erations, rather than relying on rigid external APIs, 442

thereby better facilitating visual perception. 443

5.2 Ablation Study 444

These experiments comprehensively validate the 445

effectiveness of our two training strategies, namely 446

action RL and tool-based RL, which respectively 447
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encourage the VLM to perform more visual under-448

standing actions and to fully exploit the provided449

linguistic tools. To further evaluate the general-450

ization capability of Lang2Act, we conduct ex-451

periments on both Qwen2.5-VL-3B and 7B back-452

bones (Bai et al., 2025).453

As shown in Table 2, compared with vanilla454

LLMs, Lang2Act yields consistent improvements455

of over 8% across different parameter scales (3B456

and 7B), demonstrating both its effectiveness and457

strong generalization capability. These consistent458

gains further indicate that our linguistic toolchain459

provides a generalizable solution for enhancing460

the visual perception capability of VLMs, largely461

independent of model capacity. When removing462

either the action RL or the tool-based RL phase,463

the performance of Lang2Act drops by more than464

1%, indicating that both training strategies play465

a critical role in enabling fine-grained visual rea-466

soning. While Vanilla DAPO improves the perfor-467

mance of vanilla LLMs by around 5% through en-468

hancing the standard think-then-answer chain-469

of-thought reasoning paradigm via RL (Yu et al.,470

2025), it is still outperformed by our Lang2Act w/o471

Tool-based RL variant. This comparison highlights472

that the self-driven action exploration in the first473

stage can spontaneously discover visual ground-474

ing patterns that are more effective than generic475

reasoning thoughts. Furthermore, although di-476

rectly optimizing LLMs to ground the linguistic477

tools (Lang2Act w/o Action RL) yields competi-478

tive results, it still underperforms the full Lang2Act479

framework. This remaining gap confirms that the480

initial exploration stage not only provides essential481

reasoning priors for curating higher-quality linguis-482

tic tools but also acts as an effective initialization483

that maximizes the effectiveness of subsequent lin-484

guistic tool-enhanced optimization.485

5.3 Effectiveness of Linguistic Tools in Visual486

Document Perception487

To investigate the underlying mechanisms behind488

the performance gains of Lang2Act, we conduct489

a comprehensive quantitative analysis, as shown490

in Figure 3, to examine how linguistic tools en-491

hance the visual perception capability of backbone492

models through curated linguistic supervision.493

First, we employ a vanilla LLM to analyze the494

relationship between perception rate and QA ac-495

curacy. As illustrated in Figure 3(a), the average496

accuracy of the vanilla model exhibits a strong pos-497

itive correlation with the attention hit rate. This498
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Figure 3: Quantitative analysis of image perception
quality in relation to QA accuracy. We compute V-
Precision (Figure 3(c)) and V-Recall (Figure 3(d)) for
analysis by leveraging the perception rate on the golden
region together with QA accuracy. The perception rate
is calculated according to whether the model internal
attention hit the golden region.

empirical observation highlights the critical role of 499

an accurate visual perception in capturing key infor- 500

mation from the given document pages. Motivated 501

by this finding, we further plot the perception rate 502

together with QA accuracy of different models in 503

Figure 3(b). The results consistently show that QA 504

accuracy improves as the perception rate increases. 505

Notably, Lang2Act demonstrates its effectiveness 506

by achieving the best performance in terms of both 507

QA accuracy and perception rate. In contrast, the 508

tool-enhanced VLMs, Pixel-Reasoner and VRAG- 509

RL, exhibit nearly identical perception rates while 510

attaining different QA accuracies. This suggests 511

that image-tool-based methods may struggle to pre- 512

cisely capture key visual regions when relying on 513

raw image operations, such as clipping. 514

We then conduct deeper analyses to further val- 515

idate the effectiveness of different models. As 516

shown in Figure 3(c), we report the QA accuracy 517

on queries where models successfully attend to the 518

golden regions of visual documents. Higher accu- 519

racy indicates a stronger ability to exploit visual ev- 520

idence for question answering. Lang2Act achieves 521

the highest score, demonstrating its superiority in 522
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<think>The image provides information about mobile payments and the decline in popularity of 
cash as a form of payment. It does not specifically mention the percentage of people who never 
have cash on them.</think>
<answer>The image does not provide the specific percentage of people who never have cash on 
them.</answer>"

Query: What is the percentage of people who never have cash on them? Ground Truth: 43%

Vanilla

VRAG-RL

Lang2Act

<think> To answer this question, I need to find data on the percentage of people who never 
have cash on them. This might involve looking at studies or surveys related to financial habits 
and cash usage.</think><search>percentage of people who never have cash on 
them</search>
<think> I need to zoom in to get more details</think><bbox>[210, 165, 446, 410]</bbox>
<think> The cropped image clearly shows that 56% of people surveyed would be comfortable 
with never using cash again. This directly answers the question about the percentage of 
people who never have cash on them </think><answer> According to the provided data, 56% 
of people are comfortable with never having cash on them</answer>

<think>The user is asking \"What is the percentage of people who never have cash on them?\" 
Image 1 provides the relevant data for this question.\n\n- Image 1 contains a pie chart with 
percentages related to mobile payments and preferences.</think>
<description><tool name=\"read_numeric_value\" args=\"Image 1: Pie Chart\">\nThe 
percentage of people who never seem to have cash on them is 43%.\n</tool></description>
<answer>43%</answer>

Zo
om

in

Figure 4: Case Study on SlideVQA. The red box indicates the ground truth region of the given image.

fully leveraging visual clues in the given image523

to generate more accurate answers. Furthermore,524

Figure 3(d) presents the perception rate for queries525

that are answered correctly. A lower rate suggests526

that the answer generation relies more heavily on527

memorized knowledge, which may increase the528

risk of hallucination. Lang2Act again achieves the529

highest perception rate, indicating its potential to al-530

leviate knowledge conflicts and encourage stronger531

reliance on external visual information.532

5.4 Case Study533

To empirically demonstrate the effectiveness of534

Lang2Act, we randomly select one representative535

case from SlideVQA for qualitative analysis. We536

compare Lang2Act with a vanilla VLM and VRAG-537

RL. VRAG-RL relies on explicit image tools for538

image processing, whereas Lang2Act leverages lin-539

guistic tools to modulate visual attention, enabling540

more fine-grained perception.541

As illustrated in Figure 4, the user queries the542

specific percentage of people who never carry cash.543

The vanilla VLM model attends to the ground-truth544

region but distributes its attention across multi-545

ple irrelevant regions in an attempt to gather ad-546

ditional visual evidence, which ultimately misleads547

the model and prevents it from accurately answer-548

ing the question. In contrast, Lang2Act concen- 549

trates the VLM’s attention on the ground-truth re- 550

gion and accurately generates the golden answer, 551

demonstrating its effectiveness in enhancing the 552

perceptual capability of VLMs. On the other hand, 553

VRAG-RL (Wang et al., 2025c) attempts to resolve 554

the ambiguity of visual understanding through ac- 555

tive cropping and answers the question based on 556

salient evidence retained after image tool execu- 557

tion. However, in this case, VRAG-RL performs 558

an incorrect action by cropping out the crucial in- 559

formation “43%”, leading to an erroneous answer 560

of “56%”. This example illustrates that enhancing 561

visual perception through explicit image tools may 562

introduce the risk of incorrect image operations, 563

resulting in the loss of critical visual information. 564

6 Conclusion 565

This paper proposes Lang2Act to leverage self- 566

emergent linguistic toolchains for fine-grained vi- 567

sual perception. Experimental results demonstrate 568

the effectiveness of Lang2Act, which further inter- 569

nalizes visual actions to bridge the gap between 570

reasoning and fine-grained visual perception. 571
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Limitations572

Lang2Act demonstrates superior effectiveness and573

efficiency compared to existing tool-enhanced574

VLMs, particularly in enabling fine-grained visual575

perception with an intrinsic linguistic toolbox. Our576

approach successfully concentrates the model’s vi-577

sual attention onto informative regions through in-578

trinsic linguistic tools, a behavior that empirically579

aligns with improved answer accuracy. However,580

fully disentangling the strict causal dynamics be-581

tween these attentional shifts and the final gen-582

eration outcomes remains a complex challenge,583

primarily due to the inherent black-box nature of584

neural networks. While our current experimen-585

tal analysis establishes a robust positive correla-586

tion between attention concentration and reasoning587

correctness, the theoretical formalization of this588

causality presents an open avenue for further explo-589

ration.590
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A Appendix783

A.1 License784

We summarize the licenses and usage terms785

of the datasets used in this work. ViDoseek786

and MMLongBench-Doc are released under the787

Apache 2.0 license. SlideVQA and OpenDocVQA788

are provided under the NTT Software Evaluation789

License, which permits non-commercial academic790

use for research and evaluation purposes. We791

strictly follow the original licensing terms of all792

datasets and do not redistribute any third-party raw793

data.794

A.2 Additional Details of Datasets795

To comprehensively evaluate Lang2Act’s ability796

to maintain a continuous reasoning context and797

mitigate visual hallucinations, we conduct experi-798

ments on three representative benchmarks covering799

diverse document scenarios. We first employ Slide-800

VQA (Tanaka et al., 2023) to assess cross-slide801

reasoning over interconnected text and diagrams,802

serving as a rigorous testbed for aggregating frag-803

mented visual evidence without the context loss804

often induced by rigid cropping. To further validate805

fine-grained perception in dense layouts, we utilize806

ViDoSeek (Wang et al., 2025b), which challenges807

the model to precisely capture specific attributes808

in visually rich documents where raw image op-809

erations often fail. Additionally, we incorporate810

MMLongBench-Doc (Ma et al., 2024) to examine811

performance on long multimodal documents, ensur-812

ing our method sustains accurate visual grounding813

over extended horizons and effectively alleviates814

the risk of hallucination caused by error accumu-815

lation. Table 3 summarizes the query counts and816

dataset characteristics.817

A.3 Experimental Details of Data Filtering818

In the Tool-Based Optimization training, we em-819

ploy the model obtained from the Action Explo-820

ration as the initialization. For each training sam-821

ple, the model generates eight candidate comple-822

tions through stochastic sampling. Samples for823

which all eight completions are correct are re-824

moved, as they provide a limited learning signal for825

further optimization. After filtering, approximately826

5,700 samples are retained to form the training set827

for the second-stage RL, focusing the optimization828

on more challenging instances. Figure 5 illustrates829

the distribution of sample difficulty before and after830

filtering.831

Dataset #Queries

SlideVQA 2215
ViDoSeek 1142
MMLongBench-Doc 859

Table 3: Dataset statistics.
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Figure 5: Distribution of sample difficulty before and
after filtering in the Tool-Based Optimization training.

A.4 Additional Implementation Details 832

All experiments are conducted on NVIDIA A800 833

GPUs. The detailed hyperparameters we use during 834

the training period of Action RL and Tool-based 835

RL are shown in Table 4 and Table 5. 836

Reward Function for DAPO Training. We fol- 837

low the reward formulation defined in Eq. 12. In 838

all experiments, we set α = 0.8 and β = 0.2. The 839

answer reward rans(z, a) evaluates whether the pre- 840

dicted answer is correct. Following Eq. 2, we adopt 841

an automatic evaluator to compare the generated 842

answer a , which is extracted from the <answer> 843

block, with the ground-truth answer a∗, and assign 844

a binary score: 845

rans(z, a) =

{
1, if the generated answer is correct .
0, otherwise.

(14) 846

Beyond the answer-based reward, we also in- 847

corporate a tool reward that enforces structured 848

reasoning by requiring the model to generate out- 849

puts following a fixed tag order, namely <think>, 850

<description>, and <answer>. In particular, lin- 851

guistic tool invocations are constrained to appear 852

only within the <description> block and must 853

conform to the curated toolbox, thereby encour- 854

aging disciplined and well-structured tool usage 855

during visual reasoning. 856

Retrieval Implementation Details. We use Col- 857

Pali (Faysse et al., 2024) as the visual embedding 858

model to encode document pages and queries for 859

retrieval. We build and query the retrieval index 860

with LlamaIndex using similarity search. Unless 861

otherwise specified, we retrieve the top-3 pages for 862

each query and provide the same retrieved evidence 863
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Epochs 1
Rollout batch size 48
Global batch size 8
Max grad norm 1.0
Data type bf16
Learning rate 1.0e−6
Weight decay 1.0e−2
KL coefficient 1.0e−2
Rollout temperature 1.0
Epsilon 0.2
Epsilon High 0.28
Max prompt length 8192
Max response length 2048
Image max pixels 401408

Table 4: Hyperparameters for Action RL.

Epochs 3
Rollout batch size 128
Global batch size 64
Max grad norm 1.0
Data type bf16
Learning rate 1.0e−6
Weight decay 1.0e−2
Rollout temperature 1.0
Epsilon 0.2
Epsilon High 0.28
Max prompt length 8192
Max response length 2048
Image max pixels 401408

Table 5: Hyperparameters for Tool-based RL.

to all methods for evaluation. Table 6 reports the864

retrieval performance of our retriever across the865

evaluated benchmarks.866

Baselines and Comparison Setup. We compare867

our method with a diverse set of strong baselines868

covering vision-language reasoning models and869

retrieval-augmented generation approaches.870

R1-Onevision-7B (Yang et al., 2025) proposes871

a unified multimodal reasoning framework by for-872

mally aligning visual and textual representations. It873

leverages reinforcement learning to improve cross-874

modal reasoning without relying on task-specific875

heuristics.876

Vision-R1-7B (Huang et al., 2025) further ex-877

tends reinforcement learning to multimodal large878

language models by introducing vision-guided re-879

ward signals. This approach incentivizes step-by-880

step reasoning grounded in visual perception, elim-881

inating the need for human-annotated preference882

Dataset Recall@1 Recall@3 Recall@5 MRR@5

ViDoSeek 75.40 89.70 95.10 83.30
SlideVQA 92.91 98.10 98.96 95.53
MMLongBench-Doc 49.00 61.70 66.50 55.70

Avg. 72.44 83.17 86.85 78.18

Table 6: Retrieval performance of ColQwen2 on three
datasets. Metrics are Recall@k and MRR@5 (%).

data. 883

OpenVLThinker-7B (Deng et al., 2025) inves- 884

tigates iterative self-improvement for LVLM rea- 885

soning by alternating SFT and GRPO-style RL, 886

showing that SFT can surface useful reasoning be- 887

haviors and narrow the search space for subsequent 888

RL, leading to stronger multi-step visual reasoning. 889

ThinkLite-VL (Wang et al., 2025d) adopts a 890

lightweight reasoning-oriented training strategy 891

that emphasizes efficient self-improvement. It alter- 892

nates between supervised fine-tuning and reinforce- 893

ment learning, enabling the model to progressively 894

refine its multimodal reasoning capability with re- 895

duced computational overhead. 896

VisionMatters (Li et al., 2025) revisits multi- 897

modal reasoning from the perspective of image 898

perturbation. Systematically analyzing how visual 899

variations affect model predictions, it enhances 900

robustness and visual sensitivity through targeted 901

fine-tuning. 902

Pixel-Reasoner (Wang et al., 2025a) explicitly 903

encourages fine-grained pixel-space reasoning via 904

curiosity-driven reinforcement learning. 905

MM-Search-R1 (Wu et al., 2025) equips mul- 906

timodal models with explicit search capabilities, 907

enabling iterative retrieval and reasoning over ex- 908

ternal visual evidence. 909

EVisRAG (Sun et al., 2025) addresses the chal- 910

lenge of multi-image integration in VRAG systems. 911

It proposes an evidence-guided paradigm trained 912

via Reward-Scoped GRPO (RS-GRPO), which in- 913

centivizes the model to explicitly extract evidence 914

from individual images before synthesizing the fi- 915

nal answer 916

VRAG-RL (Wang et al., 2025c) further in- 917

tegrates reinforcement learning into the RAG 918

paradigm, optimizing vision-perception-driven re- 919

trieval and reasoning through iterative policy im- 920

provement. 921

A.5 Additional Baseline Comparison Results 922

In addition to the LLM-based evaluation reported 923

in the main paper, we provide supplementary re- 924
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Methods
In Domain Out of Domain

Avg.SlideVQA MMLongBench-Doc ViDoSeek

Single Multi Overall TXT TAB CHA FIG LAY Overall Single Multi Overall

Prompting Methods

Direct 59.16 49.74 56.75 35.91 25.35 33.15 29.90 30.51 32.36 22.64 55.33 36.87 41.96
TOT 55.04 35.45 50.02 34.23 23.96 30.90 33.89 36.44 33.88 21.24 59.15 37.74 40.56
GOT 60.92 51.32 58.47 37.58 25.81 32.02 33.89 35.59 35.04 24.50 55.13 37.83 43.78

Vision-Language Reasoning Models (VLRMs)

R1-Onevision 59.89 47.80 56.79 37.58 27.65 32.58 36.88 33.05 36.09 16.43 57.95 34.50 42.46
Vision-R1 72.63 56.61 68.53 41.28 28.11 38.20 40.20 42.37 40.28 32.71 60.56 44.83 51.21
ThinkLite-VL 65.84 53.97 62.80 37.25 27.65 30.34 37.21 33.05 35.74 26.36 61.77 41.77 46.77
OpenVLThinker 69.24 52.38 64.92 41.61 28.57 33.71 35.88 38.14 37.49 29.77 61.97 43.78 48.73
VisionMatters 61.47 51.85 59.01 37.25 24.88 33.15 33.22 33.90 34.58 24.34 61.37 40.46 44.68

Multimodal Retrieval-Augmented Generation Models (MRAGs)

VisDom 58.92 49.38 56.48 29.87 20.28 24.72 21.59 27.12 26.78 18.76 57.14 35.46 39.57
MM-Search-R1 65.47 50.09 61.53 35.57 23.96 34.27 33.89 33.05 33.99 25.12 61.37 40.89 45.47
EVisRAG 73.85 52.20 68.31 37.92 27.19 32.02 33.89 38.14 35.86 42.33 61.67 50.53 51.56

Tool-Enhanced VLMs

Pixel-Reasoner 70.33 54.14 66.19 42.09 26.73 36.52 40.20 38.14 39.28 36.55 63.12 48.51 51.32
VRAG-RL 64.93 54.67 62.30 36.58 33.90 39.33 25.81 33.55 35.97 24.81 61.57 40.81 46.36
Lang2Act 76.78 61.73 72.78 43.96 27.19 36.52 40.86 38.14 40.51 44.34 65.39 53.50 55.60

Table 7: Overall performance by using accuracy score for evaluation. The best results are highlighted in bold, and
the second-best are underlined.

sults using an automatic accuracy metric in Ta-925

ble 7. This evaluation directly compares predicted926

answers with ground-truth responses to compute927

exact-match accuracy, without relying on an exter-928

nal judge model.929

The overall performance trends of accuracy re-930

main consistent with those evaluated in LLM-as-931

judge in Table 1, demonstrating that the improve-932

ments of Lang2Act are not sensitive to the choice933

of evaluation protocol.934

A.6 Tool Frequency of the Curated Toolbox935

To analyze the behavioral patterns emerging from936

the self-driven exploration phase, we sampled937

1,500 reasoning trajectories and aggregated the938

usage frequency of each linguistic tool. The939

statistical distribution is presented in Table 8. The940

results reveal a clear hierarchy in visual reasoning.941

The most frequently employed tools are Perception-942

Oriented actions, specifically read_text_element943

(64.26%) and read_numeric_value (41.73%).944

This dominance indicates that the model pri-945

oritizes precise information extraction as the946

foundation for answering document-based947

queries. Following perception, reasoning-oriented948

tools such as identify_entity_attribute,949

compare_values, and locate_visual_element950

exhibit stable usage frequencies, demonstrating the951

Tool Name Count Frequency

read_text_element 964 64.26%
read_numeric_value 626 41.73%
identify_entity_attribute 259 17.26%
compare_values 259 17.26%
locate_visual_element 245 16.33%
compute_percentage 189 12.60%
infer_missing_information 41 2.73%
subtract_values 20 1.33%
add_values 5 0.33%
count_matching_values 3 0.20%

Table 8: Frequency of tool usage sorted by count.

model’s capability to perform structural analysis 952

and comparative reasoning after grounding 953

the visual evidence. Based on this frequency 954

distribution, we observe a significant long-tail 955

effect. Tools ranked 8th and below (e.g., specific 956

arithmetic operations like subtract_values) 957

appear with negligible frequency, representing 958

outlier cases that contribute little to generalizability. 959

Consequently, to construct a compact and efficient 960

linguistic toolbox Tbox, we selected the top-7 961

most frequent tools. This selection covers over 962

98.9% of the total tool usage observed in the 963

sampled trajectories, ensuring that the final toolbox 964

encapsulates the core visual reasoning primitives 965

while filtering out sparse, task-specific noise. 966
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(a) Non-hallucination performance.

Vanilla

Visio
n-M

atte
rs

Pixe
l-R

easoner

EVisR
AG

VRAG-RL

Lang2Act
4.0

4.2

4.4

4.6

4.8

5.0

Fa
ct

ua
l C

on
si

st
en

cy

4.27 4.30
4.36

4.48
4.58

4.68

(b) Factual consistency scores.
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(c) Coherence evaluation.

Figure 6: Large language model–based evaluation of response quality under successful attention perception. All
scores are computed only on samples where the model attention successfully perceives the relevant (golden) regions.
We report performance from three complementary perspectives: (a) non-hallucination, (b) factual consistency, and
(c) coherence, to assess the quality of model responses under reliable visual perception.

A.7 Performance Analysis under Oracle967

Retrieval968

To rigorously assess the model’s fine-grained visual969

reasoning capabilities and its resilience to interfer-970

ence, we conducted an oracle setting experiment971

in Table 9, where ground-truth pages containing972

the answer are directly provided, supplemented by973

distractor images to ensure a minimum input of974

three pages per query.975

In the oracle setting, where the correct document976

is guaranteed, VRAG-RL (Wang et al., 2025c) ex-977

hibits competitive performance, validating that its978

active cropping mechanism effectively enhances979

perception by physically zooming into specific re-980

gions. However, Lang2Act consistently surpasses981

this strong baseline, particularly on detail-intensive982

benchmarks like ViDoSeek (Wang et al., 2025b).983

This performance advantage demonstrates that984

while mechanical cropping improves resolution, it985

inherently risks severing the semantic link between986

local details and the global layout, whereas our987

linguistic toolchain maintains the holistic context988

required for complex interpretation.989

A.8 Analysis of Model Confidence and990

Response Quality991

To deeply evaluate the quality of the generated992

reasoning chains beyond simple accuracy, we em-993

ployed an advanced LLM judge to assess three994

critical dimensions: hallucination, factual consis-995

tency, and coherence, using the evaluation prompt996

illustrated in Figure 17. As shown in Figure 6,997

the results indicate that existing tool-enhanced ap-998

proaches often struggle with coherence and consis-999

tency, primarily due to the context fragmentation1000

Methods Vidoseek SlideVQA MMBench Avg.
Vanilla 72.85 64.60 32.56 56.67
R1-OneVision 73.56 67.67 36.05 59.09
Vision-R1 71.28 72.19 38.89 60.78
ThinkLite-VL 75.48 71.83 39.02 62.11
OpenVLThinker 70.23 72.91 38.37 60.26
VisionMaters 73.29 70.56 37.86 60.57
Pixel-Reasoner 71.54 69.53 38.16 59.74
MM-Search-R1 77.58 71.69 37.98 62.41
EVisRAG 72.94 74.63 40.83 62.80
VRAG-RL 73.73 75.67 39.31 62.90
Lang2Act 79.95 79.68 43.28 67.63

Table 9: Reasoning performance across three bench-
marks under oracle retrieval.

caused by rigid raw image operations. By physi- 1001

cally isolating visual regions, these methods sever 1002

the semantic connection between local details and 1003

global structures, frequently forcing the model to 1004

hallucinate information to bridge logical gaps. In 1005

contrast, Lang2Act achieves superior performance 1006

by leveraging its self-emergent linguistic toolchain 1007

to internalize visual perception into the autoregres- 1008

sive generation process. This design maintains a 1009

continuous reasoning flow where visual grounding 1010

is tightly coupled with logical deduction, effec- 1011

tively suppressing hallucinations and ensuring that 1012

the generated trajectories remain factually consis- 1013

tent and logically coherent. 1014

A.9 Inference Latency of Lang2Act. 1015

We evaluate inference latency on the SlideVQA 1016

dataset, measuring the end-to-end runtime required 1017

to generate a final answer for each query. All meth- 1018

ods are evaluated under the same experimental set- 1019

tings to ensure a fair comparison as shown in Ta- 1020

ble 10. 1021
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Method Latency (s)
Vanilla 48.77
VisionMatters 51.66
OpenVLThinker 72.93
EVisRAG 77.45
Pixel-Reasoner 94.45
VRAG-RL 123.78
Lang2Act 50.49

Table 10: Average end-to-end inference latency on Slide-
VQA

A.10 Prompt Examples1022

Below are sample prompts used for multimodal1023

reasoning tasks. This section provides the specific1024

prompt templates used for the baselines and our1025

method.1026

Figure 7 presents the Vanilla prompt, which in-1027

structs the model to conduct internal reasoning1028

within <think> tags before providing a direct an-1029

swer, serving as the standard baseline. Figure 81030

illustrates the Action RL prompt, requiring the1031

model to explicitly describe the visual evidence1032

used for reasoning, which is utilized to generate1033

high-quality training data. Figure 9 presents the1034

Tools Curation prompt, which deconstructs these1035

reasoning steps into atomic, structure-aware cogni-1036

tive operations to construct the tool pool.Figure 101037

displays the EVisRAG (Sun et al., 2025) prompt,1038

which enforces a strict four-step structured reason-1039

ing process: observing images, recording evidence,1040

reasoning, and answering. Figure 11 depicts the1041

prompt for our proposed Lang2Act framework. It1042

defines a set of linguistic tools (e.g., numerical1043

extraction, visual element identification) in the con-1044

text and requires the model to perform fine-grained1045

analysis and grounding of visual information using1046

these tools within the <description> tag before1047

generating the final answer.1048

Regarding complex reasoning strategies, Fig-1049

ure 12 details the Tree-of-Thoughts (ToT)1050

prompt (Yao et al., 2023), guiding the model to de-1051

construct the problem into sub-problems and eval-1052

uate the validity of multiple reasoning branches.1053

Figure 13 presents the Graph-of-Thoughts (GOT)1054

prompt (Besta et al., 2024), asking the model to1055

generate initial thoughts and then refine and merge1056

them to construct a comprehensive reasoning graph.1057

For tool-enhanced methods, Figure 14 illustrates1058

the VRAG-RL prompt (Wang et al., 2025c), which1059

allows the agent to query knowledge via a search1060

engine and execute image cropping using <bbox> 1061

tags to acquire local details. Figure 15 shows the 1062

PixelReasoner prompt (Wang et al., 2025a), which 1063

adopts a specialized function-call format to enable 1064

the model to execute pixel-level image cropping 1065

operations based on normalized bounding boxes. 1066

Finally, Figure 16 provides the VLM judge prompt 1067

used for automatic evaluation, where an expert sys- 1068

tem validates the correctness of the model’s gener- 1069

ated answer against the ground truth. 1070
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Vanilla Prompt.

System Prompt:
Answer the given question based on the {num_images} image(s) provided. You must conduct
reasoning inside <think> and </think> first. After reasoning, you should directly provide the answer
inside <answer> and </answer>, without detailed illustrations.

User Prompt:
Query: {Query Description}
Images: {Retrieved Images}

Figure 7: Prompt of Vanilla.

Action RL Prompt.

System Prompt:
You are a specialized AI assistant for visual question answering based on multiple provided
document images. Your task is to answer the user’s question by carefully analyzing all images.

Your response must strictly follow this format:
<think>...</think>
<description>...</description>
<answer>...</answer>

Guidance:
- You have exactly {num_images} image(s). Analyze each briefly in <think>, then conclude which
one(s) you used.
- In <description>, describe only the visual evidence you actually used, and clearly indicate where it
appears in the image.
- In <answer>, output only the final concise answer.

User Prompt:
Query: {User Question}
Images: {Retrieved Images}

Figure 8: Prompt of Action RL.
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Tools Curation Prompt.

System Prompt:
You are the Lead Architect of a Document Visual Reasoning System. Deconstruct questions into
atomic, structure-aware cognitive operations.

### CORE PHILOSOPHY
1) Structure Awareness: Tools must reflect layout (rows, columns, axes).
2) Atomic Data Extraction: Locate region first, then extract data.
3) Analytical Calculation: Define precise math tools (subtract, rank_values).

### CURRENT TOOL POOL
{tool_pool_text}

### GUIDELINES: DESIGNING DOCUMENT TOOLS
- Tables/Grids: Navigate rows/columns (e.g., locate_table_row, read_cell_value).
- Charts/Graphs: Map visuals to values (e.g., map_bar_to_axis).
- Reasoning: Define specific logic tools for calculation/comparison.

### COGNITIVE CAPABILITY SPECTRUM
* Layout: (locate_row/col, find_title, find_legend, intersect_regions)
* Data: (read_text, read_numeric, extract_key_value_pair)
* Chart: (trace_line_trend, get_bar_height, map_color_to_category)
* Math & Logic: (compute_pct, subtract_values, find_max, count_rows)
* Verify: (verify_signature_presence, check_checkbox_status)

### OUTPUT FORMAT (MANDATORY)
1. New Definitions: DEFINE_TOOL: name || args || desc
2. Applications: <tool name="..." args="...">reasoning</tool>
3. End: END_OF_TOOLS

### EXAMPLE (Structure & Math)
DESC: Found ’Q3 Revenue’, read value, compared to ’Q2’, calculated growth.
OUTPUT:
DEFINE_TOOL: subtract_values || val1, val2 || Calculate difference.
<tool name="locate_table_row" args="row ’Q3 Revenue’">Row 4</tool>
<tool name="read_cell_value" args="Row 4, col ’Amount’">$150M</tool>
<tool name="subtract_values" args="150, 100">50</tool>
END_OF_TOOLS

User Prompt:
Analyze the reasoning steps.
DESCRIPTION: {description}
OUTPUT:

Figure 9: Prompt of Tools Curation.
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EVisRAG Prompt.

System Prompt:
You are an AI Visual QA assistant. I will provide you with a question and several images. Please
follow the four steps below.

Step 1: Observe the Images
First, analyze the question and consider what types of images may contain relevant information.
Then, examine each image one by one, paying special attention to aspects related to the question.
Identify whether each image contains any potentially relevant information.
Wrap your observations within <observe>...</observe> tags.

Step 2: Record Evidences from Images
After reviewing all images, record the evidence you find for each image within <evi-
dence>...</evidence> tags.
If you are certain that an image contains no relevant information, record it as: [i]: no relevant
information (where i denotes the index of the image).
If an image contains relevant evidence, record it as: [j]: [the evidence you find for the question]
(where j is the index of the image).

Step 3: Reason Based on the Question and Evidence
Based on the recorded evidence, reason about the answer to the question.
Include your step-by-step reasoning within <think>...</think> tags.

Step 4: Answer the Question
Provide your final answer based only on the evidence you found in the images.
Wrap your answer within <answer>...</answer> tags.
Avoid adding unnecessary contents in your final answer; for example, if the question is a yes/no
question, simply answer <answer>yes</answer> or <answer>no</answer>.
If none of the images contain sufficient information to answer the question, respond with
<answer>insufficient to answer</answer>.

Formatting Requirements:
Use the exact tags <observe>, <evidence>, <think>, and <answer> for structured output.
It is possible that none, one, or several images contain relevant evidence.
If you find no evidence or too little evidence to answer the question, follow the instructions above
for insufficient information.

User Prompt:
Query: {User Question}
Images: {Retrieved Images}

Figure 10: Prompt of EVisRAG for evidence-structured visual question answering.
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Lang2Act Prompt.

System Prompt:
You are a specialized AI assistant for visual question answering. Your task is to answer the user’s
question by carefully analyzing all the provided images.

Your response must strictly follow this XML format:
<think>...</think>
<description>...</description>
<answer>...</answer>

Guidance:
1. In <think>, analyze all {num_images} images and state which one(s) contain relevant evidence.
2. In <description>, focus only on the selected images and describe your reasoning process using
the tools below.
3. In <answer>, provide only the final, concise answer grounded in visual evidence.

Available Tools for <description>:
– <tool name="locate_visual_element" args="Image k: structural hint"> Locate specific visual
elements or regions based on structural hints. </tool>
– <tool name="read_text_element" args="Image k: locator/region"> Read and transcribe visible text
from the located region. </tool>
– <tool name="read_numeric_value" args="Image k: data point"> Extract specific numeric values or
counts from visual elements. </tool>
– <tool name="identify_entity_attribute" args="Image k: entity"> Identify specific attributes
associated with entities. </tool>
– <tool name="compare_values" args="Image k: value A vs value B"> Compare quantitative values
to determine ordering or equality. </tool>
– <tool name="compute_percentage" args="part_value, total_value"> Compute the percentage based
on given values. </tool>
– <tool name="infer_missing_information" args="Image k: data"> Infer missing information based
on given data. </tool>

User Prompt:
Query: {User Question}
Images: {Retrieved Images}

Figure 11: Prompt of Lang2Act.
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ToT Prompt.

System Prompt:
You are an AI assistant. I will provide a query and {num_images} image(s). You must use a ’Tree of
Thoughts’ approach to arrive at the answer.

Follow these two steps:

In the first step (within the <think> tag):
1. Deconstruct the Problem: Break down the main question into smaller, manageable sub-
problems.
2. Generate Multiple Thoughts: For each sub-problem, generate at least two potential lines of
reasoning or ’thoughts’ on how to solve it using the provided images.
3. Evaluate Thoughts: Assess each thought’s validity. Analyze the evidence in the images that
supports or refutes each thought. State which thoughts are dead ends and which are promising.
4. Conclude: Based on your evaluation, synthesize the most promising thoughts to form a final,
coherent reasoning chain.

In the second step (within the <answer> tag):
Provide only the final, concise answer that results from your ’Tree of Thoughts’ analysis. If the
question asks for a ’yes’ or ’no’, only provide that.

User Prompt:
Query: {User Question}
Images: {Retrieved Images}

Figure 12: Prompt of Tree-of-Thoughts (ToT).
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GOT Prompt.

System Prompt:
You are an AI assistant. I will provide a query and {num_images} image(s). You must use a ’Graph
of Thoughts’ approach to solve the problem.

Follow these two steps:

In the first step (within the <think> tag):
1. Generate Initial Thoughts: Create several initial, independent thoughts or approaches to
answering the question based on the images.
2. Transform and Refine: For each thought, consider how it can be improved, refined, or
combined with others. Merge promising thoughts into a more powerful, synthesized line of
reasoning. Discard thoughts that are incorrect.
3. Structure as a Graph: Explain your final reasoning process as a graph where thoughts are
nodes. Show how you progressed from initial thoughts to the final synthesized conclusion.

In the second step (within the <answer> tag):
Provide only the final, concise answer derived from your ’Graph of Thoughts’ analysis.

User Prompt:
Query: {User Question}
Images: {Retrieved Images}

Figure 13: Prompt of Graph-of-Thoughts (GOT).

VRAG-RL Prompt.

System Prompt:
Answer the given question. You must conduct reasoning inside <think> and </think> first every time
you get new information. After reasoning, if you lack knowledge, you may call a search engine
via <search> query </search>. When an image is retrieved, you may crop it using <bbox>[x1, y1,
x2, y2]</bbox>. Repeat as needed. If no further knowledge is needed, provide the answer within
<answer> and </answer>. For example, <answer> Beijing </answer>.

User Prompt:
Query: {Query Description}

Figure 14: Prompt of VRAG-RL.
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PixelReasoner Prompt.

System Prompt:
You are a helpful assistant. You may call one or more functions to assist with the user query. You are
provided with function signatures within <tools> XML tags (specifically crop_image_normalized
to zoom in based on normalized bbox). For each function call, return a json object with function
name and arguments within <tool_call> XML tags: <tool_call> { "name": ..., "arguments": ... }
</tool_call>.

User Prompt:
Query: {Query Description}

Guidelines: Understand the given visual information and the user query. Determine if it is beneficial
to employ the given visual operations (tools). For a video, we can look closer by select_frames. For
an image, we can look closer by crop_image_normalized. Reason with the visual information step
by step, and put your final answer within \boxed{}.

Figure 15: Prompt of PixelReasoner.

VLM Judge Prompt.

System Prompt:
You are an expert evaluation system for a question answering chatbot. You will be given one
evaluation item. You will see a query, a reference answer, and a generated answer. Your task is
to evaluate the correctness of the generated answer. Your response MUST be exactly one line,
formatted as <judge>True</judge> if the generated answer is correct, or <judge>False</judge>
otherwise. Do not add any other text or explanations.

User Prompt:
Query: {Query}
Reference Answer: {Reference Answer}
Generated Answer: {Model Answer To Evaluate}

Figure 16: Prompt of the automatic judge for single-item evaluation.
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LLM Judge Prompt for Reasoning Quality.

System Prompt:
You are an expert evaluator for Large Language Models. Your task is to evaluate the quality of a
model’s “Chain of Thought” (reasoning process) and final answer based on the user’s Query and the
provided Gold Answer.
Please evaluate the [Model Response] based on the following three specific dimensions. For each
dimension, assign a score from 1 to 5 stars.
1. Coherence (Reasoning Logic & Fluency)
Definition: Evaluates whether the chain of thought is logically sound, structured, and easy to follow.
(1 Star: Disjointed/Confusing; 3 Stars: Readable but with leaps; 5 Stars: Perfectly smooth/Logical).
2. Non-Hallucination (Faithfulness)
Definition: Evaluates whether the response contains fabricated information.
(1 Star: Major fabrications; 3 Stars: Minor errors; 5 Stars: Entirely truthful).
3. Factual Consistency (Alignment with Gold Answer)
Definition: Evaluates whether the model’s final conclusion aligns with the Gold Answer.
(1 Star: Contradictory; 3 Stars: Partially consistent; 5 Stars: Fully consistent).
Output Format:
Please strictly follow this format:
Coherence: [Score]
Non-Hallucination: [Score]
Factual Consistency: [Score]
Average: [Average Score]
Explanation: [Brief explanation]

User Prompt:
Query: {Query}
Gold Answer: {Gold Answer}
Model Response: {Model Response}

Figure 17: Prompt used for the automatic evaluation of reasoning coherence, faithfulness, and factual consistency.
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