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Abstract001

Visual Retrieval-Augmented Generation002
(VRAG) enhances Vision–Language Models003
(VLMs) by incorporating retrieved images004
as contextual evidence to support reasoning.005
However, existing VRAG systems often006
struggle to reliably perceive and integrate007
evidence across multiple images, leading to008
erroneous reasoning and visual hallucinations.009
In this paper, we propose EVisRAG, an010
end-to-end framework for evidence-guided011
multi-image reasoning that mitigates these012
issues by explicitly observing images,013
recording per-image evidence, and reasoning014
over aggregated evidence to derive the final015
answer. To train EVisRAG effectively, we016
introduce Reward-Scoped Group Relative017
Policy Optimization (RS-GRPO), which018
assigns fine-grained rewards to scope-specific019
tokens to jointly optimize visual perception020
and reasoning. Experiments on multiple visual021
question answering benchmarks show that022
EVisRAG consistently outperforms backbone023
VLMs, achieving an average improvement024
of 27%, while substantially reducing visual025
hallucinations through accurate evidence026
localization and grounded reasoning.027

1 Introduction028

Retrieval-Augmented Generation (RAG) equips029

Large Language Models (LLMs) with external030

knowledge retrieval to provide task-relevant con-031

text and mitigate hallucinations caused by limited032

parametric knowledge (Lewis et al., 2020; Liu et al.,033

2025b). However, much real-world knowledge is034

inherently non-textual, residing in modalities such035

as images, tables, and complex document layouts.036

Text-centric preprocessing pipelines that rely on037

image captioning or OCR to linearize these sig-038

nals discard essential visual and spatial structure,039

limiting the model’s ability to access and reason040

over information originally present in images or041

document pages (Zhang et al., 2024b).042

To address this limitation, Visual RAG 043

(VRAG) (Yu et al., 2025; Faysse et al., 2024a) 044

retrieves document page snapshots as units, pre- 045

serving visual and spatial cues so VLMs can read 046

evidence directly from images. Recent variants 047

couple retrieval with reinforcement learning, insert- 048

ing retrieved images into intermediate reasoning 049

steps so the model can derive the correct answer 050

from pixels rather than text alone (Peng et al., 2025; 051

Wu et al., 2025). Despite these gains, many meth- 052

ods still transplant text-based RAG practices into 053

the visual domain and neglect modality-specific 054

capabilities such as perceiving information rele- 055

vant to the question from images. Such a defi- 056

ciency in visual perception often exacerbates vi- 057

sual hallucinations. In particular, models may fail 058

to correctly attend to and utilize relevant visual ev- 059

idence present in the images, leading to incorrect 060

answers, or may erroneously perceive and reason 061

about visual content that does not actually exist, 062

resulting in spurious or hallucinated conclusions. 063

Some works introduce perception-oriented actions 064

or auxiliary agents to mitigate visual hallucina- 065

tions (Wang et al., 2025b,a), which improves at- 066

tention to visual detail but increases architectural 067

complexity and computational cost, complicating 068

end-to-end training and later reconfiguration. 069

To bypass these complexities, recent advances in 070

vision-language reasoning models (VLRMs) have 071

introduced promising strategies for enhancing vi- 072

sual perception on a single image during the rea- 073

soning process (Shen et al., 2025; Xu et al., 2025) 074

by incorporating auxiliary rewards related to vi- 075

sual perception. Although these VLRMs perform 076

well on single-image inputs, VRAG often retrieves 077

multiple images, requiring cross-image localization 078

and integration of visual evidence. Current meth- 079

ods lack a built-in per-image evidence collection 080

and instead rely on external tools or agents, which 081

increases complexity and instability. In addition, 082

current VLRM training strategies typically opti- 083
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Initial Query: 
Which country has a larger total population, Japan or the country where 35% were interested in sports news?

<think> To answer this question, we need to identify the country where
35% of the population was interested in sports news and compare its
population to that of Japan. …… Scanning the \"Interested\" percentages
for sports news, we see that Spain has 37% interested in sports
news. ……we can conclude that the country with 34% interest in sports
news is Urban Brazil, which is closed to 35%. Therefore the country with
a larger total population is Urban Brazil. </think>

VisRAG Retrieve Top3 Images

Final answer:  Japan

Normal VLRM

Final answer:  Urban Brazil

<observe> Image1 have a table…… </observe>
<evidence> [1]: Spain has 35% interested in sports news.
[2]: no relevant information
[3]: Spain has a total population of 47,042,984, and Japan has a total 
population of 127,368,088.</evidence>   
<think> Based on the evidence…… Therefore, Japan is the country with a
larger total population. </think>

Top1 Image

EVisRAG(Ours)

Top2 Image Top3 Image

35%Sports news

Spain                     47,042,984

Japan                 127,368,088

TOTAL 
POPULATION

Spain

Visual 
Hallucination

Figure 1: Comparison of normal vision-language reasoning model (VLRM) and EVisRAG

mize perception and reasoning with mixed rewards,084

overlooking the effective scope and objective differ-085

ences of each signal, which blurs credit assignment086

and causes interference.087

Motivated by these challenges, we pro-088

pose Evidence-guided Vision Retrieval-augmented089

Generation (EVisRAG) to equip VLMs with pre-090

cise visual perception in multi-image scenarios. As091

illustrated in Figure 1, EVisRAG conducts a lin-092

guistic observation phase that sequentially gath-093

ers evidence from retrieved images, maintaining094

focus on them, and then performs reasoning on095

the collected evidence to derive the correct an-096

swer. To train EVisRAG effectively, we introduce097

Reward-Scoped Group Relative Policy Optimiza-098

tion (RS-GRPO), which applies fine-grained re-099

wards directly to in-scope tokens corresponding to100

visual evidence collection or reasoning. Unlike con-101

ventional joint optimization with mixed rewards,102

where perception and reasoning signals interfere103

and lead to unstable or suboptimal training, RS-104

GRPO explicitly scopes rewards to their effective105

regions, enabling precise credit assignment and sta-106

ble optimization. Without such reward scoping,107

jointly optimizing visual perception and reasoning108

in multi-image settings becomes unstable, as gradi-109

ents from heterogeneous objectives compete across110

irrelevant tokens. Experiments on different VQA111

tasks demonstrate the effectiveness of EVisRAG,112

showing substantial improvements over different113

VRAGs. Powered by RS-GRPO, EVisRAG can114

precisely identify question-relevant evidence im- 115

age by image and reason over the recorded cues 116

to produce grounded answers, much like a detec- 117

tive assembling evidence. Moreover, EVisRAG 118

demonstrates stronger visual perception and higher 119

answer accuracy among other baselines, confirm- 120

ing that richer visual perception improves the abil- 121

ity of question understanding and alleviates visual 122

hallucinations. 123

2 related work 124

Early research on retrieval-augmented generation 125

(RAG) equips large language models (LLMs) with 126

retrievers over curated corpora to provide task- 127

relevant context and mitigate hallucinations (Lewis 128

et al., 2020; Asai et al., 2024). However, a sub- 129

stantial portion of real-world knowledge is non- 130

textual, residing in images, tables, and documents 131

with complex layouts. Pipelines that first lin- 132

earize such signals via captioning or optical char- 133

acter recognition and then provide only text to 134

the model often discard critical visual and spa- 135

tial cues, which degrades performance on down- 136

stream reasoning tasks (Zhang et al., 2024b). To 137

address this limitation, VisRAG (Yu et al., 2025) 138

and Colpali (Faysse et al., 2024a) introduce Visual 139

Retrieval-Augmented Generation (VRAG), which 140

treats document page snapshots as retrieval units 141

and enables vision–language models to directly 142

read evidence from images. 143

Nevertheless, regardless of the modality of the 144
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retrieved context, existing RAG and VRAG mod-145

els remain prone to hallucinations and reasoning146

failures. In particular, models may confidently pro-147

duce incorrect answers despite the presence of rel-148

evant evidence, become distracted by irrelevant or149

weakly related information, or fail to accurately ex-150

tract and reason over key facts from long contextual151

inputs (Mishra et al., 2024; Cuconasu et al., 2024;152

Hsieh et al., 2024). Building on this observation,153

retrieval-augmented reasoning approaches (Shao154

et al., 2024; Rafailov et al., 2023; Schulman et al.,155

2017; Li et al., 2025; Song et al., 2025) acquire and156

exploit evidence at intermediate reasoning steps,157

using it to guide subsequent inference and reduce158

hallucinations arising from misused textual context.159

Despite these advances, many methods directly160

transplant text-centric RAG practices to the visual161

domain and insufficiently account for modality-162

specific challenges such as cross-image grounding,163

layout-aware reading, and region-level attention,164

resulting in unstable perception across multiple im-165

ages (Wang et al., 2025a,b).166

Recent advances in vision and language reason-167

ing models (VLRMs) have introduced effective168

strategies for strengthening visual perception dur-169

ing reasoning. Vision-R1 (Zhan et al., 2025), MM-170

Eureka (Meng et al., 2025), Ocean-R1 (Lingfeng171

et al., 2025), ThinkLite-VL (Wang et al., 2025c),172

and OpenVLThinker (Deng et al., 2025) show that173

directly applying GRPO, sometimes even without174

supervised fine-tuning, substantially promotes the175

emergence of chain of thought reasoning and can176

elicit “aha" moments. VLM-R1 (Shen et al., 2025)177

and Mixed-R1 (Xu et al., 2025) further improve178

perceptual grounding by augmenting answer cor-179

rectness signals with auxiliary perception rewards,180

encouraging better use of image information. How-181

ever, in VRAG settings that require reasoning over182

semantically rich content from multiple images,183

the remaining limitations in perceptual grounding184

often lead to misinterpretation of visual evidence,185

which in turn undermines the validity of the overall186

reasoning process.187

3 Methodology188

This section presents EVisRAG, a framework that189

enables vision–language models (VLMs) to reason190

over multiple images with rich visual evidence. We191

first outline its evidence-guided reasoning process,192

including observation, evidence recording, and an-193

swer reasoning (Section 3.1). We then introduce194

Reward-Scoped Group Relative Policy Optimiza- 195

tion (RS-GRPO), which enhances fine-grained per- 196

ceptual grounding during reasoning (Section 3.2). 197

3.1 The Overview Framework of EVisRAG 198

Given a query q and a corpus of document-page im- 199

ages D, EVisRAG performs evidence-guided multi- 200

image reasoning to produce the final answer a. In- 201

stead of directly reasoning over raw images, EVis- 202

RAG explicitly decomposes the reasoning process 203

into four structured stages: Observe, Record, Rea- 204

son, and Answer, which together form an evidence- 205

guided reasoning pipeline. 206

Information Retrieving. EVisRAG first re- 207

trieves a set of candidate document pages relevant 208

to the query q from the corpus D. Following prior 209

Visual RAG frameworks, we obtain the top-k re- 210

trieved pages: 211

Dr = VisRAG_Ret(q,D), (1) 212

where Dr ⊂ D denotes the top-k retrieved 213

document-page images relevant to the query q. 214

Observe and Record. Conditioned on the query 215

q and retrieved pages Dr, the model sequentially 216

observes each image to identify regions potentially 217

relevant to the question. Based on these observa- 218

tions, EVisRAG records per-image evidence Ei in 219

a structured textual form. Evidence from each im- 220

age is explicitly indexed, while images containing 221

no relevant information are recorded as negative 222

evidence. This explicit evidence recording step en- 223

courages faithful visual grounding and mitigates 224

perceptual hallucinations. 225

Reason and Answer. After collecting evidence 226

across images, EVisRAG performs reasoning R 227

over the aggregated evidence E = {Ei}ki=1 to de- 228

rive the final answer. By separating evidence per- 229

ception from reasoning, the model avoids directly 230

hallucinating answers from raw visual input and 231

instead bases its predictions on recorded evidence. 232

The final answer is generated solely from the aggre- 233

gated evidence and the query. Formally, the overall 234

process can be abstracted as: 235

a = EVisRAG(q,Dr, E ,R), (2) 236

where a is the final answer produced by reasoning 237

over the retrieved images DR. 238
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rewards

<observe>To answer the query, I need to focus on the
line graph that displays the Wholesale Price Index over
the years. The graph should show the value for FY 2019.
The first image is ...
The second image is ...
The third image is ...
Therefore, ...</observe>

Observe
<evidence>
[1]: The Wholesale Price Index
value for FY 2019 is 123.3.
[2]: no relevant information
[3]: no relevant information
</evidence>

Record Evidence
<think>The query asks for the value
of the Wholesale Price Index in FY
2019. Based on the evidence from
image1, the Wholesale Price Index
value for FY 2019 is 123.3.
Therefore, the answer to the query
is 123.3.</think>

Reason

<answer>
123.3
</answer>

Answer

Query：What’s the value of wholesale Price Index in FY 2019？
Top-3 Images:

Policy Model

evidence-guided rollouts

update

advantages

Observe

Record

Reason

Answer

Perception
Reward

Derivation
Reward

Format
Reward

𝑟 = 𝑚𝑒𝑎𝑛(𝑓!(𝑒, 𝑒"#$%))

𝑟 = 𝑚𝑒𝑎𝑛(𝑓!(𝑎, 𝑎"#$%))

𝑟 = 𝕀(𝑓𝑜𝑟𝑚𝑎𝑡	𝑖𝑠	𝑐𝑜𝑟𝑟𝑒𝑐𝑡)

reward scope

mean  

mean 

mean  

mean  

LongCOT
Cold Start

Stage2

Stage1

Figure 2: Overall framework of EVisRAG. Followed by the query and top-3 retrieved document pages, EVisRAG
outputs four token scopes: observe, record evidence, reason, and answer. RS-GRPO assigns three fine-grained
rewards to scope-specific tokens. In-scope rewards are then averaged and group-normalized to obtain token
advantages for policy updates.

3.2 Optimizing VLMs to Evidence-guided239

Reason Using RS-GRPO240

To enhance EVisRAG’s ability to accurately record241

evidence from multiple images and reason based242

on that evidence, we employ a two-stage training as243

shown in Figure 2. In the first stage, we apply super-244

vised fine-tuning (SFT) as a cold start. In the sec-245

ond stage, we introduce Reward-Scoped Group Rel-246

ative Policy Optimization (RS-GRPO), which ex-247

tends GRPO to jointly optimize perception and rea-248

soning ability of VLMs, with fine-grained rewards249

applied to their corresponding reward scopes.250

Reward Scopes. To evaluate model outputs251

while encouraging the evidence-guided reasoning252

paradigm, we adopt three fine-grained rewards in a253

coordinated scheme. The format reward Rformat en-254

forces adherence to an evidence-guided reasoning255

paradigm by requiring the model to observe, record256

evidence, reason, and answer in a disciplined order,257

making intermediate steps explicit and supervision258

stable. The perception reward Rperception checks259

whether question-relevant regions are correctly lo-260

calized and summarized for each image based on261

the ground truth evidence generated by a larger262

VLM and allows an explicit no relevant informa-263

tion when evidence is absent. The derivation re-264

ward Rderivation evaluates whether the model derives265

the correct final answer from its visual perception,266

ensuring the reasoning is grounded in the observed267

and recorded evidence. More details of the reward268

design are shown in Appendix A.3 269

To jointly train the perception and reasoning 270

ability of VLMs, we introduce Reward Scopes, 271

which route supervision to scope-specific tokens 272

to sharpen credit assignment, reduce interference, 273

and stabilize training. Let M(t) denote the set of 274

reward channels applicable to the token at position 275

t. The output sequence is segmented by special 276

tokens into four scopes, the observe scope To, the 277

record evidence scope Te, the reason scope Tr, and 278

the answer scope Ta. Rewards act only where they 279

are meaningful. Rperception supervises tokens in To 280

and Te, guiding the model to summarize the right 281

visual regions. Rderivation supervises tokens in Tr 282

and Ta, encouraging the model to derive the cor- 283

rect final answer from what was perceived. Rformat 284

applies to all tokens and keeps the evidence-guided 285

workflow explicit and stable. Formally, we define 286

the reward–scope mapping as: 287

M(t) =

{
{Rperception, Rformat } t ∈ To ∪ Te
{Rderivation, Rformat } t ∈ Tr ∪ Ta

.

(3) 288

For the i-th sampled output and its token at po- 289

sition t, let R(m),i
t denote the score from reward 290

channel m ∈ M(t). The scope-aggregated token 291

reward is the mean over its in-scope channels: 292

R̄ i
t =

1

|M(t)|
∑

m∈M(t)

R
(m),i
t . (4) 293
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RS-GRPO objective. To train both visual per-294

ception and reasoning, EVisRAG adopts an RS-295

GRPO objective that explicitly computes token ad-296

vantages under reward scopes. Given a group of G297

sampled outputs, the token-level advantage is298

Â i
t =

R̄ i
t − mean

(
{R̄ 1

t , R̄
2
t , . . . , R̄

G
t }

)
std

(
{R̄ 1

t , R̄
2
t , . . . , R̄

G
t }

) , (5)299

where i indexes the i-th sample in the group, and300

G is the group size. We incorporate the result-301

ing token-level advantages into DAPO to enhance302

exploration diversity and training stability, and op-303

timize the model by minimizing the following ob-304

jective:305

LRS-GRPO(θ) = − 1∑G
i=1 |oi|

G∑
i=1

|oi|∑
t=1

min
(
rit(θ)Â

i
t,

clip
(
rit(θ), 1− ϵlow, 1 + ϵhigh

)
Âi

t

)
,

(6)306

where oi is the i-th sampled output sequence, r i
t (θ)307

is the importance ratio, and ϵlow, ϵhigh are the lower308

and upper clipping thresholds.309

4 Experimental Methodology310

This section describes the datasets, baselines, eval-311

uation metrics, and implementation details.312

Datasets. We first introduce the datasets used in313

our experiments, followed by the data statistics for314

golden reasoning trajectory construction.315

We evaluate our EVisRAG on five visual ques-316

tion answering (VQA) tasks encompassing diverse317

document types, including ChartQA (Masry et al.,318

2022) and InfographicsVQA (Mathew et al., 2022)319

for various types of figures, MP-DocVQA (Tito320

et al., 2023) for industrial documents, Slide-321

VQA (Tanaka et al., 2023) for presentation slides,322

and ViDoseek (Wang et al., 2025a) for multi-323

document scenarios. For each query, we utilize324

VisRAG-Ret (Yu et al., 2025) to retrieve the top-325

3 relevant images as context. Subsequently, each326

question is categorized according to whether the327

retrieved context provides sufficient information328

to answer the question with sufficient context or329

with insufficient context. More details of the test330

datasets are provided in Appendix A.1.331

We collect 30,000 samples from the training sets332

of ChartQA and InfographicsVQA and split them333

into supervised fine-tuning (SFT) and GRPO sub-334

sets with an 8:2 ratio. For each query, a VisRAG-335

based retriever provides multiple candidate images336

as visual context. To construct high-quality rea- 337

soning trajectories, we generate candidate chains 338

of thought using Qwen2.5-VL (Bai et al., 2025) 339

models and retain only those that lead to correct 340

answers. Following (An et al., 2025), we further 341

filter out samples that can be easily solved to focus 342

training on more challenging cases. This process 343

yields 60,000 samples for SFT and 4,000 samples 344

for GRPO training. Detailed data construction pro- 345

cedures are provided in Appendix A.2. 346

Baselines. All baselines use VisRAG-Ret for 347

retrieval. For each query, we fetch the top-3 docu- 348

ments, then the model answers using the retrieved 349

images and the original question. 350

We compare three groups. General VLMs in- 351

clude Qwen2.5-VL-7B, Qwen2.5-VL-32B (Bai 352

et al., 2025) and MiMo-VL-7B-RL (Xiaomi, 353

2025). VLRMs trained on Qwen2.5-VL-7B- 354

Instruct include Vision-R1-7B (Zhan et al., 2025), 355

MM-Eureka-7B (Meng et al., 2025), Ocean- 356

R1-7B (Lingfeng et al., 2025), ThinkLite-VL- 357

7B (Wang et al., 2025c) and OpenVLThinker- 358

7B (Deng et al., 2025). VRAG methods with the 359

same backbone include R1-Router (Peng et al., 360

2025), MMSearch-R1 (Wu et al., 2025), and 361

VRAG-RL (Wang et al., 2025b). More implemen- 362

tation details of the baseline methods are provided 363

in Appendix A.6 364

Evaluation Metrics. Due to inherent limitations 365

in retrieval, the selected context may or may not 366

provide sufficient information to answer the query. 367

To rigorously assess both the perceptual and rea- 368

soning capabilities of the model while mitigating 369

the visual hallucination, we categorize each query- 370

context pair into two types: sufficient context and 371

insufficient context (Joren et al., 2025). 372

For queries where the retrieved images provide 373

sufficient evidence, we adopt the original reference 374

answer as the ground truth. When the context is 375

inadequate to support a correct answer, the model 376

is required to output “insufficient to answer.” To 377

evaluate overall performance under realistic VRAG 378

settings, we report global Accuracy and F1 Score 379

over all queries as comprehensive, dataset-level 380

metrics. 381

Additional implementation details for the base- 382

line methods are provided in Appendix A.6. We 383

also compare three CoT approaches with our 384

Evidence-guided prompt approach. Since these 385

methods were not trained, we present them sepa- 386

rately in Appendix A.4. 387

Implementation Details. We use Qwen2.5-VL- 388
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Methods
In Distribution Out of Distribution Average

ChartQA InfoVQA DocVQA SlideVQA ViDoSeek

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Qwen2.5-VL-7B 59.20 52.80 60.86 54.61 63.28 56.03 51.62 46.11 42.56 42.48 55.50 50.41
MiMo-VL-7B-RL 54.96 40.59 68.11 45.93 74.11 47.67 77.88 47.45 48.34 38.30 64.68 43.99
Qwen2.5-VL-32B 69.12 60.58 78.13 66.06 83.93 73.78 78.42 58.65 47.55 52.78 71.43 62.37

Vision-R1 56.16 50.84 29.53 27.73 32.49 30.04 52.34 47.51 39.05 37.82 41.91 38.79
Ocean-R1-7B 47.68 47.58 53.20 53.49 56.35 57.02 60.07 57.86 40.63 46.75 51.59 52.54
MM-Eureka 64.32 58.28 40.53 40.32 56.68 54.75 63.49 58.68 44.40 47.25 53.88 51.86
ThinkLite-VL-7B 57.60 53.53 61.70 61.62 62.61 62.37 65.29 63.30 45.18 48.40 58.48 57.84
OpenVLThinker 67.60 62.72 70.47 70.51 71.74 72.51 73.02 72.63 43.52 57.27 65.27 67.13

MMSearch-R1 63.28 59.89 57.94 57.71 61.59 60.82 65.29 60.97 44.40 54.34 58.50 58.75
VRAG-RL 47.00 10.03 64.86 12.21 73.22 22.39 73.85 15.37 43.82 18.14 60.55 15.63
R1-Router 60.72 15.53 60.58 15.17 75.97 25.25 75.36 17.21 44.66 12.53 63.46 17.14

EVisRAG(ours)

EVisRAG-3B 72.64 72.54 71.03 71.83 78.17 79.30 75.84 75.49 45.71 60.13 68.68 71.86
EVisRAG-7B 76.80 76.60 79.39 79.80 85.45 86.82 81.29 80.28 52.10 65.78 75.01 77.86

Table 1: Overall Performance of EVisRAG and Baselines. Bold denotes the highest value, and underline denotes
the second highest value.

7B (Bai et al., 2025) as the backbone for our pro-389

posed EVisRAG. We use LLaMA-Factory (Zheng390

et al., 2024) and Easy-R1 (Yaowei et al., 2025) for391

open-sourcing the training framework that we used392

for SFT and GRPO. All experiments were executed393

on GPU clusters with computational capabilities394

comparable to NVIDIA A100 80GB GPUs. Fur-395

ther details on the hyperparameters that we used396

for SFT, GRPO are provided in Appendix A.5.397

5 Results and Analysis398

5.1 Overall Performance399

Table 1 reports the overall results for EVisRAG400

and all baselines. EVisRAG-7B consistently out-401

performs every comparator across all benchmarks,402

with substantial gains over the Qwen2.5-VL-7B403

backbone, averaging +19% in accuracy and +27%404

in F1 score. These improvements indicate that405

an evidence-guided reasoning paradigm, coupled406

with RS-GRPO, strengthens perceptual ground-407

ing and enables reasoning that is explicitly con-408

ditioned on grounded evidence. Compared with409

RL-trained VLRMs, EVisRAG’s explicit visual per-410

ception yields a clear advantage. Within the VLRM411

group, models emphasizing logical reasoning (e.g.,412

OpenVLThinker (Deng et al., 2025)) do improve413

question answering performance, underscoring the414

value of stronger reasoning. Nevertheless, EVis-415

RAG’s added perceptual grounding closes a further416

gap. Moreover, the three VRAG models improve417

the extraction of key evidence from retrieved con- 418

text and, owing to their generalization, outperform 419

the backbone when reasoning over multiple im- 420

ages. Yet they remain more than ten percentage 421

points below EVisRAG-7B, since they neglect the 422

need for strong perceptual grounding over multi- 423

ple images with rich visual information. EVisRAG 424

further allows a 7B parameter model to exceed the 425

performance of considerably larger 32B parameter 426

models. Furthermore, thrived on our RS-GRPO 427

algorithm, EVisRAG jointly improves both percep- 428

tion and reasoning capabilities of VLMs, leading 429

to a more effective and adaptable RAG framework. 430

5.2 Ablation Study 431

This section reports ablation studies that isolate 432

three training strategies, including the evidence- 433

guided reasoning paradigm, perception reward, and 434

Reward-Scoped Group Relative Policy Optimiza- 435

tion (RS-GRPO), to assess the effectiveness of 436

EVisRAG. 437

As shown in Table 2, EVisRAG achieves the 438

best results across datasets, demonstrating that 439

the evidence-guided reasoning paradigm combined 440

with RS-GRPO enables VLMs to precisely local- 441

ize question-relevant evidence in each image and 442

reason over the recorded cues to produce grounded 443

answers. Training under a think-then-answer 444

paradigm (w/o Perception) on the same data yields 445

only modest gains, reflecting the absence of ex- 446
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Methods In Distribution Out of Distribution Avg. Acc
ChartQA InfoVQA DocVQA SlideVQA ViDoSeek

EVisRAG (Ours) 76.8 ± 0.6 79.2 ± 0.7 85.5 ± 1.2 81.3 ± 1.0 51.8 ± 0.7 74.9 ± 0.8

w/o Perception 67.2± 1.3 73.3± 1.6 75.7± 2.1 77.3± 2.0 41.8± 1.2 67.1± 1.6
w/o Perception Reward 69.8± 1.1 74.2± 1.2 79.9± 3.5 77.5± 2.2 48.1± 1.7 69.9± 1.9
w/o RS-GRPO 72.0± 2.2 75.7± 2.1 80.0± 2.2 77.9± 1.7 48.7± 1.9 70.9± 2.0

Table 2: Ablation study on accuracy (%) averaged over 5 runs with different random seeds. We report mean ±
standard deviation: “w/o Perception" trains the model with a standard think-then-answer approach on the same data.
“w/o Perception Reward" uses only answer correctness as the reward, omitting the additional Perception Reward.
“w/o RS-GRPO" sums all rewards and applies them to every token, corresponding to the standard GRPO algorithm.
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Figure 3: Comparison of models’ attention to question-relevant visual evidence. (a) Accuracy vs. attention ratio
within human-annotated boxes; EVisRAG achieves the highest. (b) Qualitative maps: Compared with the baseline,
EVisRAG better focuses on the top bar encoding the evidence.

plicit mechanisms for perceptual grounding. Intro-447

ducing evidence-guided reasoning paradigm while448

rewarding only the final answer (w/o Perception449

Reward) leads to additional improvements, while450

underscores EVisRAG demonstrating that introduc-451

ing perception reward can further enhance the per-452

ception ability of VLMs. Augmenting GRPO with453

a perception reward but without reward-scoped454

(w/o RS-GRPO) provides a further increment,455

yet the uniformly aggregated rewards dilute guid-456

ance across tokens. In contrast, RS-GRPO ap-457

plies rewards directly within their designated re-458

ward scopes, sharpening credit assignment, stabi-459

lizing optimization, and ultimately delivering the460

strongest overall performance.461

5.3 Evaluating Perceptual Ability through462

Visual Attention463

In this section, we evaluate EVisRAG’s visual per-464

ception using qualitative and quantitative evidence.465

Figure 3b shows a representative case for the ques-466

tion “Which country was the world’s leading nat-467

ural rubber exporting country in 2019?”. Training468

the backbone under a think-then-answer paradigm 469

(w/o Perception) modestly improves attention of 470

VLMs to the legend and lower caption, helping the 471

model read that the bars indicate shares of global 472

exports. EVisRAG, with evidence-guided reason- 473

ing, further concentrates attention on the top bar 474

region and correctly identifies Thailand as the lead- 475

ing exporter. 476

To quantify perception, we manually annotate ev- 477

idence regions in more than 100 cases and compute 478

the visual evidence attention ratio, defined as the 479

percentage of attention mass falling inside the an- 480

notated evidence box. As shown in Figure 3a, EVis- 481

RAG achieves the highest reasoning accuracy and 482

the highest visual evidence attention ratio among 483

all baselines. The scatter also reveals a clear posi- 484

tive trend: higher attention to the evidence region 485

is associated with higher answer accuracy. 486

5.4 Visual Evidence Density Comparison 487

We conduct a visual evidence density analysis to 488

evaluate robustness under varying numbers of re- 489

trieved images. As shown in Figure 4, we retrieve 490
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Figure 4: Performance comparison on different visual evidence density. Despite increasing noise with more retrieved
images, EVisRAG maintains stable.
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Figure 5: Model performance comparisons in different retrieval scenarios on ChartQA. Compared with the backbone,
EVisRAG remains more faithful to the retrieved content in both correct and incorrect retrieval scenarios.

the top-1 to top-5 images per question and de-491

fine answer-supporting image tokens as Evidence.492

As more images are retrieved, the total amount493

of Evidence increases while the evidence density494

decreases. We compare our method with Qwen-495

7B and OpenVLThinker across different evidence496

densities, and observe that EVisRAG consistently497

outperforms both baselines in terms of F1 score.498

Notably, on DocVQA, our method maintains sta-499

ble performance even at low evidence densities,500

demonstrating strong resistance to visual hallucina-501

tions in multi-image settings.502

5.5 Impact of Training on Model Performance503

As shown in Figure 5, we examine the model’s504

reasoning under varying degrees of contextual suf-505

ficiency to evaluate its balance between informa-506

tiveness and hallucination. Before training, the507

backbone model displays a strong hallucination508

tendency even with correct retrieval—only 24.32%509

of queries yield correct generations, whereas510

35.04% produce incorrect responses. Under in-511

correct retrieval, it predominantly abstains, re-512

flecting a conservative strategy typical of smaller513

models. After training with our method, EVis-514

RAG achieves a markedly better performance: the515

correct-generation rate in correctly retrieved con- 516

texts rises substantially, while a modest increase 517

in abstention under incorrect retrieval is accompa- 518

nied by a controlled reduction in incorrect gener- 519

ations. Overall, EVisRAG exhibits strengthened 520

evidence-sensitive reasoning and reduced visual 521

hallucination in underdetermined scenarios. 522

6 Conclusion 523

In this paper, we propose EVisRAG, a framework 524

that enables Vision–Language Models (VLMs) to 525

observe and localize evidence across multiple im- 526

ages during reasoning, improving visual grounding 527

and mitigating visual hallucinations in complex 528

multi-image scenarios. To this end, we introduce 529

Reward-Scoped Group Relative Policy Optimiza- 530

tion (RS-GRPO), which assigns reward signals to 531

scope-specific token spans, stabilizing long chain- 532

of-thought training and encouraging accurate ev- 533

idence grounding. Extensive experiments show 534

that EVisRAG effectively aggregates key visual ev- 535

idence, leading to substantial gains in reasoning 536

accuracy while reducing hallucinated responses. 537

Overall, EVisRAG represents a promising step to- 538

ward more reliable and hallucination-resistant vi- 539

sual retrieval-augmented generation systems. 540
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Limitations541

This work focuses on visual retrieval-augmented542

generation and evaluates EVisRAG exclusively in543

image-based settings. While the proposed frame-544

work is designed to improve evidence-guided rea-545

soning over multiple images, it does not currently546

support hybrid multimodal contexts that jointly in-547

volve text and images. Extending EVisRAG to548

handle mixed text–image evidence remains an im-549

portant direction for future work.550

In addition, our framework is formulated and551

evaluated under a single-turn reasoning setup,552

where each query is answered independently based553

on the retrieved visual context. We do not consider554

multi-turn or interactive scenarios in which the555

model must maintain and update evidence across556

turns. Adapting EVisRAG to multi-turn retrieval-557

augmented dialogue and interactive reasoning sys-558

tems is a promising avenue for future research.559
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A Appendix821

A.1 Datasets822

We evaluated five VQA benchmarks: InfoVQA,823

DocVQA, and SlideVQA were obtained from the824

VisRAG release (Yu et al., 2025) , ChartQA from825

its test split (Masry et al., 2022), and ViDoSeek826

from ViDoRAG (Wang et al., 2025a). Each dataset827

provides ground-truth answer image IDs. For828

each question, we retrieved the top-3 images using829

VisRAG-Ret as contexts. Following Joren et al.830

(2025), we labeled it sufficient if all ground-truth831

images were included, otherwise insufficient. The832

number of questions and sufficient context ratio in833

the dataset are shown in Table 3.834

A.2 Data Construction of Golden Reasoning835

Trajectories836

For model training, we collected 30,000 samples837

from the ChartQA (Masry et al., 2022) and In-838

fographicsVQA (Mathew et al., 2022) datasets,839

which were randomly divided into two subsets for840

SFT and GRPO in an 8:2 ratio. During the retrieval841

stage, VisRAG-Ret retrieves the top five candidate842

images for each query. While evaluation uses only843

the top three images as context, training leverages844

a variable number of retrieved images (top-1 to845

top-5) for data augmentation. Reasoning trajecto-846

ries are constructed by generating candidate chains847

of thought with Qwen2.5-VL-72B and Qwen2.5-848

VL-7B (Bai et al., 2025), followed by a filtering849

process that retains only those trajectories yielding850

correct answers. This procedure generated 60,000851

high-quality samples for SFT training, from which852

we extracted evidence as Ground Truth Evidence.853

In the GRPO phase, we adopt a curriculum learn-854

ing strategy following (An et al., 2025). Specifi-855

cally, the SFT-trained model generates eight candi-856

date completions for each sample, which are ranked857

according to their scores. Completions with perfect858

scores are excluded to mitigate overfitting. In addi-859

tion, we incorporate 400 more challenging multi-860

hop examples from MMLongBench (Ma et al.,861

2024). The final GRPO training set consists of862

4,000 carefully curated samples, organized to en-863

sure a smooth progression from simple to complex864

instances, with a deliberate emphasis on more dif-865

ficult cases to strengthen the model’s reasoning866

robustness. The distributions of data difficulty be-867

fore and after filtering are illustrated in Figure 6.868

869

A.3 More Details on the Fine-grained Reward 870

In addition to stabilizing training to ensure accu- 871

rate perceptual grounding and evidence-guided rea- 872

soning in VLMs, we further introduce five reward 873

components, namely: 874

Perception reward. For text-only language 875

models, using only answer accuracy as the reward 876

signal together with GRPO training can elicit emer- 877

gent “aha moments" and strengthen reasoning abil- 878

ities (Guo et al., 2025). For VLMs, however, di- 879

rectly optimizing answer accuracy may improve 880

reasoning while failing to improve perceptual ac- 881

curacy (Liu et al., 2025a). To optimize perceptual 882

grounding and reasoning at the same time during 883

training, we introduce a fine-grained perception 884

reward: 885

Rperception =

∑n
i=1 ri∑n

i=1 (yi · kpos + (1− yi) · 1)
,

ri =

kpos · f1
(
epred
i , egold

i

)
, if yi = 1,

I
(
epred
i = “no relevant information”

)
, if yi = 0.

(7) 886

The perception reward assesses whether the 887

model extracts useful visual information. For each 888

image, the evidence recorded by the model is com- 889

pared with the corresponding gold evidence. For 890

images that contain information relevant to the 891

question, the reward is the F1 score between the 892

predicted and gold evidence. For images that are ir- 893

relevant, the reward equals 1 if the model correctly 894

indicates the absence of evidence and 0 otherwise. 895

The final perception reward is the normalized sum 896

of the image level rewards. 897

Derivation reward. We employ the F1-score 898

between the predicted answer and the gold truth as 899

the reasoning reward, where the gold truth is set 900

to the fixed response “insufficient to answer" when 901

the context is incomplete. 902

Rderivation = f1(a
pred, agold),

agold =

{
agold, if sufficient context
“insufficient to answer", if insufficient context

(8) 903

where apred denotes the model’s predicted an- 904

swer, agold denotes the ground-truth answer, and 905

Accevi indicates whether the model’s evidence pre- 906

dictions for all images are correct (assigned 1 if all 907

are correct, and 0 otherwise). 908

Format reward. Beyond the accuracy-based 909

reward, we also incorporate a format reward model 910
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Name #Questions Description Sufficient Context Ratio

ChartQA 1250 Visual and Logical Reasoning about Charts 59.36%
InfoVQA 718 Question Answering on Infographic Images 92.90%
DocVQA 591 Document Visual Question Answering 83.59%
SlideVQA 556 Question Answering based on Multiple Slides 89.93%
ViDoSeek 1142 Retrieval and Reasoning on Visually Rich Documents 84.24%

Table 3: Datasets used in our experiments.
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Figure 6: Data Difficulty Distribution of Before-Filtering and After-Filtering.

that compels the model to follow our CoT design911

by sequentially performing observation, evidence912

recording, reasoning, and answering, with each913

stage encapsulated by its corresponding special tag914

(<observe>, <evidence>, <think>, <answer>).915

Rformat(ai) =

{
1, if the format of ai is correct
0, otherwise

(9)916

A.4 Impact of Evidence-Guided Reasoning917

To evaluate the effectiveness of Evidence-Guided918

Reasoning, which explicitly encourages the VLM919

to first observe and record visual evidence before920

reasoning, we conducted two additional experi-921

ments. First, we compared our reasoning paradigm922

against three MCOT baselines, which also avoid923

additional training but attempt to enhance percep-924

tion and reasoning by enforcing fixed prompting925

patterns. As shown in Table 4, our approach consis-926

tently outperforms the baselines across five datasets.927

Although these MCOT strategies also prompt the928

model to improve perception by extensively de-929

scribing image details, they tend to neglect the930

actual question. This often amplifies hallucina-931

tions by encouraging excessive descriptions. In932

contrast, our method records only question-relevant933

visual evidence, ensuring conciseness and enabling934

a more coherent and effective reasoning process.935

The three MCOT baselines are summarized as fol-936

lows:937

DDCOT (Zheng et al., 2023). A prompting 938

strategy that decomposes complex questions into 939

sub-questions and explicitly distinguishes between 940

those requiring visual information and those that 941

do not, thereby mitigating hallucinations and en- 942

hancing multimodal reasoning. 943

CCOT (Mitra et al., 2024). A prompting ap- 944

proach that leverages scene graphs as compact lin- 945

guistic representations to enrich both image and 946

task prompts, enabling LMMs to handle a wider 947

range of vision-language tasks. 948

COCOT (Zhang et al., 2024a). A prompting 949

strategy that improves the model’s ability to capture 950

fine-grained details in multi-image tasks by guiding 951

it to explicitly identify similarities and differences 952

between images. 953

Moreover, we further evaluated the generality of 954

the Evidence-Guided Prompting approach across 955

models of different scales. As illustrated in Fig- 956

ure 7, even without additional training, prompting 957

the model to first record visual evidence and then 958

reason upon it consistently improves both percep- 959

tion and reasoning across four different model sizes. 960

This demonstrates the broad applicability and ro- 961

bustness of our proposed paradigm. prompt tem- 962

plates used by the EVisRAG are shown in Figure 963

11. 964
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Methods
Single-hop Multi-hop Average

ChartQA InfoVQA DocVQA SlideVQA ViDoSeek

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

MCOT

COCOT 49.52 46.71 31.34 26.96 40.95 32.66 35.25 29.52 33.80 33.93 38.17 33.96
CCOT 50.32 48.54 36.91 35.29 41.96 39.83 51.80 46.51 36.16 41.38 43.43 42.31
DDCOT 51.68 45.55 43.73 33.53 62.10 57.98 54.14 40.37 42.21 49.04 50.77 45.29

Evidence-Guided Prompt(Ours) 62.72 54.13 65.94 62.73 70.05 65.27 66.73 61.77 46.50 56.20 62.39 60.02

Table 4: Overall Performance of EvidenceCOT and Other MCOT.
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Figure 7: Performance comparison of Evidence-Guided Prompt Approach across different model sizes on the
SlideVQA dataset.

A.5 More Implementation Details965

We acknowledge the contributions of LLaMA-966

Factory and EasyR1 (Yaowei et al., 2025) for re-967

leasing the training frameworks utilized in our SFT968

and GRPO experiments. We adopt Qwen2.5-VL-969

7B (Bai et al., 2025) as the backbone model for970

our proposed EVisRAG. EVisRAG is trained on 8×971

NVIDIA A100-80GB GPUs, with hyperparameters972

as shown in Tables 5 and 6.973

A.6 More Implementation Details of the974

Baseline Methods975

In this section, we provide comprehensive imple-976

mentation details and prompt templates of the base-977

line methods evaluated in our study.978

General VLMs. We assessed general vision-979

language models across different scales, namely980

Qwen2.5-VL-7B and Qwen2.5-VL-32B (Bai et al.,981

2025), as well as MiMo-VL-7B-RL (Xiaomi,982

2025).983

VisRAG-Gen. We additionally evaluate two984

generation strategies described in VisRAG (Yu985

et al., 2025).986

Page Concatenation. Page Concatenation forms987

a single composite image by horizontally concate-988

nating the top-k retrieved pages and feeds it to989

a single-image VLM. In our implementation, we 990

adopt Qwen2.5-VL-7B (Bai et al., 2025) as the 991

backbone VLM to ensure a fair comparison with 992

other strong VRAG systems. 993

Weighted Selection. Weighted Selection instead 994

generates an answer for each retrieved page inde- 995

pendently and selects the final output based on the 996

highest confidence, where the confidence weight 997

combines the generation likelihood and the normal- 998

ized retrieval score. For this method, we use the 999

official implementation and pretrained MiniCPM- 1000

V-2 (Yao et al., 2024) model released by the authors. 1001

Together, these two variants represent the canoni- 1002

cal generation pipelines of VisRAG and serve as 1003

competitive baselines in our evaluation. 1004

Vision-Language Reasoning Models (VL- 1005

RMs). We compare five fine-tuned VLRMs, all 1006

initialized from Qwen2.5-VL-7B-Instruct, each em- 1007

ploying distinct strategies to enhance reasoning ca- 1008

pabilities: 1009

Vision-R1-7B. Vision-R1-7B (Zhan et al., 1010

2025) introduces a reinforcement learning–based 1011

fine-tuning approach that incentivizes reasoning 1012

through vision-guided feedback. It circumvents the 1013

need for human-curated preference data by adopt- 1014

ing a criterion-driven reward function. 1015
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Epoch 1
Data type bf16
Learning rate 5e-7
Global batch size 32
Scheduler Cosine
Warmup ratio 0.1
Num train epochs 1
Image max pixels 3920000

Table 5: SFT hyperparameters.

Epoch 4
Rollout batch size 32
Global batch size 32
Max grad norm 1.0
Data type bf16
Learning rate 1e-6
Weight decay 1e-2
Warmup ratio 0.0
Rollout temperature 1.2
epsilon 0.2
epsilon_high 0.28
Image max pixels 1568000

Table 6: GRPO hyperparameters.

Methods
In Distribution Out of Distribution Average

ChartQA InfoVQA DocVQA SlideVQA ViDoSeek

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

VisRAG-Gen

Page Concatenation 59.20 52.80 52.92 46.42 60.58 47.84 64.57 48.45 45.01 41.37 56.63 47.63
Weighted Selection 32.24 32.32 25.07 27.36 33.67 37.11 33.81 36.44 21.98 31.64 29.35 32.97

EVisRAG(ours)

EVisRAG-3B 72.64 72.54 71.03 71.83 78.17 79.30 75.84 75.49 45.71 60.13 68.68 71.86
EVisRAG-7B 76.80 76.60 79.39 79.80 85.45 86.82 81.29 80.28 52.10 65.78 75.01 77.86

Table 7: Overall Performance of EVisRAG and VisRAG-Gen. Bold denotes the highest value.

OpenVLThinker-7B. OpenVLThinker-7B (Deng1016

et al., 2025) follows an iterative two-stage training1017

scheme, alternating between supervised fine-tuning1018

(SFT) and reinforcement learning (RL). Starting1019

from distilled reasoning competencies in text-only1020

domains, the model progressively refines its rea-1021

soning by generating its own training data through1022

RL and then using that data to further supervise1023

and fine-tune itself.1024

MM-Eureka-7B. MM-Eureka-7B (Meng et al.,1025

2025) extends rule-based reinforcement learning1026

(RL) to multimodal reasoning by incorporating new1027

algorithms such as Online Filter, ADORA, and1028

DAPO, which enhance reasoning efficiency and1029

stability across multimodal tasks.1030

Ocean-R1-7B. Ocean-R1-7B (Lingfeng et al.,1031

2025) builds upon a structured chain-of-thought1032

evaluation framework that leverages knowledge1033

graph exploration (e.g., OCEAN) to provide rich1034

offline feedback, thereby aligning generated rea-1035

soning paths with factual knowledge.1036

ThinkLite-VL-7B. ThinkLite-VL-7B (Wang1037

et al., 2025c) employs Monte Carlo Tree Search1038

(MCTS)–guided sample selection to identify 1039

and train on genuinely challenging examples 1040

from a small dataset (11k samples), achieving 1041

state-of-the-art visual reasoning performance with 1042

high data efficiency. 1043

VRAGs (Visual Retrieval-Augmented Gen- 1044

eration). We further examine three advanced 1045

VRAG methods, all built upon the Qwen2.5-VL- 1046

7B-Instruct architecture: 1047

R1-Router. R1-Router (Peng et al., 2025) em- 1048

ploys a dynamic routing mechanism trained via 1049

Step-wise Group Relative Policy Optimization 1050

(Step-GRPO). R1-Router generates intermediate 1051

queries during the model’s reasoning process and 1052

directs them selectively to the most appropriate 1053

knowledge base (e.g., text, image, table KB), har- 1054

nessing the evolving reasoning state. This fine- 1055

grained routing capability enhances retrieval ef- 1056

ficiency and reasoning precision by minimizing 1057

unnecessary retrievals while adaptively integrating 1058

external evidence. 1059

MMSearch-R1. MMSearch-R1 (Wu et al., 2025) 1060

integrates multimodal search into the reasoning 1061
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loop, employing cross-modal retrieval mechanisms1062

to fetch contextually aligned information in both1063

visual and textual forms.1064

VRAG-RL. VRAG-RL (Wang et al., 2025b) in-1065

corporates a reinforcement learning–based fine-1066

tuning schema, enabling the model to progressively1067

gather visual evidence from coarse to fine granu-1068

larity and support multi-turn reasoning via an opti-1069

mized retrieval-and-generation pipeline.1070

The prompt templates employed for each base-1071

line are shown in Figure 12. For the three MCOT-1072

based comparisons (DDCOT, CCOT, and COCOT),1073

we adapted their original prompting strategies into1074

an end-to-end chain-of-thought generation frame-1075

work compatible with our setup. Their correspond-1076

ing prompt templates are detailed in Figures 13, 14,1077

and 15, respectively.1078

VisRAG-Gen. We also compared two genera-1079

tion methods in VisRAG (Yu et al., 2025), results1080

shown in 7:1081

Page Concatenation. Page Concatenation con-1082

catenates all retrieved images into a single compos-1083

ite image, which is then fed to a vision–language1084

model that only supports single-image inputs; we1085

adopt Qwen2.5-7B-VL as the backbone model for1086

this setting.1087

Weighted Selection. Following VisRAG, we1088

prompts the model to generate an answer for each1089

retrieved image independently and selects the final1090

answer based on a confidence-weighted scoring1091

scheme provided by the original implementation.1092

A.7 Extended Ablation with Bootstrap1093

Confidence Intervals1094

Figure 9 presents an extended visualization of the1095

ablation study in Table 2, where we report 95%1096

bootstrap confidence intervals computed from five1097

runs using different random seeds. The intervals1098

are estimated via 10,000 bootstrap resamples for1099

each method–dataset pair, providing a more reli-1100

able characterization of uncertainty compared to1101

reporting only the mean and standard deviation.1102

Across all five benchmarks, the full EVisRAG1103

model consistently achieves the highest accuracy,1104

with its confidence intervals being well separated1105

from those of the ablated variants in nearly all cases.1106

This non–overlapping behavior indicates that the1107

performance gains from Perception modeling, Per-1108

ception Reward, and RS-GRPO are statistically1109

significant rather than fluctuations due to random1110

initialization. Moreover, the bootstrap intervals1111

of our complete method are noticeably narrower,1112

demonstrating more stable optimization dynam- 1113

ics. In contrast, removing any of the proposed 1114

components not only reduces accuracy but also 1115

increases variance, highlighting the necessity and 1116

robustness of each part of our reward design and 1117

training paradigm. 1118

A.8 More Visual Attention Cases of EVisRAG 1119

We present in Figure 8 a qualitative comparison of 1120

attention alignment with question-relevant visual 1121

evidence. The query asks: When was the article 1122

“Why Young Americans are Driving So Much Less 1123

Than Their Parents" published? A human reader 1124

would first attend to the headline to verify topical 1125

relevance, then shift gaze to the metadata directly 1126

beneath it, where the publication date “APR 10, 1127

2012" appears. As shown in the figure, EVisRAG 1128

places greater attention mass on these evidence re- 1129

gions than the baselines, and in its reasoning trace, 1130

explicitly observes and records the date "APR 10, 1131

2012," yielding the correct answer. This case illus- 1132

trates that EVisRAG enhances perception during 1133

reasoning by aligning attention with task-critical 1134

visual evidence. 1135

A.9 Evidence-Guided Reasoning 1136

Optimization via RS-GRPO 1137

To evaluate the effectiveness of our proposed 1138

Reward-Scoped Group Relative Policy Optimiza- 1139

tion (RS-GRPO), we compare its training dynamics 1140

with the standard GRPO baseline. As shown in Fig- 1141

ure 10a, RS-GRPO consistently achieves higher 1142

answer rewards throughout training. While both 1143

methods exhibit fluctuations in early stages, RS- 1144

GRPO demonstrates a more stable upward trend 1145

and converges to a substantially higher reward level. 1146

This indicates that the fine-grained reward signals 1147

applied to in-scope tokens allow RS-GRPO to bet- 1148

ter align visual perception with reasoning, leading 1149

to more reliable improvements. Overall, these re- 1150

sults confirm that RS-GRPO provides more effec- 1151

tive optimization than GRPO, enabling EVisRAG 1152

to achieve superior reasoning quality. 1153

A.10 Inference Efficiency of EVisRAG 1154

The results in Figure 10b compare inference accu- 1155

racy, latency, and output length on the ViDoSeek 1156

dataset across different approaches. Baseline mod- 1157

els such as Qwen2.5-VL-7B-Instruct and Open- 1158

VLThinker exhibit relatively low inference time 1159

(around 90–95 seconds) and short outputs (approxi- 1160

mately 270–330 tokens), but their accuracy remains 1161
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Question:  When was the 
article “Why Young 
Americans are Driving So Much 
Less Than Their 
Parents” published?
Answer:  APR 10, 2012

Qwen2.5-VL-Instruct OpenVLThinker-7B

w/o Perception EVisRAGR1-Router

EVisRAG reasoning process：
<observe>
Image 1 is the article titled “Why Young Americans Are Driving So Much Less Than Their Parents” with the publication date 
mentioned as APR 10, 2012. This image contains the exact information needed to find the publication date of the article.
Image 2 is the bar chart on youth dominance online. This image does not contain any information on the publication date of the 
article or any publication dates related to the article's release.
Image 3 is the pie chart on college affordability and importance. This image does not contain any information on the publication
date of the article or any publication dates related to the article's release.
</observe>
<evidence>
[1]: The article “Why Young Americans Are Driving So Much Less Than Their Parents” is dated APR 10, 2012.
[2]: no relevant information
[3]: no relevant information
</evidence>
<think>
Image 1 shows the exact publication date of the article “Why Young Americans Are Driving So Much Less Than Their Parents” as 
APR 10, 2012.
</think>
<answer>APR 10, 2012</answer> Correct

Figure 8: A Evidence Attention Case Study on SlideVQA.

below 44%. R1-Router does not improve accuracy1162

while incurring the highest computational cost: it1163

requires the longest inference time (about 120 sec-1164

onds) and produces the most verbose outputs (over1165

400 tokens) for a similar accuracy level. In contrast,1166

our proposed EVisRAG, which adopts a single-step1167

generation strategy, achieves a substantial accuracy1168

gain of over 52% with only a modest increase in1169

latency (around 100 seconds) and a moderate num-1170

ber of output tokens (about 300). These results1171

show that EVisRAG delivers significantly better1172

reasoning quality without sacrificing efficiency or1173

introducing excessive verbosity, demonstrating its1174

practicality for real-world applications.1175

A.11 Experiments on Natural Images 1176

To further assess the generalizability of our method 1177

beyond document images, we additionally evaluate 1178

it on natural-image retrieval and reasoning under 1179

large-scale settings. We adopt the Visual Haystacks 1180

dataset (Wu et al., 2024) as both training and eval- 1181

uation data. From the 2-image, 3-image, and 5- 1182

image configurations, we first select the same 100 1183

questions for each setting, resulting in 300 training 1184

examples in total, and use the remaining 900 ques- 1185

tions in each configuration as test data. In addition, 1186

we evaluate on the 10-image and 50-image config- 1187

urations, using all 1,000 questions in each as test 1188

17



ChartQA0

20

40

60

80

Ac
cu

ra
cy

InfoVQA DocVQA SlideVQA ViDoSeek

w/o Perception
w/o Perception Reward
w/o RS-GRPO
Ours

Figure 9: Ablation study(%): “w/o Perception" trains the model with a standard think-then-answer approach on the
same data. “w/o Perception Reward" uses only answer correctness as the reward, omitting the additional Perception
Reward. “w/o RS-GRPO" sums all rewards and applies them to every token, corresponding to the standard GRPO
algorithm. Results are averaged over 5 runs with different random seeds, and error bars indicate 95% bootstrap
confidence intervals.
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Figure 10: Training and Inference Efficiency Comparison of EVisRAG

examples. For the 10- and 50-image settings, we1189

employ clip-vit-large-patch14-336(Radford1190

et al., 2021) to retrieve the top-3 most relevant im-1191

ages, which are then fed into the model.1192

We compare our trained model against the orig-1193

inal Qwen7B model as the baseline. As shown in1194

Table 8, our approach achieves more than 20% ab-1195

solute accuracy improvement in the in-distribution1196

settings (2, 3, and 5 images). In the out-of-1197

distribution settings (10 and 50 images), even when1198

relying on a relatively small CLIP model with im-1199

perfect retrieval quality, our method still yields1200

on average more than 10% absolute improvement.1201

These results demonstrate that our approach re-1202

mains highly effective on natural-image tasks and1203

is not limited to document-centric scenarios.1204

A.12 Robustness to Different Retrievers1205

To examine whether our approach depends on a1206

specific retrieval module, we further evaluate the1207

trained model under multiple independent retriev-1208

ers. Although our method is trained with VisRAG-1209

Ret as the retrieval component, at inference time, 1210

we replace the retriever with two alternative models 1211

of different architectures and scales: Colpali-v1.3 1212

and Jina-embeddings-v4. For each retriever, we 1213

obtain the top-3 relevant images and feed them into 1214

our QA model without any retraining or adapta- 1215

tion. The results in Table 9 demonstrate that our 1216

method yields consistent and substantial improve- 1217

ments across all retrievers, which confirms that our 1218

approach is retriever-agnostic. 1219

A.13 Case Studies of EVisRAG 1220

In this section, we present three case studies il- 1221

lustrating EVisRAG’s effectiveness: (i) single-hop 1222

QA, (ii) multi-hop QA, and (iii) alignment of atten- 1223

tion with question-relevant visual evidence, each 1224

compared against strong baselines. 1225

We begin with the single-hop case illustrated 1226

in Figure 16, drawn from the DocVQA dataset. 1227

In this example, the question asks for the name 1228

of the chemist listed in the document. EVisRAG 1229

correctly perceives and records the visual evidence, 1230
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In Distribution (all images as input) Out of Distribution (top-3 recall)

2 images 3 images 5 images 10 images 50 images

Qwen7b 64.67 64.44 62.00 57.8 56.2
EVisRAG(Ours) 86.22 +21.55 85.33 +20.89 83.11 +21.11 71.6 +13.8 64.5 +8.3

Table 8: Performance on natural-image QA.

Sufficient Ratio qwen7b-Acc qwen7b-F1 evisrag-Acc evisrag-F1

VisRAG-ret (Yu et al., 2025) 84.24 42.56 42.48 52.10 +9.5 65.78 +23.3

Colpali-v1.3 (Faysse et al., 2024b) 84.33 42.23 40.95 50.79 +8.6 63.82 +22.9

jina-embeddings-v4 (Günther et al., 2025) 85.11 40.72 53.02 49.37 +8.7 64.01 +11.0

Table 9: Performance of EVisRAG and Qwen7b with different retrievers on ViDoSeek.

identifying that Richard W. Mann is annotated with1231

the title chief chemist, and subsequently produces1232

the correct answer, Richard W. Mann. In contrast,1233

both OpenVLThinker and R1-Router misperceive1234

the visual annotations during reasoning, mistakenly1235

attributing the role of chemist to other individuals1236

and thus generating incorrect answers.1237

We then analyze the multi-hop case in Figure 171238

from the SlideVQA dataset. The question asks1239

for the number of major languages in the country1240

that governs mainland China and the largely self-1241

governing territories of Hong Kong (since 1997)1242

and Macau (since 1999). Answering requires in-1243

tegrating evidence from two slides: one identi-1244

fies the country as China. The other enumerates1245

China’s major languages, including Mandarin, Yue1246

(Cantonese), Wu (Shanghainese), Minbei (Fuzhou),1247

Minnan (Hokkien–Taiwanese), Xiang, Gan, and1248

Hakka, a total of eight. EVisRAG correctly records1249

the provenance of each piece of evidence and pro-1250

duces the correct answer, demonstrating both re-1251

liable visual perception and cross-page reasoning.1252

In contrast, OpenVLThinker and R1-Router fail:1253

OpenVLThinker infers the correct subgoal but, hav-1254

ing missed the second slide’s list, predicts that no1255

answer exists. R1-Router locates both slides but1256

misperceives the list and counts seven instead of1257

eight.1258
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We strictly comply with the original licenses and1260
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their original release conditions, restrict usage to 1266

non-commercial academic research, and do not re- 1267

distribute any raw data or images. All released 1268

artifacts (including code, model checkpoints, and 1269

processed metadata) exclude any proprietary or re- 1270

stricted content. 1271
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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 
<evidence></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 Evidences
Based on the recorded evidences, 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 evidences you found in the images.
Wrap your answer within <answer></answer> tags.
Avoid adding unnecessary contents in your final answer, like if the question is a yes/no 
question, simply answer "yes" or "no".
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 few evidences, and insufficient to help you answer the 
question, follow the instruction above for insufficient information.

Question and images are provided below. Please follow the steps as instructed.
Question: {query}

Figure 11: The Prompt Template for EVisRAG(SFT&GRPO)
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You are an AI assistant. I will provide a question and some images.

Put your reasoning process within <think></think>.
Please answer the questions based on the multiple pictures given to you, and put your 
your final answer in <answer></answer>.

Please try to remove irrelevant content in the final answer.
If you think there are no relevant information from the picture that can help you 
answer the question, answer <answer>insufficient to answer</answer> after your 
thinking.

Question: {query}

Figure 12: The Prompt Template for baselines.

You are an AI assistant. I will provide a query and some images. Follow these two steps:

In the first step:
Please think step-by-step about the preliminary knowledge to answer the question, 
deconstruct the question as completely as possible down to necessary sub-questions 
based on context, questions and options. Then with the aim of helping humans answer 
the original question, try to answer the sub-questions. The expected answering form is 
as follows:

Sub-questions:
1. <sub-question 1>
2. <sub-question 2>
...

Sub-answers:
1. <sub-answer 1> or 'Uncertain'
2. <sub-answer 2> or 'Uncertain’
...

For a question, assume that you do not have any information about the picture, but try 
to answer the sub-questions and prioritize whether your general knowledge can 
answer it, and then consider whether the context can help. If sub-questions can be 
answered, then answer in as short a sentence as possible. If sub-questions cannot be 
determined without information in images, please formulate corresponding sub-
answer into "Uncertain".

In the second step:
Put your your final answer in <answer></answer> based on the scene graphs.
Please try to remove irrelevant content in the final answer. Like if the question is asking 
for yes or no, then only answer <answer>yes</answer> after your thinking.
If you think there are no relevant information from the picture that can help you 
answer the question, answer <answer>insufficient to answer</answer> after your 
thinking.

Question: {query}

Figure 13: The Prompt Template for DDCOT
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You are an AI assistant. I will provide a query and some images. Follow these two steps:

In the first step:
For the provided images and its associated question, generate a scene graph for each 
images includes the following:

1. Objects that are relevant to answering the question
2. Object attributes that are relevant to answering the question
3. Object relationships that are relevant to answering the question

Then reason the answer of question based on scene graphs.
Put these process within <think></think>.

In the second step:
Put your your final answer in <answer></answer> based on the scene graphs.
Please try to remove irrelevant content in the final answer. Like if the question is asking 
for yes or no, then only answer <answer>yes</answer> after your thinking.
If you think there are no relevant information from the picture that can help you 
answer the question, answer <answer>insufficient to answer</answer> after your 
thinking.

Question: {query}

Figure 14: The Prompt Template for CCOT

You are an AI assistant. I will provide a query, and some images. Follow these two steps:

In the first step:
Find the similarities and differences of these images.
Output separately all the same points and all the differences you find.
Then reason the answer of question based on your findings.
Put these process within <think></think>.

In the second step:
Put your your final answer in <answer></answer>.
Please try to remove irrelevant content in the final answer. Like if the question is asking 
for yes or no, then only answer <answer>yes</answer> after your thinking.
If you think there are no relevant information from the picture that can help you 
answer the question, answer <answer>insufficient to answer</answer> after your 
thinking.

Question: {query}

Figure 15: The Prompt Template for COCOT
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EVisRAG reasoning process：
<observe>
Image 1 is the cover of the book “Evaluating the Safety of Food Chemicals” by the National Academy of Sciences. It does not contain 
any information on any chemist's name, their profession, or any list of individuals and their occupations that could help identify the 
only chemist in the list. This image does not contain any relevant information.
Image 2 is the list of guests with their titles and affiliations. It does not contain any information on the profession of the individuals, 
their specific roles as chemists, or any list that confirms who the only chemist is in the list. No direct information on the profession 
of each individual as a chemist or any other professional title that confirms their role in chemistry.
Image 3 is the list of names with their titles and affiliations. It shows that Richard W. Mann is listed as the “Chief Chemist” from the 
Great Western Sugar Co. No other individual in the list is titled as a chemist or has a title that directly confirms their profession as a 
chemist. No other profession or title confirms any other individual as the only chemist in the list.
</observe>
<evidence>
[1]: no relevant information
[2]: no relevant information
[3]: Richard W. Mann is listed as the \"Chief Chemist\" from the Great Western Sugar Co.
</evidence>
<think>
Based on the evidence from Image 3, the only chemist in this list is Richard W. Mann.
</think>
<answer>Richard W. Mann</answer>

R1-Router reasoning process：
<think>
The question asks for the only chemist in a list. The information provided includes a list of individuals with their respective titles and 
affiliations. The list includes various professionals from different fields, including chemists. The relevant information can be found in 
the list of individuals, where titles such as “Chief Chemist” and “Chemist” are present.
</think>
<answer>
The only chemist in the list is Dr. Walter H. Eddy, who is listed as an American Public Health Association member. This information is 
based on the list of individuals provided, where Dr. Walter H. Eddy is listed with the title “American Public Health Association” next 
to his name.
</answer>

OpenVLThinker reasoning process：
<think> 
Okay, so I need to figure out who the only chemist is in the list provided. Let me start by looking at the images given. The first image 
is a book titled “Evaluating the Safety of Food Chemicals” by the National Academy of Sciences. That doesn't really help me with the 
list, but it might be related to the topic.
Moving on to the second image, it's a list of guests with their titles and affiliations. I'll go through each one to see if anyone is a 
chemist. The list includes people like Mr. Joseph F. Abbott, Miss Charlotte Adams, Mrs. Edith M. Barber, and so on. None of these 
names have “chemist” in their titles. 
The third image is a list of names and their roles. It starts with Richard W. Mann, who is a MSG Plant in Johnstown, Colorado. Then 
there's Carl Peters, who is a Beet Grower Director. William Stewart is an Owner of KLMO. Ed Lehman is an Owner of Longmont 
Times Call. John Meyer is the President of Longmont National Bank. Robert Whyte is the President of St. Vrain Valley Bank. Reggie 
Batt is the President of First National Bank. Arthur G. Salberg is the President of First National Johnstown. Dr. R. K. Oldemeyer is a 
Director of Agricultural Research. Larry Flanders is a Company Attorney. Lloyd Dickens is a Farmer-Director of Production Credit. A. 
Frank Barnes is a Farmer. Harold Nesbitt is a Manager of A.S.C. Office. Art Stromquist is a Farmer.
Looking through this list, the only person with a role that could be related to chemistry is Dr. R. K. Oldemeyer, who is a Director of 
Agricultural Research. However, the question is specifically about a chemist, not an agricultural researcher. So, I need to see if 
anyone else has a chemist title. 
After going through the list, I don't see any other chemists. The other roles are various business and agricultural positions. 
Therefore, the only chemist mentioned is Dr. R. K. Oldemeyer, but the question is asking for the only chemist in the list, which 
implies there's only one. Since the list doesn't mention any other chemists, the answer should be Dr. R. K. Oldemeyer.
</think>
The only chemist mentioned in the list is Dr. R. K. Oldemeyer, who is a Director of Agricultural Research. However, the question asks 
for the only chemist in the list, which implies there's only one. Since the list doesn't mention any other chemists, the answer should 
be Dr. R. K. Oldemeyer.
<answer>Dr. R. K. Oldemeyer</answer>

Question:  Who the only chemist is in the list?
Ground Truth:  Richard W. Mann

Evidence

Correct

Incorrect

Incorrect

Figure 16: A Case Study on DocVQA
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EVisRAG reasoning process：
<observe>
Image 1 is the Country Profile of the People's Republic of China (PRC). It mentions that the PRC has control over mainland China and 
the largely self-governing territories of Hong Kong (since 1997) and Macau (since 1999). This image contains the information 
needed to identify the country and its major languages.
Image 2 is the China Fact Sheet. It lists the major languages in China as Mandarin, Yue (Cantonese), Wu (Shanghainese), Minbei
(Fuzhou), Minnan (Hokkien-Taiwanese), Xiang, Gan, and Hakka dialects. This image contains the exact information needed to find 
the number of major languages.
Image 3 is the map on Ethnolinguistic Groups in Afghanistan. This image does not contain any information on the major languages 
in the country that has control over mainland China and its territories, nor does it contain any information on the number of major 
languages in China or its control over the mentioned territories.
</observe>
<evidence>
[1]: The People's Republic of China (PRC) has control over mainland China and the largely self-governing territories of Hong Kong 
(since 1997) and Macau (since 1999).
[2]: The major languages in the People's Republic of China (PRC) are Mandarin, Yue (Cantonese), Wu (Shanghainese), Minbei
(Fuzhou), Minnan (Hokkien-Taiwanese), Xiang, Gan, and Hakka dialects.
[3]: no relevant information
</evidence>
<think>
Image 2 lists the major languages in the People's Republic of China as Mandarin, Yue (Cantonese), Wu (Shanghainese), Minbei
(Fuzhou), Minnan (Hokkien-Taiwanese), Xiang, Gan, and Hakka dialects. This image contains the exact information needed to find 
the number of major languages in the country that has control over mainland China and its territories.
</think>
<answer>8</answer>

R1-Router reasoning process：
<think>
The question asks for the number of major languages in the country that has control over mainland China and the largely self-
governing territories of Hong Kong (since 1997) and Macau (since 1999). The images provided show information about China, 
including its official name, capital city, area, population, literacy rate, GDP per capita, major languages, currency, and time zone. 
The images do not contain information about Afghanistan, which is unrelated to the question.
The relevant information from the images is: 1. The People's Republic of China (PRC) has control over mainland China and the 
largely self-governing territories of Hong Kong (since 1997) and Macau (since 1999). 2. The major languages in China are Mandarin, 
Yue (Cantonese), Wu (Shanghainese), Minbei (Fuzhou), Minnan (Hokkien-Taiwanese), Xiang, Gan, and Hakka dialects. Based on the 
information provided, the answer to the question is:
</think>
<answer>
There are 7 major languages in the country that has control over mainland China and the largely self-governing territories of Hong 
Kong (since 1997) and Macau (since 1999). These languages are Mandarin, Yue (Cantonese), Wu (Shanghainese), Minbei (Fuzhou), 
Minnan (Hokkien-Taiwanese), Xiang, and Gan. Hakka dialects are also considered major languages in China.
</answer>

OpenVLThinker reasoning process：
<think>
Okay, so I need to figure out how many major languages are spoken in the country that has control over mainland China and the
self-governing territories of Hong Kong and Macau. Let me start by looking at the images provided.
First, I'll look at the Country Profile image. It mentions that the People's Republic of China (PRC) has control over mainland China 
and the self-governing territories of Hong Kong and Macau. That's the country we're looking for.
Next, I'll check the China Fact Sheet image. It lists the major languages spoken in China. The list includes Mandarin, Yue (Cantonese), 
Wu (Shanghainese), Minbei (Fuzhou), Minnan (Hokkien-Taiwanese), Xiang, Gan, and Hakka dialects. So, the question is asking about 
the number of major languages. The image mentions several dialects, but it doesn't specify how many are considered major.
However, the image doesn't provide a clear cut-off point for what constitutes a major language versus a dialect. 
Given that the image lists multiple dialects, it's possible that each one is considered a major language. However, the image doesn't 
provide a definitive number. It's also worth noting that the image doesn't mention any other languages besides these Chinese 
dialects. Therefore, based on the information provided, the number of major languages is not explicitly stated. The image suggests 
multiple dialects, but it doesn't give a specific number. So, the answer would be that there are multiple major languages, but the 
exact number is not provided.
</think>
The image mentions several dialects, but it doesn't specify how many are considered major languages. Therefore, the number of
major languages is not explicitly stated.
<answer>insufficient to answer</answer>

Question:  How many major languages are there 
in the country that has control over mainland 
China and the largely self-governing territories of 
Hong Kong (since 1997) and Macau (since 1999)?
Ground Truth:  8

Correct

Incorrect

Incorrect

Evidence

Figure 17: A Case Study on SlideVQA
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