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Abstract

Effectively retrieving, reasoning and understanding visually rich information re-
mains a challenge for traditional Retrieval-Augmented Generation (RAG) methods.
On the one hand, traditional text-based methods cannot handle visual-related in-
formation. On the other hand, current vision-based RAG approaches are often
limited by fixed pipelines and frequently struggle to reason effectively due to the
insufficient activation of the fundamental capabilities of models. As reinforcement
learning (RL) has been proven to be beneficial for model reasoning, we introduce
VRAG-RL, a novel RL framework tailored for complex reasoning across visually
rich information. With this framework, VLMs interact with search engines, au-
tonomously sampling single-turn or multi-turn reasoning trajectories with the help
of visual perception tokens and undergoing continual optimization based on these
samples. Our approach highlights key limitations of RL in RAG domains: (i) Prior
Multi-modal RAG approaches tend to merely incorporate images into the context,
leading to insufficient reasoning token allocation and neglecting visual-specific
perception; and (ii) When models interact with search engines, their queries often
fail to retrieve relevant information due to the inability to articulate requirements,
thereby leading to suboptimal performance. To address these challenges, we define
an action space tailored for visually rich inputs, with actions including cropping and
scaling, allowing the model to gather information from a coarse-to-fine perspective.
Furthermore, to bridge the gap between users’ original inquiries and the retriever,
we employ a simple yet effective reward that integrates query rewriting and retrieval
performance with a model-based reward. Our VRAG-RL optimizes VLMs for
RAG tasks using specially designed RL strategies, aligning the model with real-
world applications. Extensive experiments on diverse and challenging benchmarks
show that our VRAG-RL outperforms existing methods by 20% (Qwen2.5-VL-7B)
and 30% (Qwen2.5-VL-3B), demonstrating the effectiveness of our approach. The
code is available at https://github.com/Alibaba-NLP/VRAG.

1 Introduction

Retrieval-Augmented Generation (RAG) [12, 18, 4] enables Language Models (LMs) to leverage
external information to tackle problems. Due to the limitations of traditional textual RAG methods
in handling visually rich information , efforts have been made to introduce RAG into the visual
domain by integrating Vision-Language Models (VLMs) [1, 7, 33, 15, 34] with search engines.
However, current visual RAG methods still fall short in effectively reasoning with search engines and
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Figure 1: Overall Framework of our Reinforcement Learning Framework. (a) demonstrates the
interaction process between the model and the external environment, as well as the implementation of
the GRPO algorithm. (b) shows the proposed visual perception action space which allows the model
to extract information from a coarse-to-fine perspective. (c) is the specially designed reward for RAG,
which combines outcome and retrieval performance across the entire sampling process.

understanding complex visual information. Reinforcement Learning (RL) has been recognized as an
effective approach for optimizing VLMs in complex reasoning tasks [39, 20, 14, 30, 49]. Therefore,
RL offers a promising approach to address the challenges faced by visual RAG methods.

Inspired by these advancements, we introduce VRAG-RL, a novel multimodal RL framework
specifically designed for iterative reasoning in visually rich information RAG. Our approach is based
on three critical observations: (i) Insufficient activation of reasoning capabilities with visual
information. Existing methods underutilize the reasoning potential of VLMs when incorporating
visual information. For instance, prior approaches tend to merely embed images into the context
without adequately addressing visual-specific perception processes, resulting in insufficient reasoning
token allocation and limiting the models’ ability to fully leverage visual data for complex reasoning
tasks. (ii) Inefficient and disjointed Retrieval. In previous work, limited by the inability to articulate
complex requirements, models struggled to retrieve relevant information efficiently, which may lead
to repetitive and meaningless interactions, restricting the overall effectiveness. (iii) Inconsistent
multi-turn reasoning and unstable training with VLMs. Current RL frameworks for LMs often
struggle with maintaining stability and consistency during multi-turn reasoning. Handling complex,
multi-step reasoning tasks can be particularly challenging, as models may encounter difficulties in
maintaining effective reasoning across interactions with external environments, leading to inconsistent
performance and suboptimal results. This challenge is further exacerbated for VLMs, which are
limited by their instruction-following and reasoning capabilities.

Building upon these insights, VRAG-RL introduces improvements in various modules: (i) We
propose a visual perception action space that includes selecting regions of interest and zooming
into these areas. VLMs with visual perception tokens in the action space are capable of acquiring
information from coarse-to-fine perspective. As shown in Figure 1 (b), when dealing with images or
charts within documents, VLMs can give higher attention to information-dense areas through the
proposed perception tokens. This allows the model to more effectively activate reasoning abilities
within a limited context length, preventing the overlooking of details. (ii) Furthermore, rather than
relying solely on a simple outcome-based reward, we factor in the effectiveness of the retrieval
process as part of the reward structure. In particular, during the interaction between the model and
the search engine, retrieving pertinent images promptly enhances the model’s ability to address
questions effectively, whereas persistently retrieving irrelevant documents adds noise and hampers the
reasoning process. As illustrated in Figure 1 (c), by integrating retrieval performance into reward, we
establish comprehensive guidance for retrieval-augmented generation frameworks. (iii) Inspired by
the current think-then-answer approach and the ReAct paradigm, we model the interaction between
the VLMs and the search engine, along with the visual perception action space, as a process of
iterative reasoning and tool invocation. Figure 1 (a) illustrates our training pipeline, which supports
automatic sampling and integrates the GRPO algorithm. To ensure stability in multi-turn sampling
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and training, we have carefully designed the sampling strategy including post-processing for each
interaction, and model-based reward together with the retrieval reward mentioned above guides the
model training. Additionally, we have re-annotated existing datasets of visually rich documents and
developed a data construction pipeline to efficiently scale data for RL and SFT.

Our major contributions are as follows:

• We propose VRAG-RL, a novel reinforcement learning framework tailored for training
VLMs to effectively reason, retrieve, and understand visually rich information.

• We define a visual perception action space that includes selecting, cropping, and scaling
regions of interest, allowing VLMs to gather information progressively from coarse-grained
to fine-grained levels. This action space enhances the models’ ability to focus on information-
dense areas and activates their vision-specific reasoning capabilities more effectively.

• We introduce a comprehensive reward structure that integrates retrieval performance and
model-based outcome reward. This reward mechanism aligns the model more closely with
real-world applications, bridging the gap between users’ original intentions and the retriever.

• Extensive experiments demonstrate the effectiveness of our method. VRAG-RL significantly
outperforms strong baselines, achieving over 20% improvement on various benchmarks.

2 VRAG-RL

In this section, drawing on insights and foundational ideas, we present a comprehensive description
of our VRAG-RL framework. We start with the formulation of the problem (§2.1), then introduce
the action space designed for visual perception (§2.2) and the fine-grained reward specifically defined
for the RAG task (§2.3). Finally, we illustrate the model interaction process in the rollout module and
the reinforcement learning training implementation of our framework (§2.4).

2.1 Problem Formulation

Given a query denoted as q, we have a huge collection of images C = {I1, I2, . . . , IN}, consisting of
N images. Each image contains a variety of visually rich elements, such as flowcharts, charts, tables,
and diverse layouts, derived from real-world documents across multiple domains, including slides
and reports. Our goal is to efficiently reason, accurately retrieve the most relevant images, extract
valuable information from the complex visual data, and generate the final answer a to the query q.

2.2 Visual Perception Action Integration for Understanding Information-Dense Regions

Previous works merely involved migrating textual RAG to the multi-modal domain, which simply
meant inserting images into the context and then reasoning and responding. However, these efforts
overlooked the characteristics of image data, where the efficiency of visual perception is closely
related to image resolution, visual element layouts, information density, and other visually related
factors. Motivated by these findings, we introduce a dynamic novel visual perception paradigm into
VLMs that involves region selection and re-encoding at the token level, as illustrated in Figure 2.

Definition of Visual Perception Actions. We define the visual perception action space for VLMs by
taking into account the specific characteristics of visual information. This enables the model to select
regions with high information density or regions relevant to the query for a detailed view, acquiring
information from a coarse to fine perspective. We integrate search queries, answer summaries, and
visually specific actions into a unified action space to align with the model’s pre-training domain.

The policy model πθ interacts with the environment in the Thought-Action-Observation (T ,A,O)
paradigm. In each interaction, the model generates the next action At ∼ πθ(· | Ht−1) based on the
trajectory Ht−1 from step t− 1 and earlier. A role-based function is used to extract visual perception
tokens <region> and </region>, whose main purpose is to select, crop, and zoom in on the region of
interest of the image that has already been retrieved in the context:

At ×Ok → Ot, k ∈ {1, 2, . . . , t− 1}, (1)

Given a w×h image as an observation Ok, a bounding box [xmin, ymin, xmax, ymax] within percep-
tion tokens can precisely delineate the position of region R, where (xmin, ymin) and (xmax, ymax)
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Figure 2: Comparison between our VRAG-RL and the traditional RAG in terms of perception
methods. (a) Traditional methods lack effective perception, which easily leads to repetitive and
ineffective retrieval calls and suboptimal outcomes. (b) Our VRAG-RL is efficient and accurate,
enabling the model to perceive information-dense regions from a coarse-to-fine perspective.

represent the coordinates of the top-left and bottom-right pixels of region R. Some current models’
pre-training domains for grounding tasks normalize the coordinates to [0, δ], resulting in actual
coordinates of (x× w

δ , y × h
δ ), while other models, such as Qwen2.5VL, directly use the original

coordinates without normalization. Then we will map the selected region R from the image tokens in
context to the wraw × hraw raw image, and crop this raw image to obtain R̂:

R̂ = Crop(Iraw, [xmin × wraw

wencoder
, ymin × hraw

hencoder
, xmax ×

wraw

wencoder
, ymax ×

hraw

hencoder
]). (2)

where (wraw, hraw) are the shape of the original image Iraw, (wencoder, hencoder) are determined
by the vision encoder such that wencoder × hencoder = Pixelsmax. Finally, R̂ is integrated into the
context as an observation: R̂ → Ot. Actually, the image token embedded in the context does not
represent the original size of the image. The maximum pixel size Pixelsmax for the vision encoder is
often considerably smaller than the pixel of visually rich documents found in real-world applications.
This is the reason why the region cropped from the original image and scaled within the vision
encoder has a higher density of vision tokens. This simple yet effective "crop and re-input" strategy
enhances visual perception performance by directly increasing perceptual resolution [50, 26, 37].

Trajectory Data Scaling-Up Based on Multi-Expert Sampling. To effectively train the model,
especially smaller-scale models, to learn the utilization of Visual Perception Tokens while retaining
their foundational capabilities, we need to train them with high-quality data through Supervised Fine-
Tuning before applying RL. We propose a multi-expert sampling strategy to scale up the trajectory
data, aiming to sample diverse interactions within the same reasoning trajectory for each data.

The core idea is to utilize large-scale models πLM to effectively guide the reasoning process and
tool selections within a trajectory, while smaller expert models πEM annotate coordinate under the
guidance of large-scale models. At the tth interaction between the model and the environment:

Ht = {T1,A1,O1, · · · ,Ot−1, Tt,At,Ot}, (3)

where Ht is the trajectory, representing the sequence of past observations and actions leading up
to the current step. The πLM equipped with extensive capacities for understanding and processing
complex multi-modal interactions, act as pioneers in determining the overarching reasoning pathway:

{Tt,At} = πLM (· | Ht−1), (4)

We use a rule-based function to extract action and thought. If the action is search, the engine returns
the original image as Ot. Otherwise, each time a visual perception token is output, we employ
grounding-specific expert models to re-locate the coordinates of regions of interest:

Ât = πEM (· | Ht−1; Tt), (5)

where the expert models πEM benefit from the guidance provided by the large model’s thought Tt,
leveraging these insights to enhance their precision in region localization. The newly generated
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coordinates of the region of interest Ât will replace the old visual perception tokens At generated by
πLM , and the re-encoded image serves as observation Ôt:

Ôt = PV (Ot−1, Ât). (6)

where PV represents the visual processing function, the selected region will undergo cropping,
zooming in, and re-encoding before being inserted into the context.

2.3 Fine-Grained Reward Function Tailored for Enhancing RAG Framework
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Figure 3: Experiments on the impact of
context length on model performance.

Unlike traditional RL methods that focus only on output re-
sults, VRAG-RL emphasizes optimizing retrieval in RAG,
as retrieval quality directly affects overall performance.
We designed a reward function with three components:
pattern reward, retrieval efficiency reward, and model-
based outcome reward, guiding the model to efficiently
retrieve information and generate high-quality answers.

Retrieval Efficiency Reward. As shown in Figure 3,
when the information is sufficient, an excessively long
context can interfere with the model. Therefore, the earlier
and more comprehensive the retrieval of relevant information, the better the model can construct
a coherent and informative context for generating high-quality answers. Inspired by Normalized
Discounted Cumulative Gain, and using our predefined relevance of the recalled images, we define:

DCG(Dtrj) =

|Dtrj |∑
i=1

2si − 1

log2(i+ 1)
, si =

{
1, if di ∈ Drel

0, if di /∈ Drel
, (7)

where di ∈ Dtrj represents stacked retrieved images within the trajectory, Drel is the collection of
relevant golden images, si is the predefined relevance score. We believe that the performance is
optimal when all relevant documents are retrieved first, the Ideal-DCG is defined as:

IDCG(Drel) =

|Drel|∑
i=1

2srel − 1

log2(i+ 1)
+

n∑
i=|Drel|+1

2sunrel − 1

log2(i+ 1)
=

|Drel|∑
i=1

1

log2(i+ 1)
, (8)

where srel = 1 and sunrel = 0 respectively represent the relevance scores of ideally relevant and
irrelevant documents. Our Retrieval Efficiency Reward is defined as:

rRet =
DCG(Dtrj ,Drel)

IDCG(Drel)
. (9)

where rRet, the modified NDCG, is directly used as the reward to reflect retrieval performance.

Pattern Consistency and Model-Based Outcome Rewards. The rule-based pattern reward is
designed to encourage the model to follow the reasoning patterns during the interaction process:

rPat ∼ Parse(H), (10)

where H is the generated trajectory. Parse(·) employ action tokens <search> and </search> to
extract predefined actions in the action space. This is crucial for a reasoning agent with a predefined
action space, as it helps effectively extract actions and thoughts. Regarding outcome reward, unlike
rule-based methods that are prone to falling into local optima, we adopt a model-based reward:

rAns ∼ πRM(·|Q,Agolden,Apred), (11)

where Q represents the input query, Agolden is the reference golden answer, and Apred is the answer
generated by the VLMs. Based on these inputs, the evaluation model πRM assesses the correctness of
the final answer. Please refer to Appendix A for the detailed prompt used in the model-based reward.
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Integrated Reward Function. The final reward function is a weighted combination of the three
components described above, with weights used to balance the contributions of each component:

rϕ = α · rRet + β · rAns + γ · rPat. (12)

where α+ β + γ = 1. In practice, we usually set γ = 0 as the model can effectively learn the pattern
after SFT. We set γ = 0.1 when performing RL with cold start to help the model learn the predefined
pattern. By integrating these three components into the reward function, our VRAG-RL provides
a comprehensive and fine-grained evaluation mechanism that guides the model in optimizing its
reasoning and retrieval capabilities in a way that aligns closely with real-world applications.

2.4 Reinforcement Learning Framework with Iterative Reasoning

We apply RL to multimodal RAG agent tasks to enhance the capability of VLMs in retrieving and
reasoning. Our RL framework is primarily divided into two parts for discussion: the rollout process
for multimodal agent and the reinforcement learning training strategy for multi-turn interactions.

Multi-Round Generation with Search Engine and Visual Perception Actions. As shown in Al-
gorithm 1, the model interacts with the external environment in multiple turns, where the observation,
which is the image, is inserted into the trajectory in the role of the user. This is necessary to align
with the model’s pre-training domain, where only the user token can insert image tokens.

Algorithm 1 Interaction of VLM with the External Environment through Iterative Reasoning
Input: Input query x, Policy model πθ , External environment V , Maximum iterations T .
Output: Final trajectory y.
1: Initialize rollout sequence y ← ∅ and action count t← 0
2: while t < T do
3: Generate VLM response sequence yt ∼ πθ(· | x, y)
4: Concatenate yt to the y sequence with the role of assistant: y ← y + yt
5: if <search> </search> detected in yt then
6: Extract search query q ← Parse(yt) and Retrieve related image It = Ret(q)
7: else if <region> </region> detected in yt then
8: Extract visual perception tokens loc← Parse(yt) and Processing image It = PV (loc, y)
9: else if <answer> </answer> detected in yt then

10: return final generated trajectory y
11: end if
12: Concatenate vision tokens It to the sequence y with the role of user: y ← y + It
13: Increment action count t← t+ 1
14: end while
15: return final generated trajectory y

Training Strategy for Reinforcement Learning in Multi-Step Interactions. We propose a RL
framework that enables VLM to learn how to interact with search engines and gather visually rich
information from a coarse-to-fine perspective. The optimization objective is formulated as:

max
πθ

Ex∼D,y∼πθ(·|x;V) [rϕ(x, y)]− βDKL [πθ(y | x;V) ||πref(y | x;V)] , (13)

where the πθ is the policy model, πref is the reference model, DKL is KL-divergence, and y ∼
πθ(· | x;V) = πθ(· | x)⊗ V is the rollout process. Our approach implements Group Relative Policy
Optimization (GRPO) [13], which optimizes the model’s retrieval-augmented reasoning capability
with group-sampled role-play trajectories. Please refer to Appendix C for more details.

3 Experiments

3.1 Experimental Settings

Datasets, Metric and Baselines. To evaluate the effectiveness of VRAG-RL, we compare our
method with the text-based and vision-based baselines: (1) Vanilla RAG [11] uses the original
question as a query for the search engine, then VLMs perform direct inference. (2) ReAct [48]: The
model performs rewriting, retrieving, and reasoning in the think-then-act paradigm. (3) Search-R1(-
VL) is the baseline adapted from Search-R1 [19], and the settings are aligned across all experiments
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Table 1: Main Results. The best performance are marked in bold. SlideVQA and ViDoSeek mainly
focus on reasoning type, while MMLongBench focuses on the visual type of reference content.
OCR-based (�) RAG and purely visual (�) RAG are evaluated with the same prompt and setting.

METHOD
SLIDEVQA VIDOSEEK MMLONGBENCH OVERALLSingle-hop Multi-hop Extraction Logic Text Table Chart Figure Layout

Qwen2.5-VL-3B-Instruct

� Vanilla RAG 15.1 12.1 8.8 14.3 3.9 5.1 1.7 3.1 2.5 11.2
� ReAct [48] 11.8 9.9 5.3 7.4 6.5 3.7 3.9 5.2 2.5 8.4
� Search-R1 [19] 17.5 13.8 13.3 20.7 3.4 3.2 4.5 4.1 6.8 14.1

� Vanilla RAG 19.4 12.2 10.1 17.3 2.2 4.1 5.2 4.7 4.3 13.2
� ReAct [48] 15.7 10.9 6.7 14.2 2.7 3.6 3.4 3.1 5.1 10.9
� Search-R1-VL [19] 26.3 20.1 20.1 29.8 8.5 7.8 7.9 9.3 7.6 21.3

� VRAG-RL (Ours) 65.3 38.6 63.1 73.8 22.7 16.1 21.9 21.4 19.5 53.5

Qwen2.5-VL-7B-Instruct

� Vanilla RAG 26.1 10.6 24.7 30.9 8.5 5.4 11.7 4.4 3.3 20.9
� ReAct [48] 21.2 13.3 14.3 21.3 5.9 5.1 7.3 5.5 1.7 15.8
� Search-R1 [19] 28.4 19.7 20.8 30.6 9.9 6.0 7.9 10.1 5.9 22.2

� Vanilla RAG 29.1 17.4 26.4 41.3 13.1 14.7 15.9 4.3 7.6 24.2
� ReAct [48] 34.8 20.4 27.5 42.1 10.1 12.4 10.2 6.2 7.1 26.9
� Search-R1-VL [19] 48.3 42.3 40.5 50.3 19.9 13.4 12.9 11.4 10.2 37.4

� VRAG-RL (Ours) 69.3 43.1 60.6 74.8 26.1 26.3 24.8 25.9 21.2 57.1

to ensure fairness. We evaluate our method on three challenging, visually rich benchmarks: ViDoSeek
[41], SlideVQA [40] and MMLongBench [29]. The model-based evaluation metric is binary 0 or 1,
indicating the accuracy of the model’s responses.Please refer to Appendix E and F for more details.

Training and Inference Setups. We conducted SFT and RL on llama-factory [53] and verl [38]
respectively. We use full parameter fine-tuning and cosine learning scheduler with a warmup ratio
of 0.1 during SFT. When training with the GRPO algorithm, we set the group size to 5 and the
coefficient for the KL loss is typically set to 0.01, but if we perform cold start, we set it to 0 to disable
the KL loss constraint on the model. During training and inference, we built a search engine from a
database of approximately ∼ 70k visual documents. All the experiments are conducted on 8 NVIDIA
A100 80G GPUs. Please refer to Appendix G for detailed hyperparameters used in our paper.

3.2 Results

Main Results. As shown in Table 1, compared to purely visual methods, OCR-based methods
exhibit significant limitations on visually intensive benchmarks. On the one hand, visual information
inherently contains elements that cannot be represented by text, such as element positions, layout, and
color, etc. On the other hand, the perceptual capabilities of OCR models are considerably inferior to
those of the current advanced VLMs, which restricts the overall performance ceiling of the framework.
Visual-based methods have proven to be a more elegant solution compared to OCR-based methods,
especially in tasks related to visual understanding. For prompt-based baselines of vision domain,
Vanilla RAG and ReAct exhibit poor performance, far behind RL-based baselines and our method
on various benchmarks. The 7B model, compared to the 3B model, possesses superior perception
and understanding capabilities, exhibiting strong performance across various datasets. For RL-based
baselines, our method also performs better than search-R1-VL on both Qwen2.5-VL-7B-Instruct
(34.7 → 57.1) and Qwen2.5-VL-3B-Instruct (21.3 → 53.5). The evaluation results on SlideVQA and
ViDoSeek demonstrate our model’s significant improvement in reasoning capabilities across various
reasoning tasks. Furthermore, as MMLongBench includes multiple visual elements, which indicates
the model’s improvement in visual perception capabilities, this phenomenon is related to our proposed
visual perception action space. The results across various benchmarks prove the effectiveness and
generalization of our method in the retrieval and reasoning of visually rich information.

Approach Ablations. As shown in Table 2, taking Qwen2.5-VL-7B-Instruct as an example, we
decompose the key components of VRAG-RL to examine the impact of different rewards and action
space on performance separately. In a macro view, removing each module results in a clear drop in
the accuracy, which validates the power of our RAG-specific reward and Visual-perception action
space.
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Table 2: Ablation study on three benchmarks.

REWARD ACTION SPACE AccuracyVanilla RAG-Specific Search Visual-Perception
✓ ✓ 47.2
✓ ✓ ✓ 49.3

✓ ✓ 54.9
✓ ✓ ✓ 57.1

The action space module we defined shows a cer-
tain degree of improvement on different bases,
which proves the effectiveness of the visual
perception-based strategy. Consistent with
the findings demonstrated in MMLongBench in
Figure 5, the visual perception action space we
introduced has generally enhanced the frame-
work’s performance, particularly in improving high-density visual information. Furthermore, ablation
experiments on the reward model further demonstrate that retrieving relevant information is a pre-
requisite for high-quality generation, highlighting the role of high-quality retrieval in RAG, which
proves the importance of our RAG-specific reward. Comparisons and analyses of experiments
across different settings collectively demonstrate the effectiveness and generalization of our modules,
and their combination comprehensively enhances end-to-end performance from various perspectives.

3.3 Analysis
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Figure 4: The retrieval performance of tradi-
tional prompt-based RAG and our approach.

Better retrieval facilitates high-quality generation.
Our VRAG-RL framework significantly enhances the
retrieval efficiency, which is crucial for constructing
a coherent and informative context for high-quality
generation. As demonstrated in Figure 3, the context
length has a substantial impact on model performance.
When the context is too long, it can introduce noise and
interfere with the model’s ability to generate accurate
answers. In contrast, when relevant information is
retrieved early and comprehensively, the model can
build a more focused and informative context. As
shown in Figure 4, our model is more effective at
retrieving relevant information compared to traditional prompt-based rewrite methods. Our approach
provides the vision model with a better context for generating high-quality answers.

Text

Table

Chart Figure

Layout

Vanilla
w/ Visual Perception

w/o Visual Perception

Figure 5: Relative perfor-
mance on MMLongBench.

Visual perception action space provides a fine-grained perspective.
The visual perception action space introduced in our framework further
enhances understanding by allowing the model to focus on information-
dense regions of images. Figure 5 illustrates the relative performance
comparison between our approach with visual perception action space
and various baselines, from which we can observe that VRAG-RL
not only performs well in textual tasks but also shows noticeable im-
provements in tasks requiring visual perception abilities, particularly
in Layout, Chart, and Figure. This is particularly important given the
current limitations in computational resources, especially considering
that VLMs are highly memory-intensive. Using this dynamic resolution
strategy, the model can achieve more detailed perception within the

constraints of limited computational resources, rather than simply maximizing the resolution of
the original image. Our method achieves an improvement in perceptual abilities while optimizing
resource utilization. Perhaps this human-like way of thinking and acting is the key to AGI.

Table 3: Average Finish Rate (%) and
Average Invalid Action Rate (%).

Method Invalid Action Rate ↓ Finish Rate ↑
SFT 9.4 84.2
+ RL 5.1 97.1

Reinforcement learning helps the model to perform multi-
step reasoning effectively. One major challenge of the
prompt-based method is that as the number of interactions in-
creases, the model’s capability to follow instructions weakens.
However, pre-training with SFT helps the model reason in a
pre-defined pattern compared to cold start, but it also impacts
the model’s inherent foundational capabilities to some extent. To further explore the activation of
multi-turn reasoning abilities in models by RL, we compared the iterative reasoning performance
of models with and without RL, as shown in Table 3. For our method with action space, effective
actions are crucial for interacting with the external environment. The Invalid Action Rate indicates
incorrect action responses, which include not only pattern errors but also hallucinations caused by
wrong cropping, answering before retrieval, and so on. Inefficient reasoning often includes repeated
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meaningless searches, leading to a decrease in the finish rate. Our method with RL effectively reduces
the invalid rate and increases the finish rate. It guides the model to make optimal decisions at each
step of the reasoning process, enabling it to flexibly adjust strategies when faced with different types
of out-of-domain visual information, thereby better completing complex reasoning tasks.

Model-based reward offers more stable training compared to rule-based reward. Previous
works often use EM as the reward, which is too strict. Unlike short answers for data-related questions,
it is difficult for the model’s responses to exactly match the golden answer, resulting in inefficient
training. However, using recall as a reward may lead to misjudgments and cause models to hack the
function, resulting in repetitive responses that destabilize training. In contrast, a model-based reward
leverages an evaluation model to assess the quality and relevance of generated responses in a more
flexible manner. This approach not only aligns better with real-world applications but also provides a
more stable and effective training signal, as demonstrated in Appendix A. The model-based reward
thus enables VRAG-RL to achieve more robust performance across visual reasoning tasks.

Answer
Search
Perception

Avg. Action Count

Vanilla RAG

ReAct RAG

VRAG-RL

Figure 6: Latency Analysis on Generation.

Time efficiency. As shown in Figure 6, our
method’s multi-turn interaction with external environ-
ments can lead to increased latency. The latency of
vanilla RAG remains consistent, as it only performs a
single search and provides an answer. ReAct RAG, a
prompt-based method, also demonstrates multi-turn
interaction capabilities due to the fundamental rea-
soning abilities of the model. However, it is limited
to only two defined actions: answer and search. Due to the lack of sufficient perception capabilities, it
often falls into repetitive search loops. Our approach equips the model with a visual perception space
that can effectively understand visually rich images. The model can quickly extract answers after
retrieval, thus avoiding ineffective searches. Despite the increase in latency, the overall performance
improves due to the higher quality of generated answers, making the trade-off between latency and
accuracy highly beneficial for visually rich retrieval and understanding tasks.

Case Study. In Figure 7 and 8 (Appendix H), we list the trajectories of our VRAG-RL to illustrate
how our model reasons and interacts with the environment. These cases highlight two challenges
in visually rich information RAG: (1) accurately retrieving relevant images, and (2) the reference
information often requires higher-resolution perception. In Figure 7, we can observe that the model
demonstrated reflective capability, and eventually identified subtle clues in the relevant images.
Moreover, as shown in Figure 8, the model engages in visual perception actions only when required,
showcasing human-like reasoning instead of simply replicating patterns from its training data.

4 Related Work

Vision-based Retrieval-augmented Generation. RAG demonstrates significant advantages in
addressing knowledge-intensive problems [22, 12, 2]. Traditional text-based RAG methods typically
involve designing different agents to interact with search engines [45, 5, 6, 44, 25, 32, 21, 10].
However, with the widespread adoption of electronic documents, knowledge is no longer confined to
text. Recently, there has been an increasing amount of research on OCR-free retrieval methods that
directly align textual queries with images [51, 11]. Furthermore, more and more work is focusing on
multimodal RAG agents [41, 8, 16, 24, 46], enabling more accurate retrieval and extraction of visual
information. Our work builds upon these developments by incorporating visual perception actions
into visual-based RAG, effectively activating the reasoning and understanding capabilities of VLMs.

Reinforcement Learning with Large Models. Reasoning capabilities are crucial for models to
effectively address complex problems, and RL has been proven to be a powerful approach to enhance
these capabilities [13, 15]. Previous work applied RL in the training of LLMs [31, 43, 35, 36, 13, 27].
Additionally, more and more works aim to use RL to enhance the reasoning capabilities of VLMs
[3, 30, 28, 52]. Recent advancements have seen RL being widely applied to the training of large
model-driven agents [42]. These agents, especially RAG agents, require robust multi-step reasoning
capabilities to interact effectively with external environments [17, 23]. However, there is still a
scarcity of RL frameworks specifically tailored for multimodal iterative reasoning, which is essential
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for handling visually rich information. Our work aims to fill this gap by introducing a novel RL
framework that enables VLMs to perform iterative reasoning with visual perception actions, thereby
enhancing their reasoning capabilities in complex, multi-modal retrieval-augmented reasoning tasks.

5 Conclusion and Future Work

In this paper, we introduce VRAG-RL, a novel reinforcement learning framework tailored for complex
reasoning across visually rich information. Our approach enables Vision Language Models to interact
with search engines more effectively, significantly enhancing their reasoning and retrieval capabilities.
Extensive evaluations on various benchmarks have demonstrated significant advantages in visual
information reasoning, retrieval, and understanding with our model. For future work, we plan to
introduce more actions that mimic how humans handle complex information, allowing the model
to focus more on deep thinking. Additionally, we aim to reduce hallucinations by leveraging more
advanced models, further improving the accuracy and reliability of our framework.
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paper’s contributions and scope?
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Justification: The abstract and introduction clearly state the contributions and scope.
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• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: The paper includes potential limitations of the proposed method.
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the paper has limitations, but those are not discussed in the paper.
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violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.
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tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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Justification: Theoretical results are accompanied by detailed assumptions and complete
proofs.
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• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides detailed instructions for reproducing the experimental
results.
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• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The paper provide data and detailed instructions for reproduction.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper provides a detailed description of the experimental setup.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The experimental results were conducted multiple times and averaged, provid-
ing data and error analysis.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

16

https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy


• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: The paper provides the details of them.
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• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research adheres to all guidelines outlined in the NeurIPS Code of Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: The paper discusses both the potential positive and negative societal impacts.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper does not involve high-risk data or models.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All existing assets are properly credited.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: New assets are well documented.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: The paper describe the usage of LLMs and VLMs.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

20

https://neurips.cc/Conferences/2025/LLM


Appendix

A Model-Based Reward

We employ a model-based reward to evaluate the quality and relevance of generated responses.
Specifically, we utilize Qwen2.5-7B-Instruct [47] as our reward model. This model is deployed on 4
NVIDIA A100 GPUs to enable efficient batch evaluation. The prompt used for the reward model
is illustrated in Figure 12. Given the input query, reference answer, and generated response, the
reward model assesses the correctness of the generated response and outputs a binary value (0 or
1) to represent the accuracy of the answer. Compared to the rule-based reward like exact match
(EM) or Recall, used in previous work [19, 3], our model-based reward provides a more flexible and
comprehensive evaluation of the generated response. This leads to higher training efficiency and
better generalization to diverse datasets.

B The implementation of the search engine

To effectively support the retrieval-augmented generation tasks in our VRAG-RL framework, we
implemented OCR-based and vision-based pipeline separately. The vision-based retriever is built
upon the state-of-the-art embedding model ColPali [11], which is specifically designed for aligning
textual queries with images. For the textual retrieval pipeline, we employ the PP-OCR [9] to extract
text from images. We utilize the Llama-Index to ensure an efficient indexing and querying mechanism
for large-scale image datasets. In our experiments, we deployed the search engine on a single NVIDIA
A100 80G GPU, allowing us to handle large-scale queries efficiently. The use of batch querying
further optimizes the retrieval speed, making it suitable for real-time applications.

C Reinforcement Learning Framework with GRPO

Our framework implements the Group Relative Policy Optimization (GRPO), which leverages the
average reward of multiple sampled outputs as a baseline rather than relying on a learned value
function. The policy model is optimized by maximizing the following objective function:

JGRPO(θ) =E
x∼D,{yi}Gi=1

∼πold(·|x;V)

[
1

G

G∑
i=1

1∑|yi|
t=1 I(yi,t)

|yi|∑
t=1:I(yi,t)=1

min

(
πθ(yi,t|x, yi,<t;V)

πold(yi,t|x, yi,<t;V)
Âi,t,

clip

(
πθ(yi,t|x, yi,<t;V)

πold(yi,t|x, yi,<t;V)
, 1 − ϵ, 1 + ϵ

)
Âi,t

)
− βDKL [πθ||πref]

where rollout module samples a group of trajectories {y1, y2, . . . , yG} from the reference policy
πref for each input question x by interacting with the external environment V . Âi,t represent the
advantage, computed based on the relative rewards of outputs within each group.

D Expert Trajectories Collection

Data Collection. To train our model effectively, we collected expert trajectories using Qwen-
VL-max-latest for prompt-based data collection. Specifically, we utilized the React-based prompt
to gather data, ensuring that the model could perform complex reasoning tasks. During the data
collection process, whenever grounding was required to focus on specific regions of interest within
images, we employed Qwen2.5VL-72B to perform the grounding tasks. This was done under the
guidance of the historical trajectories.

Data Proportions. To ensure that our model could perform diverse multi-step reasoning during
Reinforcement Learning (RL), we carefully balanced the training data. Specifically, we balanced
the trajectories based on the number of steps (2-6) and the types of actions involved (search and
perception). This approach ensured that the model was exposed to a wide range of reasoning tasks
and could learn to handle different types of interactions with the environment effectively.

21



E Dataset Information

We evaluate our method on three visually rich document datasets: SlideVQA, ViDoSeek, and
MMLongbench.

1. SlideVQA [40] is a dataset for document visual question answering focused on understand-
ing slides. It contains over 2,600 slide decks with more than 52,000 slide images and 14,500
questions that require complex reasoning skills such as single-hop, multi-hop, and numerical
reasoning. The dataset is designed to support various reasoning types and includes annotated
arithmetic expressions for numerical questions to enhance reasoning capabilities.

2. ViDoSeek [41] is a dataset specifically designed for visually rich document retrieval-reason-
answer tasks. It aims to evaluate the performance of RAG systems on large-scale document
collections. Unlike traditional VQA datasets that focus on single images or documents,
ViDoSeek contains queries with unique answers across a collection of approximately 6,000
images, covering diverse content types such as text, charts, tables, and layouts. This dataset
provides a more comprehensive and challenging benchmark for evaluating the retrieval and
reasoning capabilities of RAG models in real-world scenarios.

3. MMLongbench [29] is a dataset designed to evaluate the document understanding capabili-
ties of VLMs with an emphasis on long-context, multi-modal documents composed of text,
images, charts, tables, and layout structures.

Table 4: Statistics of datasets.
Dataset Total Questions Corpus Size Visual Elements
SlideVQA-Test 2020 8000 Text, Chart, Table, Layout
SlideVQA-Train 12268 44359 Text, Chart, Table, Layout
ViDoSeek 1142 5400 Text, Chart, Table, Layout
MMLongBench 847 6492 Text, Chart, Figure, Table, Layout

F Compared Baselines

Here we detailedly introduce the baselines we compare with and our re-produce details.

1. Vanilla RAG. There are two types of Vanilla RAG: text-based and visual-based. Text-based
Vanilla RAG uses text as the retrieval corpus, which is reflected in text search engines and
text modality generation. During the retrieval phase, it directly uses the original question
to search for relevant text, which is then inserted into the context to answer the question.
Visual-based Vanilla RAG uses images as the corpus. During the retrieval phase, it directly
uses the original question to search for relevant images, which are then inserted into the
context to answer the question.

2. ReAct RAG [48]. The method incorporates Chain-of-Thought (COT) prompting in RAG
agent tasks with a format of a Thought-Action-Observation loop. The main difference
between text-based and visual-based approaches lies in the retrieval corpus of the search
engine and the modality of the information inserted.

3. Search-R1 [19]. The method introduces multi-turn reasoning RL into the text RAG. We
used our framework for reproducing, which includes multi-turn interactions and rule-based
rewards.

4. Search-R1-VL. This is a vision-based baseline implemented on our framework based on
search-R1. We used the same reward and post-process methods and trained models based
on cold start with the same dataset as VRAG-RL.

G Hyperparameters

The detailed hyperparameters we use during training are shown in Table 5 and Table 6. We employ
identical hyperparameters for different models.
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Table 5: Key hyperparameters for SFT.
Name Value

Finetuning type Full
Freeze vision tower True

Freeze multi-modal projector True
Freeze language model False

Cutoff len 16384
Epochs 3

Batch size 16
Gradient accumulation steps 2

Learning rate 1.0e-5
LR scheduler type cosine

Warmup ratio 0.1

Table 6: Key hyperparameters for RL.
Name Value

Number of agent groups 5
Warmup steps ratio 0.285

Mini batch size 64
Micro batch size per GPU 2

Learning rate (Actor) 1.0e-6
KL loss coefficient 0.01 (optional)

Tensor model parallel size 4
Total epochs 1

Max prompt length 8192
Max response length 2048

GPU memory utilization 0.6

H Case Study

In Figure 7 and 8, we list the trajectories of our VRAG-RL to illustrate how our model reasons and
interacts with the environment. These cases highlight two challenges in visually rich information
RAG: (1) accurately retrieving relevant images, and (2) the reference information often requires
higher-resolution perception. In Figure 7, we can observe that the model demonstrated reflective
capability, and eventually identified subtle clues in the relevant images. Moreover, as shown in
Figure 8, the model engages in visual perception actions only when required, showcasing human-like
reasoning instead of simply replicating patterns from its training data.

I Limitations

Despite our best efforts, this paper still has some limitations: (1) Retriever Accuracy: The accuracy
of the current retriever still needs improvement to better support the RAG system. (2) Base Model
Capability: Enhancing the capabilities of the base model can contribute to the overall improvement
of the system. (3) Real-time Requirements: The current multi-turn interactions may not meet the
requirements of high real-time applications.

J Ethics Statement

Our research complies with the NeurIPS Code of Ethics. We used publicly available datasets (as
detailed in Appendix E), avoiding ethical concerns related to privacy, confidentiality, or misuse of
personal biological information. The VRAG-RL framework aims to improve visual information
understanding for beneficial applications. We emphasize responsible use and remain vigilant against
misuse.

K Prompts

In this section, we illustrate all the prompts used in our paper. Part of our prompts are taken from
Search-R1 [19].

K.1 Vanilla RAG Prompt

See Figure 11.

K.2 Search-R1 Prompt

See Figure 10.
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K.3 ReAct RAG Prompt

ReAct RAG uses the same prompt as Search-R1, as shown in Figure 10.

K.4 VRAG-RL Prompt

See Figure 9.

K.5 Model-based Reward Prompt

See Figure 12.
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Question: How many more Dugwells are there than Shallow Tubewells in the years of India's
Energy Divide whose map was prepared by IWMI based on Minor Irrigation Census?

<think> To answer this question, I need to find the specific data related to Dugwells and Shallow
Tubewells in India's Energy Divide map prepared by IWMI based on Minor Irrigation Census. This
requires searching for the relevant information.
</think>
<search> India's Energy Divide IWMI Minor Irrigation Census Dugwells Shallow Tubewells </search>

<think>The image provided is a map showing the proportion of electric structures in India's
Energy Divide. It indicates the proportion of electric structures using different color codes.
However, it does not provide specific numbers for Dugwells and Shallow Tubewells. I need to
search for more detailed data on Dugwells and Shallow Tubewells from the Minor Irrigation
Census.
</think>
<search> Detailed data on Dugwells and Shallow Tubewells data </search>

<think> The cropped image provides the specific numbers for Dugwells (9.20 million) and Shallow
Tubewells (9.10 million). To find how many more Dugwells there are than Shallow Tubewells, I
need to subtract the number of Shallow Tubewells from the number of Dugwells.
</think>
<answer>There are 0.10 million (or 100,000) more Dugwells than Shallow Tubewells. </answer>

<think> The image contains a table with the number of structures, including Dugwells and Shallow
Tubewells. I need to crop this part of the image to focus on the relevant data.
</think>
<region> [361, 366, 721, 517] </region>

Select & Crop & Zoom in

Image Retrieval

Image Retrieval

Figure 7: Case 1 for VRAG-RL.
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Question: Which H2 antagonist has a lower bioavailability: the drug that inhibits several CYP-450
isoenzymes and reduces hepatic blood flow or Famotidine?

<think> To answer this question, I need to identify the H2 antagonist that inhibits several CYP-
450 isoenzymes and reduces hepatic blood flow. Then, I will compare its bioavailability with that
of Famotidine.
</think>
<search> H2 antagonist that inhibits several CYP-450 isoenzymes</search>

<think>The image provides information about drug interactions, specifically mentioning
Cimetidine's effect on CYP-450 isoenzymes and hepatic blood flow. This aligns with the search
query. I need to look at the lower right corner of the image to confirm this.
</think>
<region> [556, 337, 722, 505] </region>

<think> Based on the provided table, Cimetidine has a bioavailability of 80%, while Famotidine has
a bioavailability of 40%. Therefore, Famotidine has a lower bioavailability compared to Cimetidine.
The drug that inhibits several CYP-450 isoenzymes and reduces hepatic blood flow is Cimetidine,
as indicated in previous information.
</think>
<answer>Famotidine has a lower bioavailability (40%) compared to Cimetidine (80%). Therefore,
the H2 antagonist with lower bioavailability is Famotidine.</answer>

<think> The diagram confirms that Cimetidine inhibits the P-450 enzymes, leading to increased
serum concentrations of drugs metabolized by these enzymes. Now, I need to find information on
the bioavailability of Cimetidine and Famotidine to determine which has lower bioavailability.
</think>
<search> bioavailability of Cimetidine and Famotidine </search>

Image Retrieval

Image Retrieval

Select & Crop & Zoom in

Figure 8: Case 2 for VRAG-RL.
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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 find you lack some knowledge,
you can call a search engine by <search> query </search> and user will return the searched
results. Every time you retrieve an image, you have the option to crop it to obtain a clearer
view, the format for coordinates is <bbox>[x1, y1, x2, y2]</bbox>. You can search as many
times as your want. If you find no further external knowledge needed, you can directly
provide the answer inside <answer> and </answer>, without detailed illustrations. For
example, <answer> Beijing </answer>.

User Prompt:
Query: {Query Description}

Figure 9: Prompt of VRAG-RL.

Search-R1(-VL) 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 find you lack some knowledge,
you can call a search engine by <search> query </search> and user will return the searched
results. You can search as many times as your want. If you find no further external knowledge
needed, you can directly provide the answer inside <answer> and </answer>, without detailed
illustrations. For example, <answer> Beijing </answer>.

User Prompt:
Query: {Query Description}

Figure 10: Prompt of Search-R1(-VL) and ReAct RAG.

Vanilla RAG Prompt.

System Prompt:
Answer the given question. You must conduct reasoning inside <think> and </think> first
every time you get new information. After reasoning, you should directly provide the answer
inside <answer> and </answer>, without detailed illustrations. For example, <answer>
Beijing </answer>.

User Prompt:
Query: {Query Description}
Reference: {Retrieved Images / Text Tokens}

Figure 11: Prompt of Vanilla RAG.
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Reward Model Prompt.

System Prompt:
Character Introduction
You are an expert evaluation system for a question answering chatbot.
You are given the following information:
- the query
- a generated answer
- a reference answer
Your task is to evaluate the correctness of the generated answer.
Response Format
Your response should be formatted as following: <judge>True or False</judge>
If the generated answer is correct, please set "judge" to True. Otherwise, please set "judge" to
False.
Please note that the generated answer may contain additional information beyond the reference
answer.

User Prompt:
Query: {Query Description}
Reference Answer: {Reference Answer}
Generated Answer: {Generated Answer}

Figure 12: Prompt of Reward Model.
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