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Abstract

While Retrieval-Augmented Generation(RAG)
enhances multi-modal large language mod-
els(MLLMs) by introducing external knowl-
edge, existing RAG systems still face sig-
nificant limitations when dealing with com-
plex visual reasoning. On one hand, MLLMs,
being generative models, produce subopti-
mal embeddings for retrieval tasks. On the
other hand, existing methods naively insert im-
ages into context without adequate visual per-
ception, thereby limiting reasoning capabili-
ties. To address these challenges, we propose
MDocRAG-RL, a novel RAG framework for
complex visual reasoning. We design special-
ized pre-training and fine-tuning tasks to enable
MLLMs to compress visual document repre-
sentations and align textual and visual embed-
dings for improved retrieval efficiency. Ad-
ditionally, we design a visual perception ac-
tion space for the generator that allows pro-
gressive coarse-to-fine information acquisition
from visually-rich documents. Furthermore,
we develop a reinforcement learning frame-
work to enhance the complex visual reason-
ing capability of the RAG system. Extensive
experiments on multiple challenging bench-
marks demonstrate the significant effectiveness
of our approach, achieving state-of-the-art per-
formance across various benchmarks.

1 Introduction

Retrieval-Augmented Generation (RAG) enables
large language models (LLMs) to leverage exter-
nal knowledge bases to mitigate hallucinations and
address complex problems (Chen et al., 2025a; Hu
et al., 2025). However, traditional text-based RAG
approaches fail to effectively capture visual infor-
mation, limiting their applicability to real-world
multi-modal documents (Li et al., 2025a,b). These
visually-rich documents typically contain diverse

Corresponding author.

Generator (Traditional)

~8

VLM

Retriever (Traditional)

CE
= P

%) Document retrieval-oriented

Query

EE% Answer
Attention to details
Generator (Ours)

Reg
EE% ] VL

Retriever (Ours)

Query
3

VLM
EE Visual-Text

Alignment

Answer

Visual Perception
Action Space

0 Tailored for document retrieval 0 Visual detail understanding

Figure 1: Comparison between our MDocRAG-RL and
existing RAG systems.

elements including text, tables, and charts, pre-
sented in varied spatial layouts. To handle such
documents, recent works have introduced multi-
modal large language models (MLLMs) into RAG
systems, thereby extending RAG to the visual do-
main (Wasserman et al., 2025; Dong et al., 2025).
Despite recent progress, existing visual RAG
systems exhibit substantial limitations in retrieval
efficiency and complex visual reasoning, manifest-
ing in three key aspects: (1) Suboptimal retrieval ef-
ficiency. Current RAG systems employ MLLMs to
directly encode visually-rich documents. However,
as generative models optimized for next-token pre-
diction, MLLMs produce suboptimal embeddings
for retrieval tasks, failing to accurately represent
query semantics and visual information, thereby
resulting in poor retrieval performance. (2) In-
sufficient visual perception. Visual RAG systems
inadequately consider vision-specific perceptual
processes during generation, naively inserting im-
ages into the context. This prevents the generator
from achieving fine-grained image understanding,
leading to the loss of critical visual information.
(3) Limited complex reasoning capability. The im-
proper handling of visual information results in
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inadequate reasoning token allocation, preventing
models from fully exploiting key visual features
in retrieved images, thus constraining their perfor-
mance on complex visual reasoning tasks.

To address these limitations, we propose
MDocRAG-RL, a novel multi-modal RAG frame-
work. We design innovative supervised pre-training
and fine-tuning tasks for the MLLM-based re-
triever, aligning textual and visual information in
documents through retrieval and generation tasks.
This approach compresses entire images into dense
token representations while maintaining alignment
with the textual content in the images. Conse-
quently, the retriever can effectively encode both
queries and documents, better adapting to retrieval
scenarios. Furthermore, we define a tailored ac-
tion space for the MLLM-based generator to pro-
cess visually-rich inputs. Through select, crop,
and zoom operations, the generator progressively
acquires visual information in a coarse-to-fine man-
ner, enhancing its perception of vision-intensive
regions. To further strengthen the interactive rea-
soning capability, we develop a dedicated reinforce-
ment learning framework and employ the GRPO
algorithm to train the multi-modal RAG agents, en-
abling the generator to learn effective interaction
strategies with the retriever for acquiring visually-
rich information.

Our contributions are summarized as follows:

* We design document retrieval-oriented pre-
training tasks for the retriever to compress
visual document representations and align tex-
tual and visual information.

* We introduce a visual perception action space
for the generator, enabling coarse-to-fine un-
derstanding of visually-rich documents.

* We develop a reinforcement learning frame-
work to train the RAG agent, enhancing the
complex visual reasoning capability.

* We conduct comprehensive experiments on
challenging multi-modal benchmarks to vali-
date the effectiveness of our approach, achiev-
ing new state-of-the-art performance across
multiple benchmarks.

2 Related Work
2.1 MLLMs in Visual Document RAG

MLLMs have experienced rapid development in
recent years by integrating visual understanding ca-

pabilities through combining vision encoders with
language models (Sun et al., 2025; Han et al., 2025;
Tanaka et al., 2024). Building upon MLLMs, visual
document retrieval and visual RAG systems encode
visually-rich documents directly as images for pro-
cessing (Luo et al., 2025; Lu et al., 2025). While
these methods have achieved success in specific
scenarios, they still encounter critical challenges
when handling diverse real-world documents (Cao
et al., 2025; Chen et al., 2025b). A core issue is
that MLLMSs, as generative models, are trained
using the next-token prediction objective, which
is suboptimal for embeddings required by retriev-
ers. However, prior work has not designed special-
ized training strategies to address this gap, directly
applying pre-trained MLLMs to retrieval scenar-
ios (Liu et al., 2025; Ravenda et al., 2025). To
bridge this gap, our MDocRAG-RL framework de-
signs novel pre-training tasks for the MLLM-based
retriever to compress visual documents into dense
token representations and align textual and visual
embeddings, thereby improving retrieval efficiency.

2.2 Reinforcement Learning for MLLMs

Reinforcement learning has been proven as a foun-
dational approach to enhance the reasoning capabil-
ities of large language models, which is crucial for
effectively solving complex problems (Liang et al.,
2025; Wang et al., 2025b; Zhang et al., 2025a; Wan
et al., 2025). Prior research has applied RL to train
LLMs (Hou et al., 2025; Lan et al., 2025; Yue et al.,
2025; Ma et al., 2025). Increasingly, studies have
attempted to apply RL to improve the visual rea-
soning capabilities of MLLMs (Yang et al., 2025;
Wang et al., 2025a; Shen et al., 2025). Building
upon this foundation, recent studies have further
applied RL to train MLLM-driven visual RAG sys-
tems to address the unique challenges in multi-
modal understanding and generation tasks (Zhang
et al., 2025b; Jiang et al., 2025; Li et al., 2025c).
However, existing visual RAG systems do not fully
leverage visual perception of retrieved visual infor-
mation during generation, simply inserting images
into the context (Wang et al., 2025d; Faysse et al.,
2024; Yu et al., 2024). This practice leads to insuffi-
cient token allocation for visual reasoning, limiting
the complex reasoning capability of MLLM-based
generators. Our approach designs a visual percep-
tion action space for the generator to enable coarse-
to-fine understanding of retrieved images, and de-
velops a reinforcement learning framework that
enhances the model’s capability to utilize visual

8642



perception actions through RAG-specific rewards,
thereby improving the complex visual reasoning
capability of the RAG system.

3 Method

3.1 Architecture Overview

As illustrated in Figure 2, MDocRAG-RL consists
of two main components: a retriever and a genera-
tor. The Retriever adopts a dual-encoder architec-
ture based on MLLMs to separately encode queries
and document images. The Generator is an MLLM
equipped with a vision perception action space,
enabling progressive information acquisition from
coarse to fine granularity.

3.2 Pre-Training for Retriever

Self-Supervised Pre-training. To enable effec-
tive visual document retrieval, we train the retrieval
module to encode document images into compact
representations. Our training strategy consists of
two self-supervised objectives that leverage unla-
beled document collections, as illustrated in Fig-
ure 3(a). The core idea is to aggregate visual in-
formation from the entire document image into a
single embedding vector, which is extracted from
the final token position of the vision encoder out-
put.

We design two complementary pre-training tasks.
The first task employs a contrastive learning frame-
work where we construct training pairs from docu-
ment images and their automatically extracted text
content. For each document image I;, we obtain
its textual counterpart 7; through optical character
recognition (OCR). The query encoder processes
T; to produce embedding e,, while the document
encoder processes I; to yield embedding e,4. Using
in-batch negative sampling with batch size B, we
optimize the following contrastive objective:

exp(SIM(eq, e;r)/f)
Zle exp(SIM(eq, €))/7)

ey

Econtrast = -1

where SIM(+, -) denotes cosine similarity, 7 is a tem-
perature parameter, and e:{ represents the positive
document embedding.

The second task adopts a generative approach to
compress visual features into the final embedding.
We use a specialized attention mechanism during
training: while image tokens attend to all previous
tokens as usual, text tokens can only attend to the
aggregated embedding and preceding text tokens,
thereby forcing the model to consolidate visual

information. Given the extracted text sequence
{t1,...,tr} of length L, we minimize:

L
1
ﬁgenerate = _Z Z 1ng(ti | t<i, < EOS >)
=1

2
where <EOS> denotes the aggregated visual em-
bedding. The complete pre-training loss combines

both objectives: ﬁpre = Econtrast + Egenerate-

Supervised Fine-tuning. After pre-training, we
fine-tune the retrieval module on annotated query-
document pairs {(Q;, I;")} using contrastive learn-
ing, as illustrated in Figure 3(b). For each query @),
we treat the paired document [, z+ as a positive exam-
ple and other in-batch documents as negatives. The
fine-tuning objective follows Eq. (1) but replaces
OCR text with actual queries. Once fine-tuning
completes, the retriever can identify the top-k rel-
evant documents for any input query, which are
subsequently passed to the generator for answer
synthesis.

3.3 Visual Perception Actions for Generator

Visual Perception Action Space. To enable the
generator to dynamically interact with visual con-
tent, we introduce a structured action space tailored
for document understanding tasks. The generator
operates through iterative interactions with the en-
vironment following a cyclical pattern of reasoning,
action execution, and observation acquisition. At
each step ¢, the policy 7y produces an action A; ~
mo(- | Hi—1) conditioned on the historical trajec-
tory Hy_y = {11,A1,01,...,T;_1,A;1,04 1},
where T;, A;, and O; denote the thought, action,
and observation at step %, respectively.

Our action space encompasses three primary cat-
egories. First, the search action retrieves relevant
document images from the corpus based on the
current query context. Second, the summarization
action synthesizes accumulated information to gen-
erate intermediate or final answers. Third, the vi-
sual perception action enables fine-grained analysis
of specific regions within previously retrieved docu-
ments. This perception action is expressed through
special tokens <region> and </region> that encap-
sulate spatial coordinates defining a bounding box
[Z1min,s Ymins Tmax, Ymax] over the image. These co-
ordinates specify the target region R.

The perception mechanism operates as follows.
Given that a document image I has been retrieved
in an earlier step k < ¢, the perception action at step
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t extracts the specified region R from [;. Formally,
we have A; x O — Oy, where Oy, represents the
encoded features of image I, with resolution w X h.
The coordinates are mapped back to the original
high-resolution image I,y With dimensions wy,y X
hraw through the transformation:

)
Wenc henc

Tmax * Wraw Ymax * Praw

)
Wenc henc

a min ° min ° h
R = Crop <Iraw, [x wraw, Y o

)

3)
where wene X hene represents the resolution used by
the vision encoder, typically constrained by a max-
imum pixel limit Pp,,x. The cropped region Ris
then re-encoded and integrated into the context as
observation O;. This strategy effectively increases
the density of visual tokens for the selected region,
enabling finer-grained perception despite the en-
coder’s resolution constraints.

Trajectory Data Scaling-Up. Training the gener-
ator to effectively utilize visual perception actions

requires high-quality trajectory data demonstrat-
ing proper action sequences. We propose a col-
laborative annotation strategy that leverages both
large-scale foundation models and specialized ex-
pert models.

We employ a large vision-language model 71y
to determine the overall reasoning flow and action
types for each trajectory. At step ¢, the large model
generates both the reasoning thought 7; and the
preliminary action A; based on the accumulated
history:

{Tt,At} = 7TLM(' | Ht—l) 4

This provides a high-level strategic plan for solving
the query, encompassing decisions about document
retrieval, visual perception, and answer generation.

Whenever the large model proposes a visual per-
ception action, we invoke a specialized grounding
model gy to determine precise bounding box coor-
dinates. The expert model receives guidance from
the large model’s reasoning thought 73, which pro-
vides contextual understanding about what visual
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information is needed:
Ay = mem(- | Hio1; Ty) )

The refined coordinates A, replace the initial co-
ordinates in A, and the corresponding cropped
region is encoded to form the observation Oy:

Or = fuis(01_1, Ay) (6)

where fyis denotes the visual processing function
that performs cropping, scaling, and encoding.
This process ensures that trajectories exhibit both
coherent high-level reasoning and accurate low-
level visual grounding, providing diverse and pre-
cise training data for supervised fine-tuning(SFT)
before RL.

3.4 Reinforcement Learning Framework with
Iterative Reasoning

Reward Function. Effective RL for visual
retrieval-augmented generation requires a compre-
hensive reward signal that captures multiple aspects
of system performance. We design a comprehen-
sive reward function comprising three complemen-
tary components that jointly guide the model to-
ward efficient retrieval and accurate answer genera-
tion.

The primary objective of our framework is to en-
courage the model to retrieve relevant documents
early in the interaction sequence through a retrieval
quality reward. Retrieving relevant information
promptly allows the model to build a coherent con-
text without being distracted by excessive irrele-
vant content. We adapt the concept of Discounted
Cumulative Gain(DCG) to measure retrieval qual-
ity. For a trajectory containing retrieved documents

Dyj = {d1,d>, . ..,d,} and a ground-truth set of
relevant documents Dg, we compute:
|Dtrj| ori 1
DCG(Dyi) = _
(D) Zl logy(i + 1)’
= (7
17 dq/ € Dgt
T, =
0, d; ¢ Dg

where r; indicates whether document d; is relevant.
The logarithmic discount factor emphasizes early
retrieval of relevant documents. To normalize this
metric, we define the ideal DCG as the score ob-
tained when all relevant documents are retrieved
first:

[ Dyt
1
IDCG(Dgy) = _— ()

The retrieval quality reward is then computed as
the normalized ratio:

DCG(Dyj)

IDCG(Dy) ©)

T'ret =

This formulation encourages the model to prioritize
retrieving relevant documents while minimizing the
retrieval of irrelevant ones.

To ensure that the model follows the predefined
action structure during interaction, we introduce an
action compliance reward as a pattern-based reward
component. This reward evaluates whether the
generated trajectory adheres to the expected format
of alternating thoughts and actions. We employ a
parsing function that extracts action tokens from
the trajectory:

Tact = Eval(H) (10)
where H represents the complete trajectory and
Eval(-) checks for proper use of action tokens such
as <search> and </search>. This component is
particularly important during the initial stages of
training to establish proper interaction patterns.

Rather than relying solely on rule-based evalua-
tion, which may be limited in capturing semantic
correctness, we employ a model-based answer qual-
ity reward evaluator. Given the input query @), the
ground-truth answer Ag, and the model-generated
answer Apreq, we use a reward model Ry to assess
answer quality:

(11)

Tans = 7TRM(Q; Agh Apred)
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This reward model is trained to evaluate semantic
similarity and factual correctness, providing a more
nuanced assessment than exact string matching.
The final reward function integrates all three
components through a weighted combination:

T¢ = O Tret + B Tans + Y+ Tact (12)

where « + 8 + v = 1. In practice, we set vy = 0
after the model has learned proper action patterns
through SFT, focusing the reward on retrieval qual-
ity and answer correctness. During cold-start sce-
narios, we use v = 0.1 to guide initial pattern
learning.

Reinforcement Learning Framework. As
shown in Figure 4, we formulate the training of
the visual RAG agent as a RL problem where
the policy model learns to interact with the
retrieval environment through multi-step reasoning.
Our framework builds upon recent advances in
policy optimization for language models while
introducing specialized mechanisms for handling
multi-modal trajectories.

The learning objective maximizes the expected
reward while constraining the policy model to re-
main close to a reference model, preventing catas-
trophic forgetting and maintaining stability:

H}{_E;’XEIEN'D,yNﬂ'Q (lz;V) | To (CC, y)
(13)

— - Dxv[mo(y|z; V) || meet(yz3 V)]

where D denotes the training dataset, 7y is the pol-
icy model, 7t is the reference model, 5 controls
the strength of the KL constraint, z denotes the
input query, and V represents the external environ-
ment. The notation y ~ my(-|x; ) indicates that
trajectories are generated through the interaction
between the policy model and the environment.

We implement a group relative policy optimiza-
tion(GRPO) (Guo et al., 2025) strategy that gener-
ates multiple trajectory samples for each query and
uses their relative performance to compute policy
gradients.

4 Experiments

4.1 Datasets and Evaluation Metrics

We curate 500k unlabeled documents from the
DocStructdM (Hu et al., 2024) dataset to train
the retriever, where each sample consists of a
document image and its corresponding OCR text

pair. We then fine-tune the retriever on the Open-
DocVQA (Tanaka et al., 2025) dataset. We con-
struct a dataset based on approximately 70k vi-
sual documents for RL training of the generator.
We evaluate MDocRAG-RL on three challeng-
ing and visually-rich benchmark datasets: Slide-
VQA (Tanaka et al., 2023), ViDoSeek (Wang et al.,
2025¢), and MMLongBench (Ma et al., 2024).

4.2 Implementation Details

We use Phi3V (Abdin et al., 2024) as the base
model for the retriever. During training, we
apply LoRA (Hu et al.,, 2022) fine-tuning to
the LLM component while keeping other pa-
rameters frozen, training for 1 epoch with the
AdamW (Loshchilov and Hutter, 2017) optimizer
and FlashAttention (Dao et al., 2022) acceleration.
The batch size is set to 16 for pre-training and 64
for fine-tuning. The temperature parameter 7 is
set to 0.01. We employ Qwen2.5-VL-3B-Instruct
and Qwen2.5-VL-7B-Instruct (Bai et al., 2025) as
the base models for the generator, respectively. We
utilize Qwen2.5-7B-Instruct (Yang et al., 2024) as
the reward model mgry, while Qwen2.5-VL-72B-
Instruct and Qwen2.5-VL-32B-Instruct serve as
mm and mgn, respectively. We conduct SFT and
RL on the llama-factory (Zheng et al., 2024) and
verl (Sheng et al., 2025) frameworks, respectively.
During the SFT stage, we adopt full-parameter fine-
tuning with a cosine learning rate scheduler and a
warmup ratio of 0.1. For GRPO algorithm training,
the group size is set to 5, and the KL loss coefficient
is typically set to 0.01; for cold start scenarios, it is
set to O to disable the KL constraint on the model.
All experiments are conducted on 8 H100 GPUs.

4.3 Comparison with State-of-the-Art
Methods

We compare MDocRAG-RL against a compre-
hensive suite of baselines spanning several cat-
egories to validate its effectiveness. These in-
clude traditional RAG and reasoning frameworks
(ReAct (Yao et al., 2023)), vision-based doc-
ument retrieval systems (Vanilla RAG (Faysse
et al., 2024), VDocRAG (Tanaka et al., 2025), Vi-
DoRAG (Wang et al., 2025¢c)) and RL-enhanced
RAG systems (Search-R1-VL (Guo et al., 2025),
VRAG-RL (Wang et al., 2025d)). To demonstrate
the scalability of our approach, all comparisons are
performed on two vision-language models of differ-
ent scales, Qwen2.5-VL-3B-Instruct and Qwen?2.5-
VL-7B-Instruct (Bai et al., 2025), as backbones.
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SlideVQA

ViDoSeek

MMLongBench

Method Single-hop  Multi-hop | Extraction Logic | Text Table Chart Figure Layout Overall
QOwen2.5-VL-3B-Instruct
ReAct 16.2 11.3 7.1 13.8 2.9 34 3.6 2.9 53 11.2
Vanilla RAG 18.9 12.6 9.8 16.9 2.4 3.9 54 4.5 4.6 13.0
Search-R1-VL 25.8 19.7 20.6 30.2 8.2 8.1 7.6 9.6 7.3 21.5
VDocRAG 32.5 24.3 28.7 36.2 11.2 9.5 10.6 11.8 9.4 26.8
ViDoRAG 41.8 28.9 38.4 45.7 14.6 11.3 13.8 14.2 11.7 334
VRAG-RL 64.8 39.1 62.7 74.3 23.1 15.8 22.3 21.7 19.2 53.8
MDocRAG-RL 71.5 44.7 69.3 78.9 | 26.1 194 25.2 24.6 22.3 58.4
QOwen2.5-VL-7B-Instruct
ReAct 353 20.8 27.9 41.6 10.4 12.1 10.5 6.5 6.9 27.2
Vanilla RAG 28.7 17.9 26.1 40.8 12.8 15.1 16.2 4.6 7.3 24.5
Search-R1-VL 479 41.8 40.9 50.8 19.5 13.7 12.6 11.7 10.5 37.2
VDocRAG 54.2 47.8 46.9 56.7 21.8 17.3 16.5 15.2 13.6 42.5
ViDoRAG 59.6 514 52.3 62.1 23.5 206 19.7 18.9 16.4 47.2
VRAG-RL 68.9 43.6 60.2 75.3 25.8  26.7 24.5 26.2 21.5 57.4
MDocRAG-RL 75.9 50.3 66.2 80.1 294 302 28.3 29.5 24.7 62.5

Table 1: Performance comparison across different benchmarks.

Retriever Reward Generator

Pre-training | Vanilla RAG-Specific | Visual-Perception Acc
4 46.9

v v 50.8

v v v 52.4

v 552

v v 58.6

v v v 62.5

Table 2: Ablation study across three benchmarks.

As shown in Table 1, MDocRAG-RL achieves
substantial improvements over all baselines across
different model scales and benchmarks. With
Qwen2.5-VL-3B-Instruct, our method achieves
58.4% overall accuracy, outperforming the
strongest baseline by 4.6 points, with the advan-
tage even more pronounced using the 7B model.
On reasoning-intensive benchmarks like SlideVQA
and ViDoSeek, our method demonstrates particu-
larly strong performance, highlighting the effec-
tiveness of our visual perception action space for
complex multi-modal reasoning. On MMLong-
Bench, our method consistently outperforms base-
lines across diverse visual content types including
tables, charts, and figures. Compared to other RL-
based methods, MDocRAG-RL shows consistent
advantages, validating the effectiveness of our spe-
cialized retriever pre-training, visual perception
action space, and RAG-specific reward design.

4.4 Ablation Study

To validate the contribution of each component,
we conduct ablation studies across all three bench-
marks using Qwen2.5-VL-7B-Instruct. As shown
in Table 2, retriever pre-training brings a 3.9-point

improvement, demonstrating that specialized train-
ing helps MLLMs compress textual and visual in-
formation into embeddings while maintaining se-
mantic alignment for retrieval scenarios. Adding
visual perception actions enables progressive infor-
mation acquisition from coarse to fine granularity.
The RAG-specific reward design yields substantial
improvements over vanilla RL rewards, highlight-
ing the importance of jointly optimizing retrieval
quality and generation accuracy. The complete
MDocRAG-RL system achieves 62.5%, delivering
a 15.6-point improvement over the vanilla RL base-
line. Notably, visual perception actions yield larger
gains when combined with pre-trained retriever and
RAG-specific rewards compared to their isolated ef-
fect, indicating that accurate retrieval provides bet-
ter candidates for fine-grained visual understanding
while RAG-specific rewards guide more strategic
use of perception actions.

S Analysis and Discussion

5.1 Pre-Training Improves Retrieval
Efficiency

Pre-training significantly enhances the retriever’s
ability to identify relevant documents across all
benchmark datasets. As illustrated in Figure 5, the
self-supervised pre-training strategy in MDocRAG-
RL enables MLLMs to compress textual and vi-
sual information into compact embeddings while
maintaining semantic alignment. This approach is
particularly valuable for document retrieval scenar-
ios where labeled query-document pairs are scarce.
The consistent improvements across diverse bench-
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Figure 5: Analysis of retrieval performance.

marks validate that pre-training helps the model
learn robust visual-semantic representations that
generalize well to different types of multi-modal
documents and query patterns.

5.2 Visual Perception Action Space Enables
Fine-Grained Understanding

The visual perception action space in MDocRAG-
RL allows the generator to progressively refine its
understanding by perceiving specific regions of
interest within retrieved documents. As demon-
strated in Table 2, visual perception actions con-
tribute notable performance improvements, with
gains being more pronounced when combined
with RAG-specific rewards. Analysis reveals that
the model predominantly focuses on information-
dense areas such as tables, charts, and detailed text
blocks, aligning well with human reasoning pat-
terns. This coarse-to-fine information acquisition
strategy proves particularly beneficial for multi-hop
reasoning, where the ability to dynamically adjust
visual focus enables more efficient token alloca-
tion and enhances the model’s capability to handle
complex reasoning scenarios.

5.3 Reinforcement Learning Enhances
complex Reasoning

Reinforcement learning plays a crucial role in
teaching the RAG agents effective interaction
strategies, particularly for multi-hop reasoning
tasks. The RAG-specific reward function proves
essential by explicitly rewarding early retrieval of
relevant documents, leading to more strategic be-
havior with reduced retrieval attempts while simul-
taneously improving retrieval precision. More-
over, RL training enhances the model’s use of
visual perception actions, demonstrating that the
model learns when fine-grained analysis is neces-
sary. This adaptive decision-making capability en-
ables MDocRAG-RL to balance between efficiency
and thoroughness depending on query complexity,

Search
Perception
Answer

Traditional RAG

VRAG-RL

MDocRAG-RL

Average Action Count

Figure 6: Analysis of latency in generation.

resulting in superior performance on complex rea-
soning benchmarks.

5.4 Time Efficiency

Despite introducing visual perception actions and
multi-step reasoning, MDocRAG-RL achieves su-
perior accuracy-latency trade-offs compared to
baseline methods, as shown in Figure 6. The moder-
ate increase in total latency represents a worthwhile
investment given the substantial accuracy improve-
ments delivered. Notably, our RL framework helps
mitigate latency through more efficient retrieval
strategies. The search phase becomes more stream-
lined as improved retrieval quality reduces the need
for extensive search iterations. This efficiency gain
demonstrates that learning more effective retrieval
strategies through reinforcement learning can par-
tially offset the computational overhead introduced
by additional reasoning steps.

6 Conclusion

In this paper, we introduce MDocRAG-RL, a novel
multi-modal RAG framework tailored for complex
visual reasoning tasks over document collections.
Our approach integrates three key innovations: spe-
cialized pre-training tasks that enable MLLMs to ef-
fectively compress visual documents into retrieval-
oriented embeddings, a visual perception action
space that facilitates progressive coarse-to-fine in-
formation acquisition, and a reinforcement learn-
ing framework with RAG-specific rewards that en-
hances the complex visual reasoning capability of
the RAG system. Extensive experiments across
diverse benchmarks demonstrate the significant ef-
fectiveness of our method, achieving state-of-the-
art performance with notable improvements over
existing methods. Future work will explore extend-
ing the visual perception action space to support
richer interaction patterns and investigating scala-
bility to larger architectures and broader document
domains.
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Limitations

While our framework enhances the retrieval and
complex visual reasoning capabilities of RAG sys-
tems, several limitations remain. First, although
our method achieves a favorable accuracy-latency
trade-off, it still introduces additional latency com-
pared to traditional RAG approaches. Second, de-
spite incorporating a visual perception action space,
the richness of our actions remains limited com-
pared to the diverse actions employed by humans
when processing complex information. Therefore,
optimizing the interaction logic between the gener-
ator and retriever, as well as exploring richer visual
perception actions, constitute key directions for
future work.
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