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Abstract
Understanding multi-page documents poses a significant
challenge for multimodal large language models (MLLMs),
as it requires fine-grained visual comprehension and multi-
hop reasoning across pages. While prior work has explored
reinforcement learning (RL) for enhancing advanced reason-
ing in MLLMs, its application to multi-page document under-
standing remains underexplored. In this paper, we introduce
DocR1, an MLLM trained with a novel RL framework, Ev-
idence Page-Guided GRPO (EviGRPO). EviGRPO incor-
porates an evidence-aware reward mechanism that promotes
a coarse-to-fine reasoning strategy, guiding the model to first
retrieve relevant pages before generating answers. This train-
ing paradigm enables us to build high-quality models with
limited supervision. To support this, we design a two-stage
annotation pipeline and a curriculum learning strategy, based
on which we construct two datasets: EviBench, a high-quality
training set with 4.8k examples, and ArxivFullQA, an evalu-
ation benchmark with 8.6k QA pairs based on scientific pa-
pers. Extensive experiments across a wide range of bench-
marks demonstrate that DocR1 achieves state-of-the-art per-
formance on multi-page tasks, while consistently maintaining
strong results on single-page benchmarks.

Introduction
Documents are ubiquitous in everyday life, encompassing
scanned forms, tables, charts, and PDFs. Consequently, doc-
ument understanding is a critical capability for multimodal
large language models (MLLMs). While recent MLLMs
have achieved strong performance on single-page document
tasks (Hu et al. 2024a; Zhou et al. 2024; Liu et al. 2024;
Wang et al. 2023; Zhao et al. 2024; Feng et al. 2024), these
tasks often cover a subset of real-world applications. In prac-
tice, many tasks involve multi-page documents—such as
scientific papers, contracts, and reports—which require not
only fine-grained visual understanding but also the ability to
retrieve relevant pages and reason across dispersed content.

Recent advances, including OpenAI’s o1 (Jaech et al.
2024) and DeepSeek-R1 (Guo et al. 2025), highlight the
growing importance of advanced reasoning in LLMs. Par-
allel work has begun to explore reinforcement learning (RL)
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Figure 1: Our DocR1 has significant improvements on vari-
ous benchmarks of multi-page document understanding.

in MLLMs. For example, VisualRFT (Liu et al. 2025) intro-
duced verifiable reward functions for perception tasks and
applied GRPO (Shao et al. 2024) to enhance object detec-
tion and visual classification. Similarly, Vision-R1 (Huang
et al. 2025) integrated GRPO with a PTST training strategy
to improve mathematical reasoning capabilities. However,
these methods are restricted to single-image inputs and fo-
cus on either perception or symbolic reasoning. For multi-
image tasks, methods like Video-R1 (Feng et al. 2025) and
VideoChat-R1 (Li et al. 2025) have applied GRPO in the
video domain, incorporating customized reward functions to
capture spatiotemporal dependencies. Nevertheless, apply-
ing RL to multi-page document understanding—where ef-
fective evidence retrieval and multi-hop reasoning are both
critical—remains largely unexplored.

To bridge this gap, we propose DocR1, a novel method
equipped with the Evidence Page-Guided GRPO (Evi-
GRPO) RL framework, specifically designed to enhance
multi-page reasoning in MLLMs. EviGRPO extends the
GRPO paradigm by introducing an evidence-aware reward
mechanism that promotes a human-like, coarse-to-fine rea-
soning process: first forming a global understanding of the
document, then retrieving the relevant pages, and finally rea-
soning over them to derive the answer. Specifically, we de-
fine three verifiable rewards to guide model optimization:
format consistency, evidence page accuracy, and answer ac-
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curacy. To support this process, we design a rigorous two-
stage annotation pipeline comprising a generation step and
a verification step. In the generation step, an MLLM is
prompted to produce initial annotations. In the verification
step, the same MLLM is prompted to validate the gener-
ated annotations, ensuring higher data quality through self-
checking. Using this pipeline, we construct two datasets:
EviBench, a minimally supervised yet high-quality training
set containing 1.3k single-page and 3.5k multi-page sam-
ples; and ArxivFullQA, a new benchmark with 8.6k QA
samples designed to evaluate document-level reasoning over
full scientific papers. In addition, we introduce a two-stage
curriculum training strategy to enable more effective learn-
ing under limited supervision. The model is first trained on
single-page data to internalize the desired output format and
reasoning style, and then trained on multi-page data to de-
velop its multi-page reasoning capabilities.

Our proposed DocR1 is an MLLM tailored for complex
document-level reasoning. Rather than producing only fi-
nal answers, DocR1 explicitly outputs intermediate reason-
ing traces and evidence localization, thereby improving both
interpretability and reliability. As shown in Figure 2, the
model follows a structured decision-making path aligned
with human reading behavior. Comprehensive evaluations
across both multi-page and single-page benchmarks vali-
date the effectiveness of our method. Specifically, DocR1
achieves state-of-the-art performance on multi-page bench-
marks, attaining an average score of 59.36, outperforming
the baseline by 6.93 points.

Our contributions can be summarized as follows:
• We present DocR1, an MLLM designed to generate

structured outputs comprising the models’s thought pro-
cess, selected evidence pages, and final answers.

• We propose EviGRPO, an RL framework specifically
designed for multi-page document understanding in
MLLMs. EviGRPO adopts a coarse-to-fine reasoning
strategy, where the model first identifies the relevant evi-
dence pages before generating an answer.

• We develop a two-stage annotation pipeline and a cur-
riculum training strategy that together enable high-
quality data labeling and efficient model training under
limited supervision.

Related Work
Document Understanding with MLLMs
MLLMs have recently advanced document understanding
by enabling unified modeling of textual and visual infor-
mation, without relying on traditional OCR engines. Sev-
eral recent works have explored MLLM-based document
understanding. UReader (Ye et al. 2023b) pioneered OCR-
free, end-to-end instruction tuning across multiple tasks. The
mPLUG-DocOwl series (Ye et al. 2023a; Hu et al. 2024a,b)
improved structure awareness and computational efficiency
through structural modeling and visual token compres-
sion. TextMonkey (Liu et al. 2024) introduced shifted win-
dow attention to preserve semantic continuity across image
patches. DOGE (Zhou et al. 2024) proposed a document-
oriented grounding framework with high-quality training

data, while Doc-CoB (Mo et al. 2025) enabled dynamic re-
gion selection for focused, step-by-step reasoning. However,
most methods are still limited to single-page documents. Our
work targets more complex multi-page document tasks in
real scenarios.

Reinforcement Learning for MLLMs
RL has shown promise in enhancing the reasoning capabili-
ties of LLMs. While early approaches relied on pretrained
reward models, recent work such as DeepSeek-R1 (Guo
et al. 2025) demonstrates that simple, rule-based rewards
can provide scalable and verifiable supervision. Building on
this insight, researchers have extended RL to multimodal
large language models (MLLMs). VisualRFT (Liu et al.
2025) introduced visually grounded, verifiable reward func-
tions for fine-grained classification and few-shot detection
using GRPO. Vision-R1 (Huang et al. 2025) further lever-
aged GRPO with a PTST strategy to improve mathemati-
cal reasoning on a curated multimodal dataset. In the video
domain, Video-R1 (Feng et al. 2025) proposed T-GRPO to
explicitly incorporate temporal cues during training, mark-
ing the first systematic application of GRPO to video-based
MLLMs. VideoChat-R1 (Li et al. 2025) also applied GRPO
to enhance spatiotemporal reasoning, achieving strong per-
formance on temporal grounding and tracking tasks. While
these studies focus on perception and video reasoning, RL
has not yet been explored for multi-page document under-
standing. Our work aims to fill this gap.

Method
EviGRPO
While the GRPO algorithm (Shao et al. 2024) has demon-
strated promise in enhancing reasoning capabilities, its di-
rect application to multi-page document understanding re-
mains suboptimal. To address this gap, we introduce Ev-
idence Page-Guided GRPO (EviGRPO), a variant of
GRPO tailored specifically for multi-page document tasks,
as illustrated in Figure 2.

When engaging in multi-page reading comprehension,
humans typically begin by identifying the pages likely to
contain the answer, and then focus on locating the specific
regions that correspond to the question and answer within
those pages. Inspired by this “coarse-to-fine” reading strat-
egy, EviGRPO mimics the human approach by first selecting
a small set of potentially relevant pages at a coarse level, fol-
lowed by fine-grained reasoning over the selected content.
This hierarchical reading paradigm facilitates a more effi-
cient and accurate understanding of multi-page documents.

EviGRPO builds upon the original GRPO structure,
which includes format and accuracy rewards, by introduc-
ing an additional evidence-aware reward that encourages
grounding answers on relevant document pages. For each
training sample, consisting of a question q and N docu-
ment images, EviGRPO first generate G candidate responses
O = {o1, o2, . . . , oG} using the current policy. For each
candidate response oi, the verifiable total reward ri is de-
fined as the sum of three components:

ri = rformat
i + racc

i + revi
i . (1)
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Question: 
what is  the 
date 
mentioned?

Question: 
What is the
credit card 
purchase limit?

Policy model

Stage I

Stage II

<think>The user is asking for the date mentioned in the document. I need to scan
the document for any date information. I see a “Date” field at the bottom left of
the document and it says May 23, 2013 </think><evidence_page> T </evidence_page>
<answer> May 23, 2013 </answer>

<think> The user is asking for the credit card purchase limit. I need to locate this
information in the document. I will scan the document for keywords like “limit”,
“purchase limit”, “credit card limit”. On page 1, under the section “Credit Card Use
Guidelines”, there is a bullet point explicitly stating “Credit Card Purchase Limit”. I
will read the value associated with this point.  The text states “Credit Card
Purchase Limit: $3,000”. </think><evidence_page> T, F, F </evidence_page>
<answer> $3000 </answer>

Reward Functions

Reward1: Format
Reward2: Accuracy
Reward3: Evidence Page

Reference model

Policy
optimization

KL

Advantage

Advantage

Figure 2: Our proposed EviGRPO training framework adopts a two-stage strategy to progressively enhance the model’s multi-
page reasoning capabilities.

System: You will be given one or more images along with a
question. Your task is to understand the visual content and
answer the question. First, think carefully about the question
and present your reasoning in <think> and </think>. Next,
identify how many pages (images) are provided, and for each
page, determine whether it contains relevant evidence to
answer the question. List your judgments in
<evidence_page> and </evidence_page> using a comma-
separated sequence of T (True) or F (False), one for each
page, in order (e.g., T, F, T, F). Finally, provide your answer
in <answer> and </answer>. The answer should be one or
more words or phrases. User: prompt. Assistant:

Figure 3: The page selection format of EviGRPO.

where rformat
i = 1 if the model’s output strictly adheres to

the formatting rules specified in Figure 3, and rformat
i = 0

otherwise. The accuracy reward racc
i is defined as the ANLS

score between the model-generated answer and the ground-
truth. The evidence-page reward revi

i measures whether the
model correctly identifies the supporting pages. Let N ′

i de-
note the number of predicted evidence pages, and let Pi and
Gi represent the sets of predicted and ground-truth evidence
pages, respectively. We define revi

i as the F1-style overlap
between the predicted and ground-truth evidence page sets.
Specifically, it is computed as:

revi
i =


2 · |Pi ∩Gi|
|Pi|+ |Gi|

, if |Pi|+ |Gi| > 0 and N = N ′
i

0, otherwise
.

(2)
We adopt the F1 score rather than accuracy to mitigate

reward hacking. In multi-page documents, where evidence

pages are typically sparse, predicting all pages as irrelevant
can lead to artifically high accuracy. The F1-based reward
addresses this issue by balancing precision and recall. To
further encourage fine-grained reasoning, the model is re-
quired to assess each image individually, labeling each as ei-
ther relevant (T) or irrelevant (F). To enforce this behavior,
we set the reward to zero if the number of predicted judg-
ments N ′

i does not match the total number of input images
N . Next, following the GRPO framework, EviGRPO com-
putes the mean and standard deviation of the total rewards
across the response set O , and normalizes each individual
reward to obtain its corresponding advantage value Ai:

Ai =
ri − mean({ri}Gi=1)

std({ri}Gi=1)
. (3)

The final policy optimization objective is to maximize the
expected return. To regularize the update, a KL divergence
term DKL(· ∥ ·) is introduced to constrain the optimized pol-
icy πθ from diverging excessively from the reference policy
πref. Moreover, a clipping term is applied to avoid overly
large gradient steps, ensuring stable training. The resulting
objective is formulated as:

max
πθ

EO∼πθold (p)

[
min

(
clip

(
πθ(oi)

πθold(oi)
, 1− ϵ, 1 + ϵ

)
Ai,

πθ(oi)

πθold(oi)
Ai

)
− β DKL (πθ ∥ πref)

] .

(4)

Data Construction
High-quality training data is critical for improving the multi-
page document understanding capabilities of MLLMs. How-
ever, most existing open-source datasets are not directly
compatible with our EviGRPO framework due to mis-
matches in input-output formats and reward structures. To
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Question：Which of Holly Lane’s 
references is the State Represe-
ntative, Ohio District 67?

MLLM

<think> The user is asking to…
</think><evidence_page> F,F,T 
</evidence_page><answer> Andrew 
Brenner </answer>

Question：Which of Holly Lane’s 
references is the State Represe-
ntative, Ohio District 67?

MLLM

Step1: Generation Step2: Verification

Answer=GT

Andrew Brenner Other

Figure 4: The two-stage data annotation pipeline consists of
a data generation process and an annotation verification pro-
cess, designed to ensure the quality of the annotations.

address this, we design a new data construction pipeline
and introduce EviBench, the training dataset used in our
study. To further ensure comprehensive evaluation across di-
verse multi-page document scenarios, we construct a new
evaluation dataset, ArxivFullQA, using the same annotation
pipeline.

Data Annotation Pipeline As illustrated in Figure 4, we
develop a rigorous two-stage data annotation pipeline. In
the first stage, given an input and a task-specific prompt,
we employ the Gemini 2.5 Flash model (Comanici et al.
2025) to generate a target output. The sample advances to
the next stage only if its predicted answer is consistent with
the ground truth. In the second stage, the same MLLM is
prompted again with the annotated content in order to verify
its accuracy. The annotation is retained only if the model’s
output once again aligns with the ground truth under this
controlled setting.

EviBench for Training As shown in Table 1, based on the
proposed annotation pipeline, we presents the statistics of
our annotated dataset. The dataset includes both single-page
and multi-page document samples. Specifically, for single-
page documents, we curate 13 widely-used datasets, includ-
ing DocVQA (Mathew, Karatzas, and Jawahar 2021), Info-
GraphicsVQA (Mathew et al. 2022), ChartQA (Masry et al.
2022), DeepForm (Svetlichnaya 2020), DVQA (Kafle et al.
2018), FigureQA (Kahou et al. 2017), KleisterCharity (Sta-
nisławek et al. 2021), OCRVQA (Mishra et al. 2019), Tab-
Fact (Chen et al. 2019), TextCaps (Sidorov et al. 2020),
TextVQA (Singh et al. 2019), VisualMRC (Tanaka, Nishida,
and Yoshida 2021), and WikiTableQuestions (Pasupat and
Liang 2015). These datasets cover a diverse range of doc-
ument types. For instance, DocVQA and DVQA contain
scanned pages and visual charts, while DeepForm, TabFact,
and WikiTableQuestions focus on structured tabular for-
mats. This diversity enables the model to learn from various
layouts and visual structures commonly encountered in real-
world documents. For the multi-page document domain,
we integrate three widely used datasets: DUDE (Van Lan-
deghem et al. 2023), MP-DocVQA (Tito, Karatzas, and Val-

Category Dataset Images #Samples

Single

DocVQA 1 100
InfographicVQA 1 100
ChartQA 1 100
DeepForm 1 100
DVQA 1 100
FigureQA 1 100
KleisterCharity 1 100
OCRVQA 1 100
TabFact 1 100
TextCaps 1 100
TextVQA 1 100
VisualMRC 1 100
WikiTableQuestions 1 100

Total 1300

Multi

DUDE 1–21 1000
MP-DocVQA 1–36 500
TATDoc 1–3 500
SlideVQ 20 500
Multihiertt 3–7 500
ArxivFullQAtrain 1–29 500

Total 3500

Table 1: Statistics of each dataset used for training.

veny 2023), and TATDoc (Zhu et al. 2022), which are specif-
ically designed for document-level reasoning across multi-
ple pages. To further enhance visual diversity, we also in-
clude SlideVQA (Tanaka et al. 2023), a dataset based on
multi-slide presentations, and Multihiertt (Zhao et al. 2022),
which focuses on complex hierarchical visual structures in
multi-page charts. In addition, academic paper reading is
a crucial task in the multi-page document domain. To im-
prove the model’s capability in this area, we annotate a train-
ing subset, denoted as ArxivFullQAtrain, from the DocMatrix
dataset (Laurençon et al. 2024), following the same annota-
tion details described in the next section.

Specifically, we adopt the system prompt shown in Fig-
ure 3. For each of the 13 single-page datasets, we annotate
100 samples. For the multi-page datasets, we annotated 500
samples each, except for DUDE, which received 1,000 an-
notations due to its higher complexity. In total, this process
yielded a reasoning-annotated dataset EviBench consisting
of 1.3k single-page and 3.5k multi-page document samples.

ArxivFullQA for Testing A key application of multi-
page document understanding is the comprehension of sci-
entific papers. However, large-scale multi-page benchmarks
are still limited. To fill this gap, we curate a subset from
the large-scale DocMatrix dataset (Laurençon et al. 2024),
which contains scientific papers sourced from ArXiv. Un-
like EviBench, the annotation details for ArxivFullQA differ
in two key aspects. First, the prompt used for annotation is
specifically tailored to scientific papers. Second, in step 1,
the input consists solely of LaTeX-formatted text extracted
from DocMatrix, rather than image-based document repre-
sentations, in order to improve the accuracy of the generated
annotations. This enriched textual input guides the model
in generating QA pairs across seven categories: factual, rea-
soning, comparison, summary, procedural, motivation, and
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Model Parameter DocVQA InfoVQA WTQ TabFact TextVQA VisualMRC

UReader 7B 65.4 42.2 29.4 67.6 57.6 221.7
TextMonkey 9B 73.0 28.6 31.9 - 65.9 -
DocOwl-1.5-Chat 8B 82.2 50.7 40.6 80.2 68.6 246.4
DocOwl-2 8B 80.7 46.4 36.5 78.2 66.7 217.4
Qwen2.5-VL-Instruct 7B 95.1 82.1 62.1 78.0 84.9 277.1

DocR1 7B 95.1 82.6 63.1 79.6 81.0 251.6

Table 2: Performance comparison of 6 common single-page document benchmarks. InfoVQA is the abbreviation of the Info-
graphicVQA dataset, and WTQ is the abbreviation of the WikiTableQuestions dataset. The best results are highlighted in blod.

Models Parameter MP-DocVQA DUDE SlideVQA MultiChartQA MultiHiertt TATDoc ArxivFullQA Avg.

LLaVA-NeXT-Inter 7B 39.38 25.35 29.19 28.31 9.31 10.63 5.48 21.09
LEOPARD-Idefics2 8B 66.06 40.74 34.93 18.03 10.09 2.85 14.88 26.80
mPlug-DocOwl2 8B 67.98 31.25 29.55 4.85 8.08 22.16 7.12 24.43
LLaVA-oneVison 7B 49.38 31.43 45.94 32.73 10.53 15.42 10.38 27.97
InternVL3-Instruct 38B 75.72 45.88 65.01 61.13 15.95 40.05 19.70 46.21
Qwen2.5-VL-Instruct 32B 84.79 51.14 68.67 30.10 21.25 50.38 31.28 46.80
Qwen2.5-VL-Instruct 7B 87.39 52.83 70.33 53.10 19.60 54.18 29.57 52.43

DocR1 7B 87.45 54.39 71.96 62.41 33.88 64.80 40.65 59.36

Table 3: Performance comparison on 7 text-rich multi-page image datasets. All models are evaluated using ANLS metric. The
best results are highlighted in blod.

result questions. In Step 2, the input switches from LaTeX
text to the visual format of the full paper, and the question
is taken from the QA pair annotated in Step 1. The data
is retained only if the model’s answer matches the previ-
ously annotated answer. Following this process, we curate a
new evaluation dataset, ArxivFullQA, comprising 8.6k high-
quality multi-page QA samples.

Training Recipe
We initialize our training with the Qwen2.5-VL-Instruct
model (Bai et al. 2025) for two main reasons. First, large-
scale chain-of-thought training data for multi-page doc-
ument understanding is extremely scarce, and collecting
such annotations is highly resource-intensive. Second, this
instruction-tuned model already exhibits a moderate level of
reasoning ability, making it a practical alternative to the con-
ventional “cold start” phase in GRPO. To further adapt the
model to our task, we adopt a two-stage curriculum train-
ing strategy within the EviGRPO framework, as illustrated
in Figure 2. In the first stage, we train the model for one
epoch using only single-page data. This step activates its la-
tent reasoning capability while aligning its outputs with the
expected answer format. In the second stage, we continue
training on multi-page data for another epoch to enhance
the model’s ability to reason over longer contexts and across
multiple pages.

Experiments
Implementation Details We conduct our experiments us-
ing 8 NVIDIA A100 GPUs. During training, we set the
batch size to 16, generate G = 8 candidate completions
per sample, and use the KL penalty coefficient β = 0.04.
To improve computational efficiency, we constrain the input

image resolution to a maximum of 1024 × 28 × 28 during
both training and evaluation.

Benchmarks We evaluate our approach using both
single-page and multi-page benchmarks. For single-
page evaluation, we consider six widely used datasets:
DocVQA (Mathew, Karatzas, and Jawahar 2021), In-
fographicVQA (Mathew et al. 2022), WikiTableQues-
tions (Pasupat and Liang 2015), TabFact (Chen et al. 2019),
TextVQA (Singh et al. 2019), and VisualMRC (Tanaka,
Nishida, and Yoshida 2021). For multi-page document un-
derstanding, we assess our method on six publicly avail-
able benchmarks: DUDE (Van Landeghem et al. 2023),
MP-DocVQA (Tito, Karatzas, and Valveny 2023), TAT-
Doc (Zhu et al. 2022), Multi-ChartQA (Zhu et al. 2024),
MultiHiertt (Zhao et al. 2022), and SlideVQA (Tanaka et al.
2023), as well as our newly annotated benchmark, ArxivFul-
lQA, to comprehensively evaluate its effectiveness in pro-
cessing complex, multi-page inputs.

Main Result
Quantitative Results As shown in Table 2, DocR1
demonstrates strong performance across six widely used
single-page document benchmarks. It performs comparably
to Qwen2.5-VL-Instruct, with particularly notable improve-
ments on WikiTableQuestions and TabFact, where it outper-
forms the baseline by 1.0 and 1.6 points, respectively. In
Table 3, our method achieves state-of-the-art performance
across all multi-page document understanding benchmarks.
Remarkably, despite using significantly fewer parameters,
DocR1 consistently surpasses much larger models such as
Qwen2.5-VL-Instruct (32B) and InternVL-3-Instruct (38B).
It attains an average score of 59.36, representing a absolute
improvement of 6.93 over the baseline. Notably, our method
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(d)

Question:  How many of the same countries are there in the first chart and 
               the second chart?

Images:
    (4)

DocR1: <think>TRICARE subtotal increased from $327,810 in 2003 to 
$427,977 in 2004.</think><evidence_page>T, T, F, F</evidence_page>
<answer>yes</answer>

Ground Truth:  yes
Qwen2.5-VL-Instruct-7B:  no

(c)

Images:
    (3)

DocR1: <think>The first chart shows data for the United Kingdom,
United States, China, India, France, and Germany.The second chart
also shows data for the United States, United Kingdom, China, and
India.Therefore, the number of the same countries in both charts is
4.</think><evidence_page>T, T, F</evidence_page>
<answer>4</answer>

Ground Truth:  4
Qwen2.5-VL-Instruct-7B:  5

Question: How many of the same countries are there in the first 
chart and the second chart? 

Question: Does TRICARE subtotal keeps increasing each year between 
               2003 and 2004 ?

(b)

Images:
   (20)

DocR1:  <think>The image shows a breakdown of Alcatel-Lucent's
global revenue by region for the year 2010. The chart indicates that
North America accounted for approximately 36% of the company's
total revenue, while Europe contributed around 32%, Asia Pacific
made up about 18%, and the rest of the world represented roughly
14%.</think><evidence_page>T, F, F, F, F, F, T, F, F, F, F, F, F, F, F, F, F,
F, F, F</evidence_page><answer>N. America</answer>

Ground Truth:  N. America
Qwen2.5-VL-Instruct-7B:  Rest of world

Question:   Which region of the world accounts for the highest 
percentage of revenues in the year 12% GROWTH is achieved?

(a)

Images:
    (2)

DocR1:<think>The table shows the Long-term debt, less current
maturities for June 1, 2019 as $641 and for June 2, 2018 as $2,554.
To find the average, we add these two values ($641 + $2,554 =
$3,195) and divide by 2: $3,195 / 2 =$1,597.5.</think>
<evidence_page>T,F</evidence_page><answer>1597.5</answer>

Ground Truth:  1597.5
Qwen2.5-VL-Instruct-7B:  $ 4,570

Question: What is the Long-term debt, less current maturities 
average?

… …

1 7 20

Figure 5: Examples on multi-page document QA task. It can be seen that DocR1 can not only answer the questions correctly,
but also provide relatively accurate evidence pages.

yields improvements of over 10 points on four particu-
larly challenging benchmarks—MultiChartQA, MultiHiertt,
TATDoc, and ArxivFullQA. These results highlight the ef-
fectiveness of the proposed EviGRPO framework and train-
ing strategy. With only 4.8k annotated samples, DocR1 sig-
nificantly improves multi-page reasoning capabilities while
preserving, and in some cases slightly enhancing perfor-
mance on single-page benchmarks. This demonstrates not
only high data efficiency but also strong generalization from
coarse-grained page-level retrieval to fine-grained semantic
understanding.

Qualitative Results As illustrated in Figure 5, we provide
visual comparisons between DocR1 and the baseline model
across different benchmarks. In Figure 5(a), given the ques-
tion “What is the Long-term debt, less current maturities av-
erage?”, the baseline model fails to locate the relevant con-
tent and outputs an incorrect answer. In contrast, DocR1 ac-
curately identifies the first page as the sole evidence source,
extracts the correct financial figure, and generates a coher-
ent reasoning trace that leads to the correct answer. Similar
trends are observed in the remaining three examples. Our
evidence-first strategy significantly enhances the model’s
coarse-to-fine reasoning ability, allowing it to concentrate on
a small set of relevant pages. Even in challenging cases such
as Figure 5(b), which involves 20 pages, DocR1 effectively
identifies page 7 as the critical source of evidence and con-
structs an accurate reasoning path grounded in its content.

These results demonstrate the model’s strong capability in
localizing sparse information and performing structured rea-
soning in complex multi-page scenarios.

Ablation Studies
Training Paradigm: SFT vs. GRPO vs. EviGRPO To
assess the impact of different training paradigms, we com-
pare Supervised Fine-Tuning (SFT), standard GRPO, and
our proposed EviGRPO using the same set of mixed single-
page and multi-page training data (denoted as mixdata). As
shown in Table 4, SFT achieves only modest improvements
on some benchmarks, primarily due to its limited data effi-
ciency. Notably, ArxivFullQA is the only benchmark where
SFT shows a significant gain, likely due to the model’s ex-
posure to previously unseen data domains. In contrast, both
GRPO and EviGRPO demonstrate substantial performance
gains on nearly all benchmarks, underscoring the effective-
ness of RL in enhancing reasoning capabilities by leverag-
ing limited supervision more effectively. Furthermore, Evi-
GRPO generally outperforms standard GRPO, demonstrat-
ing that its coarse-to-fine reasoning mechanism enables the
model to identify relevant evidence pages prior to answer
generation, thereby leading to more accurate predictions.

Data Composition: Single vs. Multi-page To assess the
effectiveness of different training subsets, we compare Evi-
GRPO trained with only single-page data or multi-page data.
As shown in Table 4, training solely on single-page data

11183



Method MP-DocVQA DUDE SlideVQA MultiChartQA MultiHiertt TATDoc ArxivFullQA

Qwen2.5-VL-Instruct
Baseline 87.39 52.83 70.33 53.10 19.60 54.18 29.57
SFT(w/ mixdata) 87.25(-0.14) 52.72(-0.11) 71.30 (+0.97) 51.34(-1.76) 20.76(+1.16) 55.61(+1.43) 37.93(+8.36)
GRPO(w/ mixdata) 87.49(+0.10) 53.14(+0.31) 70.92 (+0.59) 54.26(+1.16) 29.02(+9.42) 60.03(+5.85) 38.11(+8.54)

EviGRPO
w/ single 76.95(-10.44) 46.45(-6.38) 49.11(-21.22) 49.09(-4.01) 25.26(+5.66) 56.11(+1.93) 27.04(-2.53)
w/ multi 86.82(-0.57) 52.84(+0.01) 70.71(+0.38) 60.82(+7.72) 28.33(+8.73) 64.15(+9.97) 40.03(+10.46)
w/ mixdata 86.85(-0.54) 52.93(+0.10) 71.24(+0.91) 61.54(+8.44) 29.49(+9.89) 64.51(+10.33) 39.93(+10.36)

Page Selection
PSF-1 87.06(-0.33) 52.57(-0.26) 69.84(-0.49) 56.27(+3.17) 32.94(+13.34) 60.93(+6.75) 40.36(+10.69)
PSF-2 86.51(-0.88) 52.45(-0.38) 71.22(+0.89) 61.64(+8.54) 32.58(+12.98) 61.84(+7.66) 41.02(+11.45)

Ours 87.45(+0.06) 54.39(+1.56) 71.96(+1.63) 62.41(+9.31) 33.88(+14.28) 64.80(+10.62) 40.65(+11.08)

Table 4: Ablation experiments on training paradigms, data composition, training strategies, and page selection formats (PSF).To
ensure consistency, all EviGRPO experiments adopt the same page selection format as Ours.

severely compromises the model’s multi-page reasoning ca-
pabilities, as such data lacks the need for evidence page
identification—leading to significant performance drops on
most multi-page tasks. In contrast, training with only multi-
page data yields performance gains across many bench-
marks, but the improvements are consistently smaller than
those achieved when both data types are combined. These
results underscore the importance of leveraging both single-
page and multi-page data to fully unlock the model’s multi-
page reasoning potential.

Training Strategy: Mixed vs. Curriculum To explore
different strategies for combining single-page and multi-
page data, we further compare our two-stage curriculum
training approach with a baseline that trains on mixed data
simultaneously. As shown in Table 4, although the mixed
strategy also yields improvements across most benchmarks,
our curriculum-based method consistently delivers greater
and more generalized gains. This can be attributed to the
“cold-start” effect of single-page training, which helps the
model become familiar with the required output format and
reasoning style before tackling more complex multi-page
tasks.

Page Selection Format Variants In addition, we com-
pare three page selection formats designed to guide ev-
idence identification in multi-page document reasoning.
PSF-1 prompts the model to directly output the indices of
relevant pages (e.g., “1, 3”). PSF-2 requires the model to
assign a binary label “T” (True) or “F” (False), with the
total number of images explicitly provided. Ours differs
from PSF-2 by omitting the image count. As shown in Ta-
ble 4, PSF-1 encourages sparse selection, often leading to
the omission of relevant pages due to the lack of enforced
per-image decisions. PSF-2 alleviates this limitation by re-
quiring exhaustive labeling; however, the known number of
input images enables the model to heuristically align its out-
puts without performing genuine reasoning. In contrast, our
method strengthens the reasoning requirement by omitting
the image count, compelling the model to first infer the num-
ber of input pages before assigning labels accordingly.

Dataset Qwen2.5-VL-Instruct DocR1
MP-DocVQA 46.13 91.69(+45.56)
DUDE 56.34 85.33(+28.99)
MultiHiertt 55.62 97.38(+41.76)
Avg 52.70 91.47(+38.77)

Table 5: Evidence page recall on three multi-page document
benchmarks. Recall is used as the evaluation metric to mea-
sure whether the ground truth evidence pages are success-
fully retrieved by the model.

Evidence Page Selection Accuracy To quantitatively
evaluate the accuracy of the evidence page selection mech-
anism, we compute the recall of predicted evidence pages
across three multi-page document understanding bench-
marks. As shown in Table 5, DocR1 achieves an average re-
call improvement of 38.77 points over the baseline, demon-
strating its superior ability to identify ground-truth evidence
pages. These results underscore the reliability of the coarse-
to-fine reasoning strategy employed in our framework.

Conclusion

In this work, we propose DocR1, an MLLM specifically de-
signed for multi-page document understanding, trained un-
der our newly introduced RL framework, EviGRPO. By in-
corporating evidence-aware rewards, EviGRPO encourages
a human-like coarse-to-fine reasoning process, enabling the
model to effectively retrieve and reason over relevant con-
tent. Supported by a two-stage annotation pipeline and
a curriculum training strategy, our approach enables effi-
cient learning under limited supervision. Extensive experi-
ments across multiple benchmarks demonstrate that DocR1
achieves state-of-the-art performance on multi-page tasks
while maintaining strong capabilities on single-page in-
puts. This work highlights the potential of RL to advance
document-level reasoning in MLLMs.
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