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Abstract

Comprehending long visual documents, where
information is distributed across extensive
pages of text and visual elements, is a crit-
ical but challenging task for modern Vision-
Language Models (VLMs). Existing ap-
proaches falter on a fundamental challenge: ev-
idence localization. They struggle to retrieve
relevant pages and overlook fine-grained de-
tails within visual elements, leading to lim-
ited performance and model hallucination. To
address this, we propose DOCLENS, a tool-
augmented multi-agent framework that effec-
tively “zooms in” on evidence like a lens. It
first navigates from the full document to spe-
cific visual elements on relevant pages, then
employs a sampling-adjudication mechanism
to generate a single, reliable answer. Paired
with Gemini-2.5-Pro, DOCLENS achieves state-
of-the-art performance on MMLongBench-Doc
and FinRAGBench-V, surpassing even human
experts. The framework’s superiority is partic-
ularly evident on vision-centric and unanswer-
able queries, demonstrating the power of its
enhanced localization capabilities.

1 Introduction

A vast repository of human knowledge is encapsu-
lated in long visual documents such as financial re-
ports, academic papers, and technical manuals (Liu
et al., 2025). With information synthesized from
various textual and visual elements (tables, charts,
figures) distributed throughout the context, these
long visual documents are formidably challenging
to decipher, even for the most advanced Vision-
Language Models (VLMs) (Comanici et al., 2025;
ClaudeTeam, 2025; OpenAlTeam, 2025; Qwen-
Team, 2025; Team et al., 2025; Guo et al., 2025).
This challenge stems from a fundamental prob-
lem: evidence localization. Existing efforts to
localizing evidence from long visual documents
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primarily operate at the page level, either feeding
page screenshots to long-context VLMs (Ma et al.,
2024b) or employing vector-based retrieval meth-
ods (Han et al., 2025; Cho et al., 2024). Howeyver,
we observe that both approaches perform poorly
in recalling evidence pages. On MMLongBench-
Doc (Ma et al., 2024b), Gemini-2.5-Pro (Comanici
et al., 2025) only recalls 68% of evidence pages,
while vector-based methods using ColBERT (San-
thanam et al., 2021) and ColPali (Faysse et al.,
2024) achieve merely 55.3% Recall@10. This
fundamental failure prevents models from pro-
ducing accurate answers. Moreover, even on
the correct page, crucial details within visual el-
ements (e.g., charts, tables) remain obscured in a
full-page view, akin to reading a map without a
magnifying glass. This dual-level failure in evi-
dence localization—at both the page and element
scale—directly fuels model hallucination, causing
models to invent responses for over half of unan-
swerable queries rather than admitting uncertainty
on MMLongBench-Doc (Figure 1b).

In this paper, we propose DOCLENS, a multi-
agent framework that overcomes these challenges
by strategically leveraging document-parsing tools.
Our core component is the Lens Module, which
zooms into long visual documents like a lens to per-
form fine-grained evidence localization (Figure 1a).
It includes a Page Navigator agent and an Ele-
ment Localizer agent. The former uses OCR tools
to augment VLMs for page-level retrieval, drasti-
cally improving recall of evidence pages; the latter
employs layout detection and cropping tools to lo-
cate visual elements on these retrieved pages for
detailed inspection. Following the Lens Module,
the Reasoning Module synthesizes the extracted
evidence—including page screenshots, text, and
cropped visual elements—to formulate a final an-
swer. To ensure both accuracy and reliability, this
module employs a “sampling-adjudication” pro-
cess that first proposes a set of potential answers
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answer in float format with 1 decimal.
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(a) Example of Fine-grained Localization

Question: What is the performance of the InstructGPT model
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Figure 1: Workflow and performance of our proposed method, DOCLENS. (a) The workflow grounds its answer by
navigating from the full document to visual elements (e.g., Text, Chart) within relevant pages. (b) It yields great
improvement on MMLongBench-Doc, specifically for understanding visual elements and reducing hallucination.

using an Answer Sampler agent, and then critically
assesses them using an Adjudicator agent to select
the best candidate.

We evaluate DOCLENS on two challenging
benchmarks, MMLongBench-Doc (Ma et al.,
2024b) and FinRAGBench-V (Zhao et al., 2025).
Our method achieves state-of-the-art performance,
significantly reduces hallucination, and for the first
time surpasses human experts. This breakthrough
is driven by the efficacy of our core components:
further analysis reveals that our Page Navigator
achieves near-perfect evidence page recall (97.3%),
while the Element Localizer dramatically enhances
the comprehension of fine-grained visual details.
Our main contributions are threefold:

* A novel, tool-augmented Lens Module that
achieves near-perfect page recall and enables fine-
grained inspection of visual elements, effectively
solving evidence localization.

* A sampling-adjudication mechanism within the
Reasoning Module that effectively mitigates hal-
lucination and improves answer reliability.

* The establishment of a new state-of-the-art on
MMLongBench-Doc and FinRAGBench-V, and
for the first time, surpassing human experts.

2 Problem Formulation

We address the challenge of question answering
over long visual documents. A document is a se-
quence of pages, D = {P;}¥ |, where each page
P; is a screenshot image. From each page, we can
extract text 7; and a set of visual elements V; (e.g.,
tables, figures). Given a question (), the goal is to

generate an accurate answer A that is grounded in a
specific set of evidence pages £ C D. This task can
be abstractly formulated as learning a function f
that maps the document and question to an answer:

A=f(D,Q),

However, the sheer volume of information in a long
document makes a direct mapping challenging to
construct. We contend that a more principled ap-
proach is to decompose the problem into two stages:
First, identifying a concise set of relevant evidence
from the vast document, and second, generating
the answer based on this evidence.

To formalize this, we factorize the function f
into two components. First, an extraction function
fextract reads through the document to identify a
concise evidence set S relevant to the question:

S - fextract(Da Q)v

This evidence set S contains the necessary pages
from D and the visual and textual elements within
these pages. Second, an answer generation function
fgenerate infers the final answer exclusively from
this condensed evidence:

A= fgenerate(sa Q)a

We therefore model the composite function as:

A= fgenerate(fextraCt(Dv Q)a Q)7

The goal is to design and optimize both fe,trqct and
fgenerate to maximize the accuracy of the predicted
answer A w.r.t. the ground-truth answer A*.
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Figure 2: Overall workflow of DOCLENS. Given a long visual document and a corresponding question, we first
apply a Lens Module to retrieve relevant pages and locate relevant visual&textual elements within these pages. We
then use a Reasoning Module to do in-depth analysis of these elements and provide an accurate answer.

3 DoOCLENS Framework

Figure 2 illustrates the overall workflow of Do-
CLENS. Our proposed framework consists of two
primary components: a Lens Module and a Rea-
soning Module. Given a long visual document and
an associated question, the Lens Module ( fexract)
is responsible for identifying relevant pages and
the key elements within them. Subsequently, the
Reasoning Module (fgenerate) conducts an in-depth
analysis of this evidence to generate a precise an-
swer. The prompt templates for all agents and the
pseudocode for the entire workflow are presented
in Appendices A and D, respectively.

3.1 Lens Module

Page Navigator. The Lens Module begins with
the Page Navigator to identify a predicted set of
evidence pages, Epred, from the full document D =
{P;}}|. First, it uses an OCR tool to extract the
text I; from every page P; € D.
T, = OCR(F;), i=1{1,2,...,N},

To locate potential evidence pages £ C D, the
Page Navigator then prompts an LLM with the
question @, all page screenshots and their OCR text
(as interleaved input). To ensure comprehensive
coverage, this process is repeated 7, times with
a temperature 7 > 0. Each sampling iteration j
generates a candidate page set £U):

5(]) = LLMPageNav(Q7 {(P“T‘Z) é\;l)’

The final set of predicted pages is the union of all
pages identified across these iterations:

Te .
gpred = LJ].:1 5(])7

In practice, an LLM’s finite context window may
prevent processing all IV pages simultaneously. In
such cases, we divide pages into chunks, process
them in parallel, and merge the resulting Epreq sets.

Element Localizer. Given the set of predicted
pages Epreq 1dentified by the Page Navigator, the
Element Localizer enriches this set by parsing de-
tailed visual and textual elements.

For each page P, € &preq, its corresponding
textual content T}, is available from the prior step.
Concurrently, a layout detection tool identifies the
bounding boxes of key visual elements (such as
figures, charts, and tables). These elements are
then cropped from the page to form a set of focused
visual inputs, denoted as Vj:

Vi, = {Crop( Py, bbox) | bbox € LayoutDetect(Py)},

where bboz is the bounding box of each visual
element. Then with all predicted evidence pages,
we construct the full evidence set S by collecting
tuples of the page screenshot (Fy), its extracted text
(T%), and its cropped visual elements (Vy):

S = {(PkHTkka) ‘ P, e gpred}

3.2 Reasoning Module

Answer Sampler. The Answer Sampler agent re-
ceives the collection of evidence S extracted by the
Lens Module. It then integrates all this information
to generate a reasoning process R (e.g., a chain-of-
thought trace) and a corresponding answer A:

R, A= LLMSampler(Q7 S),

To generate a diverse set of candidate an-
swers (Wang et al., 2023), we perform this rea-
soning process 1y times. The diversity is achieved
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by strategy with a temperature 7 > 0. This encour-
ages the model to explore different reasoning paths
and wording, yielding T} distinct reasoning-answer
pairs: {R;, A;} .

Adjudicator. The final step is managed by the
Adjudicator, whose goal is to synthesize the best
answer from the 7, candidate answers. It care-
fully analyzes the reasoning path R; of each candi-
date and cross-validates the different approaches to
identify the most consistent and logical conclusion,
which is then presented as the final answer A f;y,4;:

Afinal = LLMAdjud({ (Ru Az) }ZTil ) .
4 Experiments

In this section, we first introduce our experimental
setup (§ 4.1), including benchmarks, metrics, tested
models and baseline methods. We then demon-
strate the overall effectiveness of our DOCLENS on
the two selected benchmarks (§ 4.2 & § 4.3). For
implementation details, please refer to Appendix D.

4.1 Experimental Setup

Benchmarks and Metrics. We evaluate
our method on two challenging benchmarks:
MMLongBench-Doc (Ma et al, 2024b)
and FinRAGBench-V (Zhao et al., 2025).
MMLongBench-Doc tests reasoning over lengthy,
multi-domain documents (avg. 47.5 pages) that
require integrating scattered information across
diverse modalities. Crucially, its dedicated “Unan-
swerable” subset directly evaluates our model’s
ability to mitigate hallucination. Performance of
human experts on this benchmark is reported as
65.8. FinRAGBench-V is vital for our analysis due
to two unique features: its use of documents with
dense, newspaper-like layouts (See Figure 5), and
its support for evaluating visual citation (pinpoint-
ing block-level evidence), which provides a direct
assessment of our fine-grained localization strategy.
We adhere to the original evaluation protocols:
rule-based scoring for MMLongBench-Doc and an
LLM-as-a-judge approach for FinRAGBench-V.
Further statistics and evaluation details are
provided in Appendices B,D.3, and D 4.

Models and Baselines. We evaluate our pro-
posed agentic framework on three cutting-edge pro-
prietary models: Gemini-2.5-Pro (Comanici et al.,
2025), Gemini-2.5-Flash (Comanici et al., 2025),
and Claude-4-Sonnet (ClaudeTeam, 2025). We
benchmark its performance against three categories

of baselines. The first is the vanilla setting, which
uses only page screenshots. The second augments
screenshots with OCR text appended to each page,
an approach we found particularly effective dur-
ing our pilot study. The third category comprises
existing agentic frameworks: MACT (Yu et al.,
2025), M3DocRAG (Cho et al., 2024), MDocA-
gent (Han et al., 2025), and SimpleDoc (Jain et al.,
2025). For MACT, M3DocRAG, and MDocAgent,
we report the best scores from their original pa-
pers. For SimpleDoc, the most recent and best-
performing training-free framework, we reproduce
results across all proprietary models using our met-
rics to ensure fair comparison.

4.2 Main Results on MMLongBench-Doc

Table 1 presents our main experimental results.
On MMLongBench-Doc, our approach yields sub-
stantial performance improvements across all three
backbone models. These gains are particularly pro-
nounced for comparatively weaker models, such as
Claude-4-Sonnet and Gemini-2.5-Flash, compared
to the more powerful Gemini-2.5-Pro. Notably,
our DOCLENS framework enables both Claude-
4-Sonnet and Gemini-2.5-Flash to achieve near-
human performance. Furthermore, Gemini-2.5-Pro
augmented with our method surpasses the human
baseline by ~ 2%. These results strongly demon-
strate the effectiveness of DOCLENS.

Additionally, our method achieves significant
improvements on the Unanswerable (UNA) sub-
set, with absolute gains of +8.1%, +13.0%, and
+13.8% for Claude-4-Sonnet, Gemini-2.5-Flash,
and Gemini-2.5-Pro, respectively. This indicates
that our agentic framework effectively mitigates
model hallucination, a critical capability for real-
world applications.

Finally, we observe that augmenting models
with OCR text substantially improves performance
across all three backbones compared to the vanilla
setting. We attribute this improvement to OCR’s ef-
fectiveness in facilitating (implicit) evidence page
retrieval, as further analyzed in Section 5.2.

4.3 Main Results on FinRAGBench-V

On the FinRAGBench-V benchmark, our frame-
work’s superiority is even more pronounced. Com-
pared to the strongest baseline, DOCLENS achieves
substantial gains when paired with Claude-4-
Sonnet (+3.1%), Gemini-2.5-Flash (+10.2%), and
Gemini-2.5-Pro (+6.8%). We hypothesize these
larger gains stem from FinRAGBench-V’s higher
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MMLongBench-Doc

FinRAGBench-V

Model

TXT LAY CHA TAB FIG UNA | ALL | TXT TAB CHA | ALL

Vanilla VLMs
GPT-4o' 463 460 453 500 441 202 | 428 | - - - | 372
Claude-4-Sonnet 504 494 505 573 439 59.0 | 534 | 366 202 519 | 33.8
Gemini-2.5-Flash 440 532 460 439 482 567 | 49.6 | 490 41.6 41.0 | 43.0
Gemini-2.5-Pro 521 621 555 553 540 59.9 | 58.1 | 622 553 504 | 54.9
04-mini® - - - - - - - - - - | 624
VLMs Augmented with OCR
Claude-4-Sonnet 527 51.6 500 581 453 659 | 56.0 | 587 21.6 543 | 41.0
Gemini-2.5-Flash 559 549 527 634 503 608 | 585 | 67.6 644 46.1 | 583
Gemini-2.5-Pro 59.7 653 60.8 683 557 584 | 633 |70.0 700 562 | 64.9
VLM-based Agentic Frameworks

MACT (w/ MiMo-VL-7B)f - . - - - T N . } B} .
M3DocRAG (w/ Qwen2-VL-7B)f  30.0 235 189 20.1 208 58 | 210 | - - - -
MDocAgent (w/ GPT-40)* - - - - - - | 420 - - - -
SimpleDoc
w/ Claude-4-Sonnet 52.1 533 583 624 469 665 ] 586|596 689 549 | 61.7
w/ Gemini-2.5-Flash 455 574 490 51.6 452 665 | 533 | 70.2 562 53.6 | 58.3
w/ Gemini-2.5-Pro 484 548 557 56.1 525 597 | 56.6 | 67.5 640 60.9 | 63.6
DOCLENS (Ours)
w/ Claude-4-Sonnet 599 582 544 639 553 74.0 | 633 | 70.2 660 603 | 64.8
w/ Gemini-2.5-Flash 595 615 548 669 59.0 738 | 647 | 699 713 645 | 68.5
w/ Gemini-2.5-Pro 63.7 646 643 69.7 60.2 722 | 67.6° | 689 742 67.1 | 704

Table 1: Main Results on the MMLongBench-Doc and FinRAGBench-V benchmarks. We report the accuracy of
five types of evidence sources including pure text (TXT), layout (LAY), chart (CHA), table (TAB), and figure (FIG),
and on unanswerable (UNA) samples. Bold indicates the best score per column; underlined indicates the best per
column within each block.§ denotes results reported in the original paper, hence some results are unavailable. *
Denotes results surpassing human experts (On MMLongBench-Doc, performance of human experts is 65.8).

proportion of documents with dense, complex vi-
sual layouts (e.g., newspapers).

A closer analysis confirms this hypothesis, re-
vealing that the performance boost is primarily
driven by our method’s superior handling of vi-
sual evidence. On chart-based questions, for in-
stance, DOCLENS elevates the performance of
Gemini-2.5-Pro and Gemini-2.5-Flash by absolute
margins of +10.9% and +23.5% over the strong
OCR-augmented baseline. This trend continues for
table-based questions, with corresponding gains
of +4.2% and +6.9%. Collectively, these results
demonstrate that as visual complexity increases,
the advantage of our fine-grained element localiza-
tion becomes increasingly critical—a capability we
analyze in further detail in Section 5.3.

5 Analysis

This section presents a comprehensive analysis of
our framework. By default, all experiments are
conducted with Gemini-2.5-Pro. We begin with
an ablation study (§ 5.1), which confirms that the

Lens Module significantly boosts performance and
the Reasoning Module can further reduce halluci-
nation. We then delve deeper into the Lens Mod-
ule (§ 5.2 and § 5.3), demonstrating through quan-
titative analysis and case studies how its Page Nav-
igator improves page recall and its Element Local-
izer enhances visual comprehension by pinpointing
specific elements. Next, we provide a detailed effi-
ciency analysis (§ 5.4), showing that the sampling
overhead is modest and our method achieves favor-
able latency-accuracy trade-offs compared to Sim-
pleDoc. Finally, we demonstrate the framework’s
cost efficiency via a hybrid-backbone variant that
outperforms baseline with much lower cost (§ 5.5).
We also discussed test-time scaling effect of our
method in the Appendix E.1.

5.1 Ablation on Core Modules

Table 2 ablates the efficacy of our Lens Module
and Reasoning Module. The ablation settings are
as follows: to ablate the Lens Module, we pro-
vide the raw screenshot and OCR text directly to
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Methods MMLong  pinrAG
ANS UNA ALL

DOCLENS (Gemini-2.5-Pro) 664 722 67.6 704
w/o Lens Module 63.3 644 63.5 65.1
w/o Reasoning Module 66.6 682 670 69.9

DOCLENS (Gemini-2.5-Flash) 624 73.8 647 68.5
w/o Lens Module 584 684 604 609
w/o Reasoning Module 62.0 71.1 63.8 67.1

Table 2: Ablation study of key modules in our pro-
posed method. MMLong, FinRAG, ANS, UNA is short
for MMLongBench-Doc, FinRAGBench-V, Answerable,
Unanswerable, respectively.

the Reasoning Module. To ablate the Reasoning
Module, we take the output from the Lens Module
(relevant pages and elements) and send it directly
to the backbone VLM for answer generation.

The results underscore the critical role of the
Lens Module. Its removal leads to a substantial per-
formance drop of 4.1% on MMLongBench-Doc
and 5.3% on FinRAGBench-V for Gemini-2.5-
Pro, and similar degradation for Gemini-2.5-Flash
(7.6% and 1.4%, respectively). The Reasoning
Module, meanwhile, can further reduce model hal-
lucination. Its absence leads to a noticeable drop in
performance on the unanswerable (UNA) queries.
Notably, the benefit of the Reasoning Module is
more pronounced for weaker backbones; extended
ablation across five benchmarks and three back-
bones is provided in Appendix C.1.

5.2 Analysis on Page Navigator

Page Navigator achieves nearly perfect recall
of evidence pages. First, we demonstrate the ef-
fectiveness of our Page Navigator in terms of re-
trieving evidence pages. We assess this aspect in
two ways: by calculating the recall of retrieved
pages against the annotated evidence pages, and
by measuring the final accuracy after processing
these pages with Element Localizer, Answer Sam-
pler, and Adjudicator. As presented in Table 3,
on MMLongBench-Doc, our Page Navigator back-
boned with Gemini-2.5-Pro achieve a near-perfect
recall of 97.3%, and its final accuracy is only 1.5%
behind using oracle pages.

Page Navigator outperforms other retrievers.
We then conduct a comparative analysis by sub-
stituting our Page Navigator with retrievers from
leading prior work. The first and most prevalent cat-
egory is vector-based retrievers (Dong et al., 2025b;

Han et al., 2025; Cho et al., 2024), exemplified by
MDocAgent (Han et al., 2025), which retrieve the
top-K most similar pages based on vector repre-
sentations of the query and individual pages. We
use ColBERT (Santhanam et al., 2021) for textual
retrieval and ColPali (Faysse et al., 2024) for vi-
sual retrieval, combining their top-10 results. More
recently, SimpleDoc (Jain et al., 2025) introduces
a refinement through a two-stage pipeline: first
retrieving pages via ColQwen2.5, then using an
LLM to select evidence pages based on generated
summaries. We substitute the original LLM with
Gemini-2.5-Pro to maintain consistency with our
framework’s backbone.

As shown in Table 3, MDocAgent’s vector-
based retriever retrieves 13.6 pages on average but
achieves low recall on evidence pages, resulting in
the poorest final accuracy. SimpleDoc significantly
improves both recall and precision, scoring 64.4%
for final accuracy. However, it still underperforms
our Page Navigator even when using the weakest
backbone. These results validate the effectiveness
of our Page Navigator for evidence page retrieval.

OCR significantly enhances page retrieval. We
now examine each design choice of our Page
Navigator. Table 4 presents ablation results on
MMLongBench-Doc and FinRAGBench-V. We ob-
serve that both sampling and OCR augmentation
improve evidence page recall, which successfully
translates into higher final accuracy. Most no-
tably, OCR provides substantial improvements: for
Gemini-2.5-Pro, it increases recall by 10.0% and
40.5% on MMLongBench-Doc and FinRAGBench-
V, respectively; for Gemini-2.5-Flash, the gains are
15.9% and 50.1%. This indicates that VLMs are
more adept at retrieving relevant information in the
textual domain than in the visual domain.

5.3 Analysis on Element Localizer

Element Localizer enhances block-level evi-
dence identification. FinRAGBench-V provides
202 cases with human-annotated bounding boxes
for relevant blocks on evidence pages. We lever-
age this subset to examine whether the element
localizer improves block-level evidence identifica-
tion. Specifically, we provide evidence pages to
Gemini-2.5-Pro and compare bounding box predic-
tions with and without the element localizer. As
shown in Figure 4, the Element Localizer substan-
tially improves block-level performance, increasing
precision by 4.9%, recall by 9.3%, and F1 score by
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Setting ‘#Pages Recall Prec Final Acc

100.0 100.0 69.1

Evidence Pages (Oracle) ‘ 1.5

Baseline Retrievers
MDocAgent’s Retriever 13.6 71.1 7.0 49.6
SimpleDoc’s Retriever 49 89.0 347 64.0

DOCLENS’s Page Navigator

w/ Gemini-2.5-Pro 3.5
w/ Gemini-2.5-Flash 3.1
w/ Gemini-2.5-Flash-Lite| 3.2

97.3 55.1 67.6
952 62.0 67.1
90.2 60.0 64.4

Table 3: Final Accuracy On MMLongBench-Doc with
varying retrieval backbones for the Page Navigator.
#Pages denotes average number of retrieved pages. Prec
is short for Precision.

FinRAG
Recall

Methods MMLong

Recall Final Acc Final Acc

Gemini-2.5-Pro

Page Navigator 97.3 67.6 94.3 70.4
w/o Sampling  95.6 66.5 89.9 69.0
w/o OCR 87.3 58.1 53.8 50.0

Gemini-2.5-Flash

Page Navigator 95.2 64.7 90.4 68.5
w/o Sampling  88.0 58.1 78.3 60.2
w/o OCR 79.3 49.6 40.3 45.6

Table 4: Ablation of Page Navigator in terms of retriev-
ing evidence pages (recall) and impact on final perfor-
mance (accuracy). MMLong and FinRAG is short for
MMLongBench-Doc and FinRAGBench-V, respectively.

6.7%. (See Appendix D.4 for detailed calculations
) This also enhances the reliability and traceability
of the final output (Ma et al., 2024a).

Effectiveness on visual-centric queries. We
further analyze the Element Localizer’s effec-
tiveness across different evidence types. The
MMLongBench-Doc  benchmark comprises
five evidence categories: Pure-text (Plain-text),
Generalized-text (Layout), Table, Chart, and
Figure. We partition samples into three distinct
sets based on their evidence sources: Text-Only,
containing evidence exclusively from the first two
categories; Visual-Only, containing evidence solely
from the latter three categories; and 7Text& Visual,
containing evidence from both domains. We
compare Final Scores with and without the
Element Localizer across these three data splits,
with results presented in Figure 3. The Element
Localizer demonstrates substantial benefits when
evidence involves visual elements, while providing
negligible improvement on Text-Only tasks. This

MMULongBench-Doc FinRAGBench-V

[ w/oEL 744 EE w/o EL
(Sl — 1 w/EL 1 w/EL

801

70 724

65 70 1
60 68
55

66
50

T T T T
Text-Only Visual-Only Text& Visual Text-Only Visual-Only

Figure 3: Effectiveness of Element Localizer (EL) on
different evidence sources.

60
3 w/o Element Localizer 533
[ w/ Element Localizer

50
44.0 46.0

40.4 393

Score

40

35.5

W]

T T
Precision Recall F1

Figure 4: Element Localizer enhances block-level evi-
dence identification.

pattern holds consistently on the FinRAGBench-V
benchmark, reinforcing this finding.

Case Study. Figure 5 presents two cases that
highlight the effectiveness of the Element Local-
izer. The first case requires identifying a trend from
a small bar chart embedded within a dense news-
paper page. The second demands a more intricate
task: locating a specific line plot in a research pa-
per, extracting precise numerical values from it, and
then presenting them in descending order. By first
identifying and then cropping these visual elements
for detailed inspection, our Localizer effectively ad-
dresses such complex visual challenges.

5.4 Efficiency Analysis

We present a detailed efficiency analysis compar-
ing DOCLENS with baselines. All measurements
are on MMLongBench-Doc using Gemini-2.5-Pro
unless otherwise noted.

Sampling overhead is lower than expected. A
natural concern is the cost of multiple sampling
in the Page Navigator and Answer Sampler. How-
ever, mainstream inference engines (e.g., vVLLM,
OpenAl, Google GenAl SDK) support parallel sam-
pling via KV caching, where the input representa-
tion is computed once and N candidates are gen-
erated in a single batch. The cost thus scales as
O(input + N X output) rather than N x O(input +
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Case 1 (From FinRAGBench-V)

Question: According to statistics of total planted UK vineyards,
what is the projected trend for vineyards from 2018 to 20237

More vines are getting ‘

Case 2 (From MMLongBench-Doc)

Question: Please list the F1 scores for ProgramFC on different datasets with gold
evidence in relation to Flan-T5-small, in descending order, with one decimal place.
For example: ['3.0", "2.0"]

Lex.

| planted
Total planted UK vineyards
€000 hectacres)

0
2018 19 20 21 22 23
Source: Stephen Skelfon MW, WineGB
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Figure 5: Cases demonstrating the effectiveness of Element Localizer.

Sampling Count X' Avg. Latency (s) Avg. Tokens
1 38.8 28,854
2 48.0 33,243
4 54.5 40,765
8 69.6 55,004

Table 5: Sampling overhead on 50 random cases from
MMLongBench-Doc.

output). In our long-context scenarios where input
length dominates, this means the overhead is sub-
stantially lower than intuitively expected. Table 5
validates this: increasing the sample count from 1
to 8 results in less than 2 increase in both latency
and total token consumption.

Comparison with SimpleDoc. Table 6 presents
an end-to-end latency comparison between DO-
CLENS and SimpleDoc. With K = 8, DOCLENS
achieves comparable latency while significantly
outperforming SimpleDoc in accuracy (+11.0%).
With K = 2, our latency is only 71% of Sim-
pleDoc’s with a marginal performance drop. The
Hybrid variant further reduces latency to 48% of
SimpleDoc’s while still outperforming it.

5.5 Hybrid Backbones for Cost Efficiency

Our framework’s separation of high-cost retrieval
from low-cost reasoning creates a natural opportu-
nity for efficiency gains. This cost imbalance arises
because the Page Navigator must process the entire
document (avg. 49.4 pages on MMLongBench-
Doc), while the Reasoner only analyzes the re-

Method Latency (s) Relative Cost Acc
Gemini-2.5-Pro 15.6 1.0x 63.3
SimpleDoc 67.2 - 56.6
DOCLENS (K =38) 69.6 2.2% 67.6
DOCLENS (K =2) 48.0 1.3% 67.3
Hybrid (K =2) 324 0.4x 64.0

Table 6: End-to-end latency and performance compari-
son. Latency estimated on 50 random cases; accuracy
on the full dataset. Relative cost is measured against the
vanilla Gemini-2.5-Pro baseline.

trieved pages (avg. 3.5). To facilitate cost effi-
ciency, we explore hybrid backbones by substi-
tuting the Page Navigator’s Gemini-2.5-Pro back-
bone with cheaper alternatives: Gemini-2.5-Flash
and Gemini-2.5-Flash-Lite!. As shown in Ta-
ble 3, using Gemini-2.5-Flash (67.1%) and even
the lightweight Gemini-2.5-Flash-Lite (64.4%) for
retrieval both outperform the vanilla Gemini-2.5-
Pro baseline (63.3%). This confirms the potential
of our framework to balance cost and performance.

6 Related Work

Visual Document Understanding. Visual doc-
ument understanding aims to extract information
from documents containing both textual and vi-
sual elements, including text, tables, charts, and
figures. Early efforts primarily focus on un-
derstanding short, single-page visual documents,

'We refer to https://ai.google.dev/gemini-api/

docs/pricing. Gemini-2.5-Pro / Flash / Flash-Lite costs
$1.25/$0.3 / $0.1 per million input tokens, respectively.
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establishing foundational benchmarks such as
DocVQA (Mathew et al., 2021), ChartQA (Masry
et al., 2022), and SlideVQA (Tanaka et al., 2023).
With recent advances in VLMs, models have
achieved strong performance on these benchmarks,
prompting the research community to shift to-
ward two more challenging directions. The first
involves multi-document scenarios (Dong et al.,
2025b; Zhao et al., 2025; Cho et al., 2024), which
focus on retrieving relevant documents from a cor-
pus and performing retrieval-augmented genera-
tion, as exemplified by ViDoRAG (Wang et al.,
2025a), M3DocRAG (Cho et al., 2024), and
VRAG-RL (Wang et al., 2025b). The second set-
ting involves single, long-document comprehen-
sion (Ma et al., 2024b; Deng et al., 2024; Zou
et al., 2024; Dong et al., 2025¢), challenging mod-
els to process cohesive but extensive visual docu-
ments (Yu et al., 2025; Han et al., 2025; Jain et al.,
2025). Our work situates within this latter context.

Evidence Localization in Visual Document Un-
derstanding. A central challenge in both multi-
document and single long-document scenarios is
the localization of evidence. Conventional ap-
proaches (Tanaka et al., 2025; Yu et al., 2024) pri-
marily rely on vector-based models (Santhanam
et al., 2021; Faysse et al., 2024; Wang et al., 2022;
Chen et al., 2024; Ginther et al., 2023; Zhu et al.,
2024) to retrieve top-K pages by combining textual
and visual features. However, embedding mod-
els often struggle to capture complex reasoning
relationships (Hongjin et al., 2025), resulting in
suboptimal page recall. A recent improvement,
SimpleDoc (Jain et al., 2025), employs an itera-
tive pipeline that retrieves pages via vector-based
models, uses an LLM to select evidence pages
from generated summaries, and refines the query
based on missing information, repeating until suffi-
cient information is gathered. In contrast, our work
demonstrates that directly employing long-context
VLMs with OCR augmentation can achieve signifi-
cant improvements in both recall and precision for
page-level retrieval. Another key differentiator of
our method is its localization granularity. While
prior work typically operates only at the page level,
our framework leverages document parsing tools
to pinpoint specific visual elements such as tables,
figures, and charts. This fine-grained localization
enables substantial improvements in comprehend-
ing visually complex elements.

Compared to SimpleDoc, the most closely re-

lated training-free framework, DOCLENS differs
in three key aspects. (1) Retrieval strategy: We
directly employ a generative VLM to identify evi-
dence pages from the full document, whereas Sim-
pleDoc primarily relies on vector-based embed-
ding retrievers (ColQwen2.5) followed by LLM-
based reranking. As shown in Table 3, our gener-
ative approach substantially outperforms Simple-
Doc’s retriever in both recall and final accuracy.
(2) Information granularity: SimpleDoc operates
solely at the page level, while our Element Local-
izer parses visual elements within pages for fine-
grained inspection—a capability critical for under-
standing complex tables, charts, and figures (Fig-
ure 3). (3) Reliability mechanism: We introduce a
sampling-adjudication process that generates mul-
tiple candidate answers and synthesizes the most
faithful one, effectively mitigating hallucination
on unanswerable queries. This verification step is
absent in SimpleDoc.

7 Conclusion

In this paper, we introduced DOCLENS, a tool-
augmented multi-agent framework that addresses
critical challenges in long visual document un-
derstanding: evidence localization. Through its
Lens Module for precise evidence retrieval and a
Reasoning Module for robust analysis, our frame-
work significantly improves the performance of
various VLMs on the MMLongBench-Doc and
FinRAGBench-V benchmarks. Notably, Do-
CLENS with Gemini-2.5-Pro not only achieves
SOTA results but also surpasses human expert per-
formance, demonstrating its effectiveness.

Limitations

While this paper makes substantial progress in evi-
dence localization for long visual document under-
standing and achieves state-of-the-art performance
on two challenging benchmarks, several limitations
remain.

First, regarding visual element comprehension,
although our Lens module delivers notable im-
provements for understanding Charts, Tables, and
Figures, many challenging cases (e.g., See Ap-
pendix F) persist that cannot be adequately ad-
dressed through simple “zooming-in” strategies.
Effectively handling these cases requires either
designing dedicated agentic frameworks tailored
to specific visual element types or advancing the
fundamental perception capabilities of backbone
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LLMs.

Second, our current approach does not distin-
guish between document domains. In realistic sce-
narios, documents from specialized domains such
as legal, medical, or financial fields often require
domain-specific expert knowledge for accurate in-
terpretation. Automatically constructing expert-
level agents tailored to different document domains
represents a promising direction for future work.

Ethics Statement

This work fully complies with the ACL Ethics Pol-
icy. We declare that there are no ethical issues in
this paper, to the best of our knowledge.
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A Prompt Templates for our Agentic Framework.

In this section, we provide the system prompts for our Page Navigator, Answer Sampler, Adjudicator.

Prompt used for the Page Navigator

## ROLE

You are an expert AI assistant specializing in multimodal long document understanding. Given
a multimodal long document and a user question, your task is to systematically locate the
indices of all pages that might contain information useful for answering the user's
question, and then provide an answer to the question.

## Follow these instructions carefully:

- Core Objective: Your primary goal is to identify all pages relevant to the question. The
pages you identify will be passed to a specialized agent for detailed examination, making
recall your most important optimization goal. If a page might be useful, you should
include it; it is better to be over-inclusive and let the subsequent agent perform the
detailed check.

- Provide References: While fulfilling the Core Objective, provide the corresponding
reference pages. If the user's question explicitly refers to a specific page, slide,
figure, or section (e.g., "in slide 5", "on page 10"), then index of the corresponding
page MUST be included in the located_pages list. However, it is crucial to understand
that when a document has printed page numbers, a user's reference to "Page X" typically
means the page with that printed number, not its sequential index in the file. For
instance, if a PDF has a cover page, a user referring to "Page 2" means the page with the
printed number '2', but its actual index might be 3. You must resolve the user's
referenced page number into its correct page index. Crucially, the values you return in
the located_pages list must always be these page indices (starting from 1). This rule is
non-negotiable and overrides any other consideration about the page's content or
sufficiency.

- Rules of numerical answers:

- If the user asks for an absolute number (e.g., with questions like "How many...?"), you
must first attempt to locate the number directly. If it cannot be found, you must find
the pages containing the relevant percentage and total count (or other necessary data) to
calculate the absolute number. If the calculated absolute number for discrete entities
(e.g., people, companies, objects) is a decimal, you must round it to the nearest whole
number.

- If the user asks for a percentage (or proportion), you must first attempt to locate the
percentage directly. If it cannot be found, you must find the pages containing the
absolute numbers of the subgroup and the total count (or other necessary data) to
calculate the percentage.

- If the user's question is ambiguous and does not explicitly specify a number or
percentage (e.g., "What's the gap between...?"), you must default to providing the
absolute value. If you can only find relative values (percentages) in the chart, you must
make every effort to find a total number within the provided context to calculate the
absolute value. Only return the relative value as a last resort if a total number cannot
be found, and explain that you cannot find total number in this case.

## Output Format:

Your entire response MUST be a single, valid JSON object and nothing else. Do not wrap it in
markdown code blocks or add any other text. The JSON object must contain exactly three
fields: analysis (string), located_pages (string), and prediction (string).

- analysis field: Briefly explain your thought process. Describe how you located the answer
within the document, which pages, tables, or figures you referenced, and how you
connected the information to the question.

- located_pages field: This must be a string representation of a list of integers. Page
indices start at 1. If relevant pages are found, it should look like this: "[3, 10, 12]".
If no pages contain relevant evidence, it MUST be an empty list: "[]". Always return the
index of the target page (starting from 1), not the page number printed on the page.

- prediction field: This must be a string containing the direct answer to the user's question.

.l J
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Prompt used for the Answer Sampler

## ROLE

You are an expert AI assistant specializing in multimodal long document understanding. Your
task is to carefully analyze the provided page images (which may contain text, figures,
tables, and other content) and provide a precise answer to the user's question. Treat the
provided pages as a curated and sufficient set of information. A preceding agent has
already identified them as the key relevant pages from the full document, so you do not
need to second-guess the relevance of the provided content. For example, if the question
is about an appendix, but the provided pages aren't explicitly labeled as such, you
should assume they are the correct appendix pages. If the question refers to a page range
and you are only given images, assume those images constitute the content of those pages.
If the question asks for a specific item (e.g., the "5th FAQ") and you are shown only
one, treat that as the target item. Your task is to carefully review these pages and
provide an accurate answer.

## Follow these instructions carefully:

- Core Objective: Your primary goal is to accurately and concisely answer the user's question
based on the content of the provided document pages.

- Rules of numerical answers:

- If the user asks for an absolute number (e.g., with questions like "How many...?"), you
must first attempt to locate the number directly. If it cannot be found, find the
relevant percentage and total count (or other necessary data) to calculate the absolute
number. If the calculated absolute number for discrete entities (e.g., people, companies,
objects) is a decimal, you must round it to the nearest whole number.

- If the user asks for a percentage (or proportion), you must first attempt to locate the
percentage directly. If it cannot be found, find the absolute numbers of the subgroup and
the total count (or other necessary data) to calculate the percentage.

- If the user's question is ambiguous and does not explicitly specify a number or
percentage (e.g., "What's the gap between...?"), you must default to providing the
absolute value. If you can only find relative values (percentages) in the chart, you must
make every effort to find a total number within the provided context to calculate the
absolute value. Only return the relative value as a last resort if a total number cannot
be found, and explain that you cannot find total number in this case.

- Zoom-in Feature: When a page image contains figures or tables and requires closer
inspection, we may provide zoomed-in images of these elements, appended after the main
page image (Noted as "---- Zoomed-in Figures and Charts of this page ----"), to help you
examine them closely. We will also extract text from the page image into Markdown format.
Note: For questions related to page layout, you must refer to the original page image
itself, not the zoomed-in images or the Markdown text, as they may lose layout
information. For instance, if asked for the first figure on the page, you should consult
the full page image to determine its order, not the sequence of the provided zoomed-in
images.

- Page Numbering: Page numbers in the user's question typically refer to the number printed
on the page image, not the page's index in the document file. For example, if a PDF's
first page is the cover and the third page is the first page of content (labeled "Page
1"), a user's question about "page 1" refers to that third page. Similarly, when asked to
provide a page number, you should return the printed page number from the image. Only
return the page index if no number is printed on the page.

- Rule of faithfulness: Be faithful. If the provided pages do not contain sufficient
information to answer the user's question, you should answer “Not answerable™. For
example, if the user asks for a man in green shirts, but there are only man in red shirts
in the provided pages, you should answer “Not answerable; if the user asks for the boy
playing badminton, but there are only boys playing football in the provided pages, you
should answer “Not answerable™; if the user asks for a certain year's data but the
provided pages only contain data for other years, you should answer “Not answerable™; if
the user asks for the color of a certain object but the provided pages do not contain
that object, you should answer “Not answerable-.

## Output Format:

Your entire response MUST be a single, valid JSON object and nothing else. Do not wrap it in
markdown code blocks or add any other text. The JSON object must contain exactly two
fields: analysis (string), and prediction (string).

- analysis field: Briefly explain your thought process. Describe how you located the answer
within the document, which pages, tables, or figures you referenced, and how you
connected the information to the question.

- prediction field: This must be a string containing the direct answer to the user's question.

(S
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Prompt used for the Answer Adjudicator

## Role:

You are an expert AI assistant specializing in multimodal long document understanding. Your
primary role is to serve as an aggregator of different answers (and corresponding
analyses) provided by multiple AI agents for a given question about a complex long
document containing various information formats such as text, images, and charts.

## Follow these instructions carefully:

- Core Objective: Your ultimate goal is to accurately and concisely answer the user's
question based on the content of the provided document pages. You will be presented will
several answers and analyses from different agents, and you must determine which answer
is the most appropriate by evaluating the reasoning behind each one.

- Serving as a judge, not a executor. Despite we are tackling document understanding, the
target document will only be presented to the previous agents, but not you. So your
primary objective is not to solve the problem from scratch yourself, but to examine the
existing analyses, and find the correct answer.

- Avoid Frequency Bias: You must ignore the frequency with which an answer appears. An answer
being repeated by multiple agents does not make it correct. Your judgment must be based
solely on factual evidence from the document, not on consensus.

- Be careful about faithfulness: Sometimes the question might be unanswerable given the
provided document pages. In this case, "Not answerable” should be the desired answer.
However, not all agents will be aware of this. Some of them might provide an hallucinated
answer, or first twist the question to make it answerable. An example is the user asks
for a specific year, but the provided pages only contain data for other years. In this
case, some agents might answer with the closest year. Despite they are trying to be
helpful, this is not faithful to the document. Another example is if a user asks for the
meaning of a specific fruit on a given page, but that page only contains information
about a different fruit. Trying to be helpful, the agent might say that the requested
fruit is not on the page, and then proceed to explain the meaning of the other fruit that
is present. In such cases, the desired answer must still be "Not answerable”. It is your
duty to identify such cases, and choose "Not answerable” as the final answer.

- Rule of Common Sense: Sometimes, an agent can be overly pedantic or literal about certain
concepts. For example, when asked if a "line plot” exists on a page, an agent might get
bogged down in the technical definition and misidentify upward or downward arrows as a
line plot. This clearly defies common sense. In reality, the user is an ordinary person.
You must interpret their intent in the most common-sense way and select the agent's
answer that best aligns with a general, conventional understanding.

## Input Format
You will first be provided with the question, and then a list of Agent responses in the
following format:

**Question: x*
[The exact question that was asked will be stated herel]

**%List of Agent Analyses and Answers:*x

Agent 1

Analysis: [The reasoning process provided by Agent 1]
Answer: [The final answer provided by Agent 1]

Agent 2

Analysis: [The reasoning process provided by Agent 2]
Answer: [The final answer provided by Agent 2]

Agent 3

[...]

## Output Format:

Your entire response MUST be a single, valid JSON object and nothing else. Do not wrap it in
markdown code blocks or add any other text. The JSON object must contain exactly two
fields: analysis (string), and prediction (string).

- analysis field: Insert your detailed meta-analysis here. You must explicitly reference and
critique the analysis of the different agents.

- prediction field: Insert the exact text of the correct agent answer here, with no prefix

. J
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B Dataset Statistics

Statistics of MMLongBench-Doc and FinRAGBench-V are presented in Table 7. MMLongBench-Doc
comprises documents from 7 various domains, including Research report/Introduction, Tutorial/Workshop,
Academic Paper, Guidebook, Brochure, Administration/Industry file, Financial Report. FinRAGBench-V,
on the other hand, focuses sole on financial reports.

\ Dataset Name

Statistics

‘ MMLongBench-Doc FinRAGBench-V
Documents 135 301
- Average/Medium pages 475728 76.1/57.0
- Average/Medium words 8,393 /5,743 36,026 /16,329
Total question 1,082 1,394
- Single-page question 494 (45.7%) 1,218 (87.4%)
- Cross-page question 365 (33.7%) 178 (12.6%)
- Unanswerable question 223 (20.6%) -
Evidence source
- Pure-text 305 (35.5%) 302 (21.7%)
- Layout 119 (13.9%) -
- Table 218 (25.4%) 573 (41.1%)
- Chart 178 (20.7%) 519 (37.2%)
- Image 304 (35.4%) -
Avg. / Max. question words 16.2/54 35.8/108
Avg. / Max. answer words 2.1/66 23.4/174

Table 7: Statistics of benchmarks
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C Additional Experiments on Generalizability

To further validate the generalizability of DOCLENS, we evaluate on three additional benchmarks and
an open-source backbone. All results in this section are based on a random sample of cases due to
computational constraints: 500 questions for DocBench and MMDocRAG, and 200 cases for the Qwen3-
VL-8B evaluation on MMLongBench-Doc.

Additional Benchmarks. We test on three benchmarks beyond the two in the main paper: Pa-
perTab (Zhang et al., 2024), which focuses on tabular data interpretation (393 questions from 307
academic documents); DocBench (Zou et al., 2024), covering long-context scenarios (229 PDFs averaging
66 pages) across five domains; and MMDocRAG (Dong et al., 2025a), featuring expert-annotated QA
pairs requiring multi-page, cross-modal evidence chains.

As shown in Table 8, DOCLENS with Gemini-2.5-Pro consistently outperforms the strongest baselines
by 8.9%, 2.6%, and 4.2% on PaperTab, DocBench, and MMDocRAG, respectively.

Method PaperTab DocBench MMDocRAG
Vanilla VLMs
Gemini-2.5-Flash 43.0 67.3 51.4
Gemini-2.5-Pro 53.4 79.0 63.4
VLMs Augmented with OCR
Gemini-2.5-Flash 53.4 73.3 58.6
Gemini-2.5-Pro 65.1 81.0 63.8
SimpleDoc
w/ Gemini-2.5-Flash 55.5 74.5 62.0
w/ Gemini-2.5-Pro 65.9 76.9 71.2
DOCLENS (Ours)
w/ Gemini-2.5-Flash 70.7 82.6 77.4
w/ Gemini-2.5-Pro 74.8 83.6 75.4

Table 8: Results on three additional benchmarks. Due to computational constraints, we report results on a random
sample of 500 questions for DocBench and MMDocRAG.

Open-Source Backbone. To verify that DOCLENS is model-agnostic and effective beyond proprietary
APIs, we evaluate with Qwen3-VL-8B-Instruct on a random subset of 200 cases from MMLongBench-Doc.
As shown in Table 9, DOCLENS outperforms SimpleDoc by 10.2%.

Method MMLongBench-Doc
Vanilla VLM
Qwen3-VL-8B-Instruct 43.0
VLMs Augmented with OCR
Qwen3-VL-8B-Instruct 42.9
SimpleDoc

w/ Qwen3-VL-8B-Instruct 50.9

DOCLENS (Ours)
w/ Qwen3-VL-8B-Instruct 61.1

Table 9: Results with an open-source backbone on a random subset of 200 cases from MMLongBench-Doc.

Performance Across Domains on MMLongBench-Doc. To further examine generalizability, Ta-
ble 10 presents a per-domain breakdown of MMLongBench-Doc results across its 7 document domains.
DOCLENS yields consistent gains across all domains for both Gemini-2.5-Pro and Gemini-2.5-Flash.
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Method Total Academic Admin/Ind. Brochure Financial Guidebook Report/Intro Tutorial/WS

Vanilla VLMs
Gemini-2.5-Flash 49.6 29.5 55.0 50.6 40.9 473 60.4 61.7
Gemini-2.5-Pro 58.3 46.0 57.6 52.8 62.8 56.2 65.6 63.2
VLMs Augmented with OCR
Gemini-2.5-Flash 58.8 51.6 65.8 473 68.4 474 63.7 67.3
Gemini-2.5-Pro 63.6 57.2 70.3 54.5 71.3 57.4 67.5 67.9
SimpleDoc
w/ Gemini-2.5-Flash  53.3 44.7 58.7 51.3 52.6 479 60.4 53.0
w/ Gemini-2.5-Pro 56.6 51.1 57.9 49.1 60.3 52.0 61.3 60.6
DOCLENS (Ours)
w/ Gemini-2.5-Flash  64.7 64.6 69.4 60.5 68.4 59.9 65.4 66.5
w/ Gemini-2.5-Pro 67.6 61.2 72.4 68.2 72.6 62.7 70.4 69.0

Table 10: Per-domain breakdown on MMLongBench-Doc. DOCLENS consistently outperforms baselines across all
7 document domains.

C.1 Extended Ablation on Reasoning Module

Table 11 presents an extended ablation of the Reasoning Module across five benchmarks and three
backbone models. The Reasoning Module yields more significant gains for weaker models (e.g., Gemini-
2.5-Flash-Lite, with drops of 2.9-3.9% upon removal), suggesting it effectively compensates for their
inherent reasoning limitations.

Method MMLongBench-Doc FinRAGBench-V  PaperTab DocBench MMDocRAG
Gemini-2.5-Pro
DOCLENS 67.6 70.4 74.8 83.6 754

w/o Reasoning Module 67.0 (-0.6) 69.9 (-0.5) 72.0 (-28) 84.8 (+1.2) 75.0 (-0.4)
Gemini-2.5-Flash
DOCLENS 64.7 68.5 70.7 82.6 774

w/o Reasoning Module 63.8 (-0.9) 67.1 (-1.4) 66.9 (41) 81.2(1.4) 75.0 (-2.4)
Gemini-2.5-Flash-Lite
DOCLENS 60.6 59.5 60.1 79.4 71.8

w/o Reasoning Module 56.8 (-3.8) 55.9 (-3.6) 57229 75539 68.4 (-3.4)

Table 11: Extended ablation of the Reasoning Module across five benchmarks. Performance drops upon removal
are shown in parentheses.

D Implementation Details

D.1 Implementing DOCLENS

Document parsing tools. We employ MinerU (Niu et al., 2025), a recently proposed document parsing
tool, to perform OCR, layout detection, and cropping.

Sampling. Most mainstream API interfaces, including vLLM 2, OpenAl 3, and Google GenAI SDK #,
support generating n independent candidate responses for a single input. The cost structure is: input
token cost x 1 + total output token cost across all candidates. Compared to invoking the API n times
sequentially, this approach is substantially more efficient in both time and cost. This efficiency is
particularly pronounced in long-context scenarios, where output length is negligible relative to input length.
Consequently, for long visual document understanding tasks, multiple sampling incurs minimal additional
token overhead. The sole exception is Anthropic’s API, which does not support this functionality; therefore,

2https ://docs.vllm.ai/en/v@.6.4/dev/sampling_params.html
Shttps://platform.openai.com/docs/api-reference/chat/createfichat-create-n
*https://googleapis.github.io/python-genai/genai.html#genai.types.GenerationConfig.candidate_count
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for experiments involving Claude, we invoke the API N times sequentially. In our implementation, both
the retriever sampling count 7, and the answer sampler sampling count T}, are set to 8, with a temperature
T=0.7.

Page Navigator. The Page Navigator takes as input screenshots of all pages along with their OCR text.
In practice, an LLM’s finite context window may prevent processing all N, pages simultaneously for
extremely long documents. To address this, we employ a chunking strategy that divides pages into chunks
of K pages each, processes them in parallel with the Page Navigator, and merges the identified pages. In
our experiments, this strategy is not required for Gemini-2.5-Pro and Gemini-2.5-Flash, both of which
support a 1M token context window. However, Claude-4-Sonnet frequently encounters context limitations
on FinRAGBench-V. For this model, we set K = 50, processing 50 pages per iteration. This substantially
improves evidence page recall from 72% to 87% on FinRAGBench-V.

Miscellaneous. Some APIs impose restrictions on image resolution. When an API raises an error
regarding excessive image size, we reduce the resolution by half and retry the request. In the VLMs
Augmented with OCR setting, if context limit is exceed, we discard the text and roll back to the image
only setting.

Pseudo Code. Algorithm 1 presents overall workflow of our DOCLENS framework.

D.2 Reproducing SimpleDoc

SimpleDoc (Jain et al., 2025) is the most recent training-free agentic framework for long visual document
understanding. By optimizing the page retriever, it significantly improves upon previous methods including
MDocAgent (Han et al., 2025) and M3DocRAG (Cho et al., 2024). Its page retriever includes a vector-
based retrieval phase backed by ColQwen2.5, and a summary-augmented reranking phase backed by
Qwen3-30B-A3B (Yang et al., 2025). The selected pages, along with the question, are then fed into
Qwen2.5-VL-32B-Instruct for answer generation. This process is iterated multiple times to include all
potentially relevant pages and deliver the most reliable answer. Finally, it uses GPT-40 to evaluate the
consistency between the generated answer and ground truth.

To reproduce their results for fair comparison, we adopt the following settings: 1) For the vector-based
page retrieval phase, we return the top-30 pages, as suggested by the paper. 2) We replaced all generative
backbones (Qwen3-30B-A3B, Qwen2.5-VL-32B-Instruct) with Gemini-2.5-Flash, Gemini-2.5-Pro, and
Claude-4-Sonnet; 3) We adopted the evaluation protocol proposed in the original paper. Notably, for
MMLongBench-Doc, the original evaluation process first uses an LLM to extract answers, then applies
rule-based metrics to calculate accuracy. Based on our observations, this approach is overly stringent
compared to directly using an LLM to assess semantic consistency, resulting in somewhat lower scores.
For reference, when using LLM-based evaluation, our DOCLENS with Gemini-2.5-Pro achieves a score
of 75, whereas under the original metric it obtains only 67.6. Nevertheless, in this paper, we report the
original metric to facilitate comparison with results from the original paper (including human experts) and
other previous work.
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Algorithm 1 Overall Workflow of DocLens

Require: A visual document D = {Pi}fil; A question (Q in natural language.
Ensure: The final answer A f;5,q.

1:

[ N T e e e e s
PR Y XN RE R 22

22:
23:
24:
25:
26:
27:
28:
29:
30:

A R O

> Lens Module: Extract relevant evidence from the document

Epred < 0 > > Initialize the set of predicted evidence pages.
fori =1to N do
T; + OCR(P;) > > Extract text from each page.
end for
> Page Navigator: Identify relevant pages
for j = 1to 7, do > > Sample multiple times for comprehensive coverage.
E£0) ¢ LLMpugenas (@ {(P T} Y,)
gpred <~ gpred U 5(])
end for
> Element Localizer: Extract visual and textual elements from predicted pages
S+ 0 > > Initialize the full evidence set.

: for all page Py, € &,,¢q do

T} + text extracted for Py in line 4
bboxes < LayoutDetect(Py) > > Identify bounding boxes of visual elements.
Vi 0
for all bbox € bboxes do

Vi < Vi U{Crop( Py, bbox) } > > Crop visual elements from the page.
end for
S~ SU{(Py, Ty, Vi) } > > Aggregate page screenshot, text, and visuals.

: end for

> Reasoning Module: Generate the final answer from the evidence
> Answer Sampler: Generate multiple candidate answers
{R;, Ai}iTil «—0 > > Initialize a set for reasoning-answer pairs.
for; =1to 7T, do > > Generate diverse reasoning paths.
Ri7 Az < LLMSampler(Qa S)
end for

> Adjudicator: Synthesize the final answer
A tinal < LLMagiua({(R;, Al)}zTil) > > Select the most consistent and logical conclusion.
return A ;g

D.3 Evaluation on MMLongBench-Doc

1. For MMLongBench-Doc, we manually fixed some annotations about evidence pages.

Prompt used for Answer Extraction on MMLongBench-Doc

Given the question and analysis, you are tasked to extract answers with required formats from
the free-form analysis.

- Your extracted answers should be one of the following formats: (1) Integer, (2) Float, (3)
String and (4) List. If you find the analysis and the question can not be answered from
the given documents, type "Not answerable”. Exception: If the analysis only tells you
that it can not read/understand the images or documents, type "Fail to answer”.

- Please make your response as concise as possible. Also note that your response should be
formatted as below:

Extracted answer: [answer]

Answer format: [answer format]
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Please read the following example, then extract the answer from the model response and type
it at the end of the prompt.

Question: List the primary questions asked about the services in this report.

Analysis: The primary questions asked about the services in the report for The Limes
Residential Home are:\n\n1. Is the service safe?\n2. Is the service effective?\n3. Is the
service caring?\n4. Is the service responsive?\n5. Is the service well-led?

Extracted answer: ['Is the servife safe?', 'Is the service effective', 'Is the serve
caring?', 'Is the service responsive?', 'Is the service well-led?']

Answer format: List

Question: How many regulations of the HSCA 2008 are breached in all according to this report?

Analysis: According to the report, the provider breached 10 Health and Social Care Act 2008
(Regulated Activities) Regulations in total. Here are the specifics:\n\nl1. Regulation 13:
Safeguarding service users from abuse and improper treatment\n2. Regulation 12: Safe care
and treatment\n3. Regulation 18: Staffing\n4. Regulation 11: Need for consent\n5.
Regulation 10: Dignity and respect\n6. Regulation 9: Person-centred care\n7. Regulation
17: Good governance\n8. Regulation 18 (CQC Registration Regulations 2009): Notification
of other incidents\n9. Regulation 18: Failure to maintain an accurate and up-to-date care
plan\n1@. Regulation 11: Failure to implement the Mental Capacity Act 2005 code of
practice effectively\n\nThese breaches involve issues concerning staffing, safeguarding,
medicines management, dignity and respect, consent, care planning, governance, and
failure to notify the CQC of incidents.

Extracted answer: 10

Answer format: Integer

Question: According to the survey that is the percentage of Chinese who are paying more or
about the same attention to politics after Trump's election?

Analysis: The survey provided does not specify the percentage of Chinese individuals
specifically who are paying more or about the same attention to politics after Trump's
election. The report focuses primarily on American demographics and does not include
specific details about the Chinese population in relation to this question. If you need
information about a different demographic or a summary of the findings from the American
demographic, I can certainly help with that!

Extracted answer: Not answerable

Answer format: String

Question: How many quotations from male respondent over 5@ years old are included in this
report?

Analysis: The image you've provided appears to be a screenshot of a document with multiple
charts. However, the text is too small and blurry to read accurately. If you can provide
a clearer image or more context, I might be able to help you with your question.

Extracted answer: Fail to answer

Answer format: String
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D.4 Evaluation on FinRAGBench-V

Prompt used for Answer Evaluation on FinRAGBench-V

### ROLE
You are an expert evaluator. Your task is to determine if a model's generated answer is
correct by comparing it to a ground truth value.

### TASK

You will be given a “question™, the “prediction” which includes reasoning steps and a final
answer, and a ~ground_truth® which is the correct answer. You must determine if the final
conclusion of the “prediction™ matches the “ground_truth™.

### INSTRUCTIONS

1. *xUnderstand the Goal:** Read the “question™ to understand what information needs to be
found.

2. x*Extract the Final Answer:*x Carefully analyze the “prediction™. Ignore the reasoning
steps and identify only the final, conclusive answer provided by the model. The answer is
often at the end of the text and might be bolded.

3. *xCompare with Ground Truth:*x Compare the extracted final answer with the
“ground_truth™. Be flexible with formatting-for example, a model answer of "#x45\%*x"
should be considered a match for a ground truth of "*x45xx",

4. x*Generate Analysis:x* Write a brief analysis of your finding.

### INPUTS

You will receive the data like this:
Question: [The user's question]

Ground Truth: [The expected answer]
Prediction: [The model's actual answer]

## OUTPUT FORMAT:

Your response MUST be a JSON object with two keys:

1. “score’: A float, either “1.0° for a correct prediction or 0.0~ for an incorrect one.
2. “reasoning’: A brief, one-sentence explanation for your decision.

(. /

Calculation of page-level recall, precision, and F1. To evaluate page retrieval performance, we
calculate the page-level recall, precision, and F1 scores as follows. Let Ppyreq denote the set of predicted
pages and Py denote the set of ground truth pages. We define true positives (TP) as |Pprea N Py, false
positives (FP) as | Ppred \ Pgt|, and false negatives (FN) as [Py \ Ppred|- The metrics are then calculated as:

Precision = L
TP + FP’
I = _Tr
Recall = 150
Fl — 2 - Precision - Recall

Precision + Recall

Calculation of element-level recall, precision, and F1. For element-level evaluation, we assess the
quality of predicted bounding boxes against ground truth annotations. Let By = {b%t7 bgt, cee bﬁt} denote
the set of ground truth bounding boxes and Byrea = {67, 65", ..., bb*!} denote the set of predicted
bounding boxes, where each box is represented as [x1, y1, T2, Y2].

We employ Intersection over Union (IoU) as the matching criterion. For two boxes b; and b;, IoU is
computed as:

Area(b; N b;)
IoU(b;, bj) = ————~.
OIJ( ’ J) [\rea(bilJ bj)

A predicted box is considered a true positive if it achieves an IoU > 0.5 with a ground truth box,
and each ground truth box is matched to at most one predicted box. Based on the matching results, we
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calculate:

Precision P
ision = ————
TP + FP’
TP
Recall = ———
T TP AN
Fl — 2 - Precision - Recall

Precision + Recall ’
where TP (true positives) is the number of successfully matched boxes, FP (false positives) is the number
of unmatched predicted boxes, and FN (false negatives) is the number of unmatched ground truth boxes.

E Further Discussion

E.1 Test-time Scaling of Page Navigator and Answer Sampler
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Figure 6: Test-time scaling of Page Navigator and Answer Sampler

As illustrated in Figure 6, we observe distinct scaling behaviors between the Page Navigator and
Answer Sampler components during test-time inference. For the Page Navigator (retrieval evidence pages),
increasing the number of samples yields substantial improvements in retriever’s recall performance. The
recall metric rises from approximately 78% with a single sample to over 90% when utilizing 8 samples.
However, the marginal gains diminish as the sample count increases. Notably, beyond 8 samples, the
incremental improvement becomes negligible, falling below 1 percentage point. This suggests that the
Page Navigator benefits significantly from test-time scaling but exhibits diminishing returns at higher
sample counts.

In contrast, the Answer Sampler demonstrates markedly different scaling characteristics. When com-
paring the adjudicated results against the best-of-N selection, we observe that performance improvements
plateau rapidly. While increasing from 1 to 2 samples produces a notable gain (approximately 5 percentage
points), further scaling beyond this point yields minimal additional benefits. The adjudicated performance
remains relatively flat at around 68-69% across varying sample numbers, while even the best-of-N ap-
proach shows limited improvement beyond 2 samples. This behavior indicates that the Answer Sampler
module does not require sophisticated test-time scaling strategies, and a modest sample size is sufficient
to achieve near-optimal performance. These findings suggest that computational resources for test-time
scaling should be allocated primarily to the Page Navigator component, where increased sampling con-
tinues to provide meaningful improvements, rather than the Answer Sampler, where additional samples
beyond 2 offer diminishing returns.

F Hard Cases

In this sections, we present some vision-centric cases that even our DOCLENS fail to solve. Effectively
handling these cases might require either designing dedicated agentic frameworks tailored to specific
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visual element types or advancing the fundamental perception capabilities of backbone LLMs, which we
leave for future work.

FINANCIAL ADVISORS ARE FIGHTING MORE FOR LESS

2009
2010

2012

2013
Adbviser’s Organic Growth Rate B AUM Growth Rate

SOURCE: KITCES.COM

Hard Case 1: From 2009 to 2013, for the adviser’s organic growth rate, how many years are higher than 20117?
(Ground Truth: 1; DOCLENS: 4)
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PEW RESEARCH CENTER

‘While majorities of every age
Older Americans turn even more negative toward
China in recent months

% who say they have an unfavorable opinion of China

group now have an unfavorable
view of China, Americans ages
50 and older are substantially
more negative (81%) than those  100%
ages 30 to 49 (71%) or those

[ .
under 30 (56%). For those ages il 81

50 and older, this represents an
increase of 10 percentage
points since March.

26
23 24 18-29
0
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Source: Survey of U.S. adults conduc 4, 2020. Q8b.

“Americans Fault C )-19"

PEW RESEARCH CENTER

www.pewresearch.org

Hard Case 2: which age group experienced the greatest change in the percentage holding an "unfavorable" opinion
of China between 2005 and 2010? (Ground Truth: 50 and older; DOCLENS: 30-49)
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Hard Case 3: How many "WC"s are shown in the last page’s map? (Ground Truth: 19; DOCLENS: 9)

uugg@@uuu@w@wwm@

RAPTOR retrieved for Question 1 DPR retrieved for Question 1

D RAPTOR retrieved for Question 2 mm) DPR retrieved for Question 2

Figure 4: Querying Process: Illustration of how RAPTOR retrieves information for two questions
about the Cinderella story: “What is the central theme of the story?” and “How did Cinderella find
a happy ending?”. Highlighted nodes indicate RAPTOR’s selections, while arrows point to DPR’s
leaf nodes. Notably, RAPTOR’s context often encompasses the information retrieved by DPR, either
directly or within higher-layer summaries.

Hard Case 4: In figure 4, which nodes are retrieved by RAPTOR for both questions? (Ground Truth: [16, 19, 25];
DocLENs: [1, 11, 16, 17, 20])
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