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Abstract. Large vision-language models (LVLMs) have remarkably im-
proved document understanding capabilities, enabling the handling of
complex layouts, longer contexts and a wider range of tasks. However,
existing document understanding benchmarks are largely confined to
general domains, cover only shallow single-page extraction and rarely
reflect real-world clinical use, where answering a question often requires
reasoning across many pages of a report. To close this gap, we intro-
duce MedDocBench, a benchmark for medical document understanding
built around multi-page clinical reports. It is organized into four primary
task types, single-page understanding, single-page reasoning, cross-page
reasoning, and answerability, which are further divided into 20 subtypes
based on the task and the answer evidence. Furthermore, we develop a
semi-automated construction pipeline with four stages, namely grounded
QA synthesis, automated quality verification, model-based difficulty fil-
tering, and expert human validation. We construct 2,484 high-quality
question-answer pairs across medical documents (discharge summaries,
lab reports, and prescriptions). Subsequently, we conduct comprehensive
evaluation experiments on both open-source and closed-source models
across different configurations. We further present an error analysis that
identifies failure modes specific to medical documents such as reference-
range interpretation, dosing-shorthand decoding and abstention on unan-
swerable clinical questions.

Keywords: Medical document VQA · Vision-language models · Medical
document understanding · Benchmark · Multi-page reasoning

1 Introduction

The rise of LLMs and LVLMs has rapidly expanded what automated systems can
do with documents. Modern models parse complex document elements, reason
over their content and handle much longer context lengths than before. This has
moved the field beyond traditional OCR towards document understanding and
question answering. Despite these advances in model capability, the evaluation
of complex document tasks has not kept pace. The gap is especially wide in the
medical field, where reports are dense and multi-page and answering a question
often depends on reasoning over clinical values rather than just locating a piece
of text.
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Table 1. Comparison of MedDocBench with existing document VQA benchmarks
along element diversity, document length, task type, and domain.

Benchmark Mixed Elements Multi-page Reasoning Medical

DocVQA [18] ✓ % % %

InfographicVQA [17] ✓ % ✓ %

ChartQA [16] % % ✓ %

MP-DocVQA [28] ✓ ✓ % %

DUDE [14] ✓ ✓ ✓ %

MMDocBench [35] ✓ % ✓ %

LongDocURL [7] ✓ ✓ ✓ %

MMLongBench-Doc [15] ✓ ✓ ✓ %

MedRepBench [27] ✓ % % ✓

MedDocBench (ours) ✓ ✓ ✓ ✓

A few recent efforts target the medical domain. MedS-Bench and its instruc-
tion set MedS-Ins [31] evaluate and train medical LLMs on clinical tasks such as
report summarization and diagnosis, but work from text rather than document
images. PubMed-OCR [11] provides large-scale OCR annotations for scientific
medical articles to support layout-aware and OCR-dependent modeling. Clos-
est to our setting are MeDocVL [30] and MedRepBench [27], both on Chinese
medical documents. MeDocVL is a vision-language model for parsing medical
invoices, while MedRepBench is a benchmark for structured field extraction from
single-page report images.

Existing document benchmarks mainly remain narrow in three ways. They
often target a single element type, such as tables or charts alone, rather than the
mixed content of a real report. They tend to use short, often single-page inputs
and to focus on simple question answering that only tests direct extraction.
MedDocBench is built to close these gaps. Its documents mix richer elements,
including paragraphs, tables, figures, and varied layouts, and run to multiple
pages. Its questions call for reasoning over the content, including across pages,
rather than extraction alone. Table 1 summarizes how MedDocBench compares
with existing document VQA benchmarks.

The documents in MedDocBench are deliberately diverse, to mirror real clin-
ical practice and to stress-test document understanding. The 100 reports (280
pages) span three types, 35 prescriptions, 15 discharge summaries, and 50 diag-
nostic reports covering blood counts, blood sugar, lipid profiles, liver and thyroid
panels, vitamin assays, and dengue or malaria tests. The emphasis is on diversity
rather than scale. They are sourced from private clinics, government hospitals,
private specialty hospitals, and rural community health centers across ten Indian
states, and span pediatric, adult, and senior patients across specialties includ-
ing general medicine, pediatrics, dermatology, cardiology, respiratory medicine,
orthopedics, ENT, and gynecology, with caps on documents per doctor and per
center to limit source bias. Importantly for a vision benchmark, the collection
mixes scanned pages, phone photographs, and born-digital PDFs, and spans



MedDocBench: Medical Document VQA Benchmark 3

single-column, multi-column, and table-heavy layouts. This breadth, especially
in layout and capture quality, packs many real-world variations into a single
benchmark and makes MedDocBench a demanding testbed. All documents are
fully de-identified and use synthetic patient information where required.

MedDocBench is organized around four task types, single-page understand-
ing, single-page reasoning, cross-page reasoning and answerability, which are
further split into 20 subtypes. We construct it with a four-stage semi-automated
pipeline, grounded QA synthesis, automated quality verification, model-based
difficulty filtering and expert human validation. In summary, our contributions
are:

– We introduce MedDocBench, a medical document VQA benchmark built
on diverse, multi-page clinical reports, spanning understanding, single- and
cross-page reasoning, and answerability across 20 subtypes.

– We propose a four-stage semi-automated construction pipeline that uses
complementary models for synthesis, verification, and difficulty filtering, fol-
lowed by expert human validation, yielding 2,484 high-quality QA pairs.

– We evaluate a range of open and closed-source models and present an error
analysis that identifies failure modes specific to medical documents, such as
reference-range interpretation, dosing-shorthand decoding, and abstention
on unanswerable clinical questions.

2 Methodology

MedDocBench is organized around four types of questions, each targeting a
different capability needed to read real medical reports. Single-page under-
standing questions (858) test direct extraction, such as reading a labeled field
or a value from a table, which reflects the everyday need to pull specific facts
from a record. Single-page reasoning questions (1,261) go a step further and
require inference over a page, such as comparing two values, counting, or check-
ing a value against a printed reference range, since clinical use often depends on
interpreting numbers rather than just locating them. Cross-page reasoning
questions (146) require combining information from two or more pages, mir-
roring how findings, trends, and events in a real report are spread across the
document. Answerability questions (219) ask about facts that are not present
in the report, testing whether a model recognizes what it cannot answer instead
of guessing, which matters when a wrong answer can be harmful in a clinical set-
ting. In total, the benchmark contains 2,484 questions. Representative examples
of each question type are provided in Section S1 of the Supplementary Material.

We build the benchmark with a four-stage semi-automated pipeline (Fig-
ure 1) that turns these reports into a human-validated set of questions, described
in the following subsections. The full generation and verification prompts are
listed in Section S6 of the Supplementary Material. For evaluation, a model
is shown the page image (or all page images, for cross-page and answerability
questions) and asked to give only the answer, which may be a single value or a
list. Each answer is then compared to the gold answer using ANLS [5], a soft
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Fig. 1. Overview of the semi-automated data construction pipeline.

string-match score that gives partial credit for near-matches. The task-specific
evaluation prompts are given in Section S5 of the Supplementary Material.

2.1 Grounded QA Synthesis

Each generator prompts a vision LLM with the page image, treated as the au-
thoritative source, together with its Surya OCR [23] transcription as a reading
aid. We use Surya for its strong OCR accuracy (83% on olmOCR-Bench [24])
and also because it is open-source. A system prompt defines the task, enumerates
the allowed question sub-types and states the grounding rules, while the model
returns a fixed Pydantic schema so every item carries a question, an answer, an
answer type, a grounding field, and a difficulty label. Answers are constrained to
be atomic and verifiable by ANLS, and each generator emits at most one ques-
tion per applicable sub-type, preferring to skip a sub-type rather than fabricate
content. Four task generators are used. Each sub-type mirrors a recurring way a
clinician interprets or cross-references information when reading these reports.

Single-page understanding spans five sub-types: key-value extraction (e.g.
an admission date), table-cell extraction and table-row lookup (a cell by row
and column), list extraction (all items of an enumerable group), and multi-field
extraction (two related values). Answers are copied verbatim, preserving casing,
units, and OCR errors, and each item stores a verbatim evidence snippet that
must contain every answer value.

Single-page reasoning spans seven sub-types: multi-hop (chaining several val-
ues, e.g. summing the components of a GCS score), comparison, counting, out-
of-range checks against a printed reference interval, conditional filtering, indirect
reference, and negation. The answer is derived rather than copied, so instead of
an evidence snippet each item stores a step-by-step reasoning trace that cites
the exact page values used.

Cross-page reasoning feeds the whole report to the model with each page
delimited by a marker, and labels each question with one of eight cross-page link
types (temporal trend, aggregation, find-then-fetch, range transfer, ranking, event
effect, spanning filter, summary-detail). Every item records the source pages it
draws on, and a post-hoc check discards any question that does not genuinely
span at least two pages.
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Answerability is built in two steps. A generator first writes plausible ques-
tions whose required fact is absent, each with the fixed gold answer N/A. A
second verifier pass then re-reads the document and attempts each candidate,
dropping any question it can actually answer so the remaining items are reliably
unanswerable. The QA pairs reported in this benchmark were generated with
GPT-5 [20].

2.2 Automated Quality Verification

The synthesized pairs are next checked by an automated verifier that keeps or
drops each item on three criteria, namely grounding, answer shape, and task la-
bel. We describe the full procedure in Section S3 of the Supplementary Material.

2.3 Model-Based Difficulty Filtering

The questions that pass verification are next filtered to remove ones that are
too easy to be useful. We answer each question with four small vision models:
Qwen2.5-VL-3B [4], Phi-3.5-4B [1], Pixtral-12B [2], and InternVL2-26B [6], each
given only the page image (or all page images for a cross-page question) and
the question. Every answer is scored against the gold answer with ANLS, a soft
string-match score in [0, 1] where 1 means an exact match. A question is dropped
only when all four models score an ANLS of 1. We use four models from different
families and deliberately pick older, smaller ones, so that a question must be easy
for a diverse set of weak models before we discard it.

2.4 Expert Human Validation

In the final stage, the items that survive difficulty filtering undergo expert human
validation. Each annotator works from the source page images together with the
question, its gold answer, and the automated verifier’s reason, records a binary
correctness judgment, and for every item judged incorrect fills two fields, a re-
vised answer and the reasoning behind it, so that flawed items are corrected
rather than discarded. Each item is reviewed independently by multiple annota-
tors, and disagreements are resolved by majority vote, with a senior annotator
adjudicating the remaining ties. Annotation is carried out by 10 postgraduate-
level medical professionals.

3 Experiments

We evaluate four families of systems on MedDocBench, ordered by mean ANLS
within each group: proprietary and open-source general-purpose VLMs, medical-
specialty VLMs, and an OCR+LLM pipeline that answers from the Surya tran-
scription rather than the page image. Table 2 reports ANLS on the three answer-
able task types (understanding, single-page reasoning, and cross-page reasoning)
and answerability, averaged over two evaluation runs. Since the synthesis and
verification models also appear in the evaluated panel, we examine the fairness
of this overlap in Section S4 of the Supplementary Material.
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3.1 Results

Frontier models excel at direct extraction, with the newer frontier models all
scoring above 95 on single-page understanding and GPT-5 performing best at
96.7. They are similarly strong on reasoning, where Gemini 3.1 Pro leads with
a 95.9 average, and the GPT-5 series improves clearly over the GPT-4 series,
reflecting better visual reasoning. Answerability is critical in the medical
domain and remains an open problem, and it is where these models are
weakest, with Grok-4.3 attaining the highest score at 94.5. Even the strongest
models retain a non-trivial error margin, which is consequential for clinical au-
tomation, where an incorrect answer can cause harm, and this gap indicates that
the task is far from solved.

Among open-source models, Gemma4-31B achieves the strongest score at
94.4 on understanding and the highest abstention accuracy at 85.8. On reason-
ing, Qwen3.5-35B-A3B scores best with an average of 90.6, while most other
open-source models fall away. The larger 30B-class open models reach a mean
score of 82.8, well above the 67.4 of those under 10B. However, Qwen3.5-4B
stays solid at an 83.5 mean score and surpasses the larger Gemma4-31B and
Qwen2.5-VL-32B, while Gemma4-E2B collapses on reasoning. Overall, domain
tuning offers no edge. The best medical model, Lingshu-7B, reaches a mean score
of only 62.5, below the 70.7 of Qwen2.5-VL-7B, the model it is fine-tuned from,
making it clear that medical tuning does not directly help document un-
derstanding. Document-specialist models are excluded from the comparison,
as they are trained to parse and transcribe pages rather than answer ques-
tions. mPLUG-DocOwl2 [12] returns verbose, formatting-heavy outputs instead
of atomic answers, and dedicated parsing models such as PaddleOCR-VL-1.6 [34]
emit page transcriptions and score near zero under ANLS.

The OCR+LLM pipeline behaves differently across tasks. On understanding,
passing the page image directly outperforms the OCR input for every model, by
about 9 points on average, because the transcription loses the visual cues and
layout that the image preserves. On reasoning the effect is more interesting, OCR
helps Gemma4-31B, while it hurts the stronger reasoners GPT-5.5 and Qwen3.5-
35B-A3B. This shows that models already strong at visual reasoning lose useful
information when the image is replaced by text, whereas Gemma4 benefits from
the linearized layout that offloads its weaker layout parsing. On answerability,
OCR input outperforms the image for every model, by about 8 points on average,
because a clean transcription makes the absence of a fact explicit and removes
the visual detail that tempts a model to fabricate a plausible value, so it abstains
more reliably.

3.2 Error Analysis

On MedDocBench, some errors are the usual document reasoning errors, such as
misreading a layout, losing a row, or a slip while counting. Apart from these, we
find errors that are tied to clinical content. These errors are consequential, and
they need medical knowledge or medical writing conventions to get right, so they
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Table 2. Model performance on MedDocBench, reported as ANLS on the answerable
tasks, while the answerability column reports abstention accuracy. Within each group,
models are ordered by mean ANLS. The best result in each column is in bold.

Model Understanding Reasoning Answerability
Single-page Single-page Cross-page

General-Purpose VLMs (Proprietary)
Gemini 3.1 Pro [10] 95.1 96.8 95.0 88.4
GPT 5 [20] 96.7 95.4 96.4 84.7
Gemini 2.5 Pro [8] 96.1 95.1 87.4 91.5
GPT 5.5 [22] 95.6 96.0 96.0 82.0
Grok 4.3 [32] 94.8 94.0 91.9 94.5
Claude Opus 4.6 [3] 95.0 95.9 91.4 82.2
GPT 4.1 [21] 92.3 83.6 78.7 75.1
GPT 4o [19] 93.4 77.7 75.3 78.5

General-Purpose VLMs (Open-Source)
Qwen3.5 35B A3B [25] 91.2 92.5 88.6 71.9
Qwen3.5 4B 87.8 84.0 80.0 66.4
Gemma4 31B [9] 94.4 73.4 73.2 85.8
Qwen2.5 VL 32B [4] 85.9 74.4 67.7 60.1
Qwen2.5 VL 7B 94.2 59.2 53.0 56.6
InternVL3.5 8B [29] 84.9 62.4 56.5 36.3
Gemma4 E2B 72.9 35.4 31.8 34.5
mPLUG-DocOwl2 9B [12] 39.4 31.2 27.7 28.3

Medical VLMs
Lingshu 7B [33] 74.1 58.6 52.8 45.7
HuluMed 4B [13] 62.2 48.6 41.7 29.7
MedGemma 4B [26] 52.7 37.9 33.8 21.7
MedGemma 27B 52.5 31.7 29.4 6.2

OCR + LLMs
OCR+GPT 5.5 90.4 90.9 91.0 87.4
OCR+Gemma4 31B 90.4 82.2 84.0 88.1
OCR+Qwen3.5 35B A3B 73.3 74.4 68.7 88.4

would not appear in a general document. A model can therefore score well on
general document VQA and still make these mistakes. This is the main reason
a medical-specific benchmark is needed. We describe five failure modes that are
crucial for reading medical documents, detailing three here and the remaining
two in Section S2 of the Supplementary Material.

Reference Range Interpretation. A lab result is normal or abnormal only
when it is read against its reference interval. In real reports, the interval and
the measured value sit right next to each other, sometimes without any label,
and the report does not mark which values are out of range. The model has to
find both numbers, line them up, and compare them, which general document
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tasks rarely test. Models under-detect abnormal values. They report fewer out-
of-range results than are actually present, and they miss values that sit just past
a limit. Smaller models struggle even more, because reasoning over the interval
itself is hard for them, and models also show directional confusion.

Reading Drug Charts and Dosing Shorthand. Discharge charts and pre-
scriptions store drugs in a grid. The drug name is in one column, the dose for each
time slot in the others, and the number of days and the instruction alongside,
with many cells left blank. The dose and frequency are written in shorthand.
Indian and Latin abbreviations are common: OD (once daily), BD (twice a day),
TDS (three times a day), HS (at bedtime), and SOS (as needed). Answering a
dose or frequency question needs two things at once. The model must find the
right cell in the grid, and it must decode the shorthand. This is a joint spatial
and medical decoding step, and models fail at it.

Clinical Negation. Clinical text often states a finding as a negative. “Anti-
HCV – Non Reactive” means the test was run and came back negative, and
“No growth after 48 hours” means the culture is normal. The negative word
carries the result, so the model must treat it as a real finding and not as missing
information. Models often fail here, and do not count a result such as “Non
Reactive” as a negative finding. These negative-phrased results are typical of
clinical writing and are rare elsewhere. Getting them wrong inverts or empties
the finding.

Two further failure modes, detailed in Section S2 of the Supplementary Ma-
terial, are tied to specific layouts and question types. On dense, wide, multi-
column panels models skip rows and undercount. Under fabrication on false
clinical premises, the most dangerous mode, models answer unanswerable
questions with a plausible value instead of abstaining.

4 Conclusion

MedDocBench highlights several points for medical document understanding.
Recognizing unanswerable questions is the weakest and most dangerous area,
where models fabricate plausible clinical values instead of abstaining, and this
remains an open problem. Several failure modes are specific to clinical reading,
such as interpreting reference ranges, decoding dosing shorthand, and handling
clinical negation, and strong general-document performance does not transfer to
them. Above all, even the strongest models still make very costly errors, and
in any automation such errors can cause direct harm, so these models require
careful human oversight before clinical deployment.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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