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Abstract

Models can answer questions from retrieved
document pages while producing citations that
are valid but irrelevant to the answer. This often
happens when citation quality and answer cor-
rectness are optimized as separate signals, so
the model can learn to cite text without relying
on it. We introduce EviDocVLM, a training
method for multi-page document question an-
swering that links selected support to answer
behavior. A structured source map provides ci-
tation addresses for page content. EviDocVLM
first uses identifier validity and quotation fi-
delity to derive a continuous coefficient for
the trajectory-level answer reward, so trace-
able support increases credit without making
every citation error a hard failure. It then ap-
plies Evidence-Aligned GRPO, which reuses
full-context rollout log-probabilities as a frozen
target for one training-only evidence-view pass.
The resulting sampled-token alignment encour-
ages cited spans to support the answer without
an external grader, extra rollout, or inference-
time module. Experiments on document pars-
ing and multi-page document QA benchmarks
show stronger answer performance and consis-
tent gains from the evidence-conditioned objec-
tive under complex visual layouts.

1 Introduction

Retrieval-augmented vision-language models
(VLMs) (Wang et al., 2024a; Cao et al., 2026b)
increasingly answer questions directly from
document page images. Compared with OCR-only
pipelines, keeping the visual pages preserves
layout, tables, figures, and other non-linear
structures that are often needed for correct answers
(Yu et al., 2025; Faysse et al., 2024; Cao et al.,
2026a). However, a correct answer alone gives
little evidence about how the model reached it.
This is especially important in multi-page settings,
where retrieved pages may contain similar entities,
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repeated values, or distracting content. A reliable
document QA system should therefore expose
concise source evidence and make the answer
depend on that evidence.

Prior work has improved either document per-
ception or evidence-aware reasoning. End-to-end
parsers transform page images into structured text,
and Infinity-Parser (Wang et al., 2025a) further
improves layout recovery through reinforcement
learning with edit-distance, element-count, and
reading-order rewards. This line of work primarily
evaluates whether a page is parsed correctly; it does
not optimize how a QA model uses selected con-
tent from that page. Visual RAG methods take the
complementary route of keeping retrieved images
for multimodal reasoning. More closely related,
UniDocVLM (Cao et al., 2026¢c) generates doc-
ument units and evidence before an answer, and
uses token-level reward routing to distribute sepa-
rate parsing, evidence, and answer signals. These
approaches establish useful mechanisms for pro-
ducing and checking citations, but they do not di-
rectly test whether the answer distribution depends
on the cited content.

We call this missing connection the evidence uti-
lization gap. Suppose a model returns the correct
answer and also quotes an unrelated but accurately
transcribed page element. The citation passes iden-
tifier and quotation-to-source checks, and the an-
swer independently passes exact-match evaluation.
A training objective that adds the two scores can
then assign the trajectory a high reward even though
the citation was not used. This failure is difficult
to observe from final accuracy or citation validity
alone. At the opposite extreme, forcing the answer
to depend exclusively on the cited text is also un-
desirable: errors in parsing or evidence selection
would discard information that remains available
in the original image. The central question is not
only how to generate valid evidence, but also how
to encourage the model to use it without creating a
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brittle evidence bottleneck.

To address this problem, we present Evi-
DocVLM, an evidence-aware training method for
multi-page document QA. It assumes an evidence-
producing decoder with three fields: a source map,
selected support, and an answer. The source map
assigns page-qualified handles to recognized con-
tent, while the support field records a small set of
[page:unit] “quoted span” pairs. We use this
representation to address page content and check
citations, not as a new parser. It permits determin-
istic traceability checks and places support in the
autoregressive history without removing the orig-
inal page embeddings from the deployed answer
path.

EviDocVLM connects support and answers
in two ways. First, we introduce a reliability-
conditioned trajectory return. Identifier valid-
ity and quotation fidelity form a citation-integrity
score that scales answer credit instead of serving
as a separate reward channel. A correct answer
with traceable support receives full credit; a cor-
rect answer with weak support retains a reduced
reward; and a citation cannot compensate for an
incorrect answer. Unlike token-scope reward allo-
cation, this produces one group-relative advantage
for the complete sampled trajectory.

Second, we propose Evidence-Aligned GRPO
(EA-GRPO) to optimize support sufficiency be-
yond surface validity. Full-context answer-token
log-probabilities are retained from the frozen roll-
out policy. One additional teacher-forced pass then
evaluates the same sampled answer from only the
question and selected support. Weighted by answer
quality and citation reliability, a sampled-token
Monte Carlo objective aligns the evidence view
with the rollout teacher. This rewards support that
carries answer information, without storing full-
vocabulary teacher logits or drawing another roll-
out. The auxiliary view is discarded after training,
so inference cost is unchanged.

The two mechanisms operate at different granu-
larities. Reliability conditioning changes the rela-
tive return of sampled trajectories, whereas align-
ment acts on sampled answer-token likelihoods.
Their combination separates answer correctness, ci-
tation integrity, and support sufficiency. It requires
neither an external reward model nor an evidence-
only inference stage. Moreover, we evaluate Ev-
iDocVLM on document parsing and multi-page
document QA tasks covering visually dense graph-
ics and multi-page business documents.

In summary, our contributions are three-fold.

* We introduce a reliability-conditioned trajec-
tory return that uses citation integrity as a soft
coefficient on answer correctness, rather than
assigning heterogeneous rewards to separate
output-token scopes.

* We develop EA-GRPO, which augments
group-relative policy optimization with a
reliability-weighted, sampled-token align-
ment between a frozen full-context rollout and
a training-only evidence view.

* We conduct extensive experiments on docu-
ment parsing and multi-page document QA
benchmarks, showing that EviDocVLM im-
proves answer correctness and citation trace-
ability without increasing inference cost.

2 Related Work

2.1 From Page Images to Addressable Context

Document QA depends on how page content is
exposed to the answering model. Traditional sys-
tems first convert images into text through modular
toolchains such as MinerU (Wang et al., 2024a),
Marker (Paruchuri, 2024), and Docling (Livathinos
et al., 2025). These systems combine region de-
tection, recognition, and structural recovery, mak-
ing intermediate results inspectable but allowing
early errors to propagate. Generative parsers in-
cluding Nougat (Blecher et al., 2024), Kosmos-
2.5 (Lv et al., 2024), and mPLUG-DocOwl (Hu
et al., 2024) instead produce structured sequences
directly from page pixels. Infinity-Parser (Wang
et al., 2025a) further applies reinforcement learning
to this mapping, using content, element-count, and
reading-order feedback to improve full-page recon-
struction. Its target is faithful page reconstruction,
while our focus is how selected evidence is used in
downstream answering.

An alternative is to retain the page image rather
than make OCR text the sole context. VisSRAG (Yu
et al., 2025) and ColPali (Faysse et al., 2024) re-
trieve visually encoded pages, preserving graphical
and spatial cues that may disappear during text con-
version (Zhang et al., 2024). EviDocVLM keeps
the page images and uses a lightweight source map
to provide stable citation addresses, so the source
map does not become the main information chan-
nel.
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2.2 Citation Generation and Evidence
Attribution

Textual retrieval-augmented generation associates
model outputs with retrieved passages and can re-
duce unsupported generation (Lewis et al., 2020;
Asai et al., 2024). In multimodal settings, however,
a retrieved page is too coarse to identify which
table entry, caption, or text region supports an
answer. Recent systems therefore expose finer-
grained evidence or learn additional information-
seeking behavior. R1-Router (Peng et al., 2025)
and MMSearch-R1 (Wu et al., 2025) optimize re-
trieval decisions, VRAG-RL (Wang et al., 2025c¢)
learns visual operations such as region selection,
and ViDoRAG (Wang et al., 2025b) separates
perception and reasoning among multiple agents.
These approaches improve access to relevant con-
tent, but retrieval or localization alone does not
show that the final prediction uses the reported
evidence. Structured evidence generators such as
UniDocVLM (Cao et al., 2026¢) produce address-
able page units and allocate parsing, citation, and
answer rewards to different output-token scopes.
EviDocVLM instead asks whether a traceable
citation contains the information needed for the
answer. It uses structured output as a source map,
computes a single reliability-conditioned return for
each trajectory, and evaluates support sufficiency
through paired answer-token likelihoods. The goal
is to train support that is useful for answering, not
to propose another document serialization scheme.

2.3 Optimizing Evidence Use

Reinforcement learning has improved reasoning
in multimodal models beyond supervised trajec-
tory imitation. Vision-R1 (Zhan et al., 2025),
MM-Eureka (Meng et al., 2025), and Open-
VLThinker (Deng et al., 2025) optimize sam-
pled reasoning outcomes, while VLM-R1 (Shen
et al., 2025) and Mixed-R1 (Xu et al., 2025) add
perception-oriented signals to answer feedback.
PPO (Schulman et al., 2017) estimates advantages
with a learned value function; GRPO (Shao et al.,
2024) instead normalizes rewards among responses
sampled for the same prompt. GRPO is convenient
when correctness can be checked automatically,
but it does not specify how intermediate evidence
should affect the scalar return.

One option is to add format, perception, cita-
tion, and answer scores or assign them to sepa-
rate token groups. Such decompositions provide

local supervision, but they can let answer correct-
ness and citation validity be optimized indepen-
dently. EviDocVLM instead uses citation integrity
as a continuous trajectory-level coefficient on the
answer reward: evidence cannot compensate for
an incorrect answer, and traceable support distin-
guishes otherwise equally correct trajectories. This
changes the relative return of complete samples
rather than selecting which output positions receive
each reward.

Outcome calibration alone still cannot deter-
mine whether a cited span contains enough in-
formation for the answer. EA-GRPO therefore
uses the answer-token log-probabilities recorded by
the frozen full-context rollout as a teacher for one
evidence-view forward pass. A reliability-weighted
Monte Carlo estimator aligns the two views without
retaining full-vocabulary logits. This training-only
comparison connects selected support to answer
behavior without a learned evaluator, a separate
evidence model, or an evidence-only deployment
path.

3 Methodology

Given a question g and retrieved page images
Dr = {di,...,d;}, the model emits y =
(P,E,A). Here P is an auxiliary source map,
FE is the selected support, and A is the answer.
This interface can be instantiated by an existing
structured document decoder; our contribution is
to couple F and A during optimization. Produc-
ing a citation and using it are different properties:
a syntactically valid citation may be appended to
an answer without affecting how the answer is ob-
tained. We therefore supervise evidence at two
levels. At the outcome level, evidence reliability
determines the value of a correct answer. At the
distribution level, an auxiliary conditioning view
tests whether the cited content can reproduce the
model’s full-context answer behavior. The first
signal selects better trajectories; the second acts
directly on answer-token distributions.

3.1 Source Map and Support Interface

The source map P serializes each page into ad-
dressable records u; = (h;,¢;,c;j), where h; is
a page-qualified handle, ¢; is a coarse layout la-
bel, and c; is recognized content. For example,
the handle p2:e7 denotes the seventh unit on page
two. We use these records only to resolve cita-
tions. Neither their serialization nor the underlying
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Figure 1: EviDocVLM trains an evidence-producing document model with two complementary signals. Citation
integrity scales the trajectory-level answer reward, while a training-only alignment term asks the selected support to
reproduce full-context answer behavior. The source map provides citation addresses, and no visual input is removed

at inference time.

page-recognition objective is part of our contribu-
tion; ordinary sequence fine-tuning supplies this
interface before EA-GRPO.

The support block is a short list of handles paired
with quotations,

E= {em}%zlv

where v,,, is a short span copied from the record
identified by h,,,. This compact format avoids a
free-form rationale whose source would require a
separate semantic check. For example, [p2:e7]
“FY 2019: 123.3” identifies both the source and
the exact content being used. On samples whose re-
trieved context is labeled insufficient, the permitted
evidence block is the single symbol NONE.

Support is placed before A, so its tokens are al-
ready in the decoding history when the answer is
produced. This ordering does not restrict the an-
swer to the support block. The query, page embed-
dings, source map, and support remain available in
the normal answer path:

m = [hm] “Um”; (])

po(y | ¢,Dr) = po(P | ¢, Dr)po(E | P,q, DR)
-pg(A | E7Pa QaDR)'
2)
Thus, a missed source record does not make its
visual information inaccessible. The source map
supplies addresses without becoming a text-only

bottleneck at inference.

3.2 Reliability-Conditioned Trajectory Return

The restricted syntax supports two deterministic
checks. Let U (P) be the handles instantiated in
the current source map. Identifier validity, called

Algorithm 1 Evidence-Aligned GRPO for Evi-

DocVLM

Require: SFT policy 7y, training set 7, group size G, coeffi-
cients A, 3

1: for each training iteration do

2 Freeze rollout snapshot mo14 — 7o

3 Sample (¢, Dr, A™) from T

4 Sample {oi = (P, B, Al)}?zl from 7o1q

5:  for each trajectory o' do

6

7

8

Compute the parseability gate R,
if R}, = 1 then ‘
: Compute R;,s(Ai, A™) and Ry, (Eq. 5)
9: Compute Rg.q (Eq. 6) and set R; = Rgrd

10: Set w; = sg(RamRrel)

11: Record log pf; (a;,¢) from the rollout

12: Evaluate log p, (a;,:) by one evidence-view for-

ward pass

13: else

14: Set R; <~ Oand w; < 0

15: end if

16: end for .

17: Normalize R;.¢ within the group to obtain A;.¢

18: Compute clipped Lcrpo against mo1q

19: Compute Ealign from the paired log-probabilities
(Eq. 9)

20:  Update 6 using Lga-crro (Eq. 10)

21: end for

anchor resolution in Figure 1, measures the fraction
of citations that resolve:

M

1
Ria =77 Thm € UP)]. 3)

=1

Quotation fidelity, called span consistency in Fig-
ure 1, compares vy, with the content ¢(h,,) of the
resolved unit. We use normalized token F1 for text
and tolerance-aware equality for numbers, denoted
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by s(+,-) € [0, 1]:

M
Rapore = 37 O W € UCP)}s(om, (o))
m=1

C))
The averages above apply when M > 1. For an an-
swerable sample, we define R..; = 0 when the evi-
dence block is empty. For an insufficient-context
sample, we define R, = 1 for NONE and zero for
any citation. Otherwise, the reliability score is

Rrel = Rid unote . (5)

Multiplication prevents a fluent quotation with an
invalid handle, or a valid handle with altered con-
tent, from receiving high credit. R, measures
citation integrity rather than logical entailment.
Whether the cited content is useful for answering
is addressed separately by the support-alignment
constraint below.

Let Rans € [0, 1] be the dataset-specific answer
score. We turn citation integrity into a continuous
routing coefficient g; = (1 — \) + AR’ . Instead
of adding R, as an independent bonus, this coeffi-
cient controls how much answer reward is assigned
to trajectory ¢. We refer to this mechanism as re-
ward routing:

0<A<L

(0)
This design keeps three properties. Evidence can-
not compensate for a wrong answer; reliable ci-
tations distinguish trajectories with equal answer
quality; and an otherwise correct trajectory retains
(1 — A)Rans When its citation is imperfect. We
use R; = Ry R 4 as the QA trajectory reward,
where Rg, is a binary parseability check, and com-
pute the ordinary group-relative advantage from
R;. This is trajectory-level rather than token-scope
routing: the same scalar advantage is applied to the
generated sequence, and no reward channel is as-
signed to a particular output span. Citation integrity
therefore changes the relative value of complete an-
swers instead of introducing separate advantages
for parsing, citations, and answers.

Rgrd = Rans [(1 - >\) + )\Rrel],

3.3 Evidence-Aligned GRPO

Reward calibration favors traceable support but
does not show that the support contains the informa-
tion needed for the answer. We therefore construct
a training-only second view. The full-view teacher
is the frozen rollout policy and retains the images,
source map, and support; the evidence view uses

the current policy with only the question, support,
and teacher-forced answer prefix:

pzl'j‘t :pold(' ’ q7DR7Piin7a'i,<t>7 (7)
Pz =po(- | 4. Ei ai <) (8)

The second view is never used for rollout genera-
tion or deployment. It tests whether the selected
support contains enough information for the an-
swer while the deployed path continues to use the
complete visual context.

The same reliability principle weights the trajec-
tories used for support alignment. Each trajectory
contributes in proportion to both answer quality
and citation reliability. Let w; = sg(R’, R’ ). Be-
cause answer tokens are already sampled from the
full-view rollout policy, we optimize the sampled-

token Monte Carlo estimator of the forward KL:

G | A
1 Z

E wl'm [logpft(a’ii) - logpiEvt(ai’t)}
i=1 =1

G
Swie
=1

~

align —

©)
The first log-probability is detached and already
recorded during rollout; only the evidence-view
term receives gradients. Alignment therefore re-
quires one additional teacher-forced forward pass,
but neither full-vocabulary teacher logits nor an
additional rollout. Weighting by w; suppresses
low-quality answers and corrupted citations during
distillation. Our final objective is

Lea-crro = Larpo + BLalign,  (10)
with A controlling trajectory-level reliability condi-
tioning and § controlling evidence alignment. This
changes neither rollout generation nor the infer-
ence architecture. The first term prefers correct
answers paired with traceable citations; the sec-
ond encourages those citations to retain the answer
information available in the full visual context. Al-
gorithm 1 summarizes the complete training loop,
including rollout scoring, group-relative advantage
estimation, construction of the two answer views,
and the joint parameter update. A malformed tra-
jectory is assigned zero reward before its answer
or citation fields are scored, which makes the for-
mat gate explicit and keeps undefined fields out of
either optimization term.
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Table 1: Parsing quality on OmniDocBench, separated by language and content type. Baseline results follow prior
OmniDocBench reports where available, and EviDocVLM is evaluated with the same metrics. Edit-based measures
are minimized; TEDS is maximized. Best results are bold and second-best results are underlined.

Method

Overall ED| Text ED| Formula ED| Table TEDS{ Table ED|

Reading ED|

EN ZH

EN ZH EN ZH EN ZH

EN ZH EN ZH

Modular Parsing Systems

MinerU (Wang et al., 2024a) 0.150 0.357 0.061 0.215 0.278 0.577 78.6 62.1 0.180 0.344 0.079 0.292
Marker (Paruchuri, 2024) 0.336 0.556 0.080 0.315 0.530 0.883 67.6 49.2 0.619 0.685 0.114 0.340
Mathpix 0.191 0.365 0.105 0.384 0.306 0.454 77.0 67.1 0.243 0.320 0.108 0.304
Docling (Livathinos et al., 2025) 0.589 0.909 0.416 0.987 0.999 1.000 61.3 25.0 0.627 0.810 0.313 0.837
Pix2Text (Gurgurov and Morshnev, 2024) 0.320 0.528 0.138 0.356 0.276 0.611 73.6 66.2 0.584 0.645 0.281 0.499
Unstructured-0.17.2 0.586 0.716 0.198 0.481 0.999 1.000 - - 1.000 0.998 0.145 0.387
OpenParse-0.7.0 0.646 0.814 0.681 0.974 0.996 1.000 64.8 27.5 0.284 0.639 0.595 0.641
OCR-Specialized VLMs

Nougat (Blecher et al., 2024) 0.452 0973 0.365 0.998 0.488 0.941 399 0.0 0.572 1.000 0.382 0.954
Mistral OCR 0.268 0.439 0.072 0.325 0.318 0.495 758 63.6 0.600 0.650 0.083 0.284
OLMOCR-sglang 0.326 0.469 0.097 0.293 0.455 0.655 68.1 61.3 0.608 0.652 0.145 0.277
SmolDocling-256M 0.493 0.816 0.262 0.838 0.753 0.997 449 16.5 0.729 0.907 0.227 0.522
General-Purpose VLMs

GPT-40 (Achiam et al., 2023) 0.233 0.399 0.144 0.409 0.425 0.606 72.0 629 0.234 0.329 0.128 0.251
Qwen2-VL-72B (Wang et al., 2024b) 0.252 0.327 0.096 0.218 0.404 0.487 76.8 76.4 0.387 0.408 0.119 0.193
InternVL2-76B (Chen et al., 2024) 0.440 0.443 0.353 0.290 0.543 0.701 63.0 60.2 0.547 0.555 0.317 0.228
Qwen2.5-VL-7B (Bai et al., 2025b) 0.220 0.265 0.142 0.205 0.393 0.530 78.7 783 0.155 0.162 0.191 0.169
Qwen3-VL-8B (Bai et al., 2025a) 0.187 0.255 0.085 0.289 0.359 0.465 734 812 0.351 0.155 0.165 0.136
InternVL3-8B (Zhu et al., 2025) 0.426 0.385 0.315 0.345 0.714 0.729 59.0 71.5 0.352 0.211 0.324 0.257
EviDocVLM 0.180 0.253 0.061 0.147 0.440 0.561 79.1 769 0.162 0.181 0.058 0.125

4 Experiments

4.1 Experimental Settings

Evaluation suite. We evaluate complementary ca-
pabilities rather than reducing document QA to a
single score. OmniDocBench (Ouyang et al., 2024)
and olmOCR-Bench (Poznanski et al., 2025) test
transcription, structure recovery, and reading order.
The downstream evaluation uses InfographicVQA
(InfoVQA) (Mathew et al., 2022) as the in-domain
benchmark and MP-DocVQA (Tito et al., 2023)
as the out-of-domain benchmark, covering visu-
ally dense graphics and multi-page business doc-
uments. VisRAG-Ret (Yu et al., 2025) supplies
the top k=3 page images for each query. We also
record whether those pages contain the reference
support, so missing retrieval evidence can be sepa-
rated from failures on answerable inputs.
Comparison systems. The parsing study covers
modular converters (MinerU (Wang et al., 2024a),
Marker (Paruchuri, 2024), Docling (Livathinos
et al., 2025), and Pix2Text (Gurgurov and Mor-
shnev, 2024)), OCR-oriented generators such as
Nougat (Blecher et al., 2024), and general VLMs
including Qwen2-VL-72B (Wang et al., 2024b),
Qwen3-VL-8B (Bai et al., 2025a), InternVL2-
76B (Chen et al., 2024), Qwen2.5-VL-7B (Bai

et al., 2025b), and InternVL3-8B (Zhu et al., 2025).
For parsing baselines, we use reported numbers
from the corresponding benchmark or system pa-
pers when available. For document QA, we com-
pare off-the-shelf VLMs with visual-reasoning
RL models, including Vision-R1 (Zhan et al.,
2025), MM-Eureka (Meng et al., 2025), Ocean-
R1 (Lingfeng et al., 2025), ThinkLite-VL (Wang
et al., 2025d), and OpenVLThinker (Deng et al.,
2025). We also compare with retrieval-aware RL
systems, namely R1-Router (Peng et al., 2025),
MMSearch-R1 (Wu et al., 2025), and VRAG-
RL (Wang et al., 2025c). A larger Qwen2.5-VL
model and MiMo-VL-RL (Xiaomi, 2025) provide
additional context for gains from scale and generic
RL.

Scoring protocol. We adopt the sufficient-
context formulation of Joren et al. (2025). When
the retrieved set contains the information required
by the annotation, Accuracy and token-level F1
compare the prediction with the reference answer.
When that information is absent, credit is awarded
only for the designated abstention response. Ag-
gregating both cases evaluates answer quality and
abstention behavior under one protocol. Parsing
follows each benchmark’s official edit-distance,
TEDS, and ordering measures; arrows in Table 1
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Table 2: Representative in-domain and out-of-domain
document QA results. Best entries are bold.

ID: InfoVQA OOD: MP-DocVQA
Acc F1 Acc F1
Off-the-Shelf VLMs

Method

Qwen2.5-VL-7B  60.86 54.61 63.28 56.03
MiMo-VL-7B-RL 68.11 4593 74.11 47.67
Qwen2.5-VL-32B 78.13 66.06 83.93 73.78
Visual Reasoning with RL

Vision-R1 29.53 27.73 32.49 30.04
Ocean-R1-7B 53.20 53.49 56.35 57.02
MM-Eureka 40.53 40.32 56.68 54.75
ThinkLite-VL-7B 61.70 61.62 62.61 62.37
OpenVLThinker 70.47 70.51 71.74 72.51
Retrieval-Aware Visual RL

MMSearch-R1 57.94 5771 61.59 60.82
VRAG-RL 64.86 12.21 73.22 22.39
R1-Router 60.58 15.17 75.97 25.25
EviDocVLM 70.55 69.90 71.70 72.15

indicate their direction.

Training data construction. We draw 30,000
questions from the training splits of ChartQA and
InfographicVQA and vary the retained context
from one to five pages. Qwen2.5-VL-72B and
Qwen2.5-VL-7B propose candidate completions;
after filtering with the task-specific answer checker
and the required three-field output format, we re-
tain 60,000 trajectories for SFT. For policy opti-
mization, eight-rollout filtering removes prompts
that are already solved consistently and prioritizes
prompts with high within-group reward variation.
Adding 400 cross-page MMLongBench-Doc (Ma
et al., 2024) instances yields 4,000 RL prompts.

Training configuration. EviDocVLM starts
from Qwen2.5-VL-7B (Bai et al., 2025b). LLaMA-
Factory (Zheng et al., 2024) runs one SFT epoch
in bf16 with global batch size 32, cosine decay,
0.1 warmup, and a peak learning rate of 5 x 1077,
Easy-R1 (Yaowei et al., 2025) then runs EA-GRPO
for four epochs with eight responses per prompt,
temperature 1.2, global and rollout batch sizes of
32, learning rate 1075, weight decay 1072, and
clipping thresholds 0.2/0.28. All QA systems re-
ceive the same retrieval depth. The evidence view
adds one teacher-forced pass during training but is
not used for rollout generation or decoding.

4.2 Overall Performance

Document parsing. Table 1 shows a mixed pro-
file rather than uniform dominance. Specialized
pipelines remain strong on some formula and table
criteria, where task-specific recognizers provide

Table 3: Component analysis on the out-of-domain MP-
DocVQA benchmark. Best results are bold.

OOD: MP-DocVQA

Variant
Acc F1

EviDocVLM 71.70 72.15
Optimization

Standard GRPO 64.41 64.70

SFT Only 62.78 63.05
Evidence—-Answer Coupling

w/o Format Gate 66.01 66.28

w/o Reliability Conditioning 70.56 70.80

w/o Support Alignment 70.26 70.45
Citation Integrity

w/o Identifier Validity 69.54 69.92

w/o Quotation Fidelity 70.81 71.12

reliable local transcription. EviDocVLM is most
competitive on text recovery and reading order, the
two aspects most directly involved in constructing
stable handles for later citation. Its performance
also varies less sharply across the English and Chi-
nese partitions than several OCR-oriented systems.
The olmOCR breakdown in Table 4 gives a com-
plementary stress test: the model is robust on scien-
tific pages, dense tables, multi-column layouts, and
small text, but header and footer extraction remains
weaker. Together, the results support the use of a
lightweight source map for citation, while showing
that evidence-aware training does not replace every
specialized recognition component.

Multi-page question answering. Table 2 in-
cludes one in-domain collection with visually
dense layouts and one out-of-domain collection
of multi-page documents. EviDocVLM improves
over its initialization in both settings and maintains
similar behavior after the domain shift. Its token-
overlap quality is competitive with reasoning-
oriented models using the same backbone, al-
though the larger general model remains stronger
on strict answer accuracy. These results suggest
that evidence-aware optimization improves the link
between cited content and answers, without elim-
inating retrieval errors or replacing the benefit of
larger models.

4.3 Component Analysis

Table 3 separates optimization, evidence—answer
coupling, and citation integrity on MP-DocVQA,
the out-of-domain multi-page benchmark from Ta-
ble 2. Supervised training alone is the weakest
variant, while standard GRPO recovers only part
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Table 4: olmOCR (Poznanski et al., 2025) results across document domains and layout stress conditions. Baseline
results follow the benchmark report where available; higher is better. Best results are bold and second-best results

are underlined.

System All  ArXiv Scanned Math Tables Scans Headers/Footers Multi-Column Tiny Text Base
olmOCR v0.1.68 (Anchored) 774 | 75.6 75.1 70.2 44.5 93.4 79.4 81.7 99.0
olmOCR v0.1.68 (No Anchor) 763 | 72.1 74.7 71.5 43.7 91.6 78.5 80.5 98.1
Mistral OCR API 720 | 712 67.5 60.6 29.3 93.6 71.3 77.1 99.4
GPT-40 (Anchored) 69.9 | 535 74.5 70.0 40.7 93.8 69.3 60.6 96.8
GPT-40 (No Anchor) 68.9 | 515 75.5 69.1 409 94.2 68.9 54.1 96.7
Qwen 2.5 VL (No Anchor) 65.5 | 63.1 65.7 67.3 38.6 73.6 68.3 49.1 98.3
Gemini Flash 2 (Anchored) 63.8 | 545 56.1 72.1 342 64.7 61.5 71.5 95.6
MinerU v1.3.10 615 | 754 474 60.9 17.3 96.6 59.0 39.1 96.6
Marker v1.6.2 594 | 243 22.1 69.8 243 87.1 71.0 76.9 99.5
Gemini Flash 2 (No Anchor)  57.8 | 32.1 56.3 61.4 27.8 48.0 58.7 84.4 94.0
Qwen 2 VL (No Anchor) 31.5 19.7 31.7 24.2 17.1 88.9 8.3 6.8 55.5
EviDocVLM 79.8 | 86.0 753 78.0 46.8 78.3 85.0 89.6 99.6

of the gap to the complete objective. Outcome op-
timization helps, but answer correctness by itself
does not account for the full improvement. Reli-
ability conditioning and support alignment affect
different failure modes: the former changes which
sampled trajectories are preferred through citation
integrity, while the latter adds a token-level con-
straint on the answer. Their effects are consistent
with the intended division between traceability and
support sufficiency.

The format gate also matters because malformed
outputs prevent the remaining checks from being
evaluated reliably. Within the citation score, iden-
tifier validity contributes more than quotation fi-
delity, especially on collections that require se-
lecting among several pages. This suggests that
resolving the correct source unit is the harder pre-
requisite, while faithful copying becomes useful
once that unit has been located. These ablations
support the objective components, but they do not
imply that the generated source map is error-free.

5 Conclusion

We studied the evidence utilization gap in multi-
page document question answering: a citation may
be structurally valid without containing the in-
formation needed for the answer. EviDocVLM
addresses this gap while preserving direct ac-
cess to the retrieved page images. Its reliability-
conditioned return uses citation integrity to mod-
ulate the value of a complete answer trajectory.
Evidence-Aligned GRPO then reuses frozen rollout
log-probabilities to supervise one evidence-view
pass on the sampled answer tokens. These two
objectives encourage support that is both traceable
and useful for answering without a learned grader,

additional rollout, or inference-time module. Re-
sults across document parsing and multi-page QA
tasks show that coupling trajectory reward with
support-conditioned answer behavior is a practical
step toward more accountable document reason-
ing. Future work may extend the same principle to
longer document collections and richer evidence
types, where compact citations must support cross-
page, multi-step answers.

Limitations

Our study uses a focused set of public document
understanding and visual RAG benchmarks, and
broader evaluation across domains, languages, and
document genres is left for future work. The re-
ported results use one backbone size and a fixed
retrieval depth; experiments with other model
scales and retrieval budgets would better show how
evidence-conditioned optimization interacts with
model capacity and visual context length. Cita-
tion checks are resolved against a model-generated
source map, so an internally consistent transcrip-
tion error can still pass them; direct page-grounded
verification would provide a stronger guarantee.
Finally, our reward design relies on rule-based, au-
tomatically computed signals. This avoids reward
modeling overhead and improves reproducibility,
but lightweight verifiable signals for richer doc-
ument modalities, such as handwriting, mixed-
language pages, and low-resolution scans, remain
an open direction.

Ethics Statement

This work does not involve human subjects and
does not release a new dataset; all experiments
use existing public document understanding and
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visual question answering benchmarks under their
intended research licenses. EviDocVLM operates
on document page images that may contain per-
sonally identifiable information, financial details,
or other sensitive content. In real deployments, re-
trieved pages, source maps, and selected support
should be sanitized and access-controlled before
being passed into the model or stored as training
data. Citation traceability reduces, but does not
eliminate, the risk of ungrounded or biased outputs:
support can pass identifier-validity and quotation-
fidelity checks while still being incomplete, and a
source map can misread the page. Citation-based
evidence should therefore be treated as a support
signal rather than a guarantee of factual correct-
ness, and human oversight is recommended for
high-stakes document settings such as legal, medi-
cal, or financial decision-making.
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