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Abstract

High-precision document parsing in domain-
specific scenarios, such as medical documents,
remains challenging due to complex layouts,
specialized terminology, and strict field-level
exact-match requirements under noisy super-
vision. As a result, existing OCR pipelines
and general-purpose vision—language models
(VLMys) often fail to deliver reliable key—value
extraction in practice. We propose a noise-
aware post-training framework that adapts
general-purpose VLMs for high-precision doc-
ument parsing without assuming clean anno-
tations. The framework learns robust extrac-
tion behavior from noisy supervision through
training-driven label refinement and a staged
RL-to-SFT post-training strategy that balances
robustness and precision. Experiments demon-
strate that VLMs adapted with the proposed
framework consistently outperform strong base-
lines under noisy supervision.

1 Introduction

Optical Character Recognition (OCR) and doc-
ument parsing have long been fundamental to
document digitization and information process-
ing (Bautista and Atienza, 2022; Rang et al., 2023).
Recent document-specific architectures and OCR-
free VLMs have achieved strong results on broad
document understanding benchmarks (Xu et al.,
2021; Kim et al., 2022a; Mathew et al., 2021;
Ouyang et al., 2025; Liu et al., 2026).
Nevertheless, achieving high-precision docu-
ment parsing remains challenging in domain-
specific scenarios, particularly for medical doc-
uments (Xu et al., 2021; Cui et al., 2021). In
these settings, the objective is to extract struc-
tured key—value information from visually com-
plex documents under strict exact-match require-
ments (Ouyang et al., 2022; Zhou et al., 2023). As
illustrated in Figure 1, this capability does not di-
rectly translate to high-precision domain-specific

parsing, where strict exact-match requirements and
noisy large-scale annotations introduce additional
challenges (Li et al., 2025b; Nacson et al., 2025;
Poznanski et al., 2025; Niu et al., 2026).

Although domain-specific post-training can re-
duce this gap, it typically relies on large-scale,
clean annotations, which are costly and often im-
practical to obtain (Guo et al., 2025; Han et al.,
2018; Li et al., 2020). In real-world scenarios, large
volumes of domain data are available, but their an-
notations are often incomplete (Team et al., 2025;
Wang et al., 2023), inconsistent, or noisy due to
human errors and imperfections in automatic label-
ing pipelines. This leads to a fundamental tension
where high-precision document parsing requires
strict supervision, while real-world supervision is
inherently imperfect.

In this work, we study high-precision, end-to-
end document parsing under realistic noisy super-
vision, using medical invoices as a representative
domain-specific setting. Our goal is not to model
medical-specific knowledge or clinical reasoning,
but to adapt general-purpose VLMs into reliable
document parsers under imperfect annotations.

To this end, we propose a noise-aware post-
training framework, summarized in Figure 2. The
framework is built on three core ideas. First, we
formulate annotation refinement as a learnable
correction task, training a domain-adapted model
to revise noisy labels and mitigate systematic er-
rors introduced by automatic annotation pipelines.
Second, we introduce a dynamic token-wise rein-
forcement learning strategy (DT-GRPO) (Schul-
man et al., 2017; Ouyang et al., 2022; Guo et al.,
2025) that suppresses noisy and trivial optimization
signals while progressively emphasizing informa-
tive hard samples, drawing inspiration from cur-
riculum and self-paced learning paradigms (Bengio
et al., 2009). Finally, we adopt an RL-to-SFT train-
ing strategy, using supervised fine-tuning (SFT)
on limited expert annotations as a final precision
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Figure 1: Comparison of document parsing performance. Despite strong general reasoning ability, both open-
source and proprietary VLMs remain substantially behind domain-adapted models in high-precision document

parsing.

consolidation stage, complemented by dynamic
prompt augmentation to further improve robust-
ness.

The proposed approach is a model-agnostic post-
training framework applicable to a wide range of
multimodal backbones. For convenience, we re-
fer to VLMs adapted through this framework as
MeDocVL. Unless otherwise specified, MeDocVL
denotes an instantiation of the proposed training
paradigm on a particular backbone, rather than
a new standalone model. Extensive experiments
demonstrate that our framework delivers large-
margin improvements over the baseline, boosting
FMR by over 50 percentage points.

Our main contributions are summarized as fol-
lows:

* We study high-precision, query-driven
document parsing under noisy supervi-
sion (Mathew et al., 2021; Xu et al., 2021;
Wan et al., 2024) as a practical setting that
combines flexible field queries with strict
field-level exact matching and imperfect
large-scale annotations.

* We propose a noise-aware post-training frame-
work integrating Training-driven Label Re-
finement, Dynamic Token-wise GRPO, and
RL-to-SFT optimization for robust and pre-
cise VLM adaptation under noisy annotation.

* We expand and re-annotate a medical invoice
dataset, constructing a challenging benchmark
with over 40 key—value pairs on average.

* Extensive experiments on medical invoice
parsing and a standard noisy-label classifica-
tion benchmark validate the framework under
noisy supervision.

2 Related Work

Early document parsing systems typically decom-
pose document understanding into a sequence of
specialized modules, such as layout analysis, read-
ing order prediction, OCR, formula recognition,
and table structure recognition (Kim et al., 2022a;
Xu et al., 2021; Niu et al., 2026). This modular de-
sign enables fine-grained optimization and remains
effective across diverse document formats. How-
ever, cascading errors introduced at early stages
often propagate downstream, and the lack of holis-
tic semantic modeling limits robustness in complex
real-world scenarios.

Large language models (LLMs) (Hui et al., 2024;
Liu et al., 2024; Touvron et al., 2023) partially al-
leviate these issues by providing strong text under-
standing and reasoning capabilities. Several works
incorporate LLMs to aggregate OCR outputs or
perform structured extraction (Kim et al., 2022b;
Blecher et al., 2024; Wei et al., 2024; Peng et al.,
2022; Liu et al., 2023; Wan et al., 2024). Despite
improved semantic flexibility, such approaches op-
erate primarily on textual representations and re-
main sensitive to OCR and layout errors, particu-
larly for documents with dense structures.

Document understanding has advanced through
structure-aware modeling, Document VQA, key in-
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Figure 2: Overall pipeline of the proposed framework. Large-scale domain data are highly relevant but unsuitable
for training due to imperfect annotations. MeDocVL converts raw domain data into refined supervision and adapts a
general-purpose VLM into a high-precision document parsing model through noise-aware post-training.

formation extraction, OCR-free architectures, and
document-specific VLMs, including LayoutLMv2,
DocVQA, Donut, mPLUG-DocOwI2, TextMonkey,
MonkeyOCR, dots.ocr, and olmOCR (Xu et al.,
2021; Mathew et al., 2021; Kim et al., 2022a; Hu
et al., 2025; Liu et al., 2026; Li et al., 2024, 2025a;
Poznanski et al., 2025). These methods improve
document representation, visual text recognition,
or task-specific understanding. Our work addresses
a complementary problem by adapting existing
VLMs to high-precision domain-specific parsing
when large-scale supervision is noisy.

Learning under noisy supervision has been
widely studied through sample selection, co-
training, label correction, semi-supervised learning,
and robust loss design (Han et al., 2018; Yu et al.,
2019; Patrini et al., 2017; Li et al., 2020; Liu et al.,
2020; Karim et al., 2022). These studies primarily
improve downstream optimization on noisy data,
motivating our complementary focus on refining
supervision before post-training (Section 4).

3 Task Formulation

We study high-precision key—value document pars-
ing under noisy supervision. Our query-driven for-
mulation is closely related to Document VQA and
key information extraction. Conventional Docu-
ment VQA typically answers an individual natural-
language question, while our interface requests a
set of fields and returns them in one structured
key—value output, making it closer to key infor-
mation extraction. Queried keys provide a flexi-
ble interface for instruction-following VLMs, and
the complete requested structure is evaluated us-
ing field-level exact matching after normalization.
Given a document image = and a queried key set
K = {ki,...,kx}, the goal is to generate struc-
tured key—value outputs with strict field-level exact-
match accuracy.

We assume access to two datasets: a large

pseudo-labeled dataset D,, = {(x;, i)}, where
annotations may contain token corruption, miss-
ing fields, or spurious entries; and a small expert-
annotated dataset D; = {(z;,V;)}7,, where an-
notations are accurate and strictly validated, M =
|Dy| is the number of expert-annotated samples,
and M < N.

A vision—-language model fy takes (z, K) as in-
put and predicts

Y = folw, K) = {(kms 0m) by

where each value ¥,, is generated autoregressively.
Since generative document parsing may produce
missing, spurious, or misaligned fields, the pre-
dicted key set is not guaranteed to match /C exactly.

Our objective is to learn a robust mapping from
(x, K) to structured outputs that preserve correct
key alignment and field-level exactness under im-
perfect supervision. Accordingly, the main con-
tribution of this work is not a new document-
understanding task, but a noise-aware post-training
framework that adapts general-purpose VLMs to
domain-specific query-driven parsing under imper-
fect supervision.

4 Training-driven Label Refinement

Large-scale document parsing datasets are com-
monly built from automated labeling pipelines
based on OCR systems or MLLMs (Kim et al.,
2022a; Xu et al., 2021; Niu et al., 2026). While
such pseudo annotations provide broad coverage,
they contain systematic errors, including token cor-
ruption, missing fields, key—value misalignment,
and hallucinated entries (Zhou et al., 2023; Wang
et al., 2023). Under strict field-level exact-match
requirements, directly optimizing on these labels
often yields unstable training and brittle extraction
behavior (Zhu et al., 2022; Ouyang et al., 2022).
Training-driven Label Refinement (TLR) treats
refinement as a learnable correction prob-
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lem (Karim et al., 2022; Zhang et al., 2024). TLR
follows three steps: (i) exposing systematic noise
produced by the labeling pipeline, (ii) learning cor-
rection behavior from expert supervision, and (iii)
applying the learned correction at scale to construct
refined supervision. Additional visualization of the
TLR framework is provided in Appendix A.

Unlike methods that directly make downstream
optimization robust to noisy labels, TLR operates
before downstream post-training and explicitly im-
proves the supervision itself. The refinement model
is trained independently to correct structured tex-
tual annotations conditioned on the document im-
age and queried fields. The resulting refined anno-
tations can subsequently supervise either SFT or
noise-aware RL objectives.

4.1 Noise Exposure via Pseudo-label
Construction

Rather than suppressing noise, TLR explic-
itly exposes systematic errors induced by the
OCR/MLLM-based labeling pipeline (Northcutt
et al., 2021; Song et al., 2022). Given an expert-
annotated sample (x;,);) € D, we regenerate
a noisy structured pseudo annotation by applying
the same OCR/VLM-based labeling pipeline used
to construct D,: V; = T (x;), where T () maps
a document image to a noisy structured annota-
tion. This step is not intended to approximate clean
labels, but to preserve realistic error patterns ob-
served in large-scale industrial annotation pipelines,
which the correction model must learn to revise.

4.2 Correction Learning with
Expert-supervised Behavior

‘We train a refinement model f¢, initialized from a
pre-trained VLM backbone and adapted via LoRA
fine-tuning, to correct noisy annotations. Condi-
tioned on the document image z;, target key set
K, and pseudo annotation JNJ]-, the model predicts
a corrected structure: V; = fy(2;,K;, V).

A key principle of TLR is that expert annotations
supervise how to correct noisy outputs, rather than
serving as large-scale supervision for downstream
extraction (Pham et al., 2022; Gou et al., 2021).
Accordingly, f, is optimized to map noisy but in-
formative structures to expert-consistent outputs,
instead of learning extraction from scratch.

We train f4 with token-level supervision over

corrected value sequences:

1 & &
£corr — M Z ? Z Etok(@j,ta yj,t) 5 (1)

j=1 "7 t=1

Here, M = |D;| denotes the number of expert-
annotated samples, T} is the number of target to-
kens in sample j, and £ is the token-level cross-
entropy loss. This objective distills correction be-
havior that suppresses systematic bias while pre-
serving valid information already present in 37j.

4.3 Large-scale Refinement for Supervision
Construction

Once trained, fy defines a reusable correction func-
tion that is applied to the large-scale raw dataset.
For each sample (x;, 5)1) € D,, refined supervi-
sion is obtained as )); = fo(xi, i, 371) We denote
the refined dataset as D,, = {(z4, 371)}{\;1 which
serves as the supervision source for subsequent
noise-aware RL.

This train-once, apply-at-scale paradigm reduces
dominant systematic errors while retaining con-
trolled residual noise that reflects realistic extrac-
tion uncertainty. By reshaping noisy annotations
into a more stable supervision distribution, TLR
establishes a scalable foundation for downstream
noise-aware post-training.

5 Reinforcement Learning under Noisy
Supervision

Although TLR substantially improves supervision
quality, residual annotation noise still destabilizes
strict token-level optimization in high-precision
document parsing. Direct SFT assumes uniform
label reliability and amplifies residual annotation
errors through exact-match supervision (Zhu et al.,
2022; Wang et al., 2023; Ouyang et al., 2022;
Rafailov et al., 2023). This often causes overfit-
ting to noisy supervision while under-optimizing
genuinely difficult fields. We therefore introduce
reinforcement learning (RL) as an intermediate op-
timization stage. Instead of enforcing exact cor-
respondence to imperfect annotations, RL opti-
mizes extraction behavior through reward-based
supervision, improving robustness under residual
noise (Team et al., 2025; Schulman et al., 2017;
Ouyang et al., 2022).

5.1 Limitations of Sequence-level GRPO

We build upon Group Relative Policy Optimiza-
tion (GRPO) (Guo et al., 2025), which stabilizes
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RL training via group-relative advantage normal-
ization. In standard GRPO, a single sequence-level
advantage is uniformly applied to all tokens within
a rollout. While effective for long-horizon rea-
soning, this formulation is ill-suited for structured
document parsing, where correctness depends on
localized token predictions (e.g., digits, dates, and
codes).

Under residual noisy supervision, sequence-level
optimization suffers from three limitations: (i)
noisy and genuinely difficult fields receive indis-
tinguishable optimization signals; (ii) trivially easy
fields continue contributing gradients after conver-
gence; and (iii) optimization capacity cannot adapt
to heterogeneous token-level difficulty. These is-
sues stem from coarse-grained credit assignment
and cannot be resolved by simple reward scaling or
heuristic masking.

5.2 Dynamic Token-wise GRPO (DT-GRPO)

To address these limitations, we introduce Dynamic
Token-wise GRPO (DT-GRPO). DT-GRPO redis-
tributes optimization emphasis based on historical
agreement at the key—value level between rollout
predictions and TLR-refined supervision, allow-
ing the model to distinguish easy, hard, and noisy
regions without explicit noise modeling (Bengio
et al., 2009; Lin et al., 2017; Karim et al., 2022).

We perform RL on the TLR-refined dataset
Dy = {(zi, Vi)} V. At training epoch 7, for each
sample 7, the current policy 7y generates K rollout
candidates

Y, Yty

5.2.1 Value-correction reward.

The primary reward evaluates field-level extraction
correctness conditioned on the queried key set X;:

(k) _ 1

i T T
’ICZ| kmelci

2
This reward directly aligns RL with field-level
exact-match accuracy under refined supervision.

5.2.2 Auxiliary structural rewards.

To encourage structurally valid outputs, we incor-
porate auxiliary rewards, including (i) a format re-
ward evaluating key—value layout correctness and
(i1) a key-length reward measuring consistency be-
tween predicted and queried key sets. Detailed

formulations are provided in the appendix. Their
(k)

i total’ is used

weighted combination, denoted by 7,

for policy optimization, and the complete definition
and coefficients are given in Appendix G. Besides,
an ablation reported in Appendix G.7 shows that
the value-correction reward alone achieves a mean
FMR of 0.8173, while the complete six-component
reward improves it to 0.8216, indicating that the
value term provides the primary signal and the aux-
iliary terms offer complementary gains.

5.2.3 Dynamic token-wise weighting.

For each queried key k,,, € IC;, we define a rollout
correctness indicator:

199 = 10" (k) = (k)| . 3)

,m

If a key—value pair is correctly predicted in all K
rollouts at epoch n, it is treated as an easy case and
excluded from further optimization. Otherwise, its
importance is determined by historical agreement:

0, it 17 =1, vk,
w™ = S ek

k: 1 zm
K(n—l)

, otherwise.

“)

Structured outputs V") are serialized into to-

ken sequences gi(n,k). Let S; ,,, denote token posi-
tions corresponding to the value span of key k.
Token-level weights are assigned as

(n) _ (n)

wi,t w; ,m’

Vit € Si,m' 5

5.2.4 Group-relative advantage.

Rollout advantages are computed via group-wise
normalization:

(k) (k)
T, — meang(r,
Al(k) _ i,total o k( z,total)7 (6)
Stdk( T total) te

where e ensures numerical stability.

5.2.5 DT-GRPO objective.

T;
AP Z wz(,TtL)

Lpr.grro = — E; 1,
@)
_ n,k
We(yz(t | xl’yz(<t)) ]
Wold(yz‘(t | @i, ?Jz(n<lt€))

This expression highlights the proposed token-wise
weighting. Standard GRPO ratio clipping and
reference-policy KL regularization are retained un-
changed in implementation and omitted here for
clarity.
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6 RL-to-SFT Post-training

After reinforcement learning under noisy supervi-
sion, the model reaches a behavior-aligned inter-
mediate state. At this stage, the policy has learned
robust extraction behavior from large-scale refined
data and is tolerant to residual annotation noise, but
token-level precision has not yet been fully consol-
idated. Additional visualization of the RL-to-SFT
pipeline is provided in Appendix B.

6.1 Why RL before SFT

SFT imposes hard token-level constraints and can
amplify residual annotation errors when applied
before RL (Ouyang et al., 2022; Zhou et al., 2023;
Guo et al., 2025; Rafailov et al., 2023). In contrast,
RL first establishes noise-tolerant extraction behav-
ior, after which SFT on expert data consolidates
exact-match precision. The ablation in Table 5
verifies this ordering.

6.2 Precision consolidation via SFT

Following RL, we perform a final SFT stage using
the expert-annotated dataset D;. This stage serves
solely as precision consolidation, sharpening token-
level accuracy, reducing variance, and calibrating
outputs toward exact-match requirements (Zhou
et al., 2023). To avoid reintroducing noise, SFT
operates exclusively on curated expert data. All ex-
pert samples are jointly used in a single SFT stage
to ensure balanced performance across heteroge-
neous document formats.

6.3 Dynamic prompt-based precision
augmentation

Hard supervision during SFT may cause overfit-
ting to prompt patterns (Zhou et al., 2023; Wei
et al., 2022). To mitigate this risk, we introduce dy-
namic prompt-based precision augmentation (Dyn-
Prompt) during SFT. Augmentation is performed
at the instruction level, consistent with the key-
conditioned extraction formulation. Specifically,
queried keys are randomly removed or reordered
within prompts, with targets adjusted accordingly.
This regularizes hard supervision, encourages inde-
pendent visual verification for each field, and fur-
ther reduces hallucinated outputs when combined
with RL.

7 Experiment

We conduct extensive experiments to evaluate the
effectiveness of the proposed framework for high-

precision document parsing.

7.1 Experiment Settings
7.1.1 Dataset and Training Splits.

We conduct experiments on a public medical in-
voice dataset released by Alibaba Cloud (Alibaba
Tianchi, 2023), which contains 950 real-world in-
voices (800 for training and 150 for testing) col-
lected from diverse practical scenarios. Represen-
tative dataset samples are provided in Appendix C.

To better reflect real-world document parsing re-
quirements, we substantially expand the structured
annotations (Mathew et al., 2021; Ouyang et al.,
2025). Redundant fields are consolidated, and ad-
ditional fine-grained fields commonly required in
medical invoice processing are introduced. As a
result, the 800 training documents contain 36,800
annotated key—value pairs in total, corresponding to
46 pairs per document on average, compared with
16,342 pairs before expansion. Since the task is
query-driven, each training or evaluation instance
corresponds to an arbitrary subset of fields, yield-
ing a combinatorially large effective query space
even for a fixed document image (Mathew et al.,
2021; Wan et al., 2024). All methods are evaluated
using the same expanded annotations to ensure fair
comparison.

Although all documents are manually anno-
tated with high-quality ground truth, we construct
a realistic noisy supervision setting for training.
Specifically, the 800 training documents are split
into 700 pseudo-labeled samples D, and 100
expert-annotated samples D;. Applying Training-
driven Label Refinement (TLR) to D,, produces the
refined-label dataset D,,, which is used consistently
in experiments involving noisy supervision. The
held-out test set of 150 documents is never used
during training or refinement.

7.1.2 Metrics:

All models are evaluated under a unified key-
conditioned extraction setting. Given a document
image and a queried key set, the model is required
to generate structured key—value outputs condi-
tioned on the prompt. We report a task-specific
Field Match Ratio (FMR), defined in this work as
the proportion of queried fields whose keys are
correctly aligned and whose normalized values ex-
actly match the references. Unlike field-level F1
or ANLS, FMR uses strict exact matching after
normalization.

49842



Table 1: Comparison under different adaptation settings
on medical invoice parsing.

Method FMRT
No adaptation: general-purpose VLMs
Qwen2.5-VL-3B (Bai et al., 2025) 0.2931
InternVL3-2B (Zhu et al., 2025) 0.3273
No adaptation: document-specific models
DeepSeek-OCR (Wei et al., 2025) 0.4932
DeepSeek-OCR2 (Wei et al., 2026) 0.4797
PaddleOCR-VL (Cui et al., 2025) 0.2793
MonkeyOCR Pro 3B (Li et al., 2024) 0.5170
MinerU2.5 (Niu et al., 2026) 0.3995
Donut (Kim et al., 2022a) 0.0000
mPLUG-DocOwI2 (Hu et al., 2025) 0.0000
TextMonkey (Liu et al., 2026) 0.0300
dots.ocr (Li et al., 2025a) 0.0000
Proprietary models
ChatGPT-40 (OpenAl, 2024) 0.3603
Gemini-2.5 Pro (Google, 2025) 0.6858
Standard domain adaptation
Qwen2.5-VL-3B + SFT 0.7456
InternVL3-2B + SFT 0.7124
DeepSeek-OCR + SFT 0.7141
DeepSeek-OCR2 + SFT 0.7324
TextMonkey + SFT 0.1920
dots.ocr + SFT 0.5393
Noise-aware domain adaptation
MeDocVL (Qwen2.5-VL) 0.8416
MeDocVL (InternVL3) 0.8454

Formally, FMR is defined as

];‘de A
EdED Zke’Cd 1 [fb(f)d k)=0(va,k)
FMR = ’ ’ (8)

ZdeD |’Cd‘

Before evaluation, each generated JSON or struc-
tured response is parsed to extract the textual value
associated with each queried key. The function ¢(-)
applies the same field-specific normalization to pre-
dictions and references. Text values are lowercased
and stripped of leading and trailing whitespace,
dates are converted to a unified canonical format,
and monetary amounts are normalized by remov-
ing currency symbols, thousand separators, and
insignificant trailing zeros. These output conven-
tions are also specified in the post-training prompts.
Exact matching is performed on the normalized val-
ues, while missing keys and unparsable responses
are counted as incorrect.

7.2 Comparison with the SOTA Models

Table 1 compares general-purpose and document-
specific models under no adaptation, standard SFT,
and noise-aware adaptation using the same query-
driven protocol and expanded annotations. The
near-zero zero-shot FMR of several task-specific
models reflects limited compliance with the re-
quired complete and canonically formatted key—
value output, rather than an inability to recognize
document content.

Table 2: Comparison of RL objectives on document
parsing using the refined-label dataset D.,. Results are
reported as mean =+ standard deviation over three inde-
pendent runs.

RL Algorithm FMR?T (Mean+Std)
Vanilla GRPO (Guo et al., 2025) 0.8019+0.0006
DAPO (Yu et al., 2026) 0.82050.0004
GSPO (Zheng et al., 2025) 0.8192+0.0005
SAPO (Gao et al., 2025) 0.81980.0005

DT-GRPO 0.8216 + 0.0004

Table 3: Impact of annotation noise on post-training and
the effectiveness of TLR.

Training Data FMR?
20% Noisy Data 0.7662
30% Noisy Data 0.7296
50% Noisy Data 0.5820
70% Noisy Data 0.2601
Refined Data (from 30% noise)  0.7833

Standard SFT on the same expert subset im-
proves domain adaptation, but remains below the
proposed framework. MeDocVL achieves the
strongest results on both Qwen2.5-VL and In-
ternVL3 backbones, supporting the role of noise-
aware post-training rather than a particular doc-
ument architecture. A controlled all-clean com-
parison in Table 5 further separates the effects of
post-training strategy and supervision quality. Un-
less otherwise specified, Qwen2.5-VL is used as
the default backbone in subsequent experiments.

7.3 Comparison with Different RL
Algorithms

Table 2 compares DT-GRPO with representative
RL objectives under the same training configura-
tion on D,. To evaluate training stability, we re-
peat every method using three independent random
seeds. The complete per-seed results are provided
in Appendix J. DT-GRPO achieves the best result
in all three runs while maintaining low variance.
Although the numerical differences among mod-
ern RL objectives are modest, the consistent rank-
ing indicates that dynamic token-wise optimization
provides a stable improvement under noisy supervi-
sion. More importantly, the subsequent RL-to-SFT
strategy amplifies the gains of noise-aware opti-
mization, indicating that the overall post-training
paradigm is more consequential than the choice of
RL objective alone.

7.4 Noisy Effectiveness Analysis

This experiment investigates the impact of anno-
tation noise on SFT and evaluates the effective-
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Table 4: Accuracy (%) on CIFAR-10 with 50% symmet-
ric label noise.

Method Acc. Method Acc.
CE 79.4 DivideMix 94.6
Co-teaching+  85.7 ELR+ 94.8
F-correction 79.8 MOIT 90.0
PENCIL 89.1 SelCL+ 93.9
LossModelling 92.0 TCL 93.9

CLIPCleaner  95.7 TLR+DT-GRPO 95;9

ness of Training-driven Label Refinement (TLR) in
mitigating noise-induced performance degradation.
Starting from the same foundation model, we inject
controlled noise into the pseudo-labeled training set
D,, by corrupting a fixed proportion of key—value
labels, with noise ratios set to 20%, 30%, 50%, and
70%. All four settings quantify the sensitivity of di-
rect SFT to supervision noise, and the 30% setting
is additionally selected for the TLR refinement ex-
periment as a representative moderate-noise regime.
Construction and data-separation details are pro-
vided in Appendix E.

As shown in Table 3, model SFT on noisy data
degrades rapidly as annotation noise increases.
Even moderate noise (30%) leads to a clear drop in
FMR, while higher noise levels cause severe perfor-
mance collapse, highlighting the brittleness of SFT
under strict exact-match supervision. Applying
TLR to the 30% noisy dataset substantially recov-
ers performance and achieves an FMR of 0.7833,
outperforming all models trained directly on noisy
annotations. This demonstrates that TLR effec-
tively suppresses systematic annotation errors and
provides more reliable supervision for downstream
optimization.

7.5 Comparison on a Standard Noisy-label
Benchmark

To test whether our noise-aware framework trans-
fers beyond document parsing, we compare it
with established noisy-label methods on CIFAR-10
with 50% symmetric label noise following CLIP-
Cleaner (Feng et al., 2024). Implementation and
result-source details are provided in Appendix E.

As shown in Table 4, TLR+DT-GRPO achieves
95.9% accuracy, compared with 95.7% for CLIP-
Cleaner and 94.8% for ELR+. This provides
framework-level cross-task evidence, rather than an
isolated evaluation of TLR or a strictly supervision-
matched comparison, because our complete frame-
work uses limited clean correction supervision.

Table 5: Ablation of supervision quality and post-
training strategy. The realistic setting combines limited
expert annotations with refined pseudo labels, while all-
clean supervision uses expert annotations for all samples.
Results are single-run, with multi-seed RL statistics in
Table 2.

Training Configuration FMR 1
No domain adaptation

Baseline (no post-training) 0.2931
Realistic supervision: single-stage ablations

SFT on D,, (pseudo labels) 0.7290
SFT on D, (expert labels) 0.7530
SFT on D, + D; 0.7662
SFT on D, (refined labels) 0.7833
Vanilla GRPO 0.8017
DT-GRPO 0.8214
Realistic supervision: training-order ablations

SFT — SFT 0.7952
SFT — Vanilla GRPO 0.8028
SFT — DT-GRPO 0.8124
Vanilla GRPO — SFT 0.8125
TLR — DT-GRPO — SFT 0.8384
TLR — DT-GRPO — SFT + DynPrompt 0.8416

All-clean supervision: controlled comparison
SFT 0.8291

SFT — DT-GRPO 0.8403
DT-GRPO — SFT 0.8582
DT-GRPO — SFT + DynPrompt 0.8617

7.6 Ablation Study

Table 5 disentangles the effects of supervision qual-
ity, post-training objective, and training order. The
realistic pipeline uses 700 TLR-refined samples
for RL and 100 expert samples for SFT, while the
all-clean setting uses expert annotations for all 800
samples. All comparisons use matched training
and inference configurations, and DynPrompt is
applied only where marked.

7.6.1 Baseline and Single-Stage Training.

The baseline model achieves only 0.2931 FMR,
showing that foundation VLMs are insufficient for
high-precision document parsing without domain
adaptation. Single-stage SFT on pseudo-labeled
data D,, improves performance but remains sensi-
tive to annotation noise. Using expert-labeled data
D, yields better results, while jointly training on
D, + D, further improves performance by combin-
ing large-scale supervision with clean annotations.

Applying SFT on refined labels D,, achieves ad-
ditional gains, confirming that TLR effectively im-
proves supervision quality. Under the same realis-
tic supervision setting, RL on refined labels further
improves over the corresponding SFT variants, and
DT-GRPO surpasses vanilla GRPO by providing
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Epoch Epoch

(a) Hard samples (b) Noise samples

Figure 3: Trend of dynamic token-wise weights in DT-
GRPO for hard and noisy samples.

more robust optimization under residual noise.

7.6.2 Training Order under Realistic
Supervision.

The realistic multi-stage block compares different
training orders using refined noisy supervision fol-
lowed or preceded by limited expert supervision.
Methods that apply RL before SFT consistently
outperform those that apply SFT first, indicating
that RL better tolerates residual annotation noise
before strict token-level supervision is enforced.

Replacing vanilla GRPO with DT-GRPO fur-
ther improves performance across different train-
ing orders, showing that token-wise optimization
remains beneficial even after supervised initializa-
tion. These results support using RL as the primary
behavior alignment stage, followed by SFT for pre-
cision consolidation.

7.6.3 Controlled Comparison with All-Clean
Supervision.

The all-clean SFT result of 0.8291 is a single-stage
baseline rather than an upper bound. With super-
vision fixed, DT-GRPO — SFT reaches 0.8582,
outperforming SFT — DT-GRPO at 0.8403. Dyn-
Prompt provides modest gains in both the real-
istic setting, from 0.8384 to 0.8416, and the all-
clean setting, from 0.8582 to 0.8617. The realistic
complete pipeline reaches 0.8416 using only 100
expert-annotated samples, leaving a 0.0201 gap
to the all-clean complete pipeline. Its advantage
over all-clean single-stage SFT therefore reflects
the stronger post-training strategy rather than an
advantage of noisy supervision.

7.7 Effect of DT-GRPO.

Using the controlled corruption from Section 7.4,
we categorize supervision at the key—value level
through comparison with ground-truth annotations.
Injected corruptions are treated as noisy samples,
while the remaining incorrect-but-consistent pre-
dictions are treated as hard samples.

Figure 3 visualizes the evolution of dynamic
token-wise weights in Equation 4 during training.
For hard samples in Figure 3a, token weights in-
crease steadily over epochs, indicating that DT-
GRPO progressively allocates more optimization
capacity to difficult yet learnable predictions. In
contrast, tokens associated with noisy supervision
exhibit persistently low or oscillatory weights in
Figure 3b, reflecting suppressed gradient contribu-
tion due to inconsistent historical agreement.

These dynamics demonstrate that DT-GRPO im-
plicitly distinguishes between hard and noisy labels
through historical rollout behavior, without explicit
noise modeling or heuristic filtering. By decreas-
ing gradients from noisy tokens while focusing
optimization on hard cases, DT-GRPO stabilizes
training and improves field-level exact-match per-
formance under noisy supervision.

8 Conclusion

This work studies high-precision document pars-
ing under realistic noisy supervision and presents a
noise-aware post-training framework for adapting
general-purpose VLMs without relying on large-
scale clean annotations. By treating supervision
noise as a learnable factor, MeDocVL refines im-
perfect labels and decouples robustness-oriented
behavior alignment from precision consolidation,
enabling stable training under strict field-level ex-
actness constraints. Beyond medical-invoice pars-
ing, results on noisy-label image classification pro-
vide complementary evidence that the framework’s
core noise-aware training principle transfers across
tasks.

Limitations

While the proposed framework demonstrates strong
performance under noisy supervision, several lim-
itations remain. First, our end-to-end document
parsing experiments are limited to medical invoices
and 2B-3B VLM backbones. Although the CIFAR-
10 experiment provides cross-task evidence for the
core noise-aware principle, it does not establish
generalization to other document domains, includ-
ing long-form reports, handwritten forms, multilin-
gual documents, or multi-page documents. Future
work should evaluate the complete framework on
more diverse document parsing and DocVQA-style
benchmarks. Second, the proposed Training-driven
Label Refinement (TLR) relies on the availability
of a small amount of high-quality expert annota-
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tions to learn correction behavior. In scenarios
where expert annotations are extremely limited or
unavailable, the effectiveness of refinement may
degrade. Third, DT-GRPO introduces additional re-
inforcement learning overhead compared with stan-
dard supervised fine-tuning. Although the method
improves robustness under noisy supervision, RL-
based optimization increases training complexity
and computational cost, particularly for large-scale
VLM backbones. Finally, our work focuses pri-
marily on improving field-level exact-match accu-
racy under noisy supervision. Broader aspects of
document understanding, such as reasoning across
multiple pages, table structure reconstruction, or
long-context semantic consistency, are not explic-
itly addressed in the current framework.
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A Training-driven Label Refinement
Visualization

Figure 4 illustrates the overall Training-driven La-
bel Refinement (TLR) framework. TLR formulates
noisy annotation refinement as a learnable correc-
tion problem. Expert annotations supervise cor-
rection behavior rather than direct large-scale ex-
traction learning. The trained refinement model is
subsequently applied to large-scale pseudo-labeled
data to produce refined supervision with reduced
systematic bias and controlled residual noise.

B RL-to-SFT Post-training Visualization

Figure 5 presents the RL-to-SFT post-training strat-
egy used in MeDocVL. DT-GRPO first aligns ex-
traction behavior under residual noisy supervision
using refined labels, while the subsequent SFT
stage consolidates exact-match precision using cu-
rated expert annotations. Dynamic prompt aug-
mentation is further applied during SFT to improve
robustness against prompt dependency and halluci-
nated outputs.

C Representative Dataset Samples

Figure 6 shows representative samples from the
medical invoice dataset used in experiments. The
dataset contains diverse layouts, dense structured
fields, domain-specific terminology, handwritten
elements, and visually complex formatting, making

strict field-level exact-match parsing particularly
challenging.

D Notation Summary

We summarize the main symbols and notation used
throughout the paper.

* Dy = {(2:,Y:)}Y,: large pseudo-labeled
dataset, where 37@ is produced by OCR or mul-
timodal models and may contain noisy, miss-
ing, or spurious annotations.

* D = {(xj,yj)}j]‘ilz small expert-annotated
dataset comprising M = |D;| accurately vali-
dated samples, where M < N.

* x: model input, consisting of a document im-
age and a structured instruction prompt with
queried keys.

* K = {ki,...,kk}: queried key set for a
given document.

* ¥V = {(kn,v,)}: ground-truth structured an-
notation, where each k,, is a target field and
vy, 18 its corresponding value sequence.

. ) noisy pseudo annotation produced by the
automatic labeling pipeline.

« ) refined structured annotation produced by
Training-driven Label Refinement (TLR).

* 7(-): automatic OCR/VLM-based labeling
function that maps a document image to a
noisy structured annotation.

* fs: refinement model in TLR, which takes
a document image, queried keys, and noisy
annotation as input, and predicts a corrected
structured annotation.

« Dy = {(;, )A/l)}fil refined training dataset
obtained by applying TLR to D,,.

* fo: key-conditioned document parsing model,
which maps (z, KC) to structured key—value
predictions.

* mp: policy model used during reinforcement
learning.

* To1q: behavior policy used to generate rollout
samples in GRPO/DT-GRPO training.

. )72("’@: the k-th sampled structured output for

sample ¢ at training epoch n.
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Figure 4: Training-driven Label Refinement (TLR). Expert annotations supervise correction behavior, while the
trained refiner is applied at scale to produce refined supervision with reduced bias and controlled residual noise.

. 17§n7k) (km): predicted value of queried key &,

in the k-th sampled output.

o 0;(kn,): refined target value of queried key
k., used for reward computation.

. rl(k): sequence-level reward of the k-th sam-

pled output for sample 7.

. Agk): group-relative advantage of the k-th
sampled output.

. Ii(erf): correctness indicator of queried key

k., in the k-th rollout at epoch e.
(n).

* w; ,+ dynamic weight assigned to queried key

k, for sample 7 at epoch n.

* S;m: token positions corresponding to the
value span of queried key k,, in the serialized
output.

. wgz): dynamic token-wise weight assigned to
token position ¢ at epoch n.

. pgl;) (0): token-level probability ratio between

the current policy and the old policy for the
k-th sampled output.

* C;: set of clean token positions in the target
sequence of sample .

 N;: set of noisy token positions in the target
sequence of sample 1.

* Leorr: correction learning objective used to
train the TLR refinement model.

* Lgpr: supervised fine-tuning objective.

* Lpr.grro: dynamic token-wise GRPO ob-
jective used in the reinforcement learning
stage.

E Implementation Details

We provide detailed implementation settings for
reproducibility. All symbols follow the notation
defined in Appendix D.

E.1 Backbone:

The key-conditioned document parsing model fjy is
initialized from general-purpose vision—language
backbones. We use Qwen2.5-VL-3B-Instruct and
InternVL3-2B as the primary backbones. Unless
otherwise specified, both backbones share identical
training protocols.

E.2 Document-specific baselines:

Donut, mPLUG-DocOwl]2, TextMonkey, and
dots.ocr are evaluated using their official check-
points under the same query-driven key—value ex-
traction protocol. TextMonkey and dots.ocr are

49850
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Figure 5: RL-to-SFT post-training pipeline. RL (DT-GRPO) aligns model behavior under residual annotation
noise using raw domain data and refined labels. SFT consolidates exact-match precision using curated expert data

with dynamic prompt augmentation.

LT

Figure 6: Representative samples from the medical invoice dataset. The invoices exhibit diverse layouts, domain-
specific terminology, mixed text styles, and complex visual elements, posing challenges for accurate document

parsing.

additionally fine-tuned using their official training
recipes on the same 100-sample expert subset D;
used for SFT in our framework. Outputs from
OCR-based systems are converted to structured
JSON and parsed by a fixed Qwen3-8B model us-
ing the same prompt configuration. All outputs are
evaluated using the same response parsing, normal-
ization, and FMR implementation.

E.3 Controlled-noise construction:

Noise is applied to annotations rather than images,
and corrupted values are replaced with plausible
but incorrect alternatives. Clean annotations cor-
responding to D,, are withheld from model train-
ing and used only to construct and analyze the
controlled-noise experiment. TLR correction su-
pervision is provided exclusively by the disjoint
expert subset D;.

E.4 Input resolution and token budget:

Document images are resized with aspect ratio pre-
served. Visual inputs are controlled via pixel con-
straints, where the maximum number of pixels is
1,003,520 and the minimum is 627,200. The maxi-

mum text sequence length is 2,048 tokens and the
maximum generation length is 1,024 tokens.

E.5 Parameter-efficient fine-tuning:

We adopt LoRA for all training stages. LoRA is
applied to all linear layers with rank » = 8 and scal-
ing factor o = 32. The vision encoder and modal-
ity aligner are frozen during fine-tuning. Gradient
checkpointing is enabled for memory efficiency.

E.6 Training settings:

We consider two training settings in our experi-
ments:

* Supervised fine-tuning (SFT). The parsing
model fy is optimized with LgpT on struc-
tured annotations. SFT is trained for 70
epochs with a per-device batch size of 12 and
gradient accumulation of 2 steps.

* Reinforcement learning (RL). The policy my
is optimized with Lpt.grpo. Each input sam-
ples K = 8 candidate outputs for advantage
estimation. RL is trained for 15 epochs with
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a per-device batch size of 8, and the behavior
policy 7,1q is periodically updated.

E.7 Optimization:

All stages use the AdamW optimizer. Learning
rates are set to 1 x 1075 for SFT and 1 x 1076 for
RL. Cosine learning rate decay with a warmup ratio
of 5% is applied. Gradient clipping with maximum
norm 1.0 is used to stabilize RL training.

E.8 RL rollout configuration:

Rollout generation is accelerated using a vLLM
server backend. Sampling is performed with tem-
perature 1.0, top-p = 0.85, and top-k = 50. Each
prompt generates 8 candidates.

E.9 Reward configuration:

We adopt the composite reward defined in Ap-
pendix G. The final reward is a weighted combina-
tion of value-correction, format consistency, key-
structure alignment, balanced empty/non-empty ac-
curacy, false-empty penalty, and length regulariza-
tion terms. All reward components are computed
at the structured key—value level and aggregated
for sequence-level policy optimization.

E.10 Batching and hardware:

Training is conducted using distributed data paral-
lelism on 8 NVIDIA A800 GPUs (80GB). Mixed-
precision training with bfloat16 is adopted to im-
prove memory efficiency.

E.11 Training cost:

Full training takes approximately 3 GPU-hours for
SFT and 16 GPU-hours for RL on 8 x A800 GPUs.

E.12 Training stability:

Reinforcement learning without token-wise weight-
ing is observed to cause unstable optimization un-
der noisy supervision, including oscillating rewards
and malformed structured outputs. DT-GRPO im-
proves stability by suppressing unreliable token
updates and enhancing reward consistency.

E.13 Noisy-label classification benchmark:

For the CIFAR-10 experiment in Section 7.5, we
follow the standard 50% symmetric-noise construc-
tion used by CLIPCleaner (Feng et al., 2024), ran-
domly replacing half of the training labels with uni-
formly sampled incorrect classes. We use the stan-
dard 50,000-image training set and 10,000-image
clean test set. From the training set, 6,250 images

and their original labels form the limited clean sub-
set used to construct paired noisy/clean correction
supervision for TLR, and the remaining 43,750 im-
ages expose only the corrupted labels during train-
ing. Our method uses Qwen2.5-VL-3B-Instruct
and generates one of the ten class names as a tex-
tual output. The classification reward is one when
the generated class exactly matches the refined tar-
get and zero otherwise, while the dynamic weight
follows historical class-prediction correctness. The
reported 95.9% accuracy is obtained from a single
run. Results for CE, Co-teaching+ (Yu et al., 2019),
F-correction (Patrini et al., 2017), PENCIL (Yi and
Wu, 2019), LossModelling (Arazo et al., 2019), Di-
videMix (Li et al., 2020), ELR+ (Liu et al., 2020),
MOIT (Ortego et al., 2021), SelCL+ (Li et al.,
2022), and TCL (Huang et al., 2023) are adopted
from the CLIPCleaner benchmark under the same
dataset and noise setting, while CLIPCleaner is
rerun using the authors’ official implementation.

F Visualization of Document Parsing
Samples

We provide qualitative examples to illustrate the
input—output format of our document parsing task
and to analyze how supervision noise affects struc-
tured learning in practice. Specifically, we present
representative document images together with their
instruction prompts, expert annotations, pseudo la-
bels, and TLR-refined labels.

These examples clarify: (i) how structured key—
value annotations are represented in realistic docu-
ment parsing scenarios, (ii) what pseudo supervi-
sion looks like under automatic labeling pipelines,
and (iii) how Training-driven Label Refinement
(TLR) improves supervision quality.

We further include a hard example to distinguish
supervision noise from inherent visual ambigu-
ity. In such cases, the primary challenge arises
from limited visual readability (e.g., blur and near-
confusable characters) rather than annotation er-
rors.

F.1 Noisy Sample Visualization and TLR
Refinement

As our dataset is collected from Chinese medical
invoice documents, we retain the original Chinese
text to preserve real-world authenticity and provide
English translations for accessibility.

Table 6 presents a complete example of the
prompt, expert annotation, pseudo label, and TLR-
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refined label for invoice field extraction. The ta-
ble explicitly demonstrates how supervision noise
manifests at the structured key—value level and how
TLR refines unreliable annotations.

Several typical noise patterns can be observed
in the pseudo labels. First, numeric fields may
suffer from severe corruption due to OCR digit
confusion, as shown by the incorrect total amount
prediction. Second, semantic fields may exhibit
key—value mismatches caused by structural parsing
errors, such as the incorrect insurance type. These
issues frequently arise in dense financial regions
where complex layouts and small character spacing
amplify recognition difficulty.

TLR mitigates these problems by explicitly mod-
eling annotation inconsistency and correcting un-
reliable fields while preserving valid supervision.
As shown in Table 6, the self-paid amount is suc-
cessfully corrected to match the expert annotation
exactly. The insurance type is refined toward the
correct insurance category, although minor termi-
nology differences remain. The total amount is
substantially improved compared with the pseudo
label but still contains residual numeric errors, indi-
cating the difficulty of precise digit recovery under
heavy noise.

Figure 7 further visualizes this example with spa-
tial grounding between key fields and their support-
ing visual regions. Noisy fields in pseudo labels
are highlighted in red, while fields corrected by
TLR are highlighted in green. The visualization
highlights how inaccurate supervision in critical
regions can propagate errors through the structured
prediction pipeline, and how refinement improves
supervision reliability.

This example highlights that supervision noise
is often heterogeneous, requiring refinement meth-
ods that selectively correct unreliable fields while
preserving trustworthy supervision signals.

F.2 Hard Sample Visualization

Hard cases in medical document parsing often arise
from intrinsic visual factors and complex textual
content (e.g., professional medical terminology), as
illustrated in Figure 8. Typical sources of difficulty
include blurred or low-resolution text regions, com-
pression artifacts, and near-confusable characters
(e.g., visually similar digits or Chinese characters).
These factors introduce localized recognition uncer-
tainty, which can lead to incorrect field extraction
even when supervision is accurate.

This example highlights a different source of

errors compared with the noisy sample shown in
Figure 7. In the noisy case, errors originate from
incorrect pseudo annotations, whereas in this ex-
ample, errors are mainly caused by poor visual
quality despite correct supervision. This contrast
shows that supervision noise and visual difficulty
are fundamentally different challenges. It motivates
our noise-aware training design, which explicitly
corrects unreliable annotations while maintaining
robustness to unavoidable visual ambiguity.

G Reward Design for Dynamic
Token-wise GRPO

We adopt the value-correction reward defined in the
main paper as the primary optimization objective:

Y1 [ai("”f)(km) - ﬁi(km)} .
km€KC;
)

This reward directly measures key—value correct-
ness at the field level.

(k) _ 1
T, = —
’ | Kl

To further improve structural validity and behav-
ioral reliability during reinforcement learning (RL),
we introduce several auxiliary reward components.

G.1 Format reward:

To encourage structurally valid outputs, we intro-
duce a format reward

) (10)
which evaluates whether the rollout prediction fol-
lows the required structured key—value layout. This
reward favors properly formatted outputs, includ-
ing correct key—value organization and parsable
structured responses, and helps reduce malformed
predictions during RL.

G.2 Key-length reward:

We further introduce a key-length reward to encour-
age consistency between the predicted key structure
and the queried key set. Let l@gn’k) denote the set

of keys appearing in the k-th rollout. We define

0 _ KM 0
i,klen |/€(n’k) U ]CZ|

]

(11

This term encourages predicted key sets that align
with the queried fields while discouraging missing
or spurious keys.
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Table 6: Example of prompt and multi-stage annotations for invoice field extraction.

Item Chinese English
Prompt FAA TRIZZENE, FREFE: ERS Please recognize the invoice content in the image
B A&/ - PAERR - ERERL. 7 and return the following fields: Invoice Number,
SN O *%T }i [H o <image> Total Amount (in digits), Self-paid Amount, and
Insurance Type. Please strictly return the results in
JSON format.
Expert ZHREES. 00024920; AiTE&R/N Invoice Number: 00024920; Total Amount (digits):

annotation (GT)

5. 670448.20; T ABTE: 204375.59; [EfR

670448.20; Self-paid Amount: 204375.59;

KA FBARKT A Insurance Type: New Rural Cooperative Medical
Scheme.
Pseudo label (V) ZiEEH5: 00024920, &iT4&50/NE: 18.0; Invoice Number: 00024920; Total Amount (digits):
PMANEFE: 204378.59; EfRRE. H. 18.0; Self-paid Amount: 204378.59; Insurance
Type: Self-funded.
TLR-refined FHRSD: 00024920; A it&F/) Invoice Number: 00024920; Total Amount (digits):
label () 5. 870448.20; ™ ABTE: ; EfR 870448.20; Self-paid Amount:

KR FiRE

Insurance Type: New Rural Cooperative Scheme

Noisy fields in pseudo labels are highlighted in red, while fields corrected by TLR are highlighted in

G.3 Empty/non-empty balanced reward:

In practice, queried fields are often imbalanced
where some fields are genuinely empty, while oth-
ers contain valid values. To prevent optimization
from being dominated by only one case, we sep-
arately evaluate non-empty and empty fields and
combine them using a balancing coefficient.

We define

0 (kim)£2
(k) 2 ke, 1{ *“kkk rkamj

kaelc [( )7&@]

aCCi,non -

12)

; (k‘m)ZZ :|
5™ (ki )=0i (k)

(k) kael@' 1 [/\

i,emp kaelCi 1[@i<km) = g]
13)
The corresponding balanced reward is
k k k
iy = aacell) 4 (1-a)acelt) (14

where a € [0, 1] controls the relative importance
of non-empty fields.

G.4 False-empty penalty:

A particularly undesirable failure mode is predict-
ing an empty value for a field whose target value
is actually non-empty. We therefore introduce a
false-empty penalty:

i (km)#2 A
(k) _ E:&neKil[é“*kmn=@}

(k) _ _ v . (5
e T T k) 20

r

This term explicitly penalizes missed extraction
of valid fields.

G.5 Length-based penalty:

To discourage pathological under-generation or
over-generation of field values, we further intro-
duce a length-based penalty:

® _ 1

ilen

tanh
| ! | knL EICi

150 (o) | = [0 (k)|
)l 1)

This term regularizes output behavior by discour-
aging implausible value lengths.

(16)

max (|9; (k

G.6 Overall reward:

Collectively, these auxiliary rewards regularize
structural validity, semantic correctness, and be-
havioral plausibility, leading to more stable and
reliable reinforcement learning for document pars-
ing. The final reward is defined as a weighted
combination of the value-correction reward and the
auxiliary reward terms:

r®) :Avalr( ) 4 Afmt r®)

i,total i,fmt

+ Alden Ty e + bl 7o (17)
(k)

+ Afe z(ft)s + )\len Ty Jen®

G.7 Reward Ablation and Coefficient
Selection

The reward coefficients were set heuristically ac-
cording to task priorities before the reported evalua-
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Table 7: Reward ablation of DT-GRPO. Results are
mean FMR over three independent runs.

Reward Configuration Mean FMR
Value-correction reward only 0.8173
Complete six-component reward 0.8216

tions and kept fixed across all experiments. The test
set was not used for coefficient selection. We as-
sign the dominant weight to value correction, with
Aval = 1.0. The auxiliary coefficients are \g,y =
0.15, Afe = 0.12, A\ggen = 0.10, Apa; = 0.05, and
Alen = 0.05.

The value-correction reward alone achieves a
mean FMR of 0.8173, while the complete six-
component reward reaches 0.8216. This result iden-
tifies value correction as the primary optimization
signal and shows that the auxiliary components
provide a complementary gain.

H Gradient-Level Analysis under Noisy
Supervision

In this section, we analyze how noisy supervi-
sion influences the optimization dynamics of SFT,
GRPO, and DT-GRPO at the gradient level. The
key distinction lies in how annotation noise enters
the training signal and propagates through parame-
ter updates.

SFT directly fits observed target tokens. GRPO
updates the policy using sequence-level rewards.
DT-GRPO further introduces token-level weighting
to modulate the contribution of unreliable updates.

H.1 Preliminaries:

For each sample 7, let z; denote the input and

Ui = (Uit UiT:)
denote the target sequence derived from the refined
annotation.

Although TLR improves annotation quality,
residual noise may still remain. We therefore parti-
tion token positions into clean and noisy subsets:

H.2 SFT:
The SFT objective is
T;
Lspr = —E; Zlogﬂe@m | @i, Yi,<t) | - (19)
=1

Its gradient is

T;
VoLser = ~Ei | Y Vologmo(fis | @i, Gi<t)

t=1
(20)
Thus, every observed token contributes directly
to optimization. For noisy positions ¢ € N;, the
model is still pushed toward the incorrect token.
Annotation noise, therefore, enters SFT gradients
directly at the token level.

H.3 GRPO:

Let my1q denote the behavior policy. For each sam-
ple 7, GRPO samples K candidate outputs

_(k

yg)NTrOlda k?:].,...,K,
and computes a sequence-level reward rz(k). The
group-relative advantage is

(k)

k
PION )

— meany(7;

stdk(r(k)) +e

i

21

For clarity, the analysis below focuses on the
policy-ratio term. Standard ratio clipping and
reference-policy KL regularization are retained un-
changed because DT-GRPO does not modify them,
and are therefore omitted from the displayed objec-
tive. Using the ratio form, GRPO optimizes

T;
Lerpo = —Eiy | AP ZPE?(Q)] ;o (22)
t=1
where
—(k) _(k)
i i Zi, i
p§§>(9): 0(U;y | iy Ui 24)

—(k &
Fold(yz(,t) | xi,y§,<)t)

(& _(k (23)
=exp ( log TrH(yz(,t) | z;, y§,<)t)
_(k _(k
—tog maua (05 | 20, 72) ).
Since my1q does not depend on 6,
k k —(k ok
Vool (0) = o) (0) Volog mo(3%) | 21, 5,).
(24)
Therefore,

T;
VeLarro = —Eip | AW Zﬂgﬁ) (9)
=1

- Vo log mg (17,(? | xi,ﬂgi)t) :

(25)
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This shows that GRPO, like SFT, is ultimately
expressed in terms of token-level score functions
Vologmy(-). However, SFT directly fits anno-
tated target tokens, whereas GRPO scales token-
level updates by the sequence-dependent factor
AP 0,

Consequently, GRPO does not fit the annotated
sequence token by token. Instead, annotation noise
influences optimization indirectly through the re-
ward and advantage signals.

H.4 DT-GRPO:

DT-GRPO retains the sequence-level advantage

of GRPO while further introducing token-level
(n)

weights w; ;'
T;
Lor.areo = —Eqiy | AP ZMZ(Z)PE,’? (0)
t=1 26)
Its gradient is
T;
VeLorreo = —Eqy [ AP >
t=1

W o (0) - Vologmo( @D

Compared with GRPO, DT-GRPO introduces an
explicit token-level modulation factor. As a result,
unreliable tokens can contribute less even within
the same rewarded sequence.

H.5 Unified view:

All three methods can be expressed in a unified
gradient form:

VoL =-E |> ¢y Vologm(-) (28)
t
with coefficients
1, for SFT,
cia = AP o) (g), for GRPO,
AP w pt)(9),  for DT-GRPO.
(29)

This unified view clarifies how noisy supervi-
sion influences optimization differently. In SFT,
noise directly determines token-level gradients. In
GRPO, noise affects training indirectly through
sequence-level reward and advantage. In DT-
GRPO, this influence is further modulated by token-
level weighting.

Table 8: Noise taxonomy and distribution in pseudo
annotations ).

Noise Type Description Ratio (%)

Value corruption Incorrect numeric/textual 31.8
content

Key-value mis- Correct value paired with 19.6

alignment wrong key

Missing field Target key absent in output 17.4

Spurious field Non-queried key gener- 13.2
ated

Format error Non-parsable structured 10.5
output

Other noise Mixed or rare patterns 7.5

Total - 100.0

Table 9: Refinement effectiveness of TLR on different
noise types.

Noise Type Corr. Rate (%) Residual (%)
Value corruption 73.5 26.5
Key—value misalignment 76.1 23.9
Missing field 79.8 20.2
Spurious field 83.7 16.3
Format error 96.4 3.6

I Noise Statistics and Refinement Analysis

This section provides detailed statistics of the super-
vision noise used in our experiments and evaluates
the effectiveness of Training-driven Label Refine-
ment (TLR).

I.1 Noise Taxonomy and Distribution

Pseudo annotations ) contain heterogeneous noise
patterns introduced by automatic labeling pipelines.
Following the noise construction protocol de-
scribed in the main paper, we categorize super-
vision noise at the key—value level, as in Table 8.

Value corruption and structural inconsistency ac-
count for the majority of supervision noise.

I.2 TLR Refinement Effectiveness

We evaluate how Training-driven Label Refinement
improves pseudo supervision quality. For each
noise category, we measure the proportion of in-
stances successfully corrected by the refinement
model fy.

TLR significantly reduces systematic supervi-

sion noise across all major categories, while resid-
ual errors remain, as in Table 9.
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Table 10: Per-seed FMR results for different RL objec-

tives.

Method Seed 1 Seed 2 Seed 3 Mean+Std
Vanilla GRPO 0.8017 0.8028 0.8013  0.801940.0006
DAPO 0.8204 0.8211 0.8201  0.8205+0.0004
GSPO 0.8191 0.8187 0.8198  0.8192+0.0005
SAPO 0.8198 0.8204 0.8191  0.8198+0.0005
DT-GRPO 0.8214 0.8221 0.8212 0.8216 + 0.0004

J Per-Seed Results for RL Objective

Comparison

Table 10 reports the complete results of the three
independent runs summarized in Table 2. All meth-
ods use the same backbone, refined-label dataset,
and training configuration. DT-GRPO ranks first in
every run, showing that its improvement is consis-
tent across random seeds rather than being driven
by a single initialization.
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regions. The pseudo label (37), the TLR-refined label ()7), and the expert annotation (GT) are shown for comparison.

Figure 7: Sample visualization. A representative document example with key—value annotations grounded to visual

Noisy fields in the pseudo label are highlighted in red, while fields corrected by TLR are highlighted in green.

Dashed arrows indicate the correspondence between key fields and their supporting visual evidence.
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Figure 8: Hard sample visualization. A representative challenging example where the primary difficulty arises from
annotations.

visual ambiguity rather than supervision noise. Blurred regions and low visual legibility cause certain characters
to become visually ambiguous or near-confusable, making some fields difficult to recognize even under accurate



