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Abstract

Financial document parsing requires accuracy, structural consistency, and verifiability
that current benchmarks often fail to reflect. We present FinixDoc, an end-to-end agen-
tic parsing system for real-world financial documents, with FinixDoc-VL, a 4B-scale
vision-language model built on Qwen3-VL-4B, as its core parser. To characterize the
gap between benchmark and deployment performance, we introduce a Document Pars-
ing Capability Matrix organized along two practical axes: visual quality and document
scale. Guided by this matrix, FinixDoc-VL is trained with a domain-adapted recipe com-
bining homoglyph-aware contrastive learning and multi-stage reinforcement learning
with composite domain-specific rewards. To better leverage our accumulated advantage
in low-quality financial-document data and support large-scale, high-quality data pro-
duction, we further build a human-in-the-loop Data Factory pipeline with confidence-
aware expert review. For evaluation, we construct FinixDocBench, a financial-domain
evaluation suite covering digital-native, camera-captured, ultra-large-page, and internal-
workflow scenarios, with a compliance-reviewed subset released alongside this techni-
cal report. On its main subsets, FinixDoc-VL achieves the highest overall score (81.43)
among evaluated baselines, outperforming the next-best open-source model by 5.13
points, with the largest gains on internal financial workflows (FinixInner: 84.08 vs.
78.73).
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Figure 1: Main score comparison on FinixDocBench. The main score is computed as the macro-average over
FinixDigital, FinixPhoto, and FinixInner. The top panel reports the overall main score, and the bottom panels show
subset-level performance. FinixHuge is excluded from this comparison and reported separately, since it evaluates
ultra-large-page documents under a system-level protocol with limited model coverage.
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1 Introduction

As a financial technology enterprise operating large-scale financial workflows, we process massive vol-
umes of heterogeneous financial documents every day, including insurance policies, medical receipts,
claim materials, identity documents, expense statements, and financial reports. These documents arrive
in diverse forms, such as digitally native PDFs, scanned copies, office files, and camera-captured images,
and their parsed contents directly support downstream business processes that require high accuracy,
structural consistency, traceability, and verifiability. This real-world industrial setting motivates our fo-
cus on financial document parsing.

Document parsing is therefore a foundational capability for document digitization, content understand-
ing, and information extraction. Traditional approaches typically rely on task-specific pipelines com-
posed of optical character recognition (OCR), layout analysis, and field extraction [32, 41, 4]. Although
these methods can perform well in scenarios with well-defined rules, they usually face limited perfor-
mance ceilings, high maintenance costs, and weak generalization across templates and application set-
tings.

In recent years, Vision-Language Models (VLMs) have driven a major paradigm shift in document un-
derstanding [11, 14, 2, 1]. Unlike traditional pipelines that decouple recognition, structural analysis,
and field extraction, modern document parsing is increasingly treated as a unified modeling problem [41,
11, 3, 18]. In this work, we use the term parsing to refer to this unified capability, which jointly encom-
passes text recognition, layout detection and categorization, table structure recovery, and reading-order
reconstruction, with the final output rendered as either structured JSON or full-page Markdown.

In large-scale financial workflows, document parsing is not merely a generic OCR or layout-analysis task.
Its outputs directly affect business processes and therefore impose stricter requirements than standard
benchmark settings. These requirements expose failure modes that are often underrepresented in stan-
dard document benchmarks.

In real-world financial deployments, we observe a clear gap between benchmark performance and practi-
cal utility. Many models that achieve strong results on standard benchmarks (e.g., OmniDocBench [21])
still exhibit major shortcomings in production settings, including weak robustness, structural inconsis-
tencies, and failures on long documents or large images. Such behavior falls well short of the stringent
financial requirements for accuracy, consistency, and verifiability.

Through extensive analysis of failure cases in real financial deployments, we observe that these short-
comings are not isolated incidents but instead vary systematically along two orthogonal dimensions: the
visual quality of the input document and the scale of the page or document. Accordingly, we introduce a
Document Parsing Capability Matrix from the perspective of financial document processing. As illustrated
in Figure 2, this matrix organizes document parsing scenarios along two dimensions: document quality
and document scale.

Based on this matrix, we organize current document parsing scenarios into several representative ca-
pability zones. First, mainstream benchmarks are concentrated largely in the bottom-left region, which
we term the Benchmark-Converged Zone. Documents in this region typically have clear page quality,
regular layouts, sufficiently high resolution, and manageable scale. As a result, many VLMs, especially
document-specific models, already achieve strong performance in this zone, and the differences among
leading models are often small.

Second, along the horizontal axis, we define the Low-Quality Zone, which corresponds to scenarios with
degraded document quality. This zone includes documents commonly encountered in real-world finan-
cial workflows, such as medical receipts, claim materials, identity cards, and reimbursement vouchers.
Because these documents are often captured with mobile phones, they are frequently affected by blur,
shadows, glare, creases, perspective distortion, and partial occlusion. In this zone, we observe substantial
performance degradation across most existing solutions. More importantly, document-specific VLMs
that perform strongly in the Benchmark-Converged Zone often underperform strong general-purpose
VLMs under these conditions. We hypothesize that, compared with general-purpose VLMs, special-
ized document models typically have smaller parameter scales, narrower training objectives, and more
limited data diversity, making them more sensitive to distribution shifts and less robust in challenging
real-world conditions.

Third, in the upper region of the matrix, we define the Underexplored Large-Scale Zone, which corre-
sponds to large-scale documents that remain insufficiently covered by existing benchmarks and systems.
Representative examples include ultra-long insurance policies and densely structured multi-column ta-
bles. When a document becomes excessively large (e.g., over 100 million pixels), directly feeding the
entire page into a single VLM poses a major challenge for most existing models. This difficulty arises ei-
ther because aggressive downsampling removes critical local details, or because the resulting input and
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Figure 2: Document Parsing Capability Matrix. The horizontal axis represents decreasing document
quality, ranging from digital or scanned documents to camera-captured documents affected by perspec-
tive distortion, creases, and blur. The vertical axis represents increasing document scale, ranging from
single-page or single-image inputs to ultra-long documents and ultra-large images. Based on this matrix,
document parsing scenarios can be categorized into the Benchmark-Converged Zone, Low-Quality Zone,
Underexplored Large-Scale Zone, and Ambiguous-Unrecoverable Zone.

output token sequences exceed practical model capacity. We argue that this challenge is unlikely to be
solved by simply extending the context window of VLMs. Instead, it requires a system-level solution that
jointly addresses local content perception, global structural modeling, and cross-region result integration.
In this paper, our primary focus is the Low-Quality Zone. For the Underexplored Large-Scale Zone, we
present a practical split-then-merge strategy as an initial solution; its design and implementation details
are deferred to Appendix A.

Finally, on the far right of the matrix, we identify the Ambiguous-Unrecoverable Zone. When docu-
ment quality becomes extremely poor—beyond reliable visual recognition—current VLMs tend to rely
on language priors and contextual regularities to generate speculative predictions [17, 19]. The resulting
outputs may appear plausible, yet lack factual grounding in the image itself. While such behavior may
occasionally be tolerated in open-ended question answering, it is unacceptable in financial document
parsing. Therefore, suppressing hallucinations under low-confidence conditions and adhering to the in-
dustrial principle of “better omission than error” remain central challenges for future financial document
parsing, especially in risk-sensitive settings where precision is preferred over recall.

To address these challenges, we propose FinixDoc, an end-to-end agentic parsing system tailored to
financial documents, with FinixDoc-VL as its core vision-language model. We build FinixDoc-VL on
top of the Qwen3-VL-4B architecture [24]: as discussed above, general-purpose VLMs exhibit stronger
robustness than document-specific models in the Low-Quality Zone, while a 4B-scale model offers a
practical balance between this robustness and the latency, memory, and cost constraints of real financial
deployment. Starting from this backbone, the design of FinixDoc is explicitly organized around the ca-
pability zones identified above. For the Low-Quality Zone, which is the primary focus of this work, we
adapt the visual encoder to financial glyphs through homoglyph-based contrastive learning [26, 10], and



align the model’s outputs with business-level requirements through reinforcement learning [31, 6] with
composite domain-specific rewards; both stages are further supported by an increased proportion of
real-world camera-captured financial documents in training. For the Underexplored Large-Scale Zone, we
introduce a system-level split-then-merge strategy in the Document Preprocessing Tool Layer, which de-
composes ultra-large pages into tractable regions and reconstructs page-level outputs through direction-
aware merging. For the Ambiguous-Unrecoverable Zone, where confident-yet-ungrounded outputs are
unacceptable in financial settings, we adopt the operational principle of “better omission than error”
as a design constraint throughout the system, and leave the development of explicit uncertainty-aware
refusal mechanisms as future work.

Empirically, FinixDoc-VL substantially improves over the Qwen3-VL-4B base model [24] on OmniDocBench
[21], especially on the text and table metrics most relevant to financial documents. More importantly,
on the financial-domain benchmark introduced in this work, FinixDoc-VL achieves state-of-the-art per-
formance among major open-source models, with especially large gains in the Low-Quality and Under-
explored Large-Scale Zones. These results suggest that progress in real-world financial document pars-
ing should not be judged solely by scores on benchmarks drawn from the Benchmark-Converged Zone.
Rather, it should be assessed by whether a system can robustly handle low-quality, high-complexity, and
large-scale documents in practical settings.

The main contributions of this paper are summarized as follows:

e We introduce a Document Parsing Capability Matrix that characterizes real-world document pars-
ing challenges along the dimensions of document quality and scale, providing a practical frame-
work for analyzing industrial capability boundaries.

e We propose targeted training strategies for financial document parsing, including a ViT adap-
tation strategy for the financial visual domain and a business-aligned reinforcement learning
optimization method, which substantially improve model performance in low-quality scenarios.

e We build an Al-driven Data Factory pipeline that supports continuous data expansion and itera-
tive refinement for financial document parsing.

e We introduce FinixDocBench, a benchmark closely aligned with real-world financial deploy-
ment scenarios, enabling systematic evaluation across digital-native, camera-captured, ultra-
large-page, and internal workflow settings. A compliance-reviewed subset of FinixDocBench
is released alongside this technical report to support broader research.

2 FinixDoc

2.1 Overall Architecture

FinixDoc is an end-to-end agentic parsing system for financial document parsing [38, 28]. Given an
input document, the agent leverages a core vision-language model, FinixDoc-VL, alongside a suite of
deterministic image preprocessing tools to transform raw inputs into robust, page-level visual represen-
tations. Rather than executing a static pipeline, the agent dynamically inspects each incoming document
and conditionally invokes specific tools based on observed properties, such as input modality, page scale,
and image quality indicators.

Supported Inputs and Page-Aligned Outputs

FinixDoc accommodates heterogeneous data types, including office files (Word /PPT/Excel), PDFs, and
raster images (PNG/JPG). Across all modalities, the final structured outputs (whether JSON or Mark-
down) are strictly page-aligned, ensuring that the number of output structures perfectly matches the
source pages. The agent generates the specific output format (JSON vs. Markdown) according to the
format requested in the user’s prompt. An illustrative example of the two parsing output formats (JSON
and Markdown) generated from example.pdf is shown in Fig. 4.

For ultra-large pages, the agent employs a split-then-merge strategy: it partitions the oversized page into
manageable regions for inference and subsequently stitches the region-level predictions back into a uni-
fied result that preserves the original full-page boundaries.

Document Preprocessing Tool Layer

The tool layer provides practical utilities designed to enhance stability and robustness in complex real-
world deployments. Typical tools include:
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Figure 3: Overall architecture of FinixDoc. The output format (JSON or Markdown) is specified by
the user prompt.

e Format Adaptation and Rendering: Converts office documents and PDFs into page-level images
while decoding and normalizing native image inputs.

e Image Normalization: Applies lightweight operations, such as scaling and orientation correc-
tion (e.g., deskewing or rotation), when quality degradation or misalignment is detected.

e Ultra-Large Page Handling: Executes the split-then-merge operation when a page exceeds stan-
dard visual scales, ensuring the core model processes appropriately sized regions without com-
promising layout fidelity.

Tool invocation is strictly conditional: transformations are applied only when necessary for a specific in-
stance, thereby avoiding unnecessary transformations that could degrade the original document layout.
Concretely, image normalization is triggered when lightweight pre-checks detect orientation misalign-
ment or severe scale anomalies, while ultra-large page handling is activated only when the input exceeds
the effective visual token budget of FinixDoc-VL or exhibits structural complexity beyond reliable single-
pass parsing. The detailed routing criteria for ultra-large page handling are described in Appendix A,
which covers token-load estimation and structural-complexity scoring.

FinixDoc-VL

FinixDoc-VL serves as the multimodal core of the parsing system. Starting from the Qwen3-VL-4B back-
bone [24], FinixDoc-VL is fine-tuned for robust recognition, layout comprehension, and structured gen-
eration under low-quality, industrial conditions. Architecturally, it follows the standard VLM inference
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Figure 4: Parsing output examples on example.pdf: Markdown (top) vs. JSON (bottom).

pipeline of vision encoding (mapping the input page image into visual tokens via the vision encoder,
followed by spatial merging/compression), multimodal fusion (encoding task-specific instructions and
fusing them with visual representations into a unified multimodal token sequence), and structured au-
toregressive decoding (generating the final outputs in Markdown or JSON conditioned on the fused
representations) [7, 1]. FinixDoc-VL incorporates two domain-specific adaptations: visual representa-
tion adaptation in the encoder and business-aligned optimization in the decoder. Both are introduced
through the training recipe described in Section 2.2, rather than through architectural modifications. This
design enables FinixDoc to retain the end-to-end parsing capability of FinixDoc-VL while also provid-
ing practical advantages for real-world deployment. In particular, the system can robustly handle low-
quality, camera-captured inputs and can be extended to process ultra-large pages using the split-then-
merge strategy described above.

2.2 Training Recipe

Asindicated by the Low-Quality Zone in the Capability Matrix, general-purpose vision-language models
(VLMs) often exhibit stronger robustness than document-specific models when faced with real-world
imaging artifacts such as blur, distortion, and shadows. In contrast, document-specific models are of-
ten trained on narrower data distributions and are therefore more vulnerable when the input deviates
from their training assumptions. However, when adapting general-purpose VLMs to financial document
parsing, we observe two major limitations:

1. Insufficient adaptation of visual representations to the financial domain.

The visual encoders used in general-purpose VLMs (e.g., Vision Transformers, ViTs [7]) are
typically initialized or adapted from large-scale visual or vision-language pretraining [26, 1].
Real-world financial documents, however, differ substantially from these pre-training sources:
they often exhibit denser table structures, stronger layout regularities, and more severe quality
degradation introduced during image capture. This mismatch in both domain and difficulty
makes it challenging for the model to capture the visual patterns and layout constraints that are
specific to financial documents.

2. Mismatch between existing optimization objectives and financial task requirements.

Many document VLMs are still trained primarily with supervised fine-tuning (SFT). Although
SFT helps the model imitate the output format and style of the training annotations, it often
generalizes poorly to the highly variable and structurally complex cases encountered in finan-
cial workflows. Recent work has introduced reinforcement learning (RL) to alleviate some of
the limitations of SFT, but the corresponding reward functions are usually designed for general-
purpose tasks [22, 30, 31, 6]. Although they address objectives such as instruction following
and preference alignment, they do not adequately capture domain-critical information tied to
financial semantics, layout structure, and high-risk fields.



To address these issues, we train FinixDoc-VL using a two-stage optimization scheme tailored to financial
document parsing. Starting from Qwen3-VL-4B as the base model, we retain the general robustness of a
strong lightweight VLM while adapting it to the financial domain. In the first stage, we enhance visual
and multimodal representations through contrastive learning to improve discrimination of fine-grained
financial glyphs and structures. In the second stage, we apply reinforcement learning with domain-
specific rewards so that optimization is more closely aligned with the practical requirements of financial
document parsing.

2.2.1 Financial Visual Representation Adaptation via Contrastive Learning

To mitigate the domain shift of general visual encoders in financial document scenarios, we propose a
contrastive learning approach [26, 10] built on top of the visual branch of Qwen3-VL [24]. The key
idea is to construct high-quality hard negatives using visually similar characters (homoglyphs) centered
around high-frequency characters in financial documents, and to use them to regularize both the visual
representation space and the multimodal generative representation space. This improves the model’s
ability to discriminate fine-grained glyph differences that are particularly important in financial applica-
tions.

Unlike general image—text contrastive learning methods, our approach does not rely on large-scale weakly
supervised image—text pairs. Instead, we construct triplets of (document image, correct text, hard negative
text) tailored to financial document parsing. Importantly, the hard negative texts are not produced by
random perturbation. They are generated through homoglyph substitutions derived from real financial
document errors, thereby better approximating the error patterns observed in deployment. This stage
consists of three components:

1. constructing a financial homoglyph vocabulary and generating hard negative samples accord-
ingly;

2. defining dual-path contrastive objectives over both visual and multimodal generative represen-
tations;

3. jointly optimizing the contrastive objectives together with the supervised fine-tuning objective.

The overall training framework is illustrated in Figure 5.
Financial Homoglyph Vocabulary and Negative Sample Construction

We first analyze approximately 100,000 real financial documents and compile a candidate set of more
than 4,500 high-frequency characters, including Chinese characters, English letters, digits, and common
bilingual symbols. In addition, we build a stroke-order lexicon and a stroke-count lexicon covering more
than 20,000 common Chinese characters to facilitate the retrieval of visually similar candidates.

To identify homoglyphs for the 4,500+ high-frequency characters, we design a glyph-similarity scoring
module for estimating pairwise similarity between characters. Motivated by the main sources of visual
confusion in real financial documents, we characterize character similarity from two major perspectives:
rendered-glyph visual similarity and stroke-sequence similarity. The stroke-count signal is further used
as a lightweight auxiliary cue during candidate retrieval, but is not used as an independent decisive score
in the final filtering stage, since identical stroke counts alone do not necessarily imply visual similarity.

For rendered-glyph visual similarity, we render each character as a grayscale image of fixed size. Given
two characters ¢; and ¢, with rendered images I; and [;, respectively, we compute the structural similarity
index [36]:
Sssmv(ci, ¢j) = SSIM(I;, I;). (1)
In addition, we compute perceptual hash similarity to capture coarse visual resemblance between ren-
dered glyphs:
Ham (pHash([;), pHash(I;)

SpHash(Ci/ C]) =1- ( Kl ! )/ (2)
where Ham(+, ) denotes the Hamming distance and K is the hash length. The rendered-glyph visual
similarity is then defined as

Svis(ci, ¢j) = max (SSSIM(Cir ¢j), SpHash (Ci, Cj)) - 3)

Rendered glyph images alone are insufficient to fully capture the internal composition of Chinese char-
acters. We therefore introduce stroke-sequence similarity. Let the stroke-order sequences of characters
ciand ¢; be

si=(sit,--/Sim) 8= (Sj1,--/Sjn) (4)
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Figure 5: Overall training framework of the proposed financial visual representation adaptation method
via contrastive learning. Given a document image and its ground-truth text, hard negative texts are gener-
ated through financial homoglyph substitution. The model is then optimized with dual-path contrastive
objectives over both visual and multimodal generative representations, jointly with the supervised fine-
tuning objective.

We first compute a normalized edit-distance similarity [15]:
EditDist(s;, s;)
max(m,n)

(5)

To improve robustness to local order shifts and length mismatches, we further combine Dynamic Time
Warping (DTW) [27] and Longest Common Subsequence (LCS) signals:

DTW(s;, S])> 3LCS(SZ‘, S])>

max(m,n) max(m,n)

Sedit(ci,¢j) =1~

Sontr(ci ) = (07 (1 (6)

where o(-) denotes a sigmoid-based normalization function. The stroke-sequence similarity is then de-
fined as

Sstroke (Ci/ C]) = max (Sedit<cir Cj)r Sorder(cir C])) . (7)
Finally, the overall character-level homoglyph similarity score is computed as

Schar (i, ¢j) = max (Syis (i, j), Sstroke (Cir ¢j)) - (8)

Equivalently, this aggregation corresponds to taking the maximum over perceptual hash similarity, SSIM
similarity, stroke-sequence edit similarity, and DTW-LCS stroke-order similarity. We use the maximum
operator because strong similarity under any one reliable view can already lead to practical confusion in
financial document recognition, and high recall is preferred when constructing hard-negative candidates.

For candidate retrieval, we additionally use stroke-count similarity as an auxiliary cue for writing com-
plexity. Let the stroke counts of ¢; and ¢; be n; and 1, respectively:

i — nj
Scount(ci/ Cj) =1- (9)

max(n;,1;)’



This score is used to expand the candidate pool together with the stroke-order lexicon, especially for Chi-
nese characters. However, it is not included in the final maximum aggregation, because similar writing
complexity alone may introduce many visually unrelated characters.

Based on this mechanism, we first retrieve more than 200 candidate homoglyphs for each target character
using the stroke-order and stroke-count lexicons. We then compute the final similarity score Suar(cj, c]-)
for each candidate pair and retain only those candidates whose score exceeds a fixed threshold of 0.6.
This threshold is used consistently in all experiments and empirically provides a practical balance be-
tween preserving visually confusable candidates and suppressing low-quality matches. In practice, after
thresholding, each target character typically retains 5-30 high-confidence homoglyphs. This range is not
manually imposed; rather, it emerges naturally from the score distribution after filtering.

The same overall retrieval-and-filtering framework is applied across Chinese characters, English letters,
digits, and common symbols. However, the available similarity cues differ by character type. For Chinese
characters, we use both rendered-glyph visual similarity and stroke-sequence similarity, with stroke-
count similarity serving as an auxiliary retrieval cue. For English letters, digits, and symbols, rendered-
glyph visual similarity serves as the primary criterion, since stroke-order and stroke-count information
is either unavailable or less informative for these categories.

Representative examples of the resulting financial homoglyph vocabulary are provided in Appendix B.
The vocabulary covers common visual confusions among Chinese characters, English letters, digits, and
symbols, and serves as the basis for constructing hard negative samples.

Given a documentimage x and its correct annotation y*, we generate hard negatives by replacing selected
characters in y™ with samples drawn from the corresponding homoglyph sets, for example replacing “i”
with “|”. This produces a hard negative text y~. Unlike random perturbations, these negatives differ
from the correct text at only a small number of visually confusable positions, and therefore better reflect

the fine-grained recognition errors observed in financial documents.

This strategy offers two advantages. First, the resulting negative samples are domain-relevant and cover
high-risk cases such as amount confusion, name ambiguity, and partial ID-number errors. Second, be-
cause the positive and negative texts remain lexically close, the constructed negatives are genuinely hard
and thus impose stronger discriminative pressure during training. Using this procedure, we generate 10-
30 negative samples for each positive example, yielding approximately 2 million triplets for contrastive
learning.

Dual-Path Contrastive Objectives

Our task is ultimately a generation problem: recovering structured text from a document image. Under
the VLM framework, this naturally involves at least two representation spaces that benefit from explicit
supervision: the visual representation space produced by the image encoder, and the multimodal gener-
ative representation space formed after image—text fusion. The former affects perception of local glyphs,
layouts, and structural cues, whereas the latter has a more direct influence on the quality of the generated
output. Motivated by this observation, we define dual-path contrastive objectives.

For an input image x;, we obtain patch-level visual representations from the vision encoder and apply
average pooling to obtain a global image representation:

u; = Pool( fimg(x;)) € RY. (10)

For the corresponding correct text y;" and hard negative text y; , we feed them into the language model,
take the hidden states from the last layer, and apply average pooling:

o) = Pool(fiex(y)), o = Pool(fiext(y;))- ()

It is worth noting that v;” and v; are used as label-side textual prototypes, rather than as direct simula-
tions of the autoregressive decoding trajectory. The purpose of these prototypes is to provide contrastive
supervision: image-conditioned representations are encouraged to align with the correct textual proto-
type and move away from homoglyph-corrupted prototypes. This design allows the contrastive objective
to regularize the representation space without modifying the standard supervised fine-tuning path.

Beyond the visual branch, we further extract a multimodal generative representation by feeding the im-
age and the target text into the VLM and pooling the last-layer hidden states:

8i = Pool(fyim (x;,y;"))- (12)
Intuitively, g; summarizes the internal multimodal representation associated with generating the target
output from the input image.



Before similarity computation, all representations are ¢,-normalized. We then adopt a margin-based
contrastive loss with batch-averaged negatives [29, 10]. For an anchor representation z;, a positive rep-

resentation p;, and a set of negative representations {n; }]I\i 1» we define a learnable scaling factor

s = exp(logit_scale), (13)
and compute
N N N 1 ¢ 13 1 T
Etriplet({zi}i:p {pitite, {nj}jzl) =N Zmax 0,s- N Zzi nj—s-z; pi+mj, (14)
i=1 j=1

where N is the batch size and m is a margin hyperparameter, fixed to 0.2 in our experiments.

Based on the dual-path design above, we define one loss on the visual branch and one on the multimodal
generative branch:

Ltriplet,img = *Ctriplet({ui zzil/ {vlJr f\il' {U;}il\il)' (15)

‘ctriplet,gen = ‘Ctriplet<{gi}zli1' {vj}zzil' {'U; {\il) (16)

Here, Lyipletimg directly regularizes the visual branch, encouraging the encoder to learn fine-grained
representations better suited to financial documents. Meanwhile, Lyiplet gen Tegularizes the multimodal

generative space, improving the model’s ability to suppress homoglyph errors during decoding. To-
gether, these two objectives strengthen both visual discrimination and generation-time error resistance.

Joint Optimization with Supervised Fine-Tuning
Contrastive objectives alone are insufficient to preserve the model’s sequence generation ability. We

therefore jointly optimize the dual-path contrastive losses together with the standard supervised fine-
tuning objective. For an input image x and target sequence

y= (-, Y1), (17)
the SFT loss is .
Lspr = — ) log P(yt | y<t,x). (18)
t=1
The final objective is
Liotal = Alﬁtriplet,img + /\2£triplet,gen + A3Lspr, (19)

where A1, Ay, A3 control the relative weights of the three terms.

Discussion. Unlike standard image—text contrastive learning, our method does not rely on massive
weakly supervised image—text pairs. Instead, it models high-risk errors in financial document parsing
through task-specific triplets of (image, correct text, hard negative text). Compared with random perturba-
tion or generic negative sampling, hard negatives constructed via homoglyph substitution better reflect
realistic recognition errors in financial deployments and therefore provide more informative training sig-
nals. Starting from Qwen3-VL pre-trained weights, this stage gradually adapts both the visual branch
and the multimodal representation space while retaining the base model’s general capabilities, thereby
establishing a stronger representation foundation for subsequent reinforcement learning with domain-
specific rewards.

2.2.2 Reinforcement Learning Fine-Tuning with Domain-Specific Rewards

After enhancing the model’s visual and multimodal representations, we further optimize FinixDoc-VL
end-to-end with reinforcement learning, shifting the objective from pure imitation of annotated outputs
toward direct optimization of task-relevant utility. In financial document parsing, token-level cross-
entropy alone has clear limitations. High-risk errors are not uniformly distributed across tokens; instead,
they concentrate in critical elements such as amounts, dates, ID numbers, field names, table structures,
and cross-region reading order. These factors are not adequately captured by generic text-similarity
metrics, and a single supervised objective is insufficient to express the trade-offs among them.

We therefore adopt a GRPO-based reinforcement learning approach [31, 6] and design domain-specific
reward functions tailored to financial document parsing. Furthermore, because text quality, detection
quality, and reading order exhibit different reward characteristics and optimization dynamics, we employ
a multi-stage RL strategy to improve training stability and overall alignment.
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Figure 6: Overview of reinforcement learning fine-tuning with domain-specific rewards. The RL stage
jointly optimizes JSON and Markdown generation through multi-stage sub-capability calibration fol-
lowed by unified GRPO alignment. Task-dependent reward masks combine text fidelity, detection qual-
ity, and reading-order consistency according to the output format.

As summarized in Figure 6, the RL stage starts from dual task formulations over JSON and Markdown
generation, proceeds through multi-stage sub-capability calibration, and finally performs unified GRPO
alignment using task-dependent domain rewards.

Training Data and Task Formulation

Our RL training set contains 200k samples, including 100k out-of-domain samples and 100k in-domain
financial samples. The out-of-domain portion is drawn primarily from public document parsing datasets
and is used to preserve general layout understanding and open-domain structural generalization [23,
42, 16, 35]. The in-domain portion covers common and high-value document types in real financial
workflows and is used to strengthen performance on complex layouts, low-quality images, and high-risk
fields. The detailed composition is shown in Table 1.

During RL, we optimize two generation tasks jointly. The first is structured JSON generation. Given an
input page, the model outputs a sequence of structural objects, each containing fields such as category,
bounding box, and text content. This task evaluates layout detection, category prediction, localization,
and consistency of structured outputs. The second is Markdown generation. Given an input page, the
model generates the full page content in natural reading order, recovering paragraph structure, heading
hierarchy, and table content as faithfully as possible, with tables represented in an HTML-compatible
format. Compared with the JSON task, Markdown generation places greater emphasis on global textual
coherence, reading-order reconstruction, and faithful recovery of complex tables.

These two tasks correspond to complementary usage patterns in practical systems. JSON output is well
suited as an intermediate parsing layer for downstream rule engines, field extraction modules, and struc-
tured business systems. Markdown output is more suitable as a unified document representation for
downstream LLM-based tasks such as question answering, summarization, and clause understanding.
By optimizing both tasks, we encourage the model to acquire both fine-grained structural parsing ability
and stronger document-level understanding.

11



Table 1: Composition of the training data used in the reinforcement learning stage.

Source Dataset / Document Type Size
Out-of-domain  DocLayNet 45k
Out-of-domain  Infinity-Doc-55K 55k
In-domain Identity Documents 20k
In-domain Medical Examination Reports 10k
In-domain Financial Research Reports 10k
In-domain Insurance Policies 10k
In-domain Claim Medical Records 10k
In-domain Expense Statements 20k
In-domain Expense Receipts 20k
Total 200k

Multi-Stage Optimization Strategy

We do not optimize all RL objectives jointly from the beginning. Instead, we adopt a multi-stage pipeline,
which can be summarized as sub-capability calibration followed by unified alignment. Specifically, we first
optimize the three sub-objectives—text quality, object detection, and reading order—in separate stages,
allowing the model to stabilize under more focused reward signals. We then perform joint RL on approx-
imately 10k high-quality samples using a unified composite reward to achieve final alignment across
capabilities.

This strategy is motivated by two considerations. First, heterogeneous rewards can interfere strongly
during early RL training; for example, the model may sacrifice localization quality to increase text simi-
larity, or degrade reading order to improve detection consistency. Multi-stage training helps reduce such
instabilities. Second, the final joint stage explicitly teaches the model to balance multiple objectives, so
that it can maintain text fidelity, structural integrity, localization quality, and reading-order consistency
simultaneously at inference time. We have found this strategy to be particularly important for complex
financial documents such as long tables, mixed-layout pages, and insurance clauses.

GRPO Optimization Objective

We adopt Group Relative Policy Optimization (GRPO) as the policy optimization algorithm [31, 6].
For an input sample x, the current policy 71y generates a group of candidate outputs {y;}¢ ;, and each
candidate is assigned a reward R(x,y;). We normalize the rewards within the group to obtain relative
advantages:

R ) —
— (xr ]/z ) l’l R , ( 20)

OR + €R

where ur and og are the mean and standard deviation of the group rewards, respectively, and ¢ is a
small constant for numerical stability. The GRPO objective is

i

Lcrro = —Ey 1y + AkLDxr(7g || 7ref),  (21)

1& .
c ) min (ViAi, clip(ri, 1 — eqip, 1 + €cnp)Az‘>
i=1

where
;= 7T9(%‘|x) ) (22)
7o, (Yilx)

Here, 7. is a reference policy, €, is the clipping coefficient, and Axp controls the KL regularization
strength. The KL term prevents the updated policy from drifting excessively during RL training. Com-
pared with standard PPO formulations that often rely on explicit value estimation, GRPO constructs
policy gradients directly from relative rewards within a sampled group. This is particularly suitable for
structured document parsing, where the output space is complex and the reward naturally combines
multiple heterogeneous metrics.
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Domain-Specific Reward Design

To improve the practical utility of structured document parsing, we design a composite reward that
jointly evaluates text fidelity, detection quality, and reading-order consistency. Because not every reward
component applies to every output format, we introduce task-dependent binary masks dtext, ddet, dorder €
{0,1} and define
aétextMtext + ﬁ‘sdethet + (1 — X — IB)‘SorderMorder
aStext + Bddet + (1 — & — B)dorder ’
where Miext, Mdet, and My qer denote the rewards for text fidelity, detection quality, and reading-order
consistency, respectively. The hyperparameters a, € [0,1] satisfy &« + B < 1. For inactive reward terms,
the corresponding mask is set to 0, so unavailable components are excluded and the remaining weights
are renormalized automatically. In practice, at least one reward term is active for every task, so the de-
nominator is always non-zero. Table 2 summarizes the actual hyperparameter values and mask settings
used in our training.

R =

(23)

Table 2: Reward hyperparameters and mask settings for the JSON and Markdown tasks.

Task 14 B 1—a—pB Otext Jdet Jorder
JSON 05 04 0.1 1 1 1
Markdown 05 04 0.1 1 0 1

The text-fidelity reward measures similarity between the prediction and the ground truth over both plain-
text and table objects. For regular text objects, we use normalized edit distance [15]:

Mtext,plain =1- EditDiSt(y/ ]/* )' (24)

where y and y* are the predicted and reference text, respectively, and EditDist(-,-) € [0, 1] denotes nor-
malized edit distance. For table objects, character-level similarity alone is insufficient because a table
may contain mostly correct cell content while still breaking row—column relations or hierarchical struc-
ture. We therefore use Tree-Edit-Distance-based Similarity (TEDS) [40, 43]:

Mtext,table = TEDS ( T, T* )/ (25)

where T and T* are the predicted and reference table structures, respectively. The overall text reward is
then computed by weighted aggregation over all page objects:

Lk WMy
Lk Wi
where M is instantiated as either Miext plain OF Miext table depending on the object type, and wy denotes

the importance weight of the k-th object.

Mtext = ’ (26)

The detection reward is used primarily for JSON outputs, where the model must predict both struc-
tural categories and bounding boxes. Let prediction-ground-truth object pairs be matched by a prede-
fined assignment rule.! Let P denote the set of matched pairs, with Nypaicn = |P|. For each matched
pair (0,0%) € P, let ¢c; and c,+ be the predicted and ground-truth categories, and let IoU (9, 0*) be the
intersection-over-union of the corresponding boxes. We define

1 -
Mger = N Z I{c; = co} - ToU(0,0"), (27)
match (6,0%)€P

where I{-} is the indicator function. This reward encourages the model to produce correct structural
labels together with accurate localization.

The reading-order reward evaluates whether the model preserves the logical reading sequence of the
document, which is particularly important for multi-column pages, mixed text-table layouts, and long
documents. Let o denote the predicted object or block sequence and o* the corresponding reference
order. For Markdown outputs, this sequence is derived from the linearized block order in the rendered
structure. We define

Morder = 1 — EditDist(o0,0%), (28)
where EditDist(-, -) is normalized to [0,1]. This reward explicitly constrains document-level ordering
consistency and penalizes outputs whose local content is correct but whose global reading order is in-
consistent.

IIn implementation, matching can be performed by maximum-IoU assignment or Hungarian matching, depend-
ing on the annotation format.
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Figure 7: Overview of the Data Factory pipeline.

Discussion. Our reward design is task-dependent. For JSON outputs, text fidelity, structural cate-
gory, and localization are combined at the object level before page-level aggregation. For Markdown
outputs, the reward emphasizes text fidelity, reading-order consistency, and structural preservation of
tables through TEDS. Unlike RL approaches based on generic text-level metrics such as BLEU, ROUGE,
or global edit distance, our method incorporates objectives that directly reflect the requirements of prac-
tical financial document parsing. In particular, the model is encouraged to produce accurate text, correct
structural categories, precise bounding boxes, coherent reading order, and structurally faithful tables.
This makes the RL stage a useful complement to SFT for improving structural consistency and practical
usability.

3 Data Factory: A Human-in-the-Loop Production Pipeline for Financial
Documents

3.1 Motivation

High-quality structured data is fundamental to training and improving document parsing models. In
the financial and insurance domain, however, data construction faces three major practical challenges.

First, high domain specificity: annotation requires accurate handling of financial terminology, clause
hierarchies, and highly specialized document layouts.

Second, large quality variation: a single production pipeline must remain compatible with digitally
native PDFs, scanned copies, and mobile-captured images of varying quality.

Third, massive data scale: historical business operations have accumulated corpora at the scale of mil-
lions of financial documents and tens of millions of document pages, while large-scale manual annotation
remains prohibitively expensive.

To our knowledge, few existing industrial pipelines jointly address these three challenges in a unified

design. Many focus on a single aspect of the problem, such as hard-example mining, multi-model agree-
ment, or progressive annotation, without integrating model diversity, multi-stage refinement, and down-
stream quality feedback into a closed loop. To address this gap, we build an Al-driven, human-in-the-
loop Data Factory pipeline for producing structured training and evaluation data from large-scale raw fi-
nancial documents. The system adopts a three-stage cascaded architecture that combines heterogeneous

multi-model inference, model-based refinement, and rule-based validation, followed by confidence-aware
routing for automatic acceptance, spot-checking, or mandatory expert review. In practice, this design

shifts human effort from full manual annotation to targeted auditing and correction of high-risk samples,

making large-scale data production more feasible.

14



3.2 Pipeline Architecture and Core Mechanisms

The Data Factory consists of lightweight preprocessing, a three-stage core pipeline, and post-processing.
The main architecture and operating mechanisms are summarized below.

Stage 1: Heterogeneous Multi-Model Collaborative Inference and Multi-Dimensional Scoring

Each page first enters a parallel multi-model inference framework to extract both layout structures and
semantic content. Within this framework, we utilize three distinct models: PP-DocLayoutV3, which is
dedicated exclusively to stable layout detection without extracting textual content; FinixDoc-VL, which
provides financial-domain parsing and schema-aligned structural priors; and Qwen3-VL-235B-A22B-
Instruct, a large-scale general-purpose VLM that complements domain-specific priors with broader se-
mantic coverage [33, 24]. Since FinixDoc-VL is the model most closely aligned with our target domain
and annotation schema, its output is used as the anchor in the subsequent fusion stage. Specifically, ob-
jects proposed by the other models are matched to the FinixDoc-VL anchor output based on category
compatibility, spatial overlap, and text similarity. Model-specific confidence and agreement signals are
then aggregated to produce a unified candidate annotation for the current page.

Based on the comprehensive parsing results obtained from this multi-model fusion, the system evaluates
each page by computing two page-level statistics: layout complexity £ and financial semantic richness
S. Let the fused page-level annotation be denoted as

1 .

B={bi =y Py )} (29)
L 1 () (2))

where b; denotes the i-th fused layout region, (xi i ,x;7,y;”) is its normalized bounding box, c; is
its layout category, and ¢; is the extracted textual content. We further define the geometric region of b; as

ro= [ 2P < [y ), (30)
and its normalized area as X . 5 .
ai = Iri| = (¥ =) (0 — ). (31)

1 1

The layout complexity score £ measures structural difficulty by considering layout region count, layout
density, overlap complexity, and layout-type diversity. Let sreg, Sqen, Sovi, and sq;, denote the correspond-
ing normalized component scores. We compute £ as

L = 0.308reg + 0.2553en + 0.20 5041 + 0.25 545 - (32)
The normalized region count score is defined as

. n
Sreg = MiiN (Nmax’ 1) , (33)

where Npax is the reference maximum number of layout regions per page.

The layout density score is defined as the union area covered by all fused layout regions:

n
Sden = U il - (34)
i=1
Since all page coordinates are normalized to [0, 1], this value naturally lies within [0, 1].
The overlap complexity score measures the degree of spatial conflict among layout regions:
0, n<2,
Sovl = RO 35
ovl min (TZEQHQQL, 1) , n>2, (35)
0 4vi=1"1

where 1, is a normalization constant and € is a small constant used to avoid division by zero.

The layout-type diversity score is defined as the fraction of predefined layout categories that appear on
the page:
ci|bjeB
s, - Helbe Bl o

where C denotes the predefined set of layout categories.
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Meanwhile, the financial semantic richness score S measures semantic informativeness based on the
extracted text, including OCR text volume, financial term density, and content diversity. Let

T ={b; € B| |t >0} (37)

be the set of regions with non-empty textual content, let 7 denote a predefined financial-domain term
dictionary, and let Ciext € C denote the subset of layout categories that can contain textual information.

Let Stext, Sfin, and scont denote the normalized OCR text volume, financial-term density, and content di-
versity scores, respectively. The semantic richness score is computed as

S = 0.35Stext + 0.40 5, + 0.25 Scont. (38)

The OCR text volume score is normalized by a reference maximum text length Tinax:

Zbi€7’|ti|,1> .

Tmax

Stext = Min < (39)

The financial-term density score is defined as the normalized proportion of financial-domain terms in
the extracted text:
1 Zwetokens(T) H{w € ]:}

Sfin = min (Pf " Ttokens(T)[ T ¢ ,1) , (40)

where ps is the reference financial-term density. In our implementation, we set oy = 0.10, meaning
that a page whose financial-domain terms account for 10% of all extracted tokens reaches the maximum
normalized financial-term density.

The content diversity score is defined as the fraction of text-bearing layout categories present on the page:

clbieT
s — i lbi € TH (41)
|Ctext|
Finally, these two heuristic composite scores are used for post-hoc data selection and stratified sampling.
The overall page value score, denoted by Vpage, is defined as

Vpage = 0.5 L +0.58. (42)

Pages are assigned to four sampling quadrants using thresholds 0, and 6s. A page is regarded as high-
complexity if £ > 0, and high-semantics if S > 5. These two binary decisions form the four-quadrant
sampling space used in the subsequent data selection stage.

Stage 2: Cascaded Large-Model Calibration and Refinement

After the multi-model fusion stage produces the initial candidate annotations, these outputs are not di-
rectly treated as final labels. Instead, the fused annotations are passed, together with the original page
image and the corresponding extracted textual evidence, into a cascaded refinement pipeline driven by
a more powerful multimodal foundation model, Kimi-K2.5 [12]. In this stage, Kimi-K2.5 serves as a
visual-semantic verifier and refiner that re-examines the pre-annotated results against the original docu-
ment image, the recognized text, and the page-level structural context. This design allows the system to
correct residual errors introduced during heterogeneous model collaboration, such as cross-model dis-
agreement, noisy object proposals, inaccurate bounding boxes, OCR inconsistencies, duplicated regions,
and hallucinated layout elements.

The refinement process is organized as a three-step cascade, where each step focuses on a specific class
of annotation errors while preserving the outputs of previous stages for traceability:

e Step 1 (OCR): performs low-level textual verification and correction. The model compares the
pre-annotated textual content with the visual evidence in the original page, revising OCR errors,
recovering missing or truncated text, and correcting basic category misclassifications when the
textual pattern clearly conflicts with the assigned label.

e Step 2 (Struct): focuses on structural calibration of the annotation layout. Kimi-K2.5 verifies
whether each bounding box accurately covers the intended visual region, adjusts misaligned or
fragmented boxes, removes duplicated proposals, and optimizes the reading order according to
the spatial organization of the page. For complex table pages, this step activates a table integrity
protection mechanism to avoid breaking coherent table structures during box adjustment and
order refinement.
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e Step 3 (Consist): conducts final global consistency checking across the refined annotations. The
model inspects whether the page-level annotation set is coherent with the original image and
with the outputs accumulated from earlier stages, mitigating common VLM failure modes such
as hallucinated layout elements, unsupported semantic assignments, missing key regions, and
unresolved cross-model inconsistencies.

By introducing this larger-model calibration stage after the initial heterogeneous fusion, the pipeline sep-
arates broad candidate generation from high-precision annotation correction. The first stage maximizes
recall by aggregating complementary model outputs, while the second stage uses Kimi-K2.5 to improve
precision and structural reliability through image-grounded refinement. All intermediate annotations
and revision records are preserved, enabling end-to-end traceability and providing explicit evidence for
the subsequent validation and quality routing stage.

Stage 3: Structured Validation and Quality Feedback Loop

After model refinement, the annotations enter a programmatic validation stage driven by deterministic
rules. The system performs structured checks and lightweight rule-based repairs along multiple dimen-
sions, including coordinate validity, tag-content compatibility, reading-order consistency, box-overlap
anomalies, and table HTML completeness. Based on the validation results, the system aggregates mul-
tiple confidence signals, such as inter-model agreement, refinement stability across stages, OCR consis-
tency, and rule-violation counts, and routes each page into one of three queues: auto-accept, spot-check,
and must-review. Pages routed to spot-check are manually audited by sampling, while pages routed to
must-review undergo mandatory human review and correction before final acceptance.

The resulting human inspection records, including corrected annotations, error categories, and reviewer
comments, are then fed back into the Stage 1 pre-annotation process. In subsequent production rounds,
these feedback signals are used to update annotation guidelines, refine model prompts, adjust fusion
heuristics, and calibrate confidence thresholds, thereby improving the precision of initial candidate anno-
tations. This feedback mechanism allows human review experience to continuously improve upstream
pre-annotation quality, while the confidence-aware routing mechanism concentrates costly human in-
spection on high-risk samples where model uncertainty remains high.

3.3 Annotation Standards and Domain-Specific Ambiguity Resolution

Reliable large-scale data production requires a stable annotation standard. Our annotation guidelines
were jointly developed by domain experts and the annotation team and were designed to remain compat-
ible with the open-source MinerU 2.5 framework [20]. The entire pipeline uses 10 standard page-element
tags: page-header, page-footer, title, section-header, text, table, picture, caption, footnote, and
other.

To better match the characteristics of financial documents, we do not treat list-item and formula as
standalone classes. In particular, standalone mathematical expressions occur only sporadically across
financial documents, accounting for a negligible fraction of all layout elements; treating them as a dedi-
cated category therefore introduces schema overhead without commensurate benefit. Accordingly, list
items are categorized semantically as either text or section-header, while mathematical expressions are
serialized as inline I&TEX spans within the text category rather than being annotated as a separate layout
class. This design reduces schema fragmentation and better matches the dominant usage patterns in
financial documents. In addition, the Data Factory includes dedicated rules for several high-frequency
ambiguity cases commonly observed in financial documents:

e Boundary between hierarchical headings (section-header) and body text (text): if a text
span begins with hierarchical numbering (e.g., “1.”, “1.1”, “(1)”) and functions as a discourse-
level section introducer in context, it is classified as section-header. By contrast, the detailed
provisions listed under such numbering are classified as text.

e Distinguishing figure/table descriptions (caption) from footnotes (footnote): a caption must
be adjacent to the figure or table that it describes, whereas text placed at the bottom of the page
and serving as a page-level disclaimer or supplementary note is classified as footnote.

e Table integrity protection (table): for complex tables with many merged cells, such as insur-
ance premium rate tables and cash value tables, the system prevents a single logical table from be-
ing split into multiple independent text regions. Instead, a dedicated table-preservation mech-
anism is applied, and the table is serialized uniformly as HTML <table> content that preserves
merged-cell structure.

For geometric representation, the entire pipeline uses normalized coordinates [x1,y1,x2,y2] € [0,1]%,
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with denormalization performed only at final export. For all elements except picture, the content field
retains the associated text, structural markers, or serialized content (e.g., Markdown heading markers
such as #, ##, or HTML table content).

3.4 Data Sampling Strategy and Final Output

The Data Factory is initialized with a pool of approximately 10 million raw financial document pages.
After the three-stage pipeline and confidence-aware routing, pages are retained in the validated page
pool only if they are either automatically accepted with sufficient confidence or accepted after the appli-
cable spot-check or mandatory human-review procedure. Instead of applying random sampling to this
validated pool, we perform four-quadrant stratified sampling based on the layout complexity £ and
financial semantic richness S computed in Stage 1:

e Q1 (High Complexity + High Semantics): fully retained as the core backbone set for down-
stream training, especially reinforcement learning.

e Q2 (Low Complexity + High Semantics): up-sampled to increase coverage of long-tail financial
semantics.

e Q3 (High Complexity + Low Semantics): not directly used in standard training; instead, re-
served as a candidate pool for robustness-oriented training, such as error-correction training
and hard-case augmentation.

e Q4 (Low Complexity + Low Semantics): heavily down-sampled or filtered out.

Through this quality-aware data selection strategy, we ultimately retain approximately 100,000 pages of
validated in-domain training data, corresponding to an overall retention rate of roughly 1% at the page
level. This curated distribution helps reduce overfitting to a narrow set of document layout patterns
during training.

The final in-domain dataset covers major high-frequency scenarios in financial workflows, including
Identity Documents, Medical Examination Reports, Financial Research Reports, Insurance Policies, Claim
Medical Records, Expense Statements, and Expense Receipts. In the subsequent reinforcement learning
(RL) stage, these 100,000 pages of refined in-domain data are mixed with an additional approximately
100,000 pages of out-of-domain public data, such as DocLayNet and Infinity-Doc-55K, resulting in a final
training set of roughly 200,000 pages [23, 35]. This data mixture improves both cross-domain general-
ization and in-domain robustness for financial document parsing.

4 Evaluation

4.1 Evaluation Benchmarks

We evaluate our core model, FinixDoc-VL, against representative document parsing baselines on two
benchmarks: OmniDocBench v1.5 and our proposed FinixDocBench. For the ultra-large-page subset
of FinixDocBench, we further evaluate the complete FinixDoc system, including the Document Prepro-
cessing Tool Layer and its split-then-merge (tiling-and-merging) module. Together, these evaluations
cover a broad spectrum of settings, ranging from general document parsing to highly specialized and
deployment-critical financial scenarios.

4.1.1 OmniDocBench v1.5

OmniDocBench v1.5 is a public benchmark for general document parsing [21]. It contains 1,355 pages
spanning diverse document types, including academic papers, technical reports, and commercial con-
tracts, with an average of over 1,100 tokens per page. The benchmark covers common layout patterns
such as multi-column text, complex tables, mathematical formulas, and nested document structures. It
primarily evaluates foundational parsing capabilities under relatively clean, digitally native conditions.

The official overall score is defined as:

S _ 100(1 — Etext) + TEDStable + CDMformula 43
ODB = 3 , (43)

where Etext, TEDSgp1e, and CDMy,mula denote the text edit score, the table TEDS score, and the formula
CDM score, respectively.

Although FinixDoc-VL is not explicitly optimized for mathematical formula parsing, we still evaluate
the formula task on OmniDocBench v1.5 to provide a complete and fair comparison. By contrast, some
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compared baselines report formula results while others do not; therefore, we use their official overall
scores where available. To enable a more comparable evaluation on the shared dimensions, we further

introduce an auxiliary metric that excludes the formula component, denoted as Sgggorm“h:

100(1 - Etext) + TEDStable

Swo—formula _
ODB - 2

(44)

In the following analysis on OmniDocBench v1.5, we use Sé"%’éormula as the primary comparison metric.
This choice is also consistent with the industrial focus of our work: mathematical formulas account for
only a negligible fraction of real-world financial documents and rarely constitute the practical bottleneck
in downstream deployment.

4.1.2 FinixDocBench

As discussed in the Introduction, the main challenges in real-world financial document parsing arise
from two sources: low-quality camera-captured inputs and complex large-scale pages, such as ultra-long
documents and dense large tables. Existing public benchmarks provide only limited coverage of these
challenging settings, leaving a non-trivial gap between benchmark performance and real deployment
effectiveness.

To bridge this gap, we construct FinixDocBench, a benchmark specifically designed for financial doc-
ument parsing. It systematically evaluates model capabilities on digitally native financial documents,
camera-captured documents, and ultra-large pages. Compared with existing public benchmarks, Finix-
DocBench has three distinguishing characteristics:

1. Comprehensive quality coverage: it includes both digitally native documents and authentically
noisy camera-captured images;

2. Broad scale variation: it spans standard pages, dense large tables, and ultra-long page-like doc-
uments;

3. High-frequency financial scenarios: it emphasizes common real-world use cases such as insur-
ance policies, reimbursement materials, and financial research reports.

FinixDocBench supports two complementary evaluation paradigms:

e Structured parsing evaluation: based on JSON annotations, focusing on layout structure, table
structure, and reading order consistency;

o Full-text parsing evaluation: based on full-page Markdown representations, focusing on text
fidelity and overall readability.

The annotation format is fully consistent with our training data and follows a unified 10-class tag system.
Each bounding box annotation contains normalized coordinates [x1,y1, X2, y2] € [0,1]%, a category label,
and the corresponding transcribed text content. Importantly, all evaluation samples in FinixDocBench
are constructed separately from the training corpus used by Data Factory and are not used in contrastive
adaptation, supervised fine-tuning, or reinforcement learning.

4.1.3 Data Composition

The full FinixDocBench dataset contains approximately 5,000 pages, covering the primary document
types and quality-degradation patterns encountered in real financial workflows. It is organized into
four evaluation tracks: FinixDigital, FinixPhoto, FinixHuge, and FinixInner. The FinixDigital, Finix-
Photo, and FinixHuge tracks are constructed around public-facing document scenarios, while FinixInner
covers high-frequency internal financial workflow scenarios. To support broader research, we release a
compliance-reviewed subset of FinixDocBench alongside this technical report.

The overall composition is summarized in Table 3.

FinixDocBench is organized into four complementary evaluation tracks:

o FinixDigital: a track for digitally native financial documents, covering financial research reports
and insurance clauses (approximately 500 pages). The samples are high-definition PDFs from
public-facing financial document scenarios. Characterized by dense semantic content, special-
ized terminology, and deep hierarchical structures, this track evaluates the model’s ability to rec-
ognize domain terms, parse financial tables, and reconstruct document hierarchies accurately.
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Table 3: Data composition of FinixDocBench.

Document Type Source Type Evaluation Track Volume (Pages)
Financial Reports & Insurance Clauses Digitally Native  FinixDigital 500
Medical Receipts Mobile Captured  FinixPhoto 300
Large-Scale Financial Pages Mixed Quality FinixHuge 200
Identity Documents Mobile Captured  FinixInner 800
Medical Examination Reports Mobile Captured  FinixInner 800
Claim Medical Records Mobile Captured  FinixInner 800
Expense Statements Mobile Captured  FinixInner 800
Expense Receipts Mobile Captured  FinixInner 800

e FinixPhoto: a track for camera-captured documents, containing approximately 300 pages of re-
ceipt images from the CHIP 2022 public-scenario source, all re-annotated in our unified format.
Unlike the original competition annotations, our benchmark uses newly constructed full-page an-
notations and full-text ground truth under a unified financial document parsing schema. This
subset introduces realistic low-quality factors, including motion blur, perspective distortion, and
printing artifacts, and primarily evaluates model robustness under authentic mobile-capture con-
ditions. Although prior exposure by some external models to the original CHIP 2022 source
cannot be fully ruled out, these evaluation samples are not used in our own training pipeline.

e FinixHuge: a track for ultra-large page documents, containing approximately 200 extremely
high-resolution pages with dense and complex layouts, such as ultra-long insurance clauses and
very large dense tables from public-facing document scenarios. This subset primarily evaluates
parsing stability and structural preservation under multi-region inference. This subset is evaluated
using the complete FinixDoc system, including the Document Preprocessing Tool Layer’s split-then-merge
module, rather than the standalone FinixDoc-VL model.

e FinixInner: a track for high-frequency financial and insurance workflow documents, containing
approximately 4,000 camera-captured pages. It covers identity documents, medical examina-
tion reports, claim medical records, expense statements, and expense receipts. These samples
exhibit overlapping degradations such as shadow occlusion, blur, glare, and perspective distor-
tion. FinixInner is used only for held-out evaluation and is never included in model training.

Across all FinixDocBench tracks, annotations are first produced as pre-annotations by our Al-driven Data
Factory pipeline, and are then verified and corrected through rigorous manual quality assurance before
being finalized for evaluation.

4.1.4 Evaluation Metrics

FinixDocBench deliberately excludes a standalone formula parsing metric. In real financial scenarios,
formulas are sparse and rarely constitute the deployment bottleneck. Instead, the practical determinants
of usability are text fidelity, table structure recovery, reading order consistency, and robustness to low-
quality inputs.

Accordingly, we define the composite overall score of FinixDocBench as:

S o 100(1 - Etext) + TEDStable + 100(1 — Eorder)
FDB = 3 , (45)

where:

o Text Edit Distance (|): Etext, the character-level normalized edit distance computed on the full-
text Markdown output [15];

e Table TEDS / Table TEDS-S (1): TEDS)e and TEDS-S;,p,je, Tree-Edit-Distance-based Similar-
ity scores computed on table structure predictions, where TEDS-S is invariant to the spatial order
of cells [40, 43];

e Read Order Edit Distance ({): Eg4er, the normalized edit distance computed on the serialized

sequence of structural blocks, measuring consistency between predicted and reference reading
orders [15].

In the overall score, we use TEDS,. as the table metric, while TEDS-S,p,e is reported as an auxiliary
metric for order-invariant table evaluation.
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4.2 Main Results

We first validate the effectiveness of our visual adaptation strategy through an isolated ablation study.
We then present comprehensive evaluations on both general and domain-specific benchmarks to demon-
strate the generality, robustness, and deployment relevance of FinixDoc-VL.

4.2.1 Ablation on ViT Contrastive Learning: Driving License Recognition

To validate the effectiveness of the visual adaptation strategy introduced in Section 2.2.1, we conduct
a targeted ablation study on an internal driving license recognition task. This task requires extracting
key fields from suboptimal camera-captured photographs and therefore serves as a representative Low-
Quality Zone setting that directly stresses the robustness of the visual encoder. The purpose of this ex-
periment is to isolate the contribution of visual adaptation under realistic low-quality capture conditions,
rather than to benchmark full financial document parsing performance.

All evaluated models are fine-tuned on approximately 20k task-specific samples and tested on a private
set of roughly 4k samples. The train and test sets are fully disjoint. The evaluation metric is Document-
level Accuracy, under which a sample is counted as correct only if every required field is extracted without
error. Since this experiment is designed to isolate the effect of the visual adaptation stage, its results
are reported separately and are not intended for direct comparison with the benchmark results in the
subsequent sections.

Table 4: Ablation results on the internal driving license recognition task. Performance is measured by
Document-level Accuracy.

Model Document-level Accuracy (1)
Donut 0.922
MinerU 0.924
Qwen3-VL-2B 0.917
Qwen3-VL-4B 0.929
Qwen3-VL-4B (ViT-only adapted) 0.935

As shown in Table 4, adapting only the visual encoder already yields a clear and consistent improvement
in authentic camera-captured scenarios. Although the raw base-model ranking is not strictly monotonic
with parameter scale on this task, the adapted 4B model achieves the best result overall, indicating that
domain-aligned visual representation learning is more important than model size alone under this type
of low-quality input. This result provides direct evidence that stronger domain-adapted visual represen-
tations are a necessary foundation for the downstream improvements in structural parsing and semantic
reconstruction achieved by FinixDoc-VL.

4.2.2 General Document Parsing: OmniDocBench v1.5

We first evaluate the foundational parsing capability of FinixDoc-VL on OmniDocBench v1.5 [21]. Table 5
compares FinixDoc-VL against both specialized document parsing models [5, 20, 37, 18, 8, 9, 39] and
large-scale general-purpose VLMs [24, 25, 12]. For compared baselines, we report official benchmark
numbers where available; S"O"g'éormula is recomputed from the reported text and table metrics under the
same formula for shared-dimension comparison.

FinixDoc-VL demonstrates strong foundational capability on this general benchmark, achieving Sg‘[’)'éormma =
92.65. In particular, it achieves TEDS-Sy,p1e = 92.76, together with E, 4., = 0.055, indicating accurate ta-
ble structure recovery and strong reading-order consistency on clean, digitally native documents.

Specialized document models such as PaddleOCR-VL-1.5 and GLM-OCR remain ahead on this bench-
mark. This outcome is unsurprising: OmniDocBench is concentrated in the Benchmark-Converged Zone
of our capability matrix, where documents are relatively clean and the task emphasis is strongly aligned
with mature layout-analysis and formula-aware pipelines. Nevertheless, FinixDoc-VL substantially out-
performs its initialization base Qwen3-VL-4B across all shared non-formula metrics, confirming that our
training recipe preserves general parsing capability while improving the model’s structural and textual
fidelity.

By contrast, very large general-purpose VLMs remain noticeably weaker on structural document parsing,
especially in reading order and table reconstruction. The purpose of this evaluation is therefore not to
claim absolute SOTA on a general clean benchmark, but to establish that FinixDoc-VL maintains a solid
general parsing foundation before moving into the more challenging financial scenarios.
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Table 5: Performance on OmniDocBench v1.5.

Model Sg]%'Bformula T SopB T Etext ~L CDl\/[formula ) TEDStable T TEDS'Stable T Eorder \L
Qwen3-VL-4B 86.90 86.78  0.055 86.55 79.29 84.26 0.084
FinixDoc-VL 92.65 87.40  0.042 76.89 89.50 92.76 0.055
Specialized Models

DeepSeek-OCR-2 90.35 89.17  0.049 86.85 85.60 90.06 0.060
Dots.OCR 90.99 88.41  0.048 83.22 86.78 90.62 0.053
MinerU 2.5 91.97 90.93  0.045 88.86 88.44 92.42 0.044
FireRed-OCR 92.61 92.07  0.035 90.98 88.72 92.38 0.041
Youtu-Parsing 94.45 93.37  0.042 91.22 93.10 96.47 0.026
GLM-OCR 94.70 94.35  0.045 93.65 93.89 96.50 0.047
PaddleOCR-VL-1.5 94.63 94.50  0.035 94.21 92.76 95.79 0.042
General-purpose VLMs

Qwen3.5-397B-A17B 88.72 88.34  0.055 87.60 82.93 88.70 0.080
Qwen3-VL-235B-A22B-Instruct 89.66 89.15  0.069 88.14 86.21 90.55 0.068
Kimi-K2.5 90.54 89.33  0.065 86.92 87.57 91.82 0.084

4.2.3 Financial Digitally Native Documents: FinixDigital

Table 6: Performance on FinixDigital.

Model SkpB T Etext 4  TEDSgple T TEDS-Siaple T Eorder +
Qwen3-VL-4B 80.18  0.145 76.04 81.23 0.210
FinixDoc-VL 93.19  0.039 92.07 93.67 0.086
Specialized Models

DeepSeek-OCR-2 82.80 0.139 90.00 92.32 0.277
FireRed-OCR 83.10 0.119 87.10 89.14 0.259
PaddleOCR-VL-1.5 85.41  0.116 86.12 88.26 0.183
GLM-OCR 86.28  0.121 89.44 90.99 0.185
Youtu-Parsing 89.26  0.091 87.79 90.85 0.109
Dots.OCR 9036  0.058 89.78 92.26 0.129
MinerU 2.5 9296  0.045 91.18 92.70 0.078
General-purpose VLMs

Qwen3.5-397B-A17B 8490 0.119 87.30 89.51 0.207
Kimi-K2.5 85.05  0.119 85.95 88.24 0.189
Qwen3-VL-235B-A22B-Instruct  87.26  0.076 82.77 85.44 0.134

As defined by the Document Parsing Capability Matrix, digitally native financial documents belong
largely to the Benchmark-Converged Zone. Even in this relatively mature setting, FinixDoc-VL achieves
the best Sgpp score of 93.19. This advantage is driven by highly accurate character-level recognition on
dense financial terminology (Etext = 0.039) together with strong structural fidelity in complex financial
tables (TEDS; p1e = 92.07).

A more important observation is that strong performance on general clean benchmarks does not directly
transfer to the financial domain. For example, GLM-OCR and PaddleOCR-VL-1.5 perform extremely
well on OmniDocBench, but their scores on FinixDigital drop to 86.28 and 85.41, respectively. This gap
indicates that financial documents impose domain-specific requirements beyond generic layout pars-
ing, including specialized terminology, hierarchical clauses, and complex table semantics. FinixDoc-VL
closes this gap effectively by combining general VLM robustness with targeted financial-domain adap-
tation.

4.24 Camera-Captured Documents: FinixPhoto

FinixPhoto corresponds to the Low-Quality Zone in our capability matrix, where documents are affected
by blur, perspective distortion, compression artifacts, and other authentic capture noise. As shown in
Table 7, the performance landscape changes substantially relative to digitally native benchmarks.

First, specialized document models degrade sharply. Systems that perform strongly on clean digital
benchmarks drop into the 40-50 range under mobile-capture conditions, indicating limited robustness
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Table 7: Performance on FinixPhoto.

Model SrpB T Etext |  TEDSgple T TEDS-Sgaple T Eorder +
Qwen3-VL-4B 54.28  0.408 50.13 63.04 0.465
FinixDoc-VL 67.03 0.276 69.08 77.69 0.404
Specialized Models

PaddleOCR-VL-1.5 41.28  0.512 34.54 46.72 0.595
MinerU 2.5 43.08 0.513 35.54 48.58 0.550
DeepSeek-OCR-2 4320 0459 30.69 43.52 0.552
GLM-OCR 4582  0.521 50.47 60.22 0.609
FireRed-OCR 4720  0.487 38.50 53.72 0.482
Dots.OCR 52.57  0.399 44.90 56.92 0.473
Youtu-Parsing 60.90  0.345 59.01 66.23 0.418
General-purpose VLMs

Qwen3.5-397B-A17B 62.58  0.384 62.04 71.82 0.359
Qwen3-VL-235B-A22B-Instruct  62.65  0.359 63.55 72.13 0.397
Kimi-K2.5 65.55  0.325 70.16 77.34 0.410

once the input distribution departs from the clean document assumptions under which such models are
typically trained.

Second, large general-purpose VLMs become considerably more competitive in this setting. Benefit-
ing from broader and more diverse pretraining, models such as Kimi-K2.5 and Qwen3-VL-235B-A22B-
Instruct retain substantially stronger robustness to visual corruption than most specialized document
parsers.

Third, FinixDoc-VL achieves the best Sgpg score of 67.03 and the best TEDS-S;,,)e score of 77.69. Com-
pared with its base model Qwen3-VL-4B, it improves the Sppp score by 12.75 points, demonstrating that
our financial-domain visual adaptation and business-aligned RL optimization effectively convert the in-
herent robustness of a general VLM into stronger domain-specific parsing performance. This result is
especially important because it validates the central motivation of this work: in real financial deploy-
ment, robustness on low-quality documents is often more consequential than marginal gains on already
converged clean benchmarks.

4.2.5 Ultra-Large Document Pages: FinixHuge

FinixHuge targets the Underexplored Large-Scale Zone in our Document Parsing Capability Matrix,
where the dominant challenge is no longer conventional OCR difficulty alone, but the joint failure of
perception, generation, and integration under extreme page scale. In this setting, the primary practical
bottleneck is often not only how accurately a model parses a page, but whether the page can be processed
into a valid structured output at all. Since the key issue is full-pipeline processability rather than standard
single-pass page parsing alone, we adopt a usability-oriented metric suite tailored to oversized-page
scenarios.

Accordingly, this subset evaluates end-to-end system usability rather than raw model capability under
strictly controlled input settings. We compare the complete FinixDoc system against two representative
baselines, Qwen3-VL-235B-A22B-Instruct and GLM-OCR, both of which perform direct single-pass in-
ference on the original input image [24, 8]. By contrast, FinixDoc employs the split-then-merge strategy
described in Section 2.1 and processes oversized images through a lightweight three-stage pipeline of
Dynamic Routing — Structure-Aware Segmentation — Reconstruction. Specifically, inputs exceeding the
effective VLM token budget are routed to the segmentation branch, partitioned into multiple structure-
aware sub-regions for parallel parsing, and then merged into a page-level result through direction-aware
integration followed by a final integrity check.

In addition to Etext ({), TEDS¢aple / TEDS-Siaple (1), and Egiger ({), we further report Success Rate. A
page is counted as successful if the method returns a syntactically valid, non-empty page-level parsing
result without runtime failure, severe truncation, or format errors that prevent downstream evaluation.
Quality metrics are computed over successfully parsed pages, while failed pages are reflected by the
Success Rate. This separation allows us to distinguish parsing quality from basic processability, which
is critical in the ultra-large-page regime.
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Table 8: Performance on FinixHuge. FinixDoc denotes the complete system, including the Document
Preprocessing Tool Layer’s split-then-merge (tiling-and-merging) module.

Model Success Rate t  Sppp T Etext 4  TEDSppie T TEDS-Sigpie T Eorder 4
FinixDoc 0.92 68.23 0.357 57.09 60.10 0.167
Qwen3-VL-235B-A22B-Instruct 0.68 34.85 0.847 47.05 63.20 0.578
GLM-OCR 0.34 38.06 0.816 59.39 62.43 0.636

As shown in Table 8, FinixDoc achieves a Success Rate of 0.92, successfully parsing the vast majority of
pages in this subset, while Qwen3-VL-235B-A22B-Instruct and GLM-OCR reach 0.68 and 0.34, respec-
tively. This gap indicates that, in the oversized-page regime, direct single-pass inference frequently fails
to produce a valid parse result. In such cases, processability becomes a central bottleneck before fine-
grained recognition quality can even be assessed.

On the metrics most directly tied to end-to-end usability, FinixDoc achieves the best Sppp score of 68.23,
the lowest Eiext of 0.357, and the lowest Ey.4e; Of 0.167. These results suggest that the perception-
generation—-integration chain remains sufficiently coherent after partitioning and reconstruction, preserv-
ing strong textual fidelity and reading-order consistency.

On the two table-level metrics, TEDSy,,)e and TEDS-S,y,1e, FinixDoc is competitive with the baselines but
does not lead. This near-parity is itself notable, because the comparison is shaped by two confounding
factors that systematically disadvantage FinixDoc. First, the baseline scores are computed only over the
subset of pages that can be successfully processed by single-pass inference, which introduces a survivor-
ship bias toward easier inputs. In contrast, FinixDoc produces valid outputs for a much larger and more
difficult portion of the benchmark. Second, the split-then-merge pipeline tends to produce longer and
more structurally complete table predictions. As a result, roughly 25% of FinixDoc’s table cases exceed
the TEDS evaluator’s 6-minute timeout threshold; under the evaluation protocol, such timed-out cases
are assigned a tree-edit distance of 1.0, corresponding to a TEDS score of 0. This mechanically lowers
the averaged table metrics and reflects evaluator-side computational limits on long, complex predictions
rather than a direct reconstruction-quality deficit.

Taken together, these results support the view that ultra-large document parsing is fundamentally a
system-level problem. Simply scaling model size is insufficient once page resolution and output length
exceed the effective operating range of single-pass VLM inference. The Dynamic Routing — Structure-
Aware Segmentation — Reconstruction pipeline enables FinixDoc to substantially improve processability
in the Underexplored Large-Scale Zone of our capability matrix.

4.2.6 Internal Financial Domain Evaluation: FinixInner

FinixInner is an internal held-out evaluation track containing 4,000 camera-captured documents from
high-frequency financial and insurance workflows. Following the same evaluation protocol as Finix-
DocBench, we report the Overall score for each document category, scaled to the range [0,100] for con-
sistency with the preceding benchmark results.

Table 9: Performance on FinixInner.

Model Overall Claim Medical Records Expense Statements Expense Receipts Medical Examination Reports Identity Documents
Qwen3-VL-4B 66.42 50.24 64.85 70.55 60.21 86.26
FinixDoc-VL 84.08 85.42 80.79 85.15 78.38 90.64
Specialized Models

DeepSeek-OCR-2 52.77 42.40 54.37 66.92 53.64 46.51
FireRed-OCR 64.93 50.23 62.67 66.24 69.45 76.08
PaddleOCR-VL-1.5 61.06 45.17 65.19 62.86 56.30 75.79
MinerU 2.5 62.53 55.85 62.76 65.28 73.35 55.41
GLM-OCR 70.26 62.45 62.68 58.25 76.43 91.51
Dots.OCR 72.54 64.36 71.44 73.16 72.99 80.77
Youtu-Parsing 78.73 62.81 74.55 88.08 75.31 92.90
General-purpose VLMs

Qwen3.5-397B-A17B 70.83 58.24 73.61 75.33 61.22 85.77
Kimi-K2.5 76.91 76.32 73.35 80.75 66.71 87.41
Qwen3-VL-235B-A22B-Instruct ~ 76.32 60.08 79.27 80.86 68.30 93.10

Table 9 shows that FinixDoc-VL delivers the strongest and most balanced performance across the Finix-
Inner benchmark. In particular, it achieves the best results on the three most challenging subsets: Claim
Medical Records (85.42), Expense Statements (80.79), and Medical Examination Reports (78.38). These cat-
egories are characterized by dense domain terminology, complex table structures, non-trivial reading
orders, and severe quality degradation caused by mobile capture. The strong gains on these subsets
indicate that FinixDoc-VL is especially effective in scenarios where visual robustness and structural con-
sistency must be maintained simultaneously.
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Several observations are noteworthy. First, specialized document models exhibit substantial variance
across document categories. While some remain highly competitive on standardized formats—for ex-
ample, Youtu-Parsing achieves the best result on Expense Receipts (88.08) and also performs strongly
on Identity Documents (92.90)—their performance deteriorates noticeably on more heterogeneous and
structurally complex categories such as Claim Medical Records. This pattern suggests that strong results
on standardized or cleaner layouts do not necessarily transfer to real-world financial documents with
compounded visual and structural difficulties.

Second, very large general-purpose VLMs are competitive on template-driven categories. In particular,
Qwen3-VL-235B-A22B-Instruct achieves the best score on Identity Documents (93.10), likely benefiting
from stronger general visual robustness and broader template priors acquired during large-scale pre-
training. However, its score on Claim Medical Records drops to 60.08, indicating that general-purpose
capability alone is insufficient for reliably handling dense, noisy, and structurally demanding financial
documents.

Overall, the FinixInner results reinforce our central claim: progress in industrial financial document pars-
ing should not be judged solely by performance on clean or widely used benchmarks. Instead, it should
be measured by whether a system can robustly process low-quality, high-complexity documents encoun-
tered in real deployment environments. Under this criterion, FinixDoc-VL demonstrates the strongest
overall robustness and the best practical readiness among the evaluated models.

5 Related Work

5.1 Traditional OCR Methods and Document Parsing Pipelines

Traditional document parsing systems typically adopt a modular pipeline architecture, decomposing the
overall task into multiple stages such as optical character recognition (OCR), layout analysis, table struc-
ture parsing, key information extraction, and rule-based post-processing [32, 41, 4]. These methods
have high engineering maturity and are well suited to scenarios with stable templates, regular layouts,
and clearly defined task boundaries. As a result, they have long formed the backbone of industrial docu-
ment digitization systems, including invoice processing, form understanding, and document archiving.
OCR systems such as PaddleOCR and the toolchains built around them remain core components of many
production systems today [4].

However, pipeline-based methods also suffer from several well-known limitations. First, different sub-
modules usually require separate design, training, and hyperparameter tuning, resulting in substantial
system integration complexity and high maintenance costs. Second, errors from upstream OCR or lay-
out detection can propagate and amplify in later stages such as structure recovery and field extraction,
thereby constraining the end-to-end performance ceiling. Third, these methods often rely heavily on
domain-specific rules, template assumptions, and human heuristics, which limits their transferability
across templates and application scenarios. With the development of end-to-end document understand-
ing methods, an increasing number of studies have begun to reduce their dependence on explicit OCR
pipelines, instead reformulating document parsing as direct generation from page images to structured
outputs [11, 14, 2]. Representative works such as Donut demonstrated that OCR-free end-to-end doc-
ument understanding is feasible, laying the groundwork for subsequent unified generative document
parsing methods [11].

5.2 General Vision-Language Models for Document Understanding

In recent years, the rapid development of general vision-language models (VLMs) has significantly ad-
vanced document understanding [1, 24, 34]. Unlike traditional pipelines that separately address OCR,
structure recovery, and semantic extraction, general VLMs tend to jointly model visual appearance, tex-
tual content, spatial layout, and cross-modal semantic relationships within a unified framework. This
enables them to support a wide range of tasks, including page-level understanding, document question
answering, structured extraction, and content generation. Representative model families include Qwen-
VL and Kimi-VL, which have shown strong generalization and cross-task transfer ability across various
document understanding tasks [1, 24, 13].

Compared with traditional OCR pipelines, a key advantage of general VLMs is their unified modeling
capability: they can directly generate structured outputs from raw document images, simplifying sys-
tem design and providing a more direct interface for downstream reasoning tasks [11, 14, 1]. This is
particularly useful in scenarios where parsed document content must be passed to large language mod-
els (LLMs) for question answering, summarization, or decision support. More importantly, due to their
larger scale, broader pretraining coverage, and stronger open-world visual priors, general VLMs often
exhibit better robustness than document-specific models under distribution shifts such as blur, shad-
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ows, perspective distortion, and other image degradations. However, because they are not explicitly
optimized for document parsing, they may still exhibit insufficient accuracy on dense tables, complex
layouts, fine-grained character recognition, and long structured outputs. When visual evidence is in-
sufficient, they may also rely excessively on language priors and generate plausible but ungrounded
outputs, leading to hallucinations [17, 19]. In high-stakes financial document parsing scenarios, such
behavior is often unacceptable.

5.3 Specialized Models for Document Parsing and OCR

In addition to general VLMs, a growing number of models specifically optimized for document parsing
and OCR have emerged [5, 20, 37, 18, 8]. These methods are typically designed around document-
specific challenges, including dense text recognition, layout structure recovery, reading order recon-
struction, table parsing, and structured result generation. Representative models include MinerU 2.5,
Dots.OCR, GLM-OCR, DeepSeek-OCR-2, and PaddleOCR-VL-1.5. Compared with general multimodal
models, these specialized systems usually incorporate stronger document priors and place greater em-
phasis on structural fidelity, page-level reconstruction quality, and parsing stability.

On mainstream benchmarks, specialized document models usually perform strongly on high-quality
scans, digitally native documents, and relatively simple page layouts [21, 5, 20, 18, 8]. They often
surpass general-purpose models in tasks such as table parsing, reading order recovery, and preserv-
ing structural consistency. However, these gains are largely concentrated on clean and regular docu-
ment distributions. Many existing methods are trained and evaluated mainly on digitally native pages,
scanned copies, or synthetic data, while camera-captured documents—common in real-world business
workflows—remain underrepresented. As a result, even though specialized models have achieved im-
pressive benchmark performance, their robustness, stability, and scalability in real-world financial set-
tings, especially in low-quality and large-scale scenarios, still require further improvement.

Overall, existing work has made substantial progress on clean and moderately complex document pars-
ing, but the capability boundary under low-quality, large-scale, and risk-sensitive financial scenarios
remains insufficiently explored. This gap motivates both the capability matrix and the system design
proposed in this work.

6 Conclusion

In this report, we study the key challenges of document parsing in real-world financial scenarios. We
analyze why current methods can achieve strong benchmark performance yet still fall short in practical
deployment, especially when documents are low-quality, structurally complex, or extremely large. To
make this gap explicit from an industrial perspective, we introduce a Document Parsing Capability Matrix.
To address it in practice, we present FinixDoc, an end-to-end agentic document parsing system tailored to
the requirements of financial applications, together with a domain-adapted training recipe, an Al-driven
human-in-the-loop Data Factory pipeline, and a benchmark designed for realistic financial deployment
settings.

We argue that progress in financial document parsing should not be measured solely by performance on
conventional benchmarks concentrated in the Benchmark-Converged Zone. Instead, evaluation should
prioritize stability, robustness, and usability when models face low-quality, high-complexity, and large-
scale documents. From this perspective, FinixDoc not only provides a practical parsing system for finan-
cial applications, but also highlights the need to rethink how document parsing systems are evaluated
and improved in industrial settings.

Several promising directions remain for future work. First, in the Low-Quality and Ambiguous-Unrecoverable
Zones, developing reliable generation strategies based on uncertainty estimation and refusal mecha-
nisms will be crucial for financial scenarios, where missing a field is often preferable to extracting an
incorrect one. Second, progress in the Underexplored Large-Scale Zone will likely require a more unified
multimodal architecture that can jointly model fine-grained local perception, global document structure,

and consistency across distant regions. Finally, we will continue expanding FinixDocBench to cover a
broader range of real-world financial sub-scenarios and more fine-grained task settings, so as to encour-

age more systematic benchmarking of industrial document parsing capabilities.

Taken together, the capability matrix, the FinixDoc system, the associated training recipe, the human-
in-the-loop Data Factory pipeline, and the evaluation benchmarks introduced in this work provide a
practical foundation for advancing financial document parsing under real deployment constraints. More
broadly, we hope this work can help shift document parsing research beyond already converged clean
benchmarks and toward more robust, verifiable, and deployment-oriented capabilities.
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A Implementation Details of the Split-then-Merge Strategy

As discussed in Section 2.1, the Document Preprocessing Tool Layer in FinixDoc includes a lightweight
split-then-merge strategy for handling the Underexplored Large-Scale Zone of the Document Parsing Ca-
pability Matrix, namely ultra-large-page documents that are difficult to process reliably through a single
native VLM call. This strategy is not intended to replace the core parsing capability of FinixDoc-VL.
Instead, it serves as an external engineering supplement that improves the tractability and stability of
oversized-image parsing in practical deployment.

The design objective of this strategy is to transform ultra-large-page parsing from a single monolithic
inference step into a modular pipeline that supports adaptive routing, local-region parsing, and page-
level result integration. In practice, this design allows the system to preserve the native direct-parsing
path for standard pages, while activating a structured split-then-merge process only when page scale or
layout complexity makes single-pass inference unreliable.

Asillustrated in Figure 8, the strategy follows a three-stage internal pipeline: Dynamic Routing — Structure-
Aware Segmentation — Reconstruction. Oversized images are first analyzed by a lightweight routing stage,
then either sent directly to FinixDoc-VL or partitioned into multiple local regions for independent pars-
ing, and finally merged into a unified page-level output.
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Figure 8: Internal pipeline of the split-then-merge strategy in the Document Preprocessing Tool Layer.
The strategy follows a three-stage process: Dynamic Routing, Structure-Aware Segmentation, and Recon-
struction. Depending on token feasibility and structural complexity, an input page is processed either
by direct VLM parsing or by a split-then-merge path for ultra-large-page handling.

A1 Dynamic Routing for Ultra-Large Pages

Given an input image, the strategy first extracts a set of coarse page-level features, including pixel scale,
aspect ratio, and estimated information density. Based on these signals, the page is dispatched in the
two-dimensional space of Pixel Scale x Structural Complexity through a three-way routing strategy:

e Overflow-to-Splitting. If the estimated visual token count exceeds the effective input budget of
the underlying VLM, the page is routed directly to the split branch.

e Direct Parsing. If the token count remains within the feasible range and the page layout is rel-
atively regular, the image is processed through the native FinixDoc-VL path and the result is
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returned directly.

e Complexity Fallback. If the token count is nominally acceptable but the page exhibits excessive
semantic density or structural complexity—for example, dense large tables, ultra-long clauses, or
mixed text-table layouts—the strategy falls back to the split branch to avoid unstable single-pass
parsing.

In our implementation, the token-load estimate is derived from the effective visual patch count under
the native visual tokenizer, while the structural complexity score is computed using lightweight heuris-
tics based on page geometry, projection statistics, and coarse content-density indicators. This routing
strategy preserves efficiency on ordinary pages while providing a fail-safe path for difficult oversized
inputs. Rather than forcing all pages through segmented inference, the system activates splitting only
when necessary.

A.2 Structure-Aware Splitting Strategy

For pages routed to the split branch, the strategy does not simply apply uniform equal-size partitioning.
Instead, it uses a structure-aware segmentation strategy based on binarized orthogonal projection, with
the goal of choosing cut locations that are better aligned with document layout.

This strategy includes three key mechanisms:

o Structure-Aligned Cutting. According to the geometric profile of the page, the strategy com-
putes horizontal or vertical projection maps and selects cut points near local extrema. After bi-
narization, foreground density is accumulated along the target axis to form the projection profile
used for cut-point selection. In practice, these locations tend to correspond to whitespace bands
or low-density regions, which reduces the probability of splitting text lines, clause boundaries,
or table rows across split regions.

e Weak-Structure Fallback. When projection signals are weak or ambiguous, the strategy falls
back to a sliding-window splitting scheme. In this mode, cut positions are still chosen using
projection-aware heuristics, so that the method remains applicable even on pages without strong
regular layout cues.

e Split Overlap. Adjacent split regions preserve a fixed overlap region. This overlap provides local
boundary context for subsequent deduplication, boundary repair, and page-level integration,
especially when long text spans or table structures cross split boundaries.

Through this design, ultra-large pages are decomposed into a set of local regions that better preserve
reading continuity and structural integrity than naive uniform splitting, while remaining suitable for
independent parsing by FinixDoc-VL and amenable to parallel execution in deployment.

A.3 Reconstruction and Merging

After all local regions are parsed independently, the strategy performs page-level reconstruction through
direction-aware merging. The merging strategy is selected according to the dominant geometric orien-
tation of the page:

e Vertical merging for ultra-long pages. For long-form pages, local outputs are stitched sequen-
tially along the vertical direction. Overlap-aware deduplication is used to suppress repeated
fragments and repair boundary inconsistencies introduced during splitting.

e Horizontal merging for ultra-wide layouts. For extremely wide pages, especially dense large
tables, local outputs are integrated by row-aware horizontal concatenation, using overlap regions
and line-level alignment cues to preserve row correspondence as much as possible and improve
cell continuity across adjacent regions.

The merged result is then passed through a final integrity-check stage, which verifies global consistency,
suppresses duplicated content, repairs minor structural discontinuities, and ensures that the final page-
level output conforms to the target Markdown representation used throughout FinixDoc. This stage is

particularly important for preserving content completeness and reading-order consistency on FinixHuge-
style pages.

A.4 End-to-End Control Flow

For clarity, we summarize the full inference logic of the split-then-merge strategy in Algorithm 1.
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Algorithm 1 Split-then-Merge Pipeline for Ultra-Large Pages

Require: Input image I, base parser M, token budget T
Ensure: Structured Markdown output Y

1: Extract page-level features f(I), including pixel scale, aspect ratio, and information density
2: Estimate effective token load #(I) and structural complexity score &(I)
3: if #(I) > 7 then
4: Route I to the split branch
5: else if f(I) < T and ¢(I) is low then
6.
7
8
9

Y  M(I) > Direct FinixDoc-VL parsing
return Y
: else
: Route [ to the split branch > Complexity fallback
10: end if

11: Determine the primary splitting direction based on page geometry
12: Compute orthogonal projection profiles along the target axis

13: Select structure-aware cut points; if unstable, switch to sliding-window fallback
14: Generate overlapping local regions {I;}K_,

15: for all local regions I do

16: Y + M (Ik)

17: end for

18: if the primary splitting direction is vertical then

19: Merge {Y;} by vertical stitching with overlap deduplication

20: else

21: Merge { Y} } by row-aware horizontal concatenation

22: end if

23: Perform final integrity checking and lightweight structural repair
24: return final Markdown output Y

A.5 Discussion

The split-then-merge strategy does not alter the core model architecture of FinixDoc-VL. Instead, it pro-
vides a lightweight engineering mechanism within the Document Preprocessing Tool Layer that makes
ultra-large-page parsing more tractable in deployment. For standard pages, the direct-parsing path is
preserved, with only minimal routing overhead before native FinixDoc-VL parsing. For oversized pages,
the split branch reduces context-length pressure and memory pressure by converting a single difficult
page into multiple manageable local regions. The subsequent reconstruction stage then restores page-
level continuity as much as possible.

Opverall, this strategy should be viewed as a practical engineering extension of FinixDoc for the Under-
explored Large-Scale Zone, rather than as a standalone parsing model. Its role is to improve usability and
stability on ultra-large inputs by combining adaptive routing, structure-aware splitting, and direction-
aware merging within the Document Preprocessing Tool Layer.

B Financial Homoglyph Vocabulary and Auxiliary Lexicons

To support the hard negative construction process described in Section 2.2.1, we build a financial homo-
glyph vocabulary that stores visually confusable characters frequently observed in real financial docu-
ments. The construction of this vocabulary relies on multi-view similarity filtering, which is supported
by two foundational dictionaries: a stroke-order lexicon and a stroke-count lexicon [36, 15, 27]. This
section details the resulting vocabulary and its underlying auxiliary lexicons.

B.1 Financial Homoglyph Vocabulary

We use the term homoglyph in a broad practical sense to include both strict glyph-level lookalikes and
near-homoglyph confusions that become difficult to distinguish in low-quality document images. This
broader definition is particularly relevant in financial deployment, where visually small deviations in
digits, field values, names, and medical or reimbursement terminology may lead to disproportionately
large downstream business risk.

The vocabulary covers multiple character types, including Arabic numerals, uppercase and lowercase En-
glish letters, Roman numerals, symbol-like characters, and high-frequency Chinese characters commonly
appearing in financial, insurance, medical, and reimbursement documents. Compared with generic visu-
ally similar character lists, this vocabulary is specifically tailored to the financial domain and emphasizes
confusions that are both visually plausible and practically risky in downstream business scenarios.
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Formally, for a character c, the vocabulary provides a candidate set
H(C) = {h1, hz, e ,]’Zm},

where each I; denotes a visually similar or perceptually confusable alternative that may replace ¢ during
hard negative construction. These candidate sets are used to generate negative text samples by selectively
substituting characters in the ground-truth annotation with their corresponding candidates. This process
yields hard negatives that remain lexically close to the positive target while introducing realistic visual
ambiguity.

The full vocabulary is constructed through candidate retrieval followed by similarity-based filtering; the
entries below are illustrative rather than exhaustive. Table 10 shows representative examples from the
vocabulary. In implementation, the vocabulary is stored as a key—value mapping from target characters
to candidate homoglyph sets. A simplified example is shown below:

N . NANY QN ML nQ» PO
e”: [”0”, ”8”, ”6”, 797, ”D”],
T, NN MY | »|»
. 71, 17, 7|7, 1],
NN NTHY NI | » ”
|”: 17, 717, 7, 7|,
né&n_ [np&n nj&n n:}ﬁ” n)ﬁn]
ke . ) ’ ) )
n\}%n . [njin ” ,r ” 3£ n::l:n:l
. ) ’ R Ida )
uj%‘n. [uﬁu ” = 7’\;31 ” "%ﬁ”]
. T ’ ’

During training data construction, we sample replacements from this vocabulary under predefined rules
so that the generated negative samples better match real OCR and parsing errors observed in financial
deployment. In this way, the contrastive learning stage is encouraged to distinguish not only semantically
different strings, but also visually confusable alternatives that are highly relevant to practical business
risk.

Table 10: Representative examples from the financial homoglyph vocabulary.

Target Character =~ Example Homoglyphs

Target Character =~ Example Homoglyphs

0 0,8,6,9,D 4 ME, Ve, HE,

0 0,Q,D i i, 1, i, i

I L1, 1,! i 1%, W, 1%, 9, Ik
1 Li|,! 4 4i, 2, 45, K, 4K
| LL!, | i P, 95, B,

1 L1,7,! b G, W,

B 8,D,P 1 i, 5, 4G

S 5,8 i o, 2, 4K, 2

C G,0,6 by I, W,

D 0,0,B 4k 4, 2L, Gn, 40

T L7 1 W, e, M, 2

U V,0,D e 4, e, Y

B.2 Stroke-Order Lexicon

To compute the stroke-order similarity Sorger(ci, ¢j) during candidate retrieval, we construct a stroke-
order lexicon covering over 20,000 common Chinese characters. This lexicon is essential for capturing

the internal composition of characters that cannot be fully resolved by image-level structural similarity
(SSIM) alone [36].

As shown in the snippet below, each character is decomposed into two aligned lists: stroke_type_sequence,
which records the normalized geometric type of each stroke using a compact stroke-code nomenclature
(e.g., S for Shu/Vertical, H for Heng/Horizontal, P for Pie/Left-Falling, D for Dian/Dot, and Z for Zhe/-
Turning strokes, including complex multi-turn variants), and stroke_name_sequence, which provides
the corresponding descriptive stroke name. During candidate retrieval, these sequences allow us to ro-
bustly estimate character similarity using Dynamic Time Warping (DTW) [27] and Longest Common
Subsequence (LCS), which are resilient to localized order shifts. Additionally, alternative stroke names
(e.g., separated by slashes in stroke_name_sequence) are included to accommodate variant naming con-
ventions and enhance matching robustness.

A simplified snippet of the stroke-order data structure is provided below:
{
” u\r ”. {

”stroke_type_sequence”: [
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”S)), ”Z”’ "H”y ”D”’ ))P”, ”S”
1,
”stroke_name_sequence”: [

” X 9 n?}%j;ﬁ_n n;’%n ” ” nﬁ;&n 9 ||X 9
v ) S ’ S ;ﬁ\ ’ ’ vl

]
}’
"
”stroke_type_sequence”: [
?Z_multi”, ”S”, ”H”, ”S”,
”Z”, ”"H”, ”S_hook”
:ly
”stroke_name_sequence”: [
TR/ W A, R, T, TR,
TR, T, R
]
})
" {
”stroke_type_sequence”: [
s, vZ”, "H?, "Z_multi”, ”S”,
"H”, ”S”, »Z”, "H”, ”S_hook”
:Iy
”stroke_name_sequence”: [
TR R, R, BT/ BT A,
30 AN S S R
]
3

B.3 Stroke-Count Lexicon

The stroke-count lexicon provides a lightweight auxiliary cue for writing complexity, which directly sup-
ports the computation of the stroke-count similarity Scount (c;, cj) . In practical financial document parsing,
characters with identical or highly similar stroke counts (e.g., “&” and “{%") are particularly susceptible

to confusion under severe image degradation, such as camera blur or low optical resolution.

This lexicon maps each candidate character directly to its integer stroke count. To illustrate the distribu-
tion and coverage of this lexicon, Table 11 presents representative characters grouped by their respective
stroke counts.

Table 11: Representative examples from the stroke-count lexicon.

Stroke Count Example Characters

~
~
~
~

~
~
~
<
~
<

~
~
<
X
~
{
S
~
~

~
N

3
~
~
X
<
~

NUT = WN =
RmASA |
MEHA T —
S -
BEFTI—
oS AN
SR
BB
ST
FAED
HHE=
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C Qualitative Comparison Results on FinixDigital and FinixPhoto

This appendix provides qualitative comparison results of FinixDoc against the best specialized model
and the best general-purpose VLM selected for each of the FinixDigital and FinixPhoto evaluation tracks.
For each subset, we select representative samples that highlight the typical structural, lexical, and robust-
ness challenges of real-world financial document parsing.

The comparison is organized along two evaluation axes that match the design of the two tracks:

o FinixDigital (financial digitally native documents): we compare against MinerU 2.5 as the best
specialized model and Qwen3-VL-235B-A22B-Instruct as the best general-purpose VLM. The se-
lected samples emphasize dense table structures, deep heading hierarchies, and domain-specific
formatting such as superscript footnote references.

e FinixPhoto (camera-captured documents): we compare against Youtu-Parsing as the best spe-
cialized model and Kimi-K2.5 as the best general-purpose VLM. The selected samples empha-
size OCR-level robustness under motion blur, perspective distortion, and printing artifacts, as
well as the tendency of competing models to hallucinate content beyond the visible image.

As illustrated in Figures 9-14, each example uses a four-way side-by-side layout: the original page (or
per-field overlay), the FinixDoc output, the best specialized model output, and the best general-purpose
model output. The primary purpose of this layout is to enable a direct comparison of structural fidelity,
content accuracy, and robustness across different systems under the same input conditions.

C.1 FinixDigital: Comparison with MinerU 2.5 and Qwen3-VL-235B-A22B-Instruct

Figures 9-11 showcase FinixDoc’s performance on digitally native financial documents from the FinixDig-
ital track. Each figure presents a side-by-side comparison of the rendered Markdown output: the original
page image, FinixDoc’s parsed and rendered result, the result of the best specialized model (MinerU 2.5),
and the result of the best general-purpose VLM (Qwen3-VL-235B-A22B-Instruct).
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Figure 9: FinixDigital Sample 1. Comparison of parsing results for an insurance clause page containing a two-
column disease list table and footnote references. FinixDoc correctly preserves the two-column table structure for the
15 infectious diseases, maintains proper heading hierarchy (##, ###), and retains superscript footnote references (1,
12). In contrast, MinerU 2.5 collapses the table into a flat list, fails to encode the heading hierarchy, merges neighbor-
ing text around the disease-list introduction, and introduces OCR errors. Qwen3-VL-235B-A22B-Instruct preserves
the table layout more completely than MinerU 2.5, but still fails to encode the heading hierarchy, changes domain

terms in the disease-list entries (e.g., 4% 1% # % %
OCR error (e.g., NMMEER becomes N [E 7).

& 3L becomes 4% % 1£ 7 &
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Figure 10: FinixDigital Sample 2. Comparison of parsing results for an insurance product specification
page containing a financial illustration table and section headings. FinixDoc preserves the numeric table
grid, reconstructs the heading hierarchy (### 3, #### 3.1, ##HH# 3.2), and maintains consistent list format-
ting with (1) and (2) numbering. MinerU 2.5 fails to render the circled section marker and subsection
hierarchy as Markdown headings and mixes bullet styles in the notes. Qwen3-VL-235B-A22B-Instruct
misinterprets the first numeric data row as a table header and introduces an HTML/dataframe-style ta-

ble with an extra index-like column.
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Figure 11: FinixDigital Sample 3. Comparison of parsing results for an insurance contract page with
nested headings, a structured table, and footnote references. FinixDoc accurately reconstructs the head-
ing hierarchy (### 3.3, ### 3.4, ## 4, ### 4.1-### 4.4), preserves the table with proper headers, and
retains superscript footnote references (12, ). MinerU 2.5 flattens the heading hierarchy, loses or in-
consistently renders superscript footnotes (e.g., 1 becomes plain text), and degrades the page-ending
footnote area. Qwen3-VL-235B-A22B-Instruct preserves the table but inserts spurious spacing between
Chinese characters, appends extraneous Al commentary after the parsed page, and shows inconsistent

heading formatting.



C.2 FinixPhoto: Comparison with Youtu-Parsing and Kimi-K2.5

Figures 1214 illustrate FinixDoc’s robustness on camera-captured document images from the FinixPhoto
track. Each figure is organized as a 2x2 grid composed of (i) the unannotated original image, and (ii)-
(iv) the same original image overlaid with the ground-truth bounding boxes of selected fields, color-
coded by whether each model parsed that field correctly (green) or incorrectly (red). For incorrect
fields, the model’s actual output is rendered next to the corresponding box so that the reader can see the
exact error mode. All bounding boxes are taken from the FinixPhoto ground-truth annotations.

Fee-detail table: 14 items, complete

Total: 51206.15

Insurance payout: 23069.33

50 @73(%) FUFE @717

Payee unit: 1600206215

Youtu-Parsing

Fee-detall table: garbled & wrong amounts W Fee-detall table: columns missing

Total: 161206.15

Insurance payout: 230893.33

FIE @33R 2l FIFE @731%)

Payee unit: unit number missing

Figure 12: FinixPhoto Sample 1. Per-field comparison on a Shanghai inpatient receipt captured under challenging
conditions. Four fields are highlighted: the fee-detail table, the total amount (51206.15), the medical-insurance
payout (23069.33), and the payee-unit number (1600206215). FinixDoc parses all four correctly. Youtu-Parsing
reads the total as 161206.15, the insurance payout as 230893.33, drops the payee-unit number, and produces a
heavily garbled fee table. Kimi-K2.5 gets the numeric fields right but its fee table is missing most of the 14 items
present in the original.
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Original Image FinixDoc
o 45 1. " ™ 1L =
7 < 7

Chinese total: SR{FSHAEEN MR

i
—4 Payee: 2 G5k
Back-page area: nothing hallucinated

L Ve
Chinese total: 433.80 diglts, not Chinese

Payee: missing

Figure 13: FinixPhoto Sample 2. Per-field comparison on a Chonggqing outpatient medical receipt. Four fields are
highlighted: the invoice number (0559817), the Chinese-capital total (S{f£95 2 [H ] f1#£), the payee (JzIB#r), and
a synthetic “back-page area” box at the bottom strip of the receipt. FinixDoc gets the invoice number, the Chinese
total, and the payee correct, and crucially does not hallucinate any content beyond what is visible on the front of the
receipt. Youtu-Parsing renders the Chinese total as a plain “433.80” and drops the payee. Both Youtu-Parsing and
Kimi-K2.5 hallucinate extra back-page items (e.g., CT, BE i 4", FEEIAYT) that are not visible in the input image.
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FinixDoc

Receipt code: 1420601
)| |

Issue date: 2020-08-12 09:52:59
)

Social-credit code: 00000507

Cashier code: 1890266

Youtu-Parsing Kimi-K2.5

Receipt code: 20601

Issue date: missin, 5 Issue date: 2020 06 12 09 52 59
) | . ) |

Soclalcredit code: 1230000507 ] Soclalcredit code: 0000507

Cashier code: 1890260

Figure 14: FinixPhoto Sample 3. Per-field comparison on a Hubei outpatient medical invoice. Four fields are high-
lighted: the receipt code (1420601), the unified social-credit code (00000507), the issue date (2020-08-12 09:52:59),
and the cashier code (1890266). FinixDoc gets all four correct. Youtu-Parsing truncates the receipt code to 20601,
prefixes the social-credit code with an extraneous 123, drops the issue date, and reads the cashier code as 18902660.
Kimi-K2.5 reads 0000507 (one leading zero missing) for the social-credit code and 2020 06 12 @9 52 59 (wrong
month, lost separators) for the issue date.
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