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Abstract

We introduce OvisOCR?2, a 0.8B document parsing model. OvisOCR2 is designed as an
end-to-end parser: given a document page image, it generates a Markdown representation
in natural reading order, covering text, formulas, tables, and visual regions. We build a
data engine that combines filtered real-document annotations with synthetic pages whose
rendered images and Markdown targets are derived from the same HTML source. The
training recipe includes supervised fine-tuning, reinforcement learning on a 4B branch with
a multi-component reward design, on-policy distillation into the 0.8B model, and model
fusion. On OmniDocBench v1.6, OvisOCR2 achieves a state-of-the-art overall score of
96.58, placing an end-to-end model at the top of this leaderboard previously dominated
by pipeline methods and highlighting the potential of end-to-end document parsing. On
PureDocBench, OvisOCR?2 also achieves the highest Avg3 score of 75.06. Beyond these two
public benchmarks, we evaluate OvisOCR2 on an in-house benchmark designed to cover
a broader set of long-tail and challenging scenarios. OvisOCR?2 obtains the best overall
performance among the compared methods, providing further evidence of its generalization
and robustness. OvisOCR?2 is available at https://huggingface.co/ATH-MaaS/0visOCR2.
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Figure 1: Performance of OvisOCR2 on OmniDocBench v1.6
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1 Introduction

Document parsing converts visually rich document images into structured, machine-readable
representations. Moving beyond plain OCR, the task requires preserving not only textual
content but also page organization, reading order, tables, formulas, figures, headers, footers,
and other layout-dependent elements. Parsed pages are commonly represented in Markdown,
so they can be indexed, retrieved, and used by downstream applications [1, 2, 3, 4, 5]. We study
the page-level image-to-Markdown setting, where a model processes a document image and
generates a unified Markdown representation of the page.

Current approaches to this task fall into two families. Pipeline methods decompose a page
into layout analysis, region-level content recognition, and page-level merging [3, 6, 5]. They
remain strong on mainstream document parsing leaderboards such as OmniDocBench v1.6 [1, 7],
where the top three methods at the time of writing are pipeline-based. This design, however,
complicates deployment. Layout parsing and content recognition are usually deployed as
separate models, often with different runtime loads. Errors also accumulate across stages:
missed table boundaries, imprecise formula crops, or wrong reading-order assignments cannot
be fully rectified by a downstream recognizer. End-to-end methods take the opposite route, using
a single model to read the document page image and generate the Markdown representation in
one pass [8, 9, 10]. The one-pass design simplifies deployment and lets the model condition on
page-level context throughout generation. Nevertheless, existing end-to-end methods still lag
behind pipeline methods in parsing performance on mainstream benchmarks.

We believe the end-to-end approach is more elegant, and develop OvisOCR2 as a compact
document parser by post-training Qwen3.5-0.8B, the smallest model in the Qwen3.5 family [11].
Our goal is to achieve state-of-the-art document parsing while keeping the deployment footprint
small, using a single end-to-end model that surpasses the pipeline methods currently leading
public leaderboards. Achieving this with a compact backbone requires both a carefully designed
data engine and a training recipe suited to long outputs. The data engine combines real
documents with synthetic pages. Real-document annotations are produced by specialized
parsers, normalized into a unified Markdown schema, and cleaned through rule-based filtering
and subset-level spot-checking. Synthetic page generation starts from HTML templates built
from challenging samples; the same HTML source is used to render document images and
produce Markdown annotations. Training proceeds through supervised fine-tuning, RL training
on a 4B branch, on-policy distillation into the 0.8B model, and model fusion.

We evaluate OvisOCR2 on two public benchmarks and an in-house benchmark. On Om-
niDocBench v1.6 [1, 7], OvisOCR2 reaches an overall score of 96.58, setting a new state of the art
and moving an end-to-end parser ahead of the leading pipeline methods on this leaderboard. On
PureDocBench [2], OvisOCR2 also ranks first with an Avg3 score of 75.06. To complement these
public benchmarks, we construct an in-house benchmark of more than 1,000 pages spanning
a broader range of document scenarios. OvisOCR2 achieves the highest overall score on this
benchmark and leads across all three difficulty tiers. In particular, for handwriting and complex-
table documents, which are both challenging to parse yet common in real-world workflows,
OvisOCR2 delivers the strongest overall performance on the corresponding subsets.

2 Data engine

Training an end-to-end document parser requires supervision that is accurate at multiple levels:
fine-grained text transcription, structurally valid serialization, faithful recovery of tables and
formulas, and globally coherent reading order. These requirements make data preparation
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Figure 2: Architecture of the data engine

itself a key part of the system design. No single data source is sufficient: real-world documents
provide natural layouts and varied visual conditions, but their annotations are noisy and difficult
to standardize; synthetic documents offer controllable training targets and scalable coverage,
but may suffer from limited realism if synthesized naively. To address this, we build a data
engine composed of two complementary pipelines, a real-world data pipeline and a synthetic
data pipeline, as shown in Fig. 2.

* Real-world data pipeline. This pipeline transforms large-scale real-world document
images into reliable document-to-Markdown training data. It exposes the model to
real-world visual distributions, including diverse templates, scan qualities, font styles,
languages, layout structures, tables, formulas, figures, and other heterogeneous document
elements.

* Synthetic data pipeline. This pipeline complements real-world data by synthesizing
controllable document samples with precise ground-truth annotations. Its role is to expand
the long-tail coverage of the training distribution, especially for rare or difficult cases that
are underrepresented in naturally collected documents, such as table topologies, dense
formula-text interleaving, extreme multi-column layouts, and long Markdown outputs.
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2.1 Real-world data pipeline

The real-world pipeline turns document images into training data through conversion and
filtering. It first obtains structured outputs from OCR parsers, normalizes them into a common
Markdown schema, and then filters the resulting Markdown outputs through rule-based checks
and subset-level spot-checking. In this process, parser outputs are used as structured candidates
rather than final labels; deterministic conversion and conservative filtering are applied before
the data enter the training corpus to improve serialization consistency and structural validity.

2.1.1 Rule-based structured parsing and Markdown serialization

For each document image, the real-world data pipeline uses a specialized OCR parser, either
PaddleOCR-VL-1.5 [12] or MinerU2.5-Pro [6], to obtain structured parsing results. Instead of
directly using the raw Markdown strings produced by these systems, we parse their structured
JSON responses and convert them into a unified Markdown format through source-specific
rules. Each parser output is treated as an ordered list of blocks, where each block contains its
category, recognized content, bounding box, and optional parser-specific metadata. The data
engine then applies a J[SON-to-Markdown converter to normalize these heterogeneous block
structures.

The conversion rules are designed around the following principles:

* Strict category validation. The converter accepts only predefined document categories.
MinerU2.5-Pro categories are grouped into text-like elements, tables, visual elements
such as images and charts, and container-like blocks that do not directly contribute
Markdown content. PaddleOCR-VL-1.5 uses a broader layout vocabulary, covering titles,
paragraphs, formulas, tables, figures, headers, footers, seals, footnotes, vertical text, and
other document regions. Unknown or unsupported categories are rejected rather than
silently ignored, reducing the risk of corrupted annotations entering the training set.

¢ Text-block normalization. Text-like blocks with empty content or unreadable placeholders
are skipped and recorded by a filtering flag. For MinerU2.5-Pro, adjacent text blocks
marked with merge_prev are merged conservatively: a block is merged only when a
valid previous text block exists and the current content is non-empty. Chinese text is
concatenated directly, while non-Chinese text is separated with a space. For title blocks,
the converter further derives Markdown heading levels from numbering patterns such
as decimal section indices, Roman numerals, alphabetic markers, and Chinese section
markers, while avoiding over-promotion of year-like numeric titles.

* Formula normalization. Mathematical expressions are normalized into a unified LaTeX-
style Markdown representation. For MinerU2.5-Pro, inline wrappers such as \ (. ..\) are
converted into $. . . $, and display wrappers such as \[. . .\] are converted into $$. . . $$.
Redundant spaces inside math delimiters are removed, line breaks within math wrappers
are collapsed, and escaped dollar signs are protected during conversion. Code blocks
and inline code spans are excluded from formula rewriting. For PaddleOCR-VL-1.5, the
converter applies lightweight post-processing to trim spaces inside single-dollar inline
formulas after block concatenation.

* Table normalization. Table blocks are required to contain valid HTML table structures.
Empty tables, non-table contents, malformed table outputs, or repeated tail fragments are
filtered out. MinerU2.5-Pro tables are normalized by adding border=1 to the <table> tag
when the border attribute is absent. PaddleOCR-VL-1.5 tables are sanitized by removing
unnecessary HTML style attributes.
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* Visual-region normalization. Visual regions such as figures, charts, header images, and
footer images are represented as HTML image tags rather than textual descriptions. Their
bounding boxes are normalized to the range [0, 1000) and serialized as
<img src="images/bbox_left_top_right_bottom. jpg"” />.

¢ Parser-specific high-risk cases. Some categories require additional validation. For ex-
ample, PaddleOCR-VL-1.5 seal and figure-title regions may be wrapped in HTML-like
containers; the converter extracts clean text from these containers and rejects empty results.
Seal blocks are further checked against layout confidence to remove unreliable detections.

After block-level normalization, all valid block contents are concatenated in parser-provided
block order using double newlines. The converter also applies pre-filtering checks to remove
samples with no valid text-bearing content, duplicated source images, obvious trailing rep-
etitions, or other severe parser-side failures. The resulting Markdown is still not treated as
final training data. Rule-based normalization and pre-filtering can remove obvious format
and parser failures, but they cannot fully verify whether the content matches the source image.
Therefore, we further introduce a spot-checking stage to assess content correspondence and
global consistency before retaining the sample for training.

2.1.2 Manual spot-checking and subset filtering

We organize candidate datasets according to the data source, parser type, document domain, and
conversion configuration. For each dataset subset, we randomly sample document-Markdown
pairs and manually compare the converted Markdown with the original document images.
The inspection checks whether the serialized Markdown matches the source image along the
following dimensions:

¢ Text correspondence. We check whether the Markdown output preserves the textual
content in the image, without missing text, inserted text, or recognition errors.

* Formula accuracy. We render formulas according to LaTeX syntax and check whether the
rendered results match the formulas in the image.

¢ Table alignment. We inspect whether table rows, columns, headers, and cell contents
correspond to the original table, especially for dense tables and merged cells.

* Visual-region alignment. We render the bounding boxes encoded in HTML image tags on
the original document image and check whether they cover the intended figures or charts.

* Reading-order consistency. We examine whether the sampled outputs follow natural
human reading order, especially in multi-column pages and pages with dense mixtures of
text, formulas, tables, and visual regions.

This stage is intentionally conservative. The goal is not to rewrite or repair the converted anno-
tations through free-form generation, but to prevent low-quality data subsets from degrading
the training corpus. When a subset contains only occasional minor errors, we retain it together
with the sample-level filters applied during rule-based conversion. In contrast, when a subset
exhibits frequent errors, it is removed from the training corpus.

2.2 Synthetic data pipeline

The synthetic data pipeline follows a source-of-truth principle, generating both the document
image and its Markdown target from the same HTML source instead of deriving the target by
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parsing the rendered image. This design makes the training targets deterministic and avoids
parser-derived noise in synthetic labels. The pipeline starts by mining hard samples identified
through multi-faceted assessments, uses a multimodal model to convert mined hard samples
into initial HTML templates, employs an agent-based generation procedure to expand them
into diverse HTML pages, derives Markdown ground truth from the structured source, renders
document images with Playwright [13], and finally packages the resulting image-text pairs into
training data after quality inspection.

2.21 Hard sample mining for HTML template generation

The synthetic data pipeline begins with hard sample mining. Instead of randomly synthesizing
generic document pages, we first collect difficult samples from failure cases identified through
multi-faceted assessments. These samples are selected when they reveal underrepresented
document patterns, such as table-heavy layouts, irregular document structures, header/footer
interference, handwritten regions, page-number ambiguity, and complex reading-order patterns.

Each mined hard sample is treated not merely as an isolated failure, but as evidence of a
reusable synthesis pattern. We analyze the visual and structural factors behind the failure and
group samples with similar typography, table structure, page organization, and localization
requirements into the same synthesis family. This grouping allows one template to cover a class
of related failure modes rather than overfitting to a single page.

Given a representative hard sample or a cluster of similar hard samples, we use a multimodal
model to infer the visual and structural intent of the document. The model converts the observed
hard sample into an initial HTML template that preserves the key layout structure needed for
subsequent diversification. For elements requiring accurate localization, the template uses
explicit DOM spans or element-level wrappers, enabling tight bounding boxes to be recovered
during rendering.

The generated HTML template is therefore not a final synthetic sample, but a programmatic
abstraction of the mined hard sample distribution. It preserves the challenging factors observed
in real failures while exposing controllable variables for subsequent diversification. This hard-
sample-centric design converts observed errors into scalable document generators with clean
training targets.

2.2.2 Agent-based HTML diversification

After obtaining the initial template, we use an agent-based generation procedure to expand the
template into a diverse set of HTML pages. The agent edits and extends the HTML template
while preserving the visual identity and structural intent of the seed template. This procedure
supports iterative code refinement, validity checking, and controlled diversification.

The diversification process introduces randomness at both content and structure levels. Content-
level variation covers semantic fields, textual length, numerical values, formulas, and domain-
specific terminology. Structure-level variation covers table structure, section hierarchy, page
organization, and visual-region placement. Together, these variations expand each seed template
into a synthesis family with diverse content and layout configurations.

To keep labels valid during diversification, the agent is constrained by validity rules. Each
generated page must remain renderable, visually plausible, category-compliant, and convertible
into valid Markdown. The pipeline further maintains domain-specific randomized content
pools, allowing synthetic content to vary semantically while keeping the generated labels clean
and consistent. This ensures that the synthetic data are large in scale, structurally diverse, and
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reliably annotated.

2.2.3 Markdown ground truth generation

For each diversified HTML page, the data engine generates the Markdown ground truth directly
from the corresponding HTML source. The serializer maps source elements into the target
Markdown format while preserving their intended structure and reading order, with separate
rules for each element type:

¢ Text elements. Text nodes, paragraphs, section titles, list items, headers, footers, and
footnotes are serialized as standard Markdown text.

¢ Tables. Table elements are represented as HTML snippets <table>...</table>, so that
both cell content and table structure are retained.

* Formulas. Mathematical expressions are serialized in LaTeX-style Markdown. Inline
formulas and display formulas are represented with consistent math delimiters so that the
target format remains compatible with the training format.

* Visual regions. Each visual region is serialized as an HTML image tag. The coordinates
are obtained from the rendered DOM, scaled to [0,1000), and written as
<img src="images/bbox_left_top_right_bottom. jpg" />.

Reading order is assigned at the page level. The serializer uses document-type-aware rules
rather than a single global spatial heuristic. For regular single-column pages, elements are
ordered primarily from top to bottom and secondarily from left to right. For multi-column
layouts, the page is partitioned into column regions according to the template layout or the
normalized bounding boxes; elements within each column are serialized from top to bottom,
and columns are traversed from left to right. For structured elements such as tables, lists,
formulas, and anchored visual regions, the serializer preserves their internal DOM order and
template-defined associations.

2.24 Document image rendering

In parallel with Markdown generation, the same HTML page is rendered into a document image.
We use Playwright [13] for browser-based rendering, which preserves realistic typography,
spacing, table strokes, color styles, wrapping behavior, and page-level layout details. The
viewport is automatically adjusted to fit the document canvas, and page boundary handling is
applied when necessary to avoid invalid crops, incomplete bottom regions, or mask artifacts.

During rendering, the data engine records element-level geometry from the DOM for elements
that require bounding boxes. Explicit spans and element wrappers allow the pipeline to obtain
tight bounding boxes for text or visual elements. These boxes are normalized to the target
coordinate range and remain consistent with the final screenshot. When visual augmentation is
applied, such as mild rotation or other geometric perturbations, the corresponding coordinate
transformations are applied to the labels as well.

2.2.,5 Iterative quality control

Before large-scale generation, we perform a preview-and-iteration procedure. A small batch of
samples is first rendered for visual inspection. The inspection focuses on whether the synthesized
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Figure 3: Two-branch training of OvisOCR2. The 4B branch produces an RL-aligned teacher,
while the 0.8B branch proceeds through SFT, OPD, and model fusion to obtain the final model.
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pages match the intended hard sample style in typography, table layout, page organization,
visual-region localization, and reading-order details. If layout defects are observed, the HTML
template, agent diversification rules, or rendering parameters are revised before scaling.

After the preview passes inspection, the pipeline expands the randomized content pools and
generates samples at scale. The large-scale generation stage supports multi-threaded rendering
and writes paired images and labels together with augmented variants when applicable.

The quality control stage removes samples with rendering or pairing failures, empty or degener-
ate Markdown targets, structural errors, localization errors, or duplicated outputs. Final dataset
size is verified across image files, label files, augmented variants, and metadata records before
the samples are admitted into the training dataset.

Through this pipeline, we obtain synthetic Markdown training data that are both controllable
and precise. The synthetic data pipeline complements the real-world data pipeline by expanding
long-tail coverage while preserving clean ground truth and faithful image-text alignment.

3 Training

3.1 Training pipeline

End-to-end document parsing requires both broad format learning and reliable structured
generation. The model must convert a document page image into a Markdown representation
while preserving text fidelity, formula renderability, table structure, reading order, and page-
level completeness. These requirements call for supervision signals beyond token-level imitation,
because many errors in tables, formulas, and long pages are easier to verify structurally than to
express through next-token loss alone.

We therefore organize the training pipeline into stages with different roles. Supervised fine-
tuning builds the initial end-to-end document parsing policy; reinforcement learning further
improves the policy on hard pages using text, formula, and table rewards; on-policy distillation
transfers the reward-aligned behavior of a 4B teacher into a deployable 0.8B student; model
fusion then forms the final model.
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3.2 Supervised fine-tuning

The SFT stage establishes the base policy for generating Markdown representations from docu-
ment images. SFT uses the full data mixture described in the data section. The mixture is built
on real document pages processed by the real-world data pipeline and is complemented by
controlled samples from the synthetic data pipeline. Real data contribute natural layouts, scan
quality variations, document types, and visual noise. Synthetic data increase the coverage of
tables, formula-intensive pages, long Markdown outputs, and other long-tail structures. This
stage therefore provides broad coverage and format consistency for the downstream RL and
OPD stages.

We train both the Qwen3.5-0.8B and Qwen3.5-4B models with full-parameter SFT on the same
document parsing objective. The 0.8B model is trained for two epochs, whereas the 4B model
is trained for 20% of an epoch to reduce the training cost of the larger branch. The 0.8B SFT
checkpoint initializes the deployable student branch, while the 4B SFT checkpoint serves as the
base policy for 4B RL; the resulting 4B RL checkpoint is then used as the OPD teacher. We use a
16K maximum sequence length together with a dynamic image-resolution budget, preserving
fine-grained visual information without forcing all pages into a fixed resolution.

3.3 Reinforcement learning

RL further improves the end-to-end document parsing policy using reward signals on sampled
outputs. Many important parsing errors are structural rather than purely lexical: a table may
contain mostly correct text while having an incorrect cell topology; a formula may look similar
as a string but fail to render or represent a different expression; long pages may suffer from
omissions, repetition, or truncation. These errors are weakly expressed by token-level imitation
loss, but they can be measured through programmatic checks, rendering-based comparison, and
structure-aware parsing.

We use Group Relative Policy Optimization (GRPO) [14] as the main RL algorithm. For each
prompt, we sample multiple responses from the policy and compute group-relative advantages
from verifiable rewards, without training an additional value model. This formulation is
well suited to document parsing, where responses are long, structured, and evaluable by text,
formula, and table analyzers. GRPO trains the model to prefer better candidates among multiple
outputs for the same page, thereby reinforcing generation behaviors that are more complete,
stable, and structurally valid.

3.3.1 On-policy hard case construction

RL data are constructed differently from the broad SFT mixture. The stage primarily uses
samples from the synthetic data pipeline, where ground-truth structures are accurate enough
to support text, formula, and table rewards. A smaller set of high-quality real documents is
retained to preserve natural page distributions and varied visual conditions.

The training set is further shaped through on-policy filtering: we first run the current policy
on candidate pages and score the generated responses with the reward function. Very easy
and extremely hard samples provide little useful learning signal, and reward-flat samples with
little variation across responses are less useful for group-relative learning. Training therefore
emphasizes pages on which the model can occasionally produce responses that are clearly better
than its average behavior.
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3.3.2 Multi-component reward design

The RL reward is designed for complete page outputs and avoids reducing document parsing
quality to a single text-similarity score. The scalar reward is computed from the components
that are actually present in the ground truth: text, tables, and display formulas. Global validity
checks, such as max-length truncation and unparseable structures, are applied as guards that
zero out the affected available components rather than forming an independent reward term.

Table 1 summarizes the component scores used before page-level aggregation. CDM denotes
character detection matching, an image-level metric for formula parsing [15], and TEDS denotes
a tree-edit-distance-based table similarity metric [16]. In the reward, CDM and TEDS are used
as normalized scores in [0, 1].

Table 1: Reward components used in RL.

Component Score Measured aspect

Text 1 - normalized edit distance  Text fidelity

Formula CDM Visual formula matching
Table TEDS Table content and topology

Let C = {text, table, formula}. For a page with prediction y and reference y*, s.(y,y*) € [0, 1]
denotes the page-level score for component type c. The text score is computed after page-level
matching, while formula and table scores are averaged over evaluable ground-truth units after
element matching and normalization. Each component has an availability indicator a.(y*),
which equals one only when the reference contains at least one evaluable unit of that type. The
page reward is then computed by averaging only the components available in the reference:

_ Yeec ac(y®) sc(y,y*)‘

R(y,y*) Yeec c(y*)

3.3.3 Scalable multimodal RL training

Multimodal RL training for document parsing needs to handle long text responses, page-level
image inputs, and rendering-based reward computation. To make the training infra scalable, we
apply the following optimizations.

First, reward computation uses hierarchical parallelism and shortcut paths. After rollout, page
samples are scored by multiple reward workers in parallel. Within each worker, the formula
reward performs matching and normalization first: normalized exact matches are assigned full
credit directly, missing or invalid predictions are assigned zero, and only the remaining cases
enter CDM rendering comparison. CDM computation is executed through a reusable process
pool with per-task timeouts, preventing a small number of problematic formulas from blocking
the worker. The table reward follows the same principle: normalized exact matches bypass
TEDS, while invalid or unparseable tables receive zero. For long pages or abnormal outputs, the
page-level matcher also uses timeout fallback to prevent matching from becoming a tail-latency
bottleneck. Reward profiling is kept in the training loop so that slowdowns can be attributed to
matching, normalization, rendering-based formula rewards, or table-structure scoring.

Second, the multimodal input transfer path is optimized for high-resolution document pages.
Visual preprocessing can produce large page-level tensors, and repeatedly transmitting them
across workers would increase host-side memory pressure and communication volume. Training
therefore uses object-store-backed reference passing: large visual tensors are stored once and
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referenced by lightweight handles together with compact metadata. The policy update and
reference-constraint computation retrieve and assemble the actual visual inputs when needed.
This reduces transfer overhead and prevents high-resolution pages or long batches from moving
the training bottleneck to serialization and data movement.

Third, the actor update is optimized for long responses. We use a common-prefix mask so that
long shared prefixes among multiple rollouts of the same prompt do not dominate the loss,
focusing gradients on tokens after the generation branches diverge. Under the strictly on-policy,
single-epoch update setting, the system also avoids an additional old-policy probability pass.
These optimizations reduce actor-side computation and memory pressure on long page outputs.

3.4 On-policy distillation
3.4.1 Teacher-guided policy transfer

A central challenge is to transfer the reward-aligned parsing behavior learned by the 4B RL
model into a compact 0.8B model suitable for deployment. The 4B branch has greater capacity
and can absorb reward signals more stably, while the compact branch is more sensitive to
high-variance updates on long structured outputs. In our preliminary direct-RL comparison,
applying the same RL stage directly to the compact model showed larger KL drift and less stable
table quality, especially on dense pages and complex layouts.

4B RL — == 0.8BRL
(a) Policy divergence during RL (b) Validation-set table quality
0.6
a v 947
3 A A
O i M
Z 0.4 || B
5 'y L o3
g I G
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Figure 4: Training stability comparison between 4B RL and 0.8B RL. Panel (a) reports actor KL
loss, with faint traces showing raw per-step values and bold curves showing 15-step centered
rolling means. Panel (b) reports table TEDS on the validation set.

As shown in Figure 4, direct 0.8B RL shows higher policy divergence in later training and a
corresponding decrease in table quality compared with the 4B RL model. We therefore use the
RL-enhanced 4B model as the teacher for the 0.8B student.

The student generates complete page outputs under its current policy, and the teacher evaluates
these on-policy trajectories with token-level distribution supervision [17, 18]. The compact
model thus receives the teacher’s parsing preferences for tables, long formulas, and dense
layouts through distribution matching, reducing the need to expose the student to another
high-variance RL stage.

Formally, given a document image and instruction x, the student policy 7y first samples a com-
plete response y = (y1,...,yr). The teacher policy 7y then evaluates conditional probabilities
for candidate tokens under the same concatenated prompt-response context. Since the teacher
and student share the same prefix c; = (x,y<;), the loss does not require length alignment

11
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between teacher and student outputs; supervision is applied directly on states visited by the
current student policy.

The main objective is student top-k reverse KL [19]. At each response position, the support is
determined by the current student distribution: S; = TopK, (714(- | ¢;)). The teacher only needs
to return log probabilities for tokens in S;. The student and teacher distributions are normalized
within this support:

(v | ¢t) (o] )
- ’ to — ’
ZueSt 7'[9(14 | Ct) ZueSt 7-(47(” ’ Ct)

UESt.

t,o

Denote the resulting distributions over S; by pr = (Prv)oes, and §: = (§t.0)ves,. Over the set of
valid response token positions I, the OPD loss is:

Lopp(0) = ﬁ”ZDKL(ﬁf | ge) -

tel

Here I denotes token positions used for distillation, excluding prompt and padding tokens.
The reverse-KL direction Dky (P || §¢) gives the objective a mode-seeking behavior: within the
compared support, it discourages student probability mass on tokens assigned low probability by
the teacher, rather than pushing the student to spread probability over the teacher distribution.

3.4.2 Efficient OPD training

Full-vocabulary distillation is expensive for document parsing because page-level responses are
long. For a response of length T and vocabulary size V, matching teacher and student distribu-
tions at every response position would require T x V log-probability tensors. By restricting the
alignment to the student top-k support S;, the dominant tensor size is reduced from O(TV) to
O(Tk).

Teacher scoring is performed on the student-generated trajectory. After student rollout, we keep
the top-k token IDs at each response position and query the teacher for their log probabilities
under the same prompt-response prefix. The student update uses the same token IDs. During
the student forward pass, only the selected logits required by the OPD loss are gathered, and
chunked projection is used for long responses to reduce peak memory.

3.5 Model fusion

We train several candidate OvisOCR2 variants by varying both the data mixture and the training

configurations. We then apply weighted parameter averaging [20] for model fusion, producing
the final OvisOCR2 model.

4 Evaluation

In this section, we assess the effectiveness of OvisOCR2 by comparing against a wide range of
document parsing models grouped into general VLMs and specialized VLMs. We further divide
specialized VLMs by inference paradigm. The pipeline group includes leading methods such as
PaddleOCR-VL-1.6 [3], GLM-OCR [5], and MinerUz2.5-Pro [6], which combine layout analysis
with region-level parsing. The end-to-end group, including OvisOCR2, outputs the Markdown
representation from the page-level image in a single pass. We conduct the evaluation on two
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Table 2: OmniDocBench v1.6 comparison. Public leaderboard scores are from OpenDataLab [7];
PaddleOCR-VL-1.6, Unlimited-OCR, and HunyuanOCR-1.5 are from their technical reports [3,
9, 8]. RO denotes reading order.

Model type | Method Parameters | Overall? Textt™| Formula®®M{ Table™®P5t TableTEP554 ROF|
InternVL3.5-241B [21] 241B 83.76 0.130 89.95 74.35 79.78 0.215
Kimi K2.5 [22] 1T/32B 84.53 0.107 83.50 80.76 84.00 0.211
General GPT-5.2 [23] - 86.59 0.114 88.21 82.95 87.93 0.193
VLMs Qwen3-VL-235B [24] 235B/22B 89.78 0.063 92.55 83.07 86.75 0.166
Gemini 3 Flash [25] - 92.62 0.066 95.16 89.29 93.51 0.172
Gemini 3 Pro [26] - 9291 0.064 95.99 89.15 92.96 0.165
Ovis2.6-30B-A3B [27] 30B/3B 93.70 0.035 95.17 89.44 92.40 0.135
Dolphin-1.5 [28] 0.3B 86.52 0.094 87.49 81.43 84.82 0.167
MonkeyOCR-pro-3B [29] 3B 88.57 0.074 88.74 84.35 88.62 0.189
Dolphin-v2 [28] 3B 89.50 0.069 91.01 84.40 87.44 0.150
MinerU2.5 [4] 1.2B 93.04 0.045 95.77 87.88 91.47 0.130
Specialized VLMs | Youtu-Parsing [30] 2.5B 93.74 0.044 93.63 92.02 95.00 0.116
(pipeline) PaddleOCR-VL [31] 0.9B 94.18 0.040 95.91 90.65 93.74 0.135
PaddleOCR-VL-1.5 [12] 0.9B 94.93 0.038 96.89 91.67 94.37 0.130
GLM-OCR [5] 0.9B 95.22 0.044 97.18 92.83 95.39 0.133
MinerU2.5-Pro [6] 1.2B 95.75 0.036 97.45 93.42 95.92 0.120
PaddleOCR-VL-1.6 [3] 0.9B 933 0.033 97.49 94.76 97.11 0127
POINTS-Reader [32] 3B 83.37 0.096 85.72 73.98 77.40 0.198
Nanonets-OCR-S [33] 3B 83.61 0.108 81.46 80.18 84.51 0.213
olmOCR [34] 7B 85.74 0.139 88.10 83.00 87.17 0.216
OCRVerse [35] 4B 88.60 0.063 89.61 82.44 86.27 0.163
HunyuanOCR [36] 1B 89.95 0.088 87.68 91.01 93.23 0.171
DeepSeek-OCR-2 [37] 3B/0.5B 90.25 0.050 91.84 83.89 87.75 0.144
. s OpenDoc-0.1B [38] 0.1B 90.67 0.049 93.02 83.88 87.45 0.140
(S;‘:_‘:‘;f:flj)VLMs dots.ocr [39] 3B 9077 0.048 89.95 87.18 90.58 0.138
FireRed-OCR [40] 2B 93.26 0.037 95.44 88.04 91.06 0.131
ABot-OCR [41] 2B 93.30 0.037 94.86 88.69 91.87 0.137
Logics-Parsing-v2 [42] 4B 93.33 0.041 95.65 88.42 91.98 0.137
Qianfan-OCR [43] 4B 93.90 0.040 95.08 90.53 93.31 0.130
Unlimited-OCR [9] 3B/0.5B 93.92 0.042 95.79 90.16 93.32 0.129
HunyuanOCR-1.5 [8] 1B 94.74 0.039 94.50 93.67 94.71 0.129
OvisOCR2 0.8B 96.58 0.025 97.53 94.76 97.16 0.111

public document parsing benchmarks, OmniDocBench v1.6 [1] and PureDocBench [2], as well
as an in-house benchmark focused on complex document scenarios. We also provide qualitative
comparisons in Appendix A.

41 OmniDocBench v1.6

OmniDocBench v1.6 [1] is the most widely adopted public benchmark for page-level document
parsing, covering 1,651 PDF pages across 10 document types, 5 layout types, and 5 language
types. Compared with the earlier v1.5 protocol, v1.6 refines element matching in formula
evaluation and introduces a hard subset of structurally complex pages, yielding more discrimi-
native rankings among strong methods. The benchmark jointly evaluates four dimensions: text
transcription (measured by normalized edit distance), formula recognition (character detection
matching, CDM [15]), table reconstruction (tree-edit similarity, TEDS and TEDS-S [16]), and
reading-order recovery (edit distance over block sequences). The overall score is computed
by averaging the text score converted from normalized edit distance, formula CDM, and table
TEDS.

As shown in Table 2, on OmniDocBench v1.6, OvisOCR2 achieves a state-of-the-art overall
score of 96.58 with a compact 0.8B model. It surpasses leading pipeline methods, including
PaddleOCR-VL-1.6, MinerU2.5-Pro, and GLM-OCR, and improves over the previous best end-
to-end method by 1.84 points. Across metrics, OvisOCR2 reports the lowest text edit distance,
the highest formula CDM score, the tied highest TEDS score, the highest TEDS-S score, and the
lowest reading-order edit distance.
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4.2 PureDocBench

PureDocBench [2] complements OmniDocBench with source-traceable evaluation data: docu-
ment images are rendered from HTML sources, and annotations are produced from the same
source rather than transcribed from rendered images. It evaluates robustness across the Clean
track with rendered pages, the Digital track with degraded images, and the Real track with
physical or screen-mediated recaptures, including phone-captured pages, photocopies, screen
photography, and compressed screenshots, covering 1,475 pages across 10 domains and 66
subcategories, for 4,425 images in total.

Table 3: PureDocBench comparison. The Clean, Digital, and Real columns report per-track
overall scores; Avg3 is their mean. Public scores are transcribed from the PureDocBench main
table [2].

Model type | Method Parameters | Clean? Digitalf Real? Avg3?
MiniCPM-V-4.5 [44] 8B 51.81 49.38 3759  46.26
Step3-VL [45] 10B 53.65 52.74 45.06 50.48
General Kimi K2.6 [22] 1T/32B 72.32 69.95 68.02  70.10
VLMs Gemini-3.1-Pro [46] - 70.04 69.28 7198 70.43
Qwen3.5-9B [11] 9B 73.87 73.34 65.45  70.89
Qwen3.5-122B-A10B [11] 122B/10B 76.14 76.34 69.85 74.11
OpenOCR [47, 38] 0.1B 32.70 30.03 2573 2949
MonkeyOCR-pro-1.2B [29] 1.2B 61.09 55.72 43.82 53.54
MonkeyOCR-pro-3B [29] 3B 62.23 57.40 4649 55.37
Dolphin-v2 [28] 3B 65.90 60.24 4492  57.02
Specialized VLMs | GLM-OCR [5] 0.9B 68.65 63.06 58.31 63.34
(pipeline) PaddleOCR-VL-1.5 [12] 0.9B 73.01 66.73 60.50 66.75
MinerU2.5 [4] 1.2B 74.90 68.92 59.15  67.66
Youtu-Parsing [30] 2B 75.02 69.66 60.29  68.32
MinerU2.5-Pro [6] 1.2B 75.87 71.77 62.56  70.07
DotsMOCR [48] 3B 76.27 73.16 61.73  70.39
OCRFlux-3B [49] 3B 47.14 41.82 3721  42.06
DeepSeek-OCR [50] 3B/0.5B 53.50 46.95 40.48 46.98
UniRec-0.1B [38] 0.1B 58.91 52.42 3444  48.59
DeepSeek-OCR-2 [37] 3B/0.5B 55.53 4941 43.60 4951
Qianfan-OCR [43] 4B 57.22 50.85 45.06 51.04
OpenDoc-0.1B [38] 0.1B 60.28 52.46 44.27  52.00
olmOCR [34] 7B 62.56 57.84 47.30 55.90
Specialized VLMs | Nanonets-OCR2 [51] 3B 64.83 61.23 49.03 58.36
(end-to-end) HunyuanOCR [36] 1B 65.61 61.49 5458  60.56
olmOCR-2-7B [52] 7B 69.36 65.87 56.10 63.78
dots.ocr [39] 3B 72.01 65.95 55.68  64.55
FireRed-OCR [40] 2B 70.81 68.49 5742  65.57
OCRVerse [35] 4B 73.18 71.36 63.66 6940
Logics-Parsing-v2 [42] 4B 76.35 73.85 67.64 7261
FD-RL [53] 4B 78.38 76.33 67.04 7392
OvisOCR2 0.8B 81.55 77.09 66.56  75.06

As shown in Table 3, OvisOCR2 achieves a state-of-the-art Avg3 score of 75.06. It also ranks
first on the clean and digital tracks. On the real track, OvisOCR2 remains below strong general
VLMs such as Gemini-3.1-Pro and Qwen3.5-122B-A10B, suggesting that robustness to degraded
real-world images remains an important direction for future work.

4.3 In-house benchmark

Although existing public benchmarks cover a broad range of document layouts, their data
distributions do not fully reflect the heterogeneity and visual noise of documents encountered in
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Table 4: Results on the in-house benchmark.

Model TextEdt | Formula®®M{  TableTEDPS4  TableTEPS-S4  ROF!|  Overallt
MinerU2.5-Pro [6] 0.1645 34.85 78.20 82.68 0.3351 65.54
PaddleOCR-VL-1.5[12]  0.1325 84.73 73.18 77.84 0.2380 81.55
GLM-OCR [5] 0.1378 84.04 78.12 82.25 0.2393 82.80
PaddleOCR-VL-1.6 [3]  0.1292 85.13 76.42 80.74 0.2358 82.88
OvisOCR2 0.0850 86.32 78.80 82.87 0.1885 85.54

Table 5: Overall performance on the in-house benchmark by difficulty level.

Model Easy? Mediumf Hard?t
MinerU2.5-Pro [6] 66.12 65.37 64.60
PaddleOCR-VL-1.5 [12] 83.23 82.23 71.07
GLM-OCR [5] 84.94 83.31 72.61
PaddleOCR-VL-1.6 [3] 84.98 83.16 75.06
OvisOCR2 87.95 85.82 78.99

Table 6: Results on the handwriting subset of the in-house benchmark.

Model Overallt TextF¥*| Formula®®Mt  TableTEPS+  TableTEDPS-S4+  ROEd|
MinerU2.5-Pro [6] 55.04 0.2903 40.63 53.52 67.21 0.4353
PaddleOCR-VL-1.5 [12] 67.31 0.2257 77.24 47.27 57.74 0.2283
PaddleOCR-VL-1.6 [3] 67.66 0.2148 77.88 46.57 57.39 0.2202
GLM-OCR [5] 69.58 02421 75.63 57.31 65.76 0.2340
OvisOCR2 72.28 0.1561 81.51 50.95 59.84 0.1733

Table 7: Results on the complex-table subset of the in-house benchmark. MR denotes missing
rate, defined as the fraction of tables missing from the parsed output.

Model Overallf TextEdit | TableTEPS4 TableTEDS-54: MR|
PaddleOCR-VL-1.5[12] 70.98 0.2705 69.01 73.24 0.1637
PaddleOCR-VL-1.6 [3] 73.19 0.2760 73.98 7741 0.1593
GLM-OCR [5] 74.08 0.2848 76.63 79.92 0.1726
MinerU2.5-Pro [6] 71.43 0.3407 76.92 79.71 0.1327
OvisOCR2 83.97 0.1040 78.34 81.33 0.0796

real-world workflows. Examples include, among others, domain-specific forms, scanned reports
with seals, printed templates with handwritten annotations, and tables with irregularly merged
cells. To provide a more comprehensive evaluation of OvisOCR2, we construct an in-house
benchmark following the OmniDocBench v1.6 evaluation protocol. The benchmark comprises
more than 1,000 pages spanning a wide range of document types.

During the development of OvisOCR2, we found handwriting and complex tables to be two
challenging document scenarios frequently encountered in real-world workflows. We there-
fore report separate results on handwriting and complex-table subsets in addition to the full
benchmark.

As shown in Table 4, OvisOCR2 achieves the highest overall score on the in-house benchmark
and shows consistently leading performance across text, formula, table, and reading-order
metrics. We further divide the benchmark by parsing difficulty. As shown in Table 5, the
advantage of OvisOCR2 holds across easy, medium, and hard tiers.
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Tables 6 and 7 summarize the handwriting and complex-table results. On handwriting, while
GLM-OCR obtains a higher table TEDS score, OvisOCR2 achieves the highest overall score,
the lowest text edit distance, the highest formula CDM score, and the lowest reading-order
error. On the complex-table subset, OvisOCR2 obtains the highest overall score, the highest
TEDS, and the lowest missing rate. The missing-rate comparison is particularly informative:
pipeline methods miss 13-17% of tables during layout parsing, an error that is irrecoverable by
downstream recognizers.

5 Conclusion

In this report, we present OvisOCR2, a compact 0.8B end-to-end model for page-level docu-
ment parsing. We build a data engine that combines filtered real-document annotations with
source-aligned synthetic pages, and use a training recipe that applies supervised fine-tuning,
reinforcement learning, on-policy distillation, and model fusion. Evaluated on both public and
in-house benchmarks, OvisOCR?2 establishes new state-of-the-art results on OmniDocBench v1.6
and PureDocBench, while also achieving the highest overall score in our in-house comparison.
Future work will focus on improving robustness to degraded real-world images and further
strengthening performance on handwriting-heavy and complex-table documents.
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A Qualitative examples

This appendix presents qualitative comparisons on table and handwritten documents. Red
highlights mark issues such as text insertions, recognition errors, and table-structure errors,
while omitted text is shown in light gray within square brackets.
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Figure A.1: Qualitative comparison on a table document.
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Figure A.1: Qualitative comparison on a table document (continued).
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Figure A.2: Qualitative comparison on a table document (continued).
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Figure A.4: Qualitative comparison on a handwritten document.
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Figure A .4: Qualitative comparison on a handwritten document (continued).
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