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Abstract. Optical character recognition (OCR) is being redefined
by large language models, multimodal large language models, and
document-specialized vision-language models. The field is moving from
text transcription toward auditable, structured, and machine-actionable
document knowledge. This survey reviews recent OCR large models from
the perspectives of data, evaluation, architecture, and deployment. We
organize representative systems into layout-guided pipelines, end-to-end
OCR VLMs, and agentic OCR systems, and discuss high-resolution en-
coding, visual token compression, and verifiable reinforcement learning.
We further summarize data engines, benchmarks, model comparisons,
and open challenges in reliability, structure parsing, multilingual robust-
ness, RAG workflows, privacy, latency, and reproducibility.
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1 Introduction

Optical character recognition (OCR) has traditionally been treated as a per-
ception task: given an image, detect text regions, recognize character sequences,
and return plain text. This view supported applications in scanned-book dig-
itization, invoice processing, and scene-text understanding. Yet current appli-
cations require richer outputs: complex layouts with formulas, tables, figures,
multi-column structures, degraded scripts, and handwriting cannot be captured
by plain text alone.

The rapid progress of large language models (LLMs) and multimodal large
language models (MLLMs) has changed the role of OCR. OCR is now a data
engine for LLM pretraining, retrieval-augmented generation (RAG), document
question answering, information extraction, and document agents. A useful OCR
model must output not only words but also structure, including reading order,
boxes, tables, formulas, JSON, Markdown, HTML, LaTeX, semantic labels, and
evidence regions. The target has shifted from text recognition to reliable docu-
ment knowledge extraction. Recent work extends transformer-based OCR and
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OCR-free document models into OCR-specialized VLMs, compact document
VLMs, hybrid layout-guided parsers, and tool-augmented agents.

At the same time, general-purpose foundation models have become stronger
visual readers, increasingly able to process text-rich images, charts, tables, and
documents. However, they are expensive, difficult to audit, sometimes over-
generate, and may not provide stable region-level evidence, motivating OCR-
specialized large models that are smaller, more controllable, and trained with
document-specific supervision.

This paper surveys recent OCR large models, defined broadly as systems
that apply large-scale language, visual, or vision-language modeling to text-
rich image recognition, document parsing, structured conversion, or grounded
information extraction. This includes end-to-end VLMs, compact OCR VLMs,
hybrid layout-guided systems, and production toolkits.

The contributions of this survey are threefold. First, we place recent OCR
large models in the broader trajectory of OCR, document intelligence, and mul-
timodal foundation models. Second, we organize representative models into three
architectural families: layout-guided pipelines, end-to-end OCR VLMs, and agen-
tic OCR systems, while also discussing common enabling techniques. Third, we
identify open problems and future directions, with emphasis on reliability, mul-
tilinguality, reading order, visual token efficiency, verifiable rewards, and deploy-
ment.

Compared with broader document-intelligence surveys, this work focuses
more specifically on OCR large models and their system-level design.

2 Background

2.1 OCR to Document Intelligence

Classical OCR systems usually decompose recognition into preprocessing, text
detection, orientation correction, line or word recognition, language correction,
and post-processing. Modern deep learning improved these components through
document restoration, arbitrary-shaped text detection, sequence recognition, and
end-to-end text spotting [10,18,84,88,92,44,61,46,33,43,27]. Recent work further
extends OCR toward broader text-centric visual modeling [41,82].

Document intelligence extends OCR beyond character recognition. A docu-
ment image is a visual, spatial, linguistic, and semantic object. The LayoutLM
series [79,78,28] model text tokens with bounding boxes, while later layout-aware
models jointly use layout tokens, visual features, and language features for doc-
ument classification, key information extraction, form understanding, and visual
question answering (VQA) [4,70,49,69,38,47,45]. These models often assume text
has already been recognized, but they establish an important principle: docu-
ment understanding requires the interaction of text, layout, and vision.

OCR-free document models then challenged the need for a separate OCR
engine. Donut treats visual document understanding as image-to-text gener-
ation [31], Pix2Struct uses screenshot parsing pretraining for visual language
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Fig. 1. Evolution of representative OCR, large models and document-intelligence sys-
tems. The figure highlights dominant technical shifts rather than exhaustively listing
all models.

understanding [32], Nougat converts scientific PDFs into markup [6], and Doc-
Pedia extends document understanding with large multimodal modeling in the
frequency domain [17]. These models are direct ancestors of recent OCR large
models because they frame document parsing as structured generation rather
than recognition plus rules.

Recent surveys in document intelligence [30] and document parsing [86] high-
light the convergence of layout analysis, OCR, VLMs, and LLMs. The literature
now increasingly treats document parsing as a systems problem: detect regions,
recognize text, infer structure, recover reading order, validate outputs, and con-
nect results to downstream LLM applications. Figure 1 summarizes this tra-
jectory from transformer-based OCR and layout-aware document modeling to
OCR-free generation, OCR-specialized VLMs, and grounded or agentic docu-
ment systems.

2.2 MLLMs as Document Readers

The emergence of general MLLMs created a new baseline for OCR and document
reading. Early systems such as Flamingo [2], LLaVA [40], GPT-4V [1], Gem-
ini [63], and Qwen-VL [66] demonstrated unified visual perception and language
reasoning. More recent models, including GPT-5.5 [56], Claude Opus 4.7 [3],
Gemini 3.1 Pro [23], InternVL3.5 [72], and Qwen3.5 [60], further advance high-
resolution perception, long-context processing, and visual document understand-
ing.

However, general MLLMs are not always ideal OCR, engines. Their outputs
may be semantically plausible but not faithful at the character level. High-
resolution pages are token-expensive, and document workflows require evidence
such as bounding boxes, confidence, and reproducible reading order. In enterprise
settings, privacy, latency, batch processing, and deterministic formatting are
equally important. These constraints explain why OCR-specialized large models
continue to develop.
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3 Data and Evaluation

3.1 Data Engines

Recent OCR progress relies on large-scale diverse data, while traditional datasets
are often limited by annotation costs [58,9] or homogeneous formats [90,34].
Data engines have therefore become essential. Training data must vary in
language, layout, document type, output format, and supervision granularity.
PaddleOCR-VL covers OCR, table, formula, chart, and multilingual tasks [11],
while PaddleOCR-VL-1.5 expands both data volume and task coverage [12].
HunyuanOCR reports over 200M image-text pairs across diverse scenes and
more than 130 languages [64].

Recent data engines also differ in how supervision is produced. dots.ocr
introduces a teacher-student multilingual data engine, where a strong VLM
creates structure-preserving multilingual seed documents and a student model
scales auto-labeling for pretraining [35]. Dolphin reports more than 30M multi-
granularity document parsing samples [19], MonkeyOCR introduces MonkeyDoc
across multiple document types [37], SmolDocling creates DocTags for page con-
version, charts, tables, formulas, and code [53]|, and PubMed-OCR, contributes
domain-specific OCR annotations for PMC open-access articles [26].

Several data lessons are now clear. Synthetic data is indispensable but must
preserve real layout complexity; multilingual coverage should include different
directionality, connected writing, diacritics, vertical layout, and historical forms;
document-level supervision must include reading order and element relations;
automatic labels from strong models can propagate systematic mistakes; and
evaluation data must be separated carefully from web-scale and synthetic train-
ing sources.

3.2 Benchmarks

Benchmarking OCR large models is difficult because tasks differ. Table 1 summa-
rizes representative benchmarks across text recognition, PDF /document parsing,
key information extraction, and multilingual document understanding.

OCRBench and OCRBench v2 evaluate general OCR, localization, and rea-
soning over text-rich images [42,21], while Union14M focuses on large-scale scene
text recognition with both labeled and unlabeled data [29]. OmniDocBench and
olmOCR-Bench shift the target toward PDF/document parsing and PDF-to-
text extraction, where structural fidelity, reading order, tables, formulas, and
layout-aware conversion become central [57,59].

Multilingual and real-world document benchmarks further expose robustness
gaps. XDocParse, MDPBench, and CC-OCR Bench cover multilingual document
parsing, photographed pages, non-Latin scripts, multi-scene text reading, docu-
ment parsing, and key information extraction [35,36,80]. These benchmarks show
that performance can drop sharply outside high-resource, clean, Latin-script, or
English-centric settings, and that closed models may be more robust under mul-
tilingual and photographic conditions.
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Table 1. Representative OCR and document-understanding benchmarks.

Benchmark Scale Lang. Focus

OCRBench [42] 1K QA Zh-En  General OCR and reasoning

OCRBench v2 [21] 10K public + 1.5K private ~ Zh-En 1ot localization and
reasoning

Unionl4M [29] 4M labeled + 10M unlabeled N/R Scene text recognition

OmniDocBench .

V1.5 [57] 1,355 PDF pages 3 PDF parsing

OmniDocBench - . .

v1.6 [57] 1,651 PDF pages 5 PDF parsing

olmOCR-Bench [59] 1.4K PDFs; 7,010 tests N/R PDF-to-text extraction

XDocParse [35] N/R 126 Multilingual document parsing

MDPBench [36] 3,400 images 17 Multilingual document parsing

CC-OCR Bench [80] 7,058 images; 39 subsets 10 B Wbl B, Glooniment

parsing

Note. Lang. = language coverage; Zh—En = Chinese-English; N/R = not reported; KIE = key
information extraction.

These benchmarks imply that future evaluation should include multiple lay-
ers: recognition fidelity, structural correctness, grounding fidelity, multilingual
robustness, and downstream task utility. A system that wins on one layer may
fail on another.

4 Methods

4.1 Taxonomy

We define an OCR large model as any system that uses large-scale visual, lan-
guage, or multimodal modeling to read, parse, convert, or reason over text-
rich images and documents. This includes OCR-specialized VLMs, layout-guided
parsers, compact document VLMs, and agentic pipelines.

To organize recent work, we group OCR large models into three architectural
families according to their dominant system design. Individual techniques such as
high-resolution encoding, visual token compression, and verifiable reinforcement
learning are treated as cross-cutting mechanisms, because they can be adopted
across different families. The three families are:

1. Layout-guided pipelines. These systems decompose document under-
standing into explicit stages, typically layout detection, region recognition,
reading-order recovery, and structured output formatting. Many recent
systems integrate VLMs into layout-guided pipelines rather than remaining
purely modular. Representative examples include MinerU [68], PaddleOCR
3.0 [13], PaddleOCR-VL [11], GLM-OCR [16], Dolphin [19], and the
two-stage variant of MonkeyOCR [83].

2. End-to-end OCR VLMs. These models map images directly to structured
text, such as Markdown, LaTeX, JSON, or document-specific markup, in a
single model interface. They replace handcrafted pipelines with a joint image-
to-structure generation objective. Representative examples include GOT-
OCR 2.0 [74], HunyuanOCR, dots.ocr, LightOnOCR [62], Ocean-OCR [§],
and DeepSeek-OCR [75].
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3. Agentic OCR systems. These systems equip OCR models with the ability
to call external tools, verify outputs, or selectively parse content conditioned
on a query. They emphasize reliability, controllability, and task-driven execu-
tion. Representative examples include DianJin-OCR-R1 [7], VIDoRAG [71],
Doc-CoB [51], DocVAL [52], and AgenticOCR, [73].

The boundaries are not always sharp. A layout-guided pipeline may adopt an
end-to-end VLM as its recognition module, and an agentic system may orches-
trate both pipelines and end-to-end OCR VLMs. Nevertheless, the taxonomy
helps highlight the dominant design philosophy underlying each system. In the
following, we present each family and then discuss cross-cutting techniques, es-
pecially high-resolution encoding and visual token compression.

4.2 Layout-Guided Pipelines

Multi-stage pipeline design remains important because it offers controllability,
auditability, and compatibility with production workflows. MinerU decomposes
document processing into preprocessing, layout detection, OCR, formula/table
recognition, reading-order recovery, post-processing, and Markdown/JSON
conversion. PaddleOCR 3.0 organizes PP-OCRv5, PP-StructureV3, and PP-
ChatOCRv4 into an industrial toolkit. These systems illustrate that deployment
cost, hardware coverage, latency, privacy, and downstream integration are as
important as raw accuracy.

A newer subtype replaces hand-engineered modules with compact VLMs
while keeping explicit layout analysis. PaddleOCR-VL uses PP-DocLayout and
a 0.9B VLM for local recognition. GLM-OCR adopts a similar two-stage design,
and MinerU2.5 [54] separates global layout analysis from local native-resolution
recognition. Dolphin uses heterogeneous anchor prompting. while MonkeyOCR
v1.5 [83] uses a Structure-Recognition—Relation triplet.

The main advantage of this family is auditability: explicit layout regions
allow evidence alignment, parallel processing, local retry, structured validation,
and straightforward engineering deployment. Its limitation is cascading error: a
missed region, incorrect reading order, or over-segmented block may propagate
downwards. Consequently, recent work focuses on improving layout robustness,
error recovery, and cross-page structural consistency while keeping the pipeline
efficient.

4.3 End-to-End OCR VLMs

End-to-end OCR VLMs formulate document parsing as conditional image-to-
structure generation. Their common premise is to replace explicit module bound-
aries with a unified objective, so that text, layout, formulas, tables, and semantic
relations are learned within the same generative space. GOT-OCR 2.0 broad-
ens this idea into OCR-2.0, where optical symbols include not only text but
also formulas, charts, tables, chemical notations, and other artificial visual sym-
bols. HunyuanOCR, dots.ocr, LightOnOCR, Ocean-OCR, Qianfan-OCR, and
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FireRed-OCR further show how native-resolution encoding, multilingual data
synthesis, instruction tuning, and OCR-specific reinforcement learning can be
integrated into a single VLM framework. DeepSeek-OCR pushes this paradigm
toward visual token efficiency by studying how compressed visual tokens can
recover document content.

The advantage of unified modeling is that layout, text, formulas, tables, and
language priors can be jointly learned rather than optimized as isolated mod-
ules. It also gives a single model a flexible interface for recognition, parsing,
information extraction, and visual question answering. The weakness is genera-
tive fragility: a model may hallucinate missing text, omit small regions, repeat
content, produce invalid markup, or lose exact spatial grounding. For high-stakes
document workflows, this motivates research on grounded outputs, validation,
and hybrid control.

4.4 Agentic OCR Systems

While layout-guided pipelines and end-to-end OCR VLMs focus on producing
document representations, agentic OCR systems make parsing conditional, in-
teractive, and verifiable. They equip OCR models with the ability to call external
tools, validate intermediate outputs, or selectively extract only the information
required by a downstream task.

DianJin-OCR-R1 interleaves reasoning with expert OCR tools. ViDoRAG
uses OCR in iterative retrieval-augmented reasoning. Doc-CoB and DocVAL
study grounded document reasoning and validation, while AgenticOCR performs
query-driven parsing by extracting only task-relevant regions.

A key enabler in this family is verifiable reinforcement learning. Because
OCR outputs can be automatically checked—text by edit distance, boxes by
IoU, LaTeX by parsing or rendering, and tables by structural similarity—rewards
derived from such checks provide strong training signals. HunyuanOCR, GLM-
OCR, and MonkeyOCR v1.5 report OCR-specific reinforcement learning that
uses task-level verifiers to reduce hallucination and improve structural fidelity.
This direction points toward a future where OCR models are not merely fluent
generators but self-correcting, auditable systems.

4.5 Resolution and Token Compression

Beyond the three architectural families, two technical mechanisms have be-
come pervasive across recent OCR large models. The first is adaptive or native-
resolution encoding. Dense documents expose a central tension in VLM de-
sign: small text, formulas, and table borders require high-resolution percep-
tion, yet high-resolution images increase the visual token budget. Models such
as PaddleOCR-VL, HunyuanOCR, dots.ocr, and LightOnOCR, adopt native-
resolution encoders that preserve page fidelity more faithfully than fixed low-
resolution inputs.

The second is visual token compression. DeepSeek-OCR. and its successor
DeepSeek-OCR 2 [76] explicitly study how a small number of compressed visual
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Table 2. Technical comparison of representative OCR large models.

Model Family  Params Key techniques
PaddleOCR 3.0[13] Pipeline <100M* P.P-QCRVS; PP-StructureV3; PP-ChatOCRv4;
distillation
A PP-DocLayoutV2; NaViT encoder; ERNIE-4.5;
PaddleOCR-VL[11] Pipeline 0.9B OTSL/LaTeX
B PP-DocLayoutV3; 0.9B VLM; text spotting;
PaddleOCR-VL-1.5[12] Pipeline 0.9B Markdown /JSON
R PP-DocLayout-V3; region recognition; MTP;
GLM-OCR][16] Pipeline 0.9B SFT/RL
MinerU2.5[54]| Pipeline 1.2B Coarse-to-fine parsing; global layout; local crops
MonkeyOCR|37] Pipeline 3B SRR t.rlplct; structure; recognition; relation
modeling

Two-stage parsing; reading order; local
recognition; VC-RL
1.2B vision encoder; 1.7B decoder;

MonkeyOCR v1.5[83] Pipeline N/R

dots.ocr[35] B2E 298 boxes/classes/text/order

HunyuanOCR|[64] E2E ~1B Native ViT; MLP adapter; lightweight LLM;
RLVR

Qianfan-OCR[15] E2E 4B Layout-as-Thought; image-to-Markdown;
boxes/types/order
DeepEncoder; MoE decoder; token compression;

DeepSeek-OCR|75] E2E 3B MoE OCR-2.0 data

DeepSeck-OCR-2[76] E2RE N/R DeepEncoder V2; visual causal flow; semantic
ordering

FireRed-OCR([77] E2RE 2B Qwen3-VL-2B; geometry—semantic data; SFT;

constrained GRPO

Note. Pipeline = layout-guided pipeline; E2E = end-to-end OCR VLM; MTP = multi-token
prediction; SRR = Structure-Recognition—Relation; VC-RL = visual-consistency reinforcement
learning; GRPO = Group Relative Policy Optimization; N/R = not reported. *PaddleOCR 3.0
reports component models with fewer than 100M parameters rather than a single total parameter
count.

tokens can recover textual context, enabling efficient processing of long or multi-
page documents. The trade-off is information allocation: aggressive compression
can discard rare symbols or thin structural cues. The research frontier is there-
fore moving toward auditable token allocation strategies that preserve evidence
for visually small yet semantically important regions, regardless of whether the
overarching design is layout-guided, end-to-end, or agentic.

4.6 Representative Model Comparison

Table 2 compares representative OCR parsing models from the layout-guided
and end-to-end families. Agentic systems are discussed separately because they
often orchestrate tools and retrievers rather than report a single OCR backbone.

Table 3 summarizes reported OmniDocBench v1.6 results of OCR-specialized
models and several general-purpose closed MLLMs. The OmniDocBench metrics
provide a comparable view of general document parsing performance, whereas
the robustness scores are reported by different sources and should be interpreted
only as supplementary evidence.

Overall, the OmniDocBench v1.6 results suggest that recent OCR large
models have become strong integrated document parsers across text, formu-
las, and tables. OCR-specialized systems such as MinerU2.5-Pro, GLM-OCR,
PaddleOCR-VL-1.5, Qianfan-OCR, and FireRed-OCR achieve strong reported
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Table 3. Reported document parsing results of representative OCR-specialized models
and general-purpose MLLMs on OmniDocBench v1.6.

Model Params Overallt Text]  Formulat Tablef
MinerU2.5-Pro[67] 1.2B 95.75 0.036 97.45 93.42
GLM-OCR][16] 0.9B 95.22 0.044 97.18 92.83
PaddleOCR-VL-1.5[12] 0.9B 94.93 0.038 96.89 91.67
PaddleOCR-VL[11] 0.9B 94.18 0.040 95.91 90.65
Qianfan-OCR|[15] 4B 93.90 0.040 95.08 90.53
FireRed-OCR|[77] 2B 93.26 0.037 95.44 88.04
dots.ocr[35] 3B 90.77 0.048 89.95 87.18
DeepSeek-OCR-2[76] 3B 90.25 0.050 91.84 83.89
HunyuanOCR|64] 1B 89.95 0.088 87.68 91.01
MonkeyOCR-pro-3B|[83] 3B 88.57 0.074 88.74 84.35
Gemini 3 Flash[24] N/R 92.62 0.066 95.16 89.29
Gemini 3 Pro[25] N/R 92.91 0.064 95.99 89.15
InternVL3.5-241B[72] 241B 83.76 0.130 89.95 74.35
GPT-5.2[55] N/R 86.59 0.114 88.21 82.95
Kimi K2.5[65] 1T 84.53 0.107 83.50 80.76
Qwen3-VL-235B|5] 235B 89.78 0.063 92.55 83.07

Note. Overall, Text, Formula, and Table are taken from the OmniDocBench v1.6. Overall =
Overall score; Text = Text Edit Distance; Formula = Formula CDM; Table = Table TEDS. Text
Edit Distance is lower-better, while Overall, Formula, and Table are higher-better.

scores, while general-purpose MLLMs such as Gemini 3 Pro, Gemini 3 Flash,
Qwen3-VL-235B, and GPT-5.2 also show competitive document-reading ability.
However, these numbers should not be interpreted as a strictly fair or definitive
ranking. Even under the same benchmark, final scores can be affected by model
or API versions, prompt templates, image preprocessing, decoding strategies,
output normalization, and the exact evaluation scripts used. For closed or par-
tially released systems, prediction files, prompts, and full evaluation pipelines
may also be unavailable, making exact reproduction and controlled pairwise
comparison difficult.

Therefore, Table 3 is more useful for identifying broad trends. The small
gaps among several leading systems should be interpreted cautiously, especially
when comparing OCR-specialized models with general-purpose MLLMs. Differ-
ent systems optimize for different priorities, including layout-guided controlla-
bility, native-resolution perception, structured Markdown generation, table and
formula fidelity, multilingual coverage, and visual-token efficiency. From this
perspective, the comparison highlights both overall progress and architectural
trade-offs, while also showing that future OCR evaluation should report model
versions, prompts, rendering settings, prediction files, and evaluation pipelines
more transparently.

5 Challenges and Future Directions

5.1 Reliability: Hallucination, Omission, and Grounding

Hallucination is a persistent problem in large vision-language models [39,48],
and generative OCR models are no exception. They may invent plausible words,
normalize rare symbols incorrectly, repeat content, or omit small regions. Fu-
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ture work should attach text and structure to evidence regions, report uncer-
tainty, and refuse ambiguous regions when necessary. Tool-interleaved verifica-
tion, verifiable reinforcement learning, and active refusal benchmarks such as

MathDoc [91] point toward auditable OCR models.

5.2 Structural Parsing: Tables, Formulas, and Reading Order

Complex tables and formulas remain hard because they require geometry, syntax,
semantics, and rendering consistency. Tables may contain merged cells, multi-
level headers, footnotes, rotated text, and cross-page continuations, while for-
mulas need precise localization and valid LaTeX [22,89]. Reading-order errors in
multi-column layouts, captions, and equations also harm RAG chunks and down-
stream extraction. Future work should model document-level structure across
pages, with benchmarks such as MMLongBench-Doc [50] and LongDocURL [14].

5.3 Multilingual and Long-Tail Documents

Although many models report support for over 100 languages, performance re-
mains uneven because English and Chinese dominate public data and bench-
marks. Arabic, Indic, Tibetan, vertical Chinese, historical scripts, classical Chi-
nese [81], and handwriting [87,85] involve different glyph shapes, directions,
degradation, and linguistic priors. Photographed and non-Latin documents still
need script-balanced data, validated synthetic corpora, layout support, and low-
resource benchmarks.

5.4 OCR for RAG, Agents, and Data Production

OCR is becoming infrastructure for RAG, agents, and pretraining data pro-
duction. PDF conversion systems such as olmOCR [59] remain important, but
full-page OCR is not always necessary. For long documents, query-driven agents
can build coarse indexes and then parse only task-relevant regions at higher res-
olution. Future systems may combine coarse indexing with query-conditioned
high-resolution parsing.

5.5 Deployment, Reproducibility, and Benchmark Governance

OCR workloads are often large-scale and privacy-sensitive: enterprises process
millions of pages, mobile apps may require on-device recognition, and archives
may contain confidential records. Compact OCR-specialized models show that
smaller models can be competitive when architecture and data are specialized.
Reproducibility remains uneven because reports may use private data, changing
online model versions, or undisclosed prompts. Future systems should report
latency and memory, support local deployment, and adopt versioned benchmarks
with prompt disclosure.

For practitioners, model choice should consider auditability, privacy, latency,
cost, and structured-output needs, not only leaderboard rank.
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6 Conclusion

OCR large models have transformed OCR from narrow text recognition into a
foundation for structured document intelligence, RAG, data production, doc-
ument agents, and knowledge-base construction. Strong systems increasingly
combine layout control, high-resolution visual encoding, local VLM recognition,
token efficiency, structured output constraints, and verifiable rewards. Future
advances progress will depend less on scale alone and more on grounding, con-
trollable structure, data quality, token efficiency, and evaluation aligned with
real workflows.
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