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Figure 1: Performance on canonical benchmarks and challenging in-the-wild inputs. OCR models perform
well on canonical benchmarks but degrade on challenging real-world inputs, where they no longer consistently
surpass general MLLMs. CL-OCR improves both settings through layout fusion and recognition adaptation.

Abstract

Recent OCR models achieve strong results
on document benchmarks, with several 1–
2B OCR-specialized models surpassing much
larger general multimodal LLMs (MLLMs).
However, complex real-world documents often
contain blur, cropping, curved text, handwrit-
ing, and unfamiliar structures, which remain
challenging for current OCR systems. We trace
this gap to a shift in the error source: errors
on canonical benchmarks mainly arise from
layout analysis, including localization, element
classification, and reading order, while errors
under these challenging conditions mainly arise
from content recognition. To this end, we
propose CL-OCR, a two-stage framework that
first fuses semantic structure from an MLLM-
based detector with geometric candidates from
a vision detector to obtain calibrated layouts,
then enhances recognition via a shared LoRA
adapter gated by a lightweight router. We fur-
ther construct OCRWildBench and a compan-

*Equal contribution.
†Corresponding authors.

ion training split to study these conditions. Ex-
periments show that CL-OCR remains com-
petitive on canonical benchmarks and achieves
the strongest overall performance among OCR-
specialized models on OCRWildBench.

1 Introduction

Optical character recognition (OCR) aims to con-
vert document images into machine-readable text
and structured representations. In document in-
telligence, OCR systems are expected to handle
text, tables, formulas, layout regions, and read-
ing order, producing outputs usable by down-
stream applications. These requirements have mo-
tivated recent OCR-specialized models, includ-
ing MinerU2.5/Pro (Niu et al., 2026; Wang et al.,
2026a), MonkeyOCR (Li et al., 2025), Qianfan-
OCR (Dong et al., 2026), and PaddleOCR-VL (Cui
et al., 2025a). Evaluated on benchmarks such as
OmniDocBench (Ouyang et al., 2025), OCRBench
v2 (Fu et al., 2025), olmOCR-Bench (Poznanski
et al., 2025), and Ocean-OCR Bench (Chen et al.,
2025), these models have shown strong recognition,
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Figure 2: Representative recognition failures on in-the-wild inputs. Six challenging scenarios: (a) handwritten
text, (b) handwritten formulas, (c) dense product tables, (d) non-canonical captures (blur, skew, curvature), (e)
interleaved printed and handwritten text, and (f) medical prescription tables.

layout understanding, structural fidelity, and output
consistency. Notably, several 1–2B parameter mod-
els have been reported to outperform much larger
general MLLMs.

However, strong benchmark performance does
not imply that OCR tasks are fully solved in
practice. Most benchmarks are built from clean,
well-structured documents or augmented samples,
whereas OCRWildBench focuses on non-canonical
captures, handwriting, formulas, mixed printed–
handwritten content, and dense structured tables
(Fig. 2). To quantify this gap, we evaluate OCR-
specialized models under both canonical bench-
marks and challenging in-the-wild settings. Sur-
prisingly, as shown in Fig. 1, these models perform
strongly on benchmarks but degrade substantially
on in-the-wild inputs, where they no longer consis-
tently outperform general MLLMs. These results
indicate that current OCR-specialized models re-
main insufficiently robust to complex, uncontrolled
conditions, and naturally raise the question: what
systematic errors arise on challenging inputs?

In this paper, we systematically analyze the er-
rors underlying this benchmark-to-wild gap. In-
terestingly, we find that the two settings exhibit
distinct error profiles, as demonstrated in Fig. 3.
(1) On canonical benchmarks, errors stem mainly
from layout analysis, including inaccurate local-
ization, incorrect element classification, and dis-
rupted reading order. Once the relevant region is
correctly identified, recognition results are gener-
ally reliable. (2) In contrast, in-the-wild inputs
result in more recognition failures: Models mis-
read complex formulas and handwritten text; make
both content- and structure-level errors in dense
structured documents such as ingredient labels and
medical prescriptions; and hallucinate or produce
garbled outputs when text is truncated, skewed, or
curved. We also observe lower recognition per-
formance when handwritten and printed text are
interleaved on the same page.

Based on the systematic error analysis, we pro-

Figure 3: Dominant failure modes analysis. Canon-
ical benchmarks mainly expose layout errors, while
challenging real-world inputs reveal more recognition
failures.

pose a two-stage framework that improves both lay-
out analysis and content recognition. In the layout
stage, we perform fused layout analysis: semantic
categories and reading order from an MLLM-based
detector serve as a skeleton, which we align with
geometric candidates from a vision-only detector
to obtain tighter boundaries while preserving the
MLLM reading order. In the recognition stage, we
introduce continual recognition adaptation. We
collect and annotate 11,864 crops, use 8,898 ex-
clusively for adapter training, and reserve 2,966
for held-out evaluation. A lightweight router gates
the shared adapter to improve recognition on the
challenging inputs represented in OCRWildBench
while limiting canonical degradation. Following
this continual learning design, we name the frame-
work CL-OCR1. Our contributions are summa-
rized as follows:

• We systematically analyze OCR models on
canonical and in-the-wild settings, showing
that errors on benchmarks mainly stem from
layout analysis, whereas failures on complex
real-world inputs are recognition-related.

• We propose CL-OCR, a two-stage framework
composed of fused layout analysis and contin-

1Project page: https://github.com/zlysm/CL-OCR
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Table 1: Task-level gap between general MLLMs and OCR models. We compare standard recognition, wild
recognition, and layout-sensitive parsing with the same six representative models. All scores are rounded to two
decimals and higher is better. ∆best denotes Best OCR minus Best General.

Task Metric ↑ General MLLMs OCR Models ∆best

OCR–Gen.
Gemini GPT Qwen Best Gen. GLM-OCR MinerU2.5P Paddle-VL1.5 Best OCR

R
ec

og
ni

tio
n Std. Text 95.30 91.20 95.00 95.30 95.50 96.20 96.50 96.50 +1.20

Std. Formula 88.10 90.74 87.93 90.74 93.65 88.59 94.21 94.21 +3.47
Std. Table 87.64 87.26 85.88 87.64 93.89 93.50 92.76 93.89 +6.25

Wild Text 82.52 72.58 77.82 82.52 75.00 71.18 73.58 75.00 -7.52
Wild Formula 78.00 58.20 63.90 78.00 56.90 50.40 65.05 65.05 -12.95
Wild Table 79.93 73.23 77.68 79.93 71.78 73.58 59.73 73.58 -6.35

L
ay

ou
t Overall AVG 90.34 89.74 89.60 90.34 94.35 92.76 94.50 94.50 +4.16

page@F1 83.47 82.88 83.98 83.98 90.56 90.69 90.90 90.90 +6.92
Order Score 94.40 91.90 94.10 94.40 95.30 96.00 95.80 96.00 +1.60

ual recognition adaptation, to improve layout
calibration and recognition without compro-
mising canonical performance.

• We build OCRWildBench and a companion
training split covering diverse challenging
conditions, and show that CL-OCR improves
canonical structural parsing while achieving
the best OCR-model overall performance on
OCRWildBench.

2 Related Work

Pipeline-based document parsing. Traditional
document parsing decomposes the task into text
detection, recognition, layout analysis, and reading-
order recovery. Tesseract (Smith, 2007) is a rep-
resentative OCR engine integrating page segmen-
tation and text recognition. Deep learning based
pipelines implement each stage with a dedicated
network, such as EAST (Zhou et al., 2017) and
DBNet (Liao et al., 2020) for text detection and
CRNN (Shi et al., 2017) for sequence-based recog-
nition. Large-scale layout resources such as Pub-
LayNet (Zhong et al., 2019) and DocLayNet (Pfitz-
mann et al., 2022) further support document layout
analysis across scientific and diverse document do-
mains. Recent works extend to multilingual OCR
and structured document conversion, represented
by PaddleOCR 3.0 (Cui et al., 2025b) and Do-
cling (Livathinos et al., 2025).

Vision-language document parsing. Another
paradigm performs document parsing through
image-to-sequence generation. Donut (Kim et al.,
2022) directly generates structured outputs from
document images, while Nougat (Blecher et al.,
2024) targets markup generation for scientific

documents. OCR-specialized models extend to
full-page recognition, layout-aware parsing, and
structured output generation, with representative
works including GOT-OCR (Wei et al., 2024),
MinerU2.5 (Niu et al., 2026), MonkeyOCR (Li
et al., 2025), and PaddleOCR-VL (Cui et al.,
2025a). Beyond OCR-specialized systems, gen-
eral MLLMs, such as Qwen2.5-VL (Bai et al.,
2025) and InternVL3.5 (Wang et al., 2025), are
increasingly used for document understanding and
scientific-agent workflows (Wang et al., 2026c),
where evaluation must consider response behavior
alongside task correctness (Wang et al., 2026b).
Related work on large reasoning models further
treats factuality alignment as a distinct alignment
objective (Wang et al., 2026d).

OCR benchmarks. Recent OCR evaluation has
expanded from text transcription to document pars-
ing. The ICDAR Robust Reading series laid
the foundation for standardized text detection
and recognition evaluation (Karatzas et al., 2015),
while recent benchmarks such as OCRBench v2
(Fu et al., 2025) and OmniDocBench (Ouyang
et al., 2025) evaluate OCR systems in broader
text-centric and document parsing scenarios (Fu
et al., 2025; Ouyang et al., 2025). Specialized
benchmarks also expose structure-sensitive failure
modes in formulas and tables, including image-to-
LATEX generation, PubTabNet, WTW, and TabRec-
Set (Deng et al., 2017; Zhong et al., 2020; Long
et al., 2021; Yang et al., 2023). Studies on camera-
captured and handwritten documents (Ma et al.,
2018; Marti and Bunke, 2002; Zhu et al., 2019)
show that real-world OCR is strongly affected by
non-canonical inputs, such as geometric distortion,
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visual degradation, and irregular writing styles.

3 Empirical Analysis and Motivation

To characterize the benchmark-to-wild robustness
gap, we construct OCRWildBench, a crop-level di-
agnostic benchmark with a held-out test split of
2,966 samples covering text, formula, and table
recognition under challenging real-world condi-
tions (Fig. 2). A disjoint 8,898-sample training
split from the same benchmark conditions is used
exclusively for recognition adaptation. Following
prior handwriting, formula, and table benchmarks
(Marti and Bunke, 2002; Zhu et al., 2019; Deng
et al., 2017; Zhong et al., 2020; Long et al., 2021),
we compare representative OCR models and gen-
eral MLLMs on OCRWildBench and canonical
benchmarks, yielding two findings in Tab. 1:

• OCR models outperform general MLLMs on
canonical benchmarks, but lose this advantage
on OCRWildBench. Overall, the strongest
baseline OCR model trails the strongest gen-
eral MLLM by 10.0 points (70.9 vs. 80.9;
Tab. 4).

• Errors shift from layout analysis in full-page
documents to content recognition in cropped
regions, where models still misread characters,
formulas, handwriting, and table cells.

These findings suggest that robust real-world
OCR requires improving both page-level layout
analysis and region-level content recognition, with-
out degrading performance on standard regions.
Motivated by the above observation and analysis,
we propose the CL-OCR framework.

4 Method: CL-OCR

Overview and Notation. CL-OCR is a two-stage
framework for robust document parsing, as illus-
trated in Fig. 4. Given a document image I , the
goal is to produce a structured Markdown docu-
ment Ŷ . CL-OCR first performs layout parsing to
obtain a calibrated page layout, and then performs
region-level recognition on the calibrated regions.

A page layout is represented as an ordered se-
quence L = (ℓ1, . . . , ℓN ), where each region
ℓi = (bi, ci, ai) consists of a bounding box bi, an el-
ement category ci, and a content orientation ai. We
use L̂ to denote the calibrated layout parsing result,
including refined region boundaries, categories, ori-
entations, and reading order. For each calibrated

region ℓ̂i ∈ L̂, CL-OCR predicts a region-level
transcription ŷi. The final Markdown output Ŷ is
obtained by serializing these region-level predic-
tions according to the reading order in L̂. The de-
tailed layout calibration and recognition procedures
are described in Sec. 4.1 and Sec. 4.2, respectively.

4.1 Fused Layout Analysis

Complementary layout sources. Let Mθ denote
the frozen MLLM and V denote the visual detector.
CL-OCR uses two complementary layout sources.
The MLLM is prompted with a layout-analysis
prompt πlay, which instructs it to predict layout re-
gions, semantic categories, orientations, and read-
ing order. It produces an ordered layout proposal

Lm = (ℓm1 , . . . , ℓ
m
Nm

) =Mθ(I;πlay), (1)

where the superscript m indicates that the proposal
is generated by the MLLM, and each region is
represented as ℓmi = (bmi , c

m
i , a

m
i ). In parallel,

the visual detector produces unordered geometric
candidates

G = V (I) = {gj}Ng

j=1, gj = (bgj , c
g
j , s

g
j ), (2)

where bgj , cgj , and sgj denote the detector-predicted
box, category, and confidence score, respectively.
The MLLM proposal provides semantic labels,
reading order, and orientation, but its boundaries
may be coarse. The visual detector provides
sharper localization, but its candidates are un-
ordered and may follow a different label space.
To consider both sides of the coin, CL-OCR there-
fore preserves the MLLM semantic order and uses
detector evidence to calibrate geometry.

Compatibility based calibration. The calibrated
layout is obtained by L̂ = R(Lm, G), where R
denotes the layout-fusion function and L̂ is the final
layout parsing result. We first map both sources
into a shared category space C by c̄mi = ψm(cmi )
and c̄gj = ψg(c

g
j ). For an MLLM region ℓmi and a

detector candidate gj , their compatibility score is

κij = λgeo IoM(bmi , b
g
j )+λclsI[c̄

m
i = c̄gj ]+λconfs

g
j ,

where IoM(b, b′) = |b ∩ b′|/min(|b|, |b′|) toler-
ates granularity mismatch between coarse regions
and fine detector boxes. Each detector candidate
is assigned to its most compatible MLLM region
if the score exceeds τmatch. Let Ai = {j : i =
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Figure 4: CL-OCR framework for document parsing in the wild. CL-OCR constructs a calibrated page layout,
selectively adapts recognition for challenging regions, and serializes the recognized outputs into Markdown.

argmaxk κkj , κij > τmatch} be the assigned can-
didates for region ℓmi . The calibrated box is

b̂i =

{
Union{bgj : j ∈ Ai}, |Ai| > 0,

bmi , |Ai| = 0.
(3)

The calibrated region is ℓ̂i = (b̂i, c̄
m
i , a

m
i ). Un-

matched detector candidates with confidence above
τres are inserted into the nearest local reading
position by row-aware geometric sorting. This
yields the final calibrated layout L̂ = (ℓ̂1, . . . , ℓ̂|L̂|),
which preserves the MLLM order while improving
region boundaries.

4.2 Continual Recognition Adaptation
After layout calibration, CL-OCR recognizes each
calibrated region independently. For each region
ℓ̂i ∈ L̂, we crop and rectify the corresponding
image region x̃i = NI(ℓ̂i), where NI(·) denotes
region cropping and orientation normalization. The
goal of recognition is to predict the region-level
transcription ŷi from the normalized crop x̃i.

Low-rank continual learning. To improve
recognition on challenging real-world crops with-
out training scenario-specific models, we use a
single LoRA adapter shared across all challeng-
ing cases. For a LoRA-equipped linear layer with
frozen weight Wℓ, the adapted weight is

W ′
ℓ =Wℓ +

αℓ

r
BℓAℓ, (4)

where Aℓ ∈ Rr×din , Bℓ ∈ Rdout×r, and r ≪
min(din, dout). The base MLLM is frozen, and

Algorithm 1 CL-OCR
1: Input: Document image I; frozen MLLM Mθ; visual

detector V ; trained adapter ∆θ and router qϕ
2: Output: Markdown document Ŷ
3: # Fused layout analysis
4: Lm = (ℓm1 , . . . , ℓmNm

)←Mθ(I;πlay)

5: G = {gj}Ng

j=1 ← V (I)

6: κij ← λgeo IoM(bmi , bgj ) + λclsI[c̄mi = c̄gj ] + λconfs
g
j

7: Ai ← {j | i = argmax
k

κkj , κij > τmatch}
8: if |Ai| > 0 then
9: b̂i ← Union{bgj : j ∈ Ai}

10: else
11: b̂i ← bmi
12: end if
13: L̂← {(b̂i, c̄mi , am

i )}Nm
i=1

14: # Router-gated recognition
15: for ℓ̂i ∈ L̂ do
16: x̃i ← NI(ℓ̂i)
17: γi ← I[qϕ(x̃i) > τ ]
18: ŷi ←Mθ, γi(∆θ)(x̃i;πrec)
19: end for
20: Ŷ ← Serialize({ŷi}, L̂)
21: return Ŷ

only the adapter parameters ∆θ = {Aℓ, Bℓ}ℓ are
updated. Given the challenging training set Dtrain

wild ,
the adapter is optimized by

Lrec = −
∑

(x̃,y)∈Dtrain
wild

log pθ,∆θ(y | x̃, πrec), (5)

where πrec denotes the recognition prompt.

Router-gated activation. The above continual
adaptation can effectively improve the recognition
performance on in-the-wild inputs. However, an
always-on adapter may alter the behavior of the
base recognizer on standard documents. CL-OCR
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therefore uses a router qϕ(x̃) = σ(hϕ(fθ(x̃))),
where fθ is a frozen crop feature and hϕ is a
small MLP. The router is trained with binary cross-
entropy loss (BCE), where z = 1 for challenging
crops and z = 0 for standard crops:

Lroute =
∑

(x̃,z)

BCE
(
qϕ(x̃), z

)
. (6)

At inference time, the router determines whether
to activate the shared adapter for each crop: γi =
I[qϕ(x̃i) > τ ], where γi ∈ {0, 1} is the router
decision. The recognized content of region ℓ̂i is
then predicted by

ŷi =Mθ, γi(∆θ)

(
x̃i;πrec

)
, (7)

where Mθ, γi(∆θ) denotes the frozen MLLM with
the shared adapter conditionally activated. Thus,
standard crops follow the frozen base path with
γi = 0, while challenging crops activate the
adapted path with γi = 1.

4.3 Training and Inference
CL-OCR keeps both the MLLM and the visual de-
tector frozen. The layout stage is a deterministic
fusion procedure over the MLLM layout proposal
and detector candidates, and introduces no train-
able parameters. Training updates only the adapter
∆θ and router ϕ with

L = Lrec + µLroute. (8)

During inference, CL-OCR first applies fused lay-
out analysis to produce the calibrated layout L̂.
It then crops and normalizes each calibrated re-
gion, applies router-gated recognition to obtain

{ŷi}|L̂|i=1, and serializes the region-level predic-
tions according to the calibrated reading order:

Ŷ = Serialize
(
{ŷi}|L̂|i=1, L̂

)
.

5 Experiments

Evaluation setup. Full-page parsing is evaluated
primarily on OmniDocBench v1.5 (Ouyang et al.,
2025), with Ocean-OCR (Chen et al., 2025) and
olmOCR-Bench (Poznanski et al., 2025). Recog-
nition is evaluated on OCRWildBench, whose sub-
sets correspond to the challenging conditions in
Fig. 2. We compare CL-OCR with recent gen-
eral MLLMs and OCR models, including the GPT,
Gemini, Qwen, MinerU, PaddleOCR-VL, GLM-
OCR, MonkeyOCR, Qianfan-OCR, and FireRed-
OCR families.

Implementation details. CL-OCR instantiates
the MLLM parser with MinerU2.5 Pro (Wang
et al., 2026a) and the visual detector with PP-
DocLayoutV3. Unless otherwise specified, layout
fusion uses (λgeo, λcls, λconf) = (0.80, 0.15, 0.05),
τmatch = 0.7, and τres = 0.3; Table 7 exam-
ines their sensitivity. The adapter is a language-
model LoRA (Hu et al., 2022) with rank r = 64
and scaling factor α = 128, while the router is
a two-layer MLP. Both modules are trained for
3 epochs on 4 NVIDIA A100 80GB GPUs with
AdamW (Loshchilov and Hutter, 2019), a batch
size of 64, and gradient clipping at norm 1.0. The
learning rate is set to 5× 10−4 with a 0.03 warmup
ratio and cosine decay. Further details are provided
in Appendix A.3.

5.1 Main Results

Comparison results on OmniDocBench. Ta-
ble 2 shows that CL-OCR remains highly com-
petitive in canonical full-page parsing. It achieves
an Overall AVG of 94.30, only slightly below the
best result, while attaining the best Table TEDS-
S score. Its strongest results are concentrated in
formula parsing and strict table structure, where
boundary accuracy is particularly important. This
suggests that layout fusion leverages the visual de-
tector’s more accurate geometric boundaries while
preserving the MLLM parser’s semantic-category
and reading-order modeling. On standard docu-
ments, CL-OCR benefits mainly from better layout
calibration, consistent with the OP-LER ablation
results in Section. 5.2, which improve structural
parsing without introducing reading-order drift.

Comparison on additional benchmarks. Ta-
ble 3 further evaluates CL-OCR beyond Om-
niDocBench. CL-OCR achieves the numerically
best Overall score on olmOCR-Bench and per-
forms strongly on structure-heavy subsets, includ-
ing ArXiv, old scanned math, and tables. These
cases depend jointly on accurate region boundaries,
formula recognition, and reading order, indicat-
ing that layout calibration of CL-OCR improves
full-page structural parsing rather than a single
local metric. Results on Ocean-OCR show the
same trend: CL-OCR obtains lower Edit and higher
F1, BLEU, and METEOR on average across Chi-
nese and English documents, showing improved
text fidelity and structural consistency beyond
OmniDocBench-specific layout metrics.
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Table 2: Document parsing performance comparison on OmniDocBench v1.5. CL-OCR achieves competitive
overall performance while substantially improving strict table structure.

Model Type Methods Param Overall↑ TextEdit↓ FormulaCDM↑ TableTEDS↑ TableTEDS-S↑ Read OrderEdit↓

General
MLLMs

Gemini-3.1-Pro – 90.34 0.047 88.10 87.64 92.54 0.056
GPT-5.4 – 89.74 0.088 90.74 87.26 91.87 0.081
Qwen3-VL 235B 89.60 0.050 87.93 85.88 89.97 0.059
Ovis2.6-30B-A3B 30B 92.36 0.037 90.32 90.46 94.00 0.046

OCR
Models

HunyuanOCR 1B 90.57 0.085 86.01 94.19 95.96 0.082
MinerU2.5 1.2B 90.93 0.045 88.86 88.44 92.42 0.044
FireRed-OCR 2B 92.07 0.035 90.98 88.72 92.38 0.041
Logics-Parsing-v2 4B 92.56 0.043 91.41 90.54 93.85 0.044
PaddleOCR-VL 0.9B 92.86 0.035 91.22 90.89 94.76 0.043
MinerU2.5 Pro 1.2B 92.76 0.038 88.59 93.50 96.46 0.040
Youtu-Parsing 2.5B 93.37 0.042 91.22 93.10 96.47 0.026
GLM-OCR 0.9B 94.35 0.045 93.65 93.89 96.50 0.047
PaddleOCR-VL-1.5 0.9B 94.50 0.035 94.21 92.76 95.79 0.042
CL-OCR 1.3B 94.30 0.035 92.69 93.70 97.05 0.040

Table 3: Additional document benchmarks. (a) Se-
lected olmOCR-Bench scenarios. (b) Ocean-OCR re-
sults averaged over English and Chinese documents.

(a) olmOCR-Bench

Method ArXiv Old
math Tables Old

scans Overall

Mistral OCR 77.2 67.5 60.6 29.3 72.0± 1.1
PaddleOCR-VL* 85.7 71.0 84.1 37.8 80.0± 1.0
Infinity-Parser* 84.4 83.8 85.0 47.9 82.5± 0.8
Chandra OCR* 82.2 80.3 88.0 50.4 83.1± 0.9
olmOCR 83.0 82.3 84.9 47.7 82.4± 1.1

CL-OCR 88.9 84.9 89.6 38.3 83.4± 0.9

(b) Ocean-OCR document subset

Method Edit ↓ F1 ↑ BLEU ↑ METEOR ↑
Mathpix 0.144 0.925 0.747 0.846
Qwen2.5-VL 0.117 0.932 0.839 0.900
Ocean-OCR 0.060 0.950 0.909 0.931
MinerU2.5 0.058 0.955 0.863 0.919

CL-OCR 0.030 0.960 0.915 0.957

Comparison results on OCRWildBench. Ta-
ble 4 compares region-level recognition on OCR-
WildBench. Since inputs are cropped and normal-
ized, layout and reading-order errors are largely
excluded. CL-OCR achieves the best Overall score
among OCR models and approaches the strongest
general MLLM, showing that recognition adap-
tation improves robustness under the benchmark
conditions. The largest improvements appear on
dense wild tables and formula serialization, with
additional gains on non-canonical text; handwrit-
ing remains only partially improved and still lags
behind the strongest general MLLMs. CL-OCR
is not best on all subsets, especially mixed exams
and professional tables, which remain challenging.

OmniDocBench
target: Base

OCRWildBench
target: LoRA

correct route routing error

FP 1.92%

FN 9.20%

0 25 50 75 100
routed samples (%)

Figure 5: Routing accuracy. The router assigns pages
to the base recognizer and wild crops to the adapter.

These results indicate that the dominant bottleneck
shifts from page layout to region-level recognition
under such conditions, making selective adaptation
critical.

5.2 Ablation Analysis

Effectiveness of router-gated adaptation. Ta-
bles 6 and 5 show that recognition adaptation must
be conditionally activated. Always-on LoRA (A-
LoRA) yields the largest OCRWildBench gain but
drops canonical Overall AVG from 94.33 to 93.24,
as wild-tuned parameters shift the output distribu-
tion on standard regions. Router-gated R-LoRA
cuts this drop to 0.03 points while retaining 95.7%
of the wild-recognition gain, confirming that LoRA
works best as a conditional expert rather than a
global replacement.

Effectiveness of layout fusion. Table 6 com-
pares different uses of detector evidence. Re-
placing the MLLM layout with the detector im-
proves localization-sensitive metrics (Formula
CDM 92.13) but degrades Text and Read Order
Edit (0.059, 0.079), as a vision-only detector cap-
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Table 4: Recognition performance comparison on OCRWildBench. Scores are grouped by subset for text,
formula, and table recognition. The best and second-best results are highlighted within each model group separately.

Method NSDS SCUT-EPT LatexOCR Mixed Exam WTW Prof. Tables Overall↑
cNED B4 cNED B4 CDM B4 cNED B4 TEDS Cell TEDS Cell

General MLLMs
Gemini-3.1-Flash 89.3 85.9 71.5 56.1 87.8 68.2 97.1 95.2 68.2 87.8 75.3 88.4 80.9
GPT-5.5 81.4 76.0 59.7 37.9 72.7 43.7 92.1 88.4 60.5 82.1 68.9 81.4 70.4
GLM-5V-Turbo 80.2 76.5 61.9 41.2 79.8 47.6 93.2 88.0 62.0 78.3 74.5 86.2 72.5
Kimi K2.6 89.0 84.5 82.9 66.4 86.2 47.2 97.7 93.7 64.1 82.2 73.1 86.7 79.5
Qwen3-VL 85.6 81.3 81.6 69.3 82.2 45.6 78.0 71.1 62.7 86.8 74.1 87.1 75.5

OCR Models
dots.mocr 77.0 73.3 69.4 50.3 78.4 48.2 90.4 83.0 40.8 55.6 60.9 72.3 66.6
FireRed-OCR 70.2 63.2 54.9 42.2 70.5 43.7 85.5 75.5 44.2 51.7 66.1 80.2 62.3
GLM-OCR 81.7 75.8 65.5 48.2 72.9 40.9 91.3 87.5 54.8 70.0 75.2 87.1 70.9
MinerU2.5 Pro 71.4 66.8 66.9 46.1 63.1 37.7 91.1 84.8 63.4 78.4 71.2 81.3 68.5
MonkeyOCR-Pro 82.0 76.2 66.9 48.8 67.7 31.9 83.7 77.9 55.0 71.5 65.5 79.5 67.2
PaddleOCR-VL-1.5 76.7 70.3 73.0 56.4 82.3 47.8 84.0 81.1 40.6 74.5 57.2 66.6 67.5
Qianfan-OCR 81.1 76.2 49.3 37.0 80.3 48.3 94.3 91.6 55.3 67.7 72.5 85.9 70.0
CL-OCR 88.8 84.8 74.1 55.5 84.1 62.6 92.6 87.9 82.2 89.4 74.7 84.4 80.1

Table 5: Recognition routing trade-off. The table sep-
arates canonical-page degradation from retained wild-
crop improvement.

Methods Router Canonical page Wild crop

OmniDoc
AVG ↑

Drop
↓

Overall
↑

Gain
↑

Gain
retained ↑

Base – 94.33 – 68.51 – –
A-LoRA × 93.24 1.09 80.61 +12.10 100.0%
R-LoRA ✓ 94.30 0.03 80.09 +11.58 95.7%

tures local boxes but not semantic categories or
page-level order. OP-LER instead keeps the seman-
tic and ordering predictions of MLLM and uses the
detector only to calibrate boundaries, raising Over-
all AVG from 92.76 to 94.33 and Formula CDM
by 4.15 points while leaving Read Order Edit un-
changed. The gain of layout fusion thus comes
from correcting boundary errors, rather than from
reconstructing page structure with the detector.

Sensitivity to fusion parameters. Table 7 shows
that the fusion procedure is stable over practical
settings. Across the tested thresholds, Read Order
Edit ranges from 0.037 to 0.039 and Overall from
94.337 to 94.388, with a maximum absolute devia-
tion of 0.051 from the default Overall. Weight con-
figurations that retain substantial geometry show
similarly stable Read Order Edit (0.037–0.039)
and Overall (94.337–94.513). In contrast, small
or zero geometry weights increase Read Order Edit
to 0.070–0.324 even when Overall remains high,
indicating that Overall alone is insufficient for pa-
rameter selection. We therefore retain the default

Layout analysis

Page

Detector
76.92 ms

MLLM
386.88 ms

Fusion
1.52 ms

Layout
result

Recognition

Blocks Router
39.47 ms

MLLM recog.
115.09 ms Text

crop

×N blocks

Figure 6: Latency timeline of CL-OCR. Layout analy-
sis runs in parallel before routed block-level recognition.

configuration.

Routing accuracy and cost. Figures 5 and 6 ex-
plain why R-LoRA preserves canonical stability
with minimal overhead. The router sends 98.08%
of OmniDocBench regions to the base recognizer
and 90.80% of OCRWildBench samples to the
LoRA path, avoiding over-correction while still
adapting hard inputs. The added cost is limited,
layout fusion takes only 1.52 ms, the detector runs
in parallel with the MLLM layout call, and the
router is faster than a single region-level recogni-
tion step. Overhead of CL-OCR thus stems from
the lightweight router rather than layout fusion.
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Table 6: Component ablation on OmniDocBench v1.5. Each row isolates one component: layout fusion (OP-LER)
or recognition adaptation (A-/R-LoRA), with oracle GT layout as the upper bound.

Variant Layout construction Recognition Overall Text Formula Table Read Order

MLLM
proposal

Detector
candidate

Order
preserved AVG ↑ Edit ↓ CDM ↑ TEDS ↑ TEDS-S ↑ Edit ↓

Oracle GT layout† – – – Base MLLM 95.39 0.020 93.73 94.45 97.59 0.005

Baseline ✓ – ✓ Base MLLM 92.76 0.038 88.59 93.50 96.46 0.040
Detector – ✓ – Base MLLM 93.14 0.059 92.13 93.22 96.60 0.079
OP-LER only ✓ ✓ ✓ Base MLLM 94.33 0.035 92.74 93.75 97.12 0.040
OP-LER + A-LoRA ✓ ✓ ✓ A-LoRA 93.24 0.038 90.37 93.15 96.35 0.040
CL-OCR ✓ ✓ ✓ R-LoRA 94.30 0.035 92.69 93.70 97.05 0.040

∆ OP-LER vs. baseline (pos. means better) +1.57 +0.003 +4.15 +0.25 +0.66 0.000
∆ A-LoRA vs. OP-LER (neg. means worse) -1.09 -0.003 -2.37 -0.60 -0.77 0.000

Table 7: Layout-fusion sensitivity on OmniDocBench
v1.5. Parameters are varied without retraining.

(a) Thresholds

Setting τmatch τ res RO Edit ↓ Overall ↑

Default 0.7 0.3 0.038 94.337
Match low 0.6 0.3 0.039 94.354
Match high 0.8 0.3 0.038 94.388
Residual low 0.7 0.0 0.037 94.383
Residual high 0.7 0.6 0.038 94.365

(b) Compatibility weights

Setting λg λc λs Mix RO Edit ↓ Overall ↑

Default 0.80 0.15 0.05 0.038 94.337
Class-heavy 0.65 0.30 0.05 0.039 94.474
Conf.-heavy 0.65 0.10 0.25 0.037 94.410
Geo-only 1.00 0.00 0.00 0.037 94.367
Class-only 0.00 1.00 0.00 0.315 94.410
Conf.-only 0.00 0.00 1.00 0.324 94.870
Equal weights 0.33 0.33 0.33 0.039 94.513
Low-geo 0.05 0.48 0.48 0.070 94.038
No-geo 0.00 0.50 0.50 0.316 94.446

Note. Panel (a) fixes weights and panel (b) thresholds at default. The bars
encode g/c/s left-to-right (blue/purple/gold), with gray denoting the remain-
der to 1; values are rounded to two decimals. Overall excludes RO Edit; the
maximum region-count change is 0.45%.

6 Conclusion

This paper presents CL-OCR, a two-stage frame-
work for document parsing in the wild. We find
that canonical benchmarks primarily expose lay-
out errors, whereas challenging real-world inputs
more often expose recognition failures. CL-OCR
therefore fuses semantic order from an MLLM with
geometric boundaries from a vision detector and
selectively activates a recognition adapter. Experi-
ments demonstrate competitive canonical parsing
and strong recognition performance on OCRWild-
Bench. Together, these results show that selective
adaptation can improve recognition under challeng-
ing conditions while largely preserving canonical

performance. Future work will examine broader
generalization and multi-stage continual learning.

Limitations

CL-OCR improves robustness by targeting failure
modes that are common but not exhaustive. Its
gains depend on the coverage of OCRWildBench
and on the reliability of the upstream layout pro-
posal, detector candidates, and router decisions;
when a document falls outside these assumptions,
such as heavily degraded scans, rare scripts, unfa-
miliar handwriting styles, or domain-specific table
conventions, errors may still propagate through the
pipeline. More broadly, our results show that selec-
tive layout calibration and recognition adaptation
can close part of the benchmark-to-wild gap, but
they should not be interpreted as evidence of fully
open-domain OCR generalization.
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Table 8: Full results on olmOCR-Bench. CL-OCR improves the overall score and performs best on structure-
sensitive scenarios including ArXiv, old scanned math, and tables.

Method Scenario score ↑ Overall ↑
ArXiv Old scans

math Tables Old
scans

Headers
& footers

Multi
column

Long
tiny text Base

Mistral OCR API 77.2 67.5 60.6 29.3 93.6 71.3 77.1 99.4 72.0±1.1
Marker 1.10.1 83.8 66.8 72.9 33.5 86.6 80.0 85.7 99.3 76.1±1.1
MinerU 2.5.4* 76.6 54.6 84.9 33.7 96.6 78.2 83.5 93.7 75.2±1.1
DeepSeek-OCR 77.2 73.6 80.2 33.3 96.1 66.4 79.4 99.8 75.7±1.0
Nanonets-OCR2-3B 75.4 46.1 86.8 40.9 32.1 81.9 93.0 99.6 69.5±1.1
PaddleOCR-VL* 85.7 71.0 84.1 37.8 97.0 79.9 85.7 98.5 80.0±1.0
Infinity-Parser 7B* 84.4 83.8 85.0 47.9 88.7 84.2 86.4 99.8 82.5±0.8
Chandra OCR 0.1.0* 82.2 80.3 88.0 50.4 90.8 81.2 92.3 99.9 83.1±0.9
olmOCR v0.4.0 83.0 82.3 84.9 47.7 96.1 83.7 81.9 99.7 82.4±1.1

CL-OCR 88.9 84.9 89.6 38.3 96.4 82.2 87.1 99.7 83.4±0.9

A Additional Results and Experimental
Details

A.1 Additional Benchmark Results

Comparison results on olmOCR-Bench. Ta-
ble 8 reports the full olmOCR-Bench results. CL-
OCR achieves the best Overall score and ranks first
on ArXiv, old scanned math, and tables. These
results show that layout fusion improves structure-
sensitive full-page parsing across different docu-
ment scenarios. CL-OCR is weaker on old scans,
suggesting that heavily degraded pages still require
stronger degradation-aware recognition.

Comparison results on Ocean-OCR. Table 9
reports English and Chinese results separately. CL-
OCR obtains the lowest Edit distance in both lan-
guages and the best F1, BLEU, and METEOR
in most settings. The gain is especially clear
on Chinese documents, where Edit distance is
reduced from 0.062 to 0.038. These results
show that CL-OCR improves text fidelity beyond
OmniDocBench-specific layout metrics.

A.2 Evaluation Metrics

We use task-specific metrics for layout, text, for-
mula, and table outputs. Unless otherwise stated,
higher scores indicate better performance. For Om-
niDocBench, Overall is the arithmetic mean of
(1 − Text Edit) × 100, Formula CDM, and Ta-
ble TEDS. Read Order Edit is reported separately
and is not included in Overall.

Layout metrics. For category c, let Gc(x) and
Pc(x) denote the rasterized ground-truth and pre-
dicted coverage maps, and let M(x) be the fore-

ground mask. The evaluated foreground support
is

Ωc =
{
x |
(
Gc(x) > 0 ∨ Pc(x) > 0

)

∧M(x) = 1
}
.

(9)

The matched, predicted, and ground-truth masses
are

Ic =
∑

x∈Ωc

min(Gc(x), Pc(x)) ,

AP
c =

∑

x∈Ωc

Pc(x),

AG
c =

∑

x∈Ωc

Gc(x).

(10)

The page-level precision, recall, and F1 are

page@Pc =
Ic
AP

c

,

page@Rc =
Ic
AG

c

,

page@F1c =
2page@Pc page@Rc

page@Pc + page@Rc

.

(11)

BLEU-4. Given the normalized reference se-
quence r and prediction sequence h, BLEU-4 is
computed as

BLEU4 = BP · exp
(
1

4

4∑

n=1

log pn

)
, (12)

where pn is the modified n-gram precision and BP
is the brevity penalty. Sentence-level smoothing is
applied.
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Table 9: Bilingual document results on Ocean-OCR. English and Chinese results are reported separately to
evaluate cross-language text fidelity.

Model Edit ↓ F1 ↑ Precision ↑ Recall ↑ BLEU ↑ METEOR ↑

en zh en zh en zh en zh en zh en zh

Document OCR systems
Mathpix 0.064 0.223 0.930 0.919 0.950 0.952 0.911 0.889 0.901 0.593 0.924 0.768
PP-StructureV3 0.068 0.210 0.871 0.929 0.856 0.924 0.892 0.935 0.796 0.570 0.902 0.802
MinerU2-pipeline 0.099 0.225 0.663 0.919 0.635 0.908 0.703 0.934 0.504 0.571 0.670 0.810
PaddleOCR 0.323 0.649 0.707 0.864 0.690 0.912 0.730 0.821 0.517 0.537 0.674 0.699

General MLLMs
Gemini-2.5 Pro 0.080 0.204 0.922 0.927 0.940 0.959 0.906 0.898 0.877 0.690 0.921 0.862
GPT-4o 0.085 0.450 0.919 0.686 0.929 0.694 0.910 0.703 0.870 0.354 0.922 0.495
Qwen2.5-VL-72B 0.093 0.140 0.923 0.940 0.936 0.956 0.912 0.926 0.879 0.798 0.924 0.876
InternVL3-76B 0.125 0.282 0.828 0.871 0.842 0.889 0.817 0.856 0.728 0.527 0.829 0.759
Qwen2-VL-7B 0.165 0.270 0.849 0.883 0.834 0.847 0.873 0.942 0.795 0.578 0.859 0.763
MiniCPM-V2.6-8B 0.244 0.437 0.804 0.778 0.793 0.721 0.837 0.875 0.695 0.431 0.640 0.642

Specialized OCR/VLMs
MinerU2-VLM 0.048 0.182 0.936 0.941 0.926 0.927 0.947 0.958 0.893 0.611 0.950 0.837
Ocean-OCR 0.057 0.062 0.937 0.962 0.932 0.956 0.956 0.974 0.906 0.912 0.945 0.916
MonkeyOCR Pro 0.064 0.190 0.929 0.934 0.918 0.925 0.944 0.948 0.884 0.699 0.941 0.850
SmolDocling 0.080 0.878 0.899 0.157 0.895 0.140 0.912 0.268 0.839 0.048 0.907 0.151
dots.ocr 0.083 0.179 0.904 0.931 0.920 0.951 0.890 0.913 0.849 0.639 0.911 0.842
GOT 0.084 0.117 0.895 0.928 0.891 0.934 0.906 0.929 0.835 0.805 0.874 0.848
MinerU2.5 0.033 0.082 0.945 0.965 0.948 0.966 0.942 0.964 0.909 0.817 0.950 0.887

CL-OCR 0.021 0.038 0.951 0.968 0.951 0.966 0.955 0.970 0.918 0.912 0.963 0.950

charNED. Let ϕ(·) denote text normalization, in-
cluding Unicode NFKC normalization and filtering
to Chinese characters, English letters, digits, and
common punctuation. Character-level normalized
edit-distance similarity is

charNED(y, ŷ) = 1− ED
(
ϕ(y), ϕ(ŷ)

)

max
(
1, |ϕ(y)|, |ϕ(ŷ)|

) ,
(13)

where ED(·, ·) is the Levenshtein edit distance.

CDM. For formula recognition, the reference and
predicted LATEX strings are normalized and ren-
dered into images. Let G and P denote the rendered
character sets of the reference and prediction, and
let M denote the matched character pairs. CDM is
defined as

PCDM =
|M|
|P| ,

RCDM =
|M|
|G| ,

CDM =
2PCDMRCDM

PCDM +RCDM
.

(14)

Predictions that cannot be rendered are assigned
a score of 0, and samples with unrenderable refer-
ences are excluded.

TEDS. For table recognition, the prediction and
reference are normalized as HTML and parsed into
ordered trees Tŷ and Ty. Tree-Edit-Distance-based
Similarity is

TEDS(y, ŷ) = 1− TED(Ty, Tŷ)

max
(
1, |Ty|, |Tŷ|

) , (15)

where TED(·, ·) denotes tree edit distance.

CellNED. CellNED evaluates table cell text in-
dependently of the HTML tree. After table nor-
malization, cell texts are extracted in row-major
order:

Cy = (c1, . . . , cm), Cŷ = (ĉ1, . . . , ĉn).
(16)

The normalized concatenated cell strings are

C̄y = ϕ(c1∥ · · · ∥cm),

C̄ŷ = ϕ(ĉ1∥ · · · ∥ĉn).
(17)

CellNED is defined as

CellNED(y, ŷ) = 1− ED(C̄y, C̄ŷ)

max
(
1, |C̄y|, |C̄ŷ|

) . (18)

A.3 Implementation Details
CL-OCR keeps the base MLLM parser and the
visual detector frozen during both training and in-
ference. Only the shared LoRA adapter and the
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Table 10: Training hyperparameters of CL-OCR.

Hyperparameter Adapter Router

batch size 64
learning rate 5× 10−4

lr schedule cosine decay
lr warmup ratio 0.03
weight decay 0.05
gradient clipping 1.0
epoch 3
optimizer AdamW
DeepSpeed stage zero2
LoRA r 64 –
LoRA α 128 –

Table 11: OCRWildBench split statistics. OCRWild-
Bench contains 8,898 training samples and 2,966 test
samples across six subsets.

Subset Main challenge Train Test Total

WTW Wild and dense
table recognition

1,344 448 1,792

NSDS Non-canonical
scene/document
text

1,629 543 2,172

Mixed Exam Interleaved printed
and handwritten
content

1,386 462 1,848

Prof. Tables Professional tables
and structured
forms

1,560 520 2,080

LatexOCR Formula and LATEX
expression
recognition

1,500 500 2,000

SCUT-EPT Handwritten text
recognition

1,479 493 1,972

Overall – 8,898 2,966 11,864

lightweight router are optimized on the training
split. The adapter is used for recognition adapta-
tion, while the router decides whether each crop
should follow the base recognizer or the adapted
path. Table 10 reports the training hyperparameters
used for both modules.

B Details of OCRWildBench

Dataset overview. OCRWildBench evaluates
crop-level recognition after removing page-level
layout and reading-order factors. The held-out test
split contains 2,966 orientation-normalized crops
from six subsets. We also construct an 8,898-crop
training split using a 3:1 train/test ratio within each
subset, which is used exclusively for recognition
adaptation.

Subset construction. The six subsets instanti-
ate the failure modes analyzed in the main paper.

NSDS contains degraded or irregular text captures;
SCUT-EPT contains edited handwriting; Latex-
OCR contains formula crops; Mixed Exam con-
tains interleaved printed and handwritten content;
WTW and Prof. Tables contain dense tables that
require both cell transcription and structure preser-
vation.

Annotation and split. Each crop is annotated in
the output format used for evaluation: plain text
for text regions, normalized LATEX for formulas,
and HTML-style structure-preserving markup for
tables. We use Gemini 3.1 Pro only to generate an
initial draft annotation; all final labels are manually
corrected against the original crop image. During
correction, annotators fix character errors, formula
syntax, table cell boundaries, row/column align-
ment, and hallucinated content. Samples with un-
resolved visual ambiguity are removed or sent for
an additional review pass. To avoid near-duplicate
leakage, crops from the same source image or visu-
ally repeated table/text region are kept in the same
split.

C Third-party Data Statement

Annotation and redistribution policy. For all
third-party sources, OCRWildBench annotations
are newly produced or corrected by us. Upstream
labels are not used directly as final OCR tar-
gets unless they satisfy our annotation protocol.
For restricted datasets, especially those with non-
commercial, no-derivatives, or application-based
access terms, we follow the corresponding license
restrictions and do not redistribute raw images be-
yond what is permitted by the original data owners.
If OCRWildBench is released publicly, the release
will provide derived annotations, evaluation scripts,
and source-specific acquisition instructions where
necessary.

De-identification policy. OCRWildBench is de-
signed for OCR robustness evaluation rather than
identity recognition, so we avoid retaining person-
ally identifiable information. During data construc-
tion and human correction, annotators remove or
mask visible names, student IDs, phone numbers,
email addresses, addresses, account numbers, sig-
natures, and other sensitive fields whenever they
appear. For examination-paper sources, we addi-
tionally screen school names, student information,
scores, and teacher comments. For web-crawled
professional tables, we exclude pages containing

37430



Table 12: Third-party sources used in OCRWildBench. We use the listed images or regions as visual inputs and
re-annotate them with crop-level OCR labels following our protocol.

Subset Source License / terms Use in OCRWildBench

NSDS In-house data; M6Doc (Cheng
et al., 2023)

In-house research use; M6Doc: CC
BY-NC-ND 4.0

Non-canonical scene/document text crops with new OCR annotations.

SCUT-EPT SCUT-EPT (Zhu et al., 2019) Non-commercial research use; com-
mercial use requires permission

Exam-paper crops re-annotated for erasures, corrections, overwritten
strokes, insertions, and local reading-order ambiguity.

LatexOCR LatexOCR (Blecher, 2025; Deng
et al., 2017)

Official LatexOCR license and us-
age terms

Formula samples corrected and normalized into LATEX targets.

WTW Wired Table in the Wild (Long
et al., 2021)

CC BY-NC 4.0 Table regions re-annotated for OCR-oriented cell content and structure
recognition.

Prof. Tables Publicly accessible web tables Website-specific terms; non-
commercial research use only

Public table regions crawled, cropped, and annotated for table content and
structure.

Mixed Exam SCUT-HCCDoc (Zhang et al.,
2020); SCUT-EnsExam (Huang
et al., 2023)

SCUT-HCCDoc: non-commercial
research/education use; SCUT-
EnsExam: CC BY-NC-ND 4.0

Mixed printed-handwritten exam crops re-annotated for text, handwriting,
formulas, insertions, corrections, and local reading order.

private individuals’ information or sensitive busi-
ness records. Samples that cannot be safely de-
identified are removed from the benchmark.

Use of in-house data. The in-house portion of
NSDS consists of data collected and curated by our
group for internal research use. Before annotation,
these data are screened to remove private, identify-
ing, or sensitive content. The in-house raw images
will not be redistributed unless the corresponding
release permission is obtained. If OCRWildBench
is released publicly, this portion will be provided
only in forms permitted by our internal data policy,
such as derived annotations, metadata, or evalua-
tion protocols.

D Large Language Models Usage

Large language models were used for two limited
purposes: (1) manuscript writing assistance, includ-
ing sentence rephrasing, grammar checking, and
readability improvement; and (2) preliminary OCR
draft generation during OCRWildBench annota-
tion. All draft annotations were manually corrected
against the original crop images, and final labels
were produced by human annotators. LLMs were
not used for research ideation, methodology design,
experimental design, result interpretation, or scien-
tific conclusion generation. All research concepts,
analyses, and conclusions were developed by the
authors. The authors take full responsibility for
the manuscript and confirm that the use of large
language models complies with ethical standards
and does not constitute plagiarism or scientific mis-
conduct.

E Qualitative Inference Comparison

Comparison results on OmniDocBench. Fig-
ures 7, 8, and 9 provide page-level parsing and

recognition comparisons on representative Om-
niDocBench v1.5 samples. Each composite figure
compares the ground-truth layout with MinerU2.5
Pro and CL-OCR in the first row, and further com-
pares the corresponding recognition outputs in the
second row. The examples cover handwritten bilin-
gual notes, mixed text-figure exam pages, and
illustration-heavy instructional pages. These cases
show the same pattern as Table 2: on canonical
full-page documents, CL-OCR improves layout
category assignment and region boundary calibra-
tion while preserving reading-order consistency,
and the recognition outputs remain better aligned
with the page structure.

Comparison results on OCRWildBench. Fig-
ures 10, 11, and 12 summarize crop-level recogni-
tion comparisons on OCRWildBench. The cases
are grouped by text, table, and formula recognition
to highlight the main input types covered by the
benchmark.
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Figure 7: OmniDocBench v1.5 handwritten-note parsing and recognition.
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Figure 8: OmniDocBench v1.5 mixed text-figure parsing and recognition.
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Figure 9: OmniDocBench v1.5 illustration-heavy page parsing and recognition.
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Figure 10: OCRWildBench text recognition comparison.
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Figure 11: OCRWildBench table recognition comparison.
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Figure 12: OCRWildBench formula recognition comparison.
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