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Abstract

Chinese historical documents encode millen-
nia of cultural heritage, yet remain largely in-
accessible to computational analysis. While
multimodal large language models (MLLMs)
have achieved strong performance on modern
document OCR, their application to histori-
cal Chinese texts suffers from severe hallu-
cinations, character fabrication, uncontrolled
repetition, and semantic drift. We identify
the root cause as visual-textual misalignment:
models prioritize linguistic priors over visual
evidence, particularly problematic when ar-
chaic orthography and degraded image qual-
ity destabilize cross-modal correspondences.
To address this, we propose HisDoc-OCR,
which restores visual grounding through three
synergistic strategies: (1) Layout Injection,
which encodes two-dimensional layout struc-
tures into textual outputs using layout-aware
delimiters; (2) First-Occurrence Boost, which
emphasizes vision-dependent characters during
training by reweighting first-occurrence char-
acters; (3) Self-Distilled Attention Focusing,
which guides the model’s attention by distill-
ing patterns from the most focused layer to
the remaining layers. Extensive experiments
demonstrate that HisDoc-OCR consistently out-
performs general-purpose and OCR-specific
MLLMs. The code will be publicly available.

1 Introduction

Chinese historical documents constitute an invalu-
able cultural heritage accumulated over millennia,
preserving rich historical, cultural, and scholarly
knowledge. However, a large portion of these doc-
uments remains inaccessible to computational anal-
ysis due to their reliance on scanned images rather
than machine-readable text. Digitization is there-
fore a critical prerequisite for the preservation and
utilization of historical documents, among which
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Figure 1: Our proposed HisDoc-OCR, which restores
visual grounding through three synergistic strategies:
(a) Layout Injection, (b) First-Occurrence Boost, and
(c) Self-Distilled Attention Focusing.

optical character recognition (OCR) serves as the
core enabling technology. By transcribing docu-
ment images into structured textual representations
following the natural reading order, OCR provides
the foundation for downstream applications such as
information retrieval, content analysis, and knowl-
edge mining.

Recently, with the rapid development of multi-
modal large language models (MLLMs) (Bai et al.,
2025; Wang et al., 2025), document OCR has
achieved remarkable progress. Both two-stage (Li
et al., 2025; Cui et al., 2025; Zhang et al., 2025)
and end-to-end (Mistral AI Team, 2025; Poznan-
ski et al., 2025; Wei et al., 2025) methods have
demonstrated strong performance. However, ex-
isting studies mainly focus on modern documents,
while the application of MLLMs to Chinese his-
torical document OCR remains largely unexplored.
Compared with modern documents, Chinese his-
torical documents typically exhibit more complex
layouts, heterogeneous fonts, and severe noise in-
terference, which make OCR for such documents
considerably more challenging (Ma et al., 2020;
Shi et al., 2023).

Directly applying general-purpose MLLMs to
Chinese historical document OCR often leads to se-
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vere hallucination phenomena, including fabricated
characters, uncontrolled repetition, and semanti-
cally drifted outputs. Prior studies (Bai et al., 2024;
Zhou et al., 2024) have attributed hallucinations
in MLLMs primarily to modality misalignment,
namely the misalignment between visual evidence
and textual generation. This issue becomes partic-
ularly pronounced in historical documents, where
degraded visual quality and archaic orthography
weaken cross-modal correspondences and cause
the model to over-rely on linguistic priors rather
than visual cues.

To address this, we propose HisDoc-OCR,
which restores visual grounding through three syn-
ergistic strategies: (1) Layout Injection. Chinese
historical documents contain rich two-dimensional
layout structures, such as multi-block formats and
Double-column Annotation, while conventional
OCR outputs are typically one-dimensional text
sequences. This structural mismatch exacerbates
vision—text misalignment. Therefore, we inject ex-
plicit layout information into the textual output us-
ing layout-aware delimiters, thereby narrowing the
gap between vision and text. (2) First-Occurrence
Boost. During OCR transcription, characters that
appear repeatedly can be inferred from contextual
language priors, whereas characters appearing for
the first time rely more heavily on visual evidence.
However, standard training objectives treat all char-
acters equally, causing vision-dependent alignment
signals to be overwhelmed by semantic context. To
mitigate this issue, we emphasize the learning of
first-occurrence characters by increasing their loss
weights, thereby strengthening vision—text align-
ment. (3) Self-Distilled Attention Focusing. Dur-
ing the human reading process, visual attention
typically follows the reading order and focuses on
the current recognition region. Inspired by this
process, we introduce this strategy to guide the
model’s attention. Specifically, the layer exhibiting
the most concentrated visual attention is selected
as the teacher layer, and its attention patterns are
distilled to the remaining layers via attention match-
ing. This promotes consistent and locally focused
attention across layers.

The effectiveness of HisDoc-OCR is extensively
verified on several commonly used benchmarks.
Experimental results show that HisDoc-OCR out-
performs general and OCR-specific MLLMs. In
addition, the effectiveness of the three proposed
strategies is validated through ablation studies.

In summary, our main contributions include:

* We propose three effective and comple-
mentary visual-text alignment enhancement
strategies, including Layout Injection, First-
Occurrence Boost, and Self-Distilled Atten-
tion Focusing.

* We construct HisDoc-OCR, an outstanding
MLLM-based OCR method for Chinese his-
torical documents.

* Extensive experiments demonstrate the effec-
tiveness of our method, which mitigates hallu-
cination and improves OCR accuracy.

2 Related Work

2.1 MLLM for Document OCR

With the rapid development of multimodal large
language models (MLLMs) (Bai et al., 2025; Wang
et al., 2025), recent studies have explored the ap-
plication of MLLMs to document OCR. Exist-
ing methods can be primarily categorized into
Two-stage and end-to-end approaches. Two-stage-
based methods first perform layout detection, fol-
lowed by unified recognition of text, formulas, and
tables within the detected regions. Representative
approach including MinerU2.5 (Niu et al., 2025),
PaddleOCR-VL (Cui et al., 2025), and Monkey-
OCR v1.5 (Zhang et al., 2025). End-to-end-based
methods directly generate structured text from doc-
ument images. Representative approach including
dots.ocr (Li et al., 2025), Mistral OCR (Mistral Al
Team, 2025), olmOCR (Poznanski et al., 2025),
SmolDocling (Nassar et al., 2025), and DeepSeek-
OCR (Wei et al., 2025). Although these methods
have demonstrated remarkable performance, they
mainly focus on modern documents, leaving histor-
ical documents largely unexplored.

2.2 LLM/MLLM for Historical Documents

With the rapid advancement of Large Language
Models (LLMs), researchers have begun to ex-
plore their applications in historical documents.
Some studies leverage LLMs to address specific
tasks, such as ancient-to-modern translation (Cao
et al., 2023) and entity recognition (Dang, 2025).
SikuGPT (Liu et al., 2024) leverages massive clas-
sical Chinese corpora for generative pretraining.
Xunzi (Xunzi-LLM-of-Chinese-classics, 2024),
TongGu (Cao et al., 2024), and WenyanGPT (Yao
et al., 2025) fine-tune general LLMs with classical
Chinese—specific knowledge. For MLLMs, exist-
ing methods focus on fine-tuning general MLLMs
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Figure 2: Several common layout elements in Chinese historical document images and the layout identifiers we

introduced. Figure (a) shows a single-block structure, where the

positions indicate column breaks, and

we insert newline tokens (f\m) in the text to represent column break symbols; Figure (b) shows a multi-block
structure, where the pink parts indicate column divisions, and in addition to column-break symbols, we introduce

block-separation markers () to represent column switch symbols; the

parts in Figure (c) indicate the

positions of double-column annotation notes, and we introduce parenthesis markers ( () ) to represent two-column

interlinear note symbols.

to improve the understanding of historical docu-
ments. Representative approaches include XunZi-
MLLM (Zhu et al., 2025), CalliReader (Luo et al.,
2025), and TongGu-VL (Cao et al., 2025). These
researchers primarily focus on the semantic under-
standing of historical documents, while the specific
study of MLLM-based historical document OCR
remains a research gap.

3 Methodology

Our study addresses a critical gap in the applica-
tion of MLLMs to Chinese historical document
OCR, a domain where existing general-purpose
and OCR-specialized MLLMs encounter a funda-
mental challenge: severe hallucinations stemming
from misalignment between visual perception and
textual generation (Bai et al., 2024; Zhou et al.,
2024). This misalignment manifests particularly
acutely in historical documents, where archaic char-
acter forms, degraded image quality, and complex
layouts conspire to destabilize the vision-language
correspondence that underpins reliable OCR. To
address this issue, we introduce a three-pronged
approach that systematically strengthens different
facets of visual-text alignment: Layout Injection,
First-Occurrence Boost, and Self-Distilled Atten-
tion Focusing. The details of these strategies are
elaborated in the following.

3.1 Layout Injection: Bridging the
Dimensional Gap via Structural
Tokenization

Historical document images inherently encode in-
formation in two modalities: a semantic modality
(character identities) and a spatial modality (two-
dimensional layout geometry). Standard autore-
gressive OCR models, however, operate on lin-
earized token sequences y = [y1, Y2, - - -, YN], CrE-
ating a fundamental dimensional mismatch: while
the visual encoder processes spatial features V &
RIXWXD ‘the decoder generates text in a strictly
one-dimensional manifold. This discrepancy in-
duces a structural information bottleneck, in which
spatial relationships (such as column adjacency and
reading order) must be inferred implicitly during
decoding. This mismatch becomes particularly se-
vere under complex layouts with multiple columns
or interleaved annotations, where ambiguous spa-
tial cues make it difficult for the model to maintain
stable visual—text correspondence.

To address this issue, we propose the Layout In-
jection strategy that incorporates two-dimensional
layout information into the text recognition re-
sults, thereby narrowing the gap between vision
and text. By encoding layout structures directly
into the target sequence through structural tokeniza-
tion, the OCR task is reformulated from unstruc-
tured sequence modeling to layout-aware genera-
tion. Specifically, as illustrated in Figure 2, these
delimiters are employed for layout guidance as fol-
lows:

* Column Separation: A newline token (\n)
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Figure 3: The visual attention weights of the first-occurring characters and non-first-occurring characters in Chinese

historical documents across all layers of the MLLM.

is inserted at the end of each text column,
transforming continuous text into a two-
dimensional structure organized by columns.

* Block Separation: A block-separation
marker (—) is inserted between adjacent blocks
to explicitly indicate inter-block boundaries.

* Double-column Anneotation: This is a spe-
cial format (Shi et al., 2025) in Chinese his-
torical documents, where two smaller text
columns are placed below a larger one. These
smaller columns typically serve to annotate
or explain the larger column above. For this
special layout, parenthesis markers are added.
The format is as follows: main text (right an-
notation left annotation).

3.2 Fisrt-Occurrence Boost

Let P(c; | v, c<;) denote the conditional probabil-
ity of predicting character c; given visual features
v and preceding context c.;. When a character
or phrase appears repeatedly, the contextual infor-
mation encoded in c.; provides a strong prior, al-
lowing P(c; | v, c<;) to be largely determined by
contextual regularities. In contrast, for characters
that appear for the first time, the contextual prior is
weak, and the prediction relies more heavily on the
visual evidence v.

As illustrated in Figure 3, we quantify this phe-
nomenon by analyzing cross-modal attention pat-
terns across all Transformer layers. The Figure
demonstrates that tokens corresponding to first-
occurrence characters consistently exhibit higher
text-to-visual attention ratios, particularly in mid-
dle and higher layers. This disparity confirms that

the model implicitly distinguishes between vision-
dependent and language-dependent tokens.

However, standard cross-entropy loss treats all
tokens uniformly:

N
Lstandard = — Zlog P(Ci ’ v, C<Z‘). (D)
1=1

This homogeneous weighting creates an imbal-
anced gradient flow: language-driven gradients
of repeated characters dominate updates to visual
encoders, diluting the learning signal from truly
vision-dependent tokens.

To restore the primacy of visual grounding, we
propose an adaptive loss weighting scheme that
amplifies the training signal for first-occurrence
characters:

Echar

weighted —

N
=Y wi-log Pci | v,eci),  (2)

=1

where the weight w; is defined as:

w;=1+a- Hﬁrst(ci)- (3)
Binary indicator I (c;) € {0,1}: Equals 1 if
¢; appears for the first time in the sequence; O other-
wise. For first-occurrence tokens with w; = 3, the
LLM decoder receives approximately 3x stronger
parameter updates compared to repeated tokens.
This gradient rebalancing compels the model to
prioritize visual feature extraction over linguistic
pattern matching during early training phases, es-
tablishing a robust visual grounding foundation.
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Figure 4: Illustration of*‘text-to-visual” attention. (a) The attention entropy across different layers. (b) The attention
map of the layer with the highest attention entropy. (c) The attention map of the layer with the lowest attention

entropy.

3.3 Self-Distilled Attention Focusing:
Emergent Supervision from Internal
Attention Dynamics

Human reading of historical documents exhibits
a distinctive attentional pattern: visual focus pro-
gresses sequentially along the reading path, with
explicit tracking mechanisms (e.g., finger-pointing)
ensuring precise alignment between visual per-
ception and character recognition. This spatially-
locked attention prevents the cognitive system from
hallucinating characters based solely on linguistic
context; the visual evidence continuously grounds
the recognition process. Inspired by this mech-
anism, we propose a strategy to explicitly guide
MLLMs to focus on the region being recognized.
A straightforward solution would be to constrain
visual attention to the character’s bounding box
being recognized, but this requires labor-intensive
character-level annotations.

To address this issue, we propose the Self-
Distilled Attention Focusing strategy. As illus-
trated in Figure 4, we analyze the text-to-visual
attention behavior of Qwen-3-VL-2B across lay-
ers. Figure 4(a) shows the attention entropy at
different depths, where shallower layers exhibit
higher entropy and deeper layers demonstrate pro-
gressively lower entropy, indicating increasingly
concentrated attention. Figure 4(b) visualizes the
attention map of a high-entropy layer, in which
attention is broadly distributed across visual re-
gions. In contrast, Figure 4(c) presents the attention
map of the lowest-entropy layer, where attention is
sharply focused on the visual regions correspond-
ing to the currently recognized text.

These observations reveal that modern MLLMs

spontaneously develop stratified attention patterns
across layers without explicit supervision, and that
a naturally focused layer can be identified based on
attention entropy. Leveraging this emergent prop-
erty, we adopt a self-distilled attention focusing
approach, in which the layer [* with the lowest
attention entropy is treated as a pseudo-teacher
that implicitly captures spatially grounded atten-
tion. Specifically, we first compute the text-to-
visual attention entropy for each layer on a subset
of training samples and select the most focused
layer as the teacher. During training, we apply
a KL-divergence loss to align the attention distri-
butions of the remaining layers with that of the
teacher layer, encouraging consistent and localized
attention across layers. The distillation loss is as
follows:

(tv)

Lasin =Y > ) AL log Aav) , 4

le§ t w Al

where Al(t’v) is the normalized attention from text
token ¢ to visual token v at student layer [, Agf’v)
is the corresponding teacher layer attention, and S
is the set of student layers.

From a regularization perspective, this loss im-
poses a cross-layer consistency constraint that sta-
bilizes attention dynamics. Without distillation,
different layers may attend to conflicting visual
regions, leading to inconsistent representations
that propagate through the decoder. By anchoring
all layers to the focused pattern of [*, we ensure
that the entire network maintains coherent visual
grounding, reducing the degrees of freedom that
could lead to hallucinations.
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Method MTHyv2 MP°HisDoc

ARt CRt ED] F11t BLEUT RRJ] ART CRt ED] F11t BLEUT RRJ]
General MLLMs
Qwen3-VL-2B -207.22 22.69 88.23 3231 5.36 39.25 -114.91 11.82 92.78 20.90 2.70 35.10
Qwen3-VL-4B -51.49  59.56 5148 61.85  29.12 16.63 -39.82  43.81 6445 4835 2023 2390
Qwen3-VL-8B -56.23  60.52 51.37 62.78 2948  19.38 -740  49.08 57.87 5396 24.68 17.15
InternVL3.5-2B 26.54 55.05 4791 61.19 30.93 3.38 228 4456 58.74 5051 2293 12.00
InternVL3.5-4B 37.63 58.89 44.17 63.24 3421 3.12 20.55 5130 5223 55.51 27.79 7.70
InternVL3.5-8B 48.14 5794 4415 62.81  33.77 2.13 3423 5372 4932 5773  29.09 5.50
Specialized MLLMs(two-stage)
PaddleOCR-VL -7.97 5034 5876 54.58  24.00 0.00 -5.64 3179 72.84 3856 1431 0.20
MonkeyOCR-pro-3B -137.52 4874 60.07 57.71 2454 1437 -104.2 3622 69.80 4696  16.63 2540
MinerU2.5 -166.64 4524 63.83 5149  21.61 5.37 -400.02 27.73 80.50 11.43 16.58 14.67
Specialized MLLMs(end2end)
olmOCR-2-7B-1025 -22.15 5430 5326 6098 2834  14.37 -18.04 4044 6422 49.05  20.77 18.90
DeepSeek-OCR -22497 22.09 8593 34.04 9.24 15.00 -202.51 6.83 9518 11.85 2.83 21.60
dots.ocr -96.03 6247 5463 6430 2687 18.12 -52.39 4929 62.63 5265 21.26  25.00
HisDoc-OCR-Qwen3-VL-2B (Ours) 69.36  70.67 29.97 69.74  42.37 0.13 52.13  60.70 41.14 6120 33.61 3.40
HisDoc-OCR-InternVL3.5-2B (Ours) 6579  70.55 30.09 70.02  42.37 0.25 5632  61.13 4044 62.12 34.36 2.10
HisDoc-OCR-InternVL3.5-4B-full (Ours) 71.09 71.72 28.69 70.57 43.61 0.00 64.82 6790 33.07 65.79 40.26 0.50

Table 1: Performance comparison with various MLLMs on MTHv2 and MP®HisDoc. AR, CR, ED, and F1 indicate
Accurate Rate, Correct Rate, Normalized Edit Distance, and F1-Score, respectively. Bold indicates the best score,

and underline indicates the second best result.

3.4 Training Objective

The final training objective integrates the First-
Occurrence Boost—weighted character loss and the
Self-Distilled Attention Focusing loss. Specifically,
the overall optimization objective is formulated as:

Liotar = Lotiniea + A Laisill- S)

In our experiments, the weighting coefficient A is
set to 1.

4 Experiments

4.1 Implementation Details

To validate the generality of our strategies across
different MLLMs, we build our models upon
two mainstream MLLMs with high-resolution vi-
sual input: native-resolution-based (Qwen3-VL-
2B (Bai et al., 2025)) and cropped-subimage-based
(InternVL3.5-2B (Wang et al., 2025)). During train-
ing, the visual encoder and projector are frozen, and
only the LLM component is fine-tuned. To con-
strain the sequence length, the maximum number
of input visual tokens is set to 2048 for Qwen3-
VL-2B, while the maximum number of cropped
sub-images is set to 8 for InternVL3.5-2B. The
training datasets include MTHv2 (Ma et al., 2020)
and M°HisDoc (Shi et al., 2023). To verify the scal-
ability of our method, we further develop HisDoc-
OCR-InternVL3.5-4B-full, which is built upon the
InternVL3.5-4B with the number of cropped sub-
images set to 12, and is trained with additional
data (the validation set of M®?HisDoc). The mod-
els are trained with a batch size of 64 using the
AdamW optimizer. The initial learning rate is set

to 1 x 10~° with a warm-up ratio of 0.03, followed
by a cosine decay schedule. Training is conducted
for 5 epochs. All experiments are conducted on 4
NVIDIA A6000 GPUs.

4.2 Evaluation Metrics

To evaluate the similarity between model predic-
tions and ground truth text, we employ the follow-
ing metrics: Accurate Rate (Wang et al., 2011),
Correct Rate (Wang et al., 2011), Normalized Edit
Distance (Lcvenshtcin, 1966), F1-Score (Fisher,
1936), and BLEU (Papineni et al., 2002). For the
IC19HDRC (Saini et al., 2019) dataset, since the
ground truth lacks reading-order annotations, we
report only the character-level F1-Score (Fisher,
1936). In addition, the model may exhibit a rep-
etition issue during sequence generation, where
identical text segments are repeatedly produced
at the end of the output. To quantify this behav-
ior, we define the Repetition Rate (RR). An output
is considered to enter repetition mode if: (1) the
generated length reaches the maximum generation
limit max_new_tokens; and (2) letting S be the last
100 characters of the output, the number of unique
characters in .S is less than 34. The Repetition Rate
is then computed as the proportion of test samples
whose outputs enter repetition mode.

4.3 Main Results

We evaluate the performance of HisDoc-OCR
on various Chinese historical document OCR
benchmarks, including MTHv2 (Ma et al.,
2020), MPHisDoc (Shi et al., 2023), and
IC19HDRC (Saini et al., 2019). We compare
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HisDoc-OCR with general-purpose MLLMs and
OCR-specific MLLMs (Two-stage-based and End-
to-end-based). The results are demonstrated in Ta-
ble 1 and 2. Based on the results, we draw the
following key conclusions. Firstly, our method
demonstrates strong effectiveness in Chinese his-
torical document OCR, achieving state-of-the-art
performance across multiple benchmarks. Sec-
ondly, by integrating the proposed alignment-
enhancement strategies, HisDoc-OCR maintains
low repetition ratios across all benchmarks, demon-
strating that our method effectively mitigates hal-
lucination. In contrast, general MLLMs such as
Qwen3-VL and InternVL3.5 exhibit limited perfor-
mance on Chinese historical documents. Although
larger models generally achieve better accuracy,
they still suffer from severe repetition, indicating
strong hallucination tendencies. Thirdly, HisDoc-
OCR demonstrates strong generalization ability:
even on the unseen IC1I9HDRC benchmark, our
method still achieves strong performance.

IC19HDRC
Method CharFIT RRJ
General MLLMs
Qwen3-VL-2B 14.94 31.31
Qwen3-VL-4B 20.78 20.82
Qwen3-VL-8B 30.00 12.29
InternVL3.5-2B 23.57 18.00
InternVL3.5-4B 28.14 9.30
InternVL3.5-8B 32.88 3.84
Specialized MLLMs (two-stage)
PaddleOCR-VL 13.88 3.33
MonkeyOCR-pro-3B 26.93 23.04
MinerU2.5 21.88 10.24
Specialized MLLMs (end2end)
olmOCR-2-7B-1025 32.54 6.57
DeepSeek-OCR 9.49 16.30
dots.ocr 17.93 29.52
HisDoc-OCR-Qwen3-VL-2B (Ours) 36.61 0.43
HisDoc-OCR-InternVL3.5-2B (Ours) 35.49 0.43
HisDoc-OCR-InternVL3.5-4B-full (Ours) 36.66 0.09

Table 2: Performance comparison with various MLLMs
on ICI9HDRC. Char F1 indicate character-level F1-
Score.

4.4 Ablation Study

We conduct Ablation Study based on Qwen3-VL-
2B. Additionally, the ablation results based on
InternVL3.5-2B are provided in the Appendix A.
The Efficiency of Each Strategy. Table 3
presents an ablation study on the three pro-
posed components: Layout Injection (LI), First-
Occurrence Boost (FOB), and Self-distilled Atten-
tion Focusing (SDAF), evaluated on both MTHv2
and MP°HisDoc benchmarks. Starting from the

base model without any alignment enhancement,
all three components individually improve OCR
performance to varying degrees. Among them, LI
yields notable gains on both datasets, particularly
on M°HisDoc, indicating that explicit layout cues
are crucial for handling complex historical docu-
ment structures. FOB brings the most significant
reduction in repetition ratio on MTHv2, demon-
strating its effectiveness in alleviating hallucina-
tion by strengthening vision-dependent character
learning. SDAF provides consistent improvements,
especially in repetition reduction, suggesting that
guiding visual attention helps stabilize the tran-
scription process. When all three components are
jointly applied, the model achieves the best over-
all performance across almost all metrics. These
results indicate that the proposed components are
complementary, together leading to robust OCR
performance and effective hallucination suppres-
sion.

The Weight in First-Occurrence Boost. We
investigate the impact of the hyperparameter « in
our First Character Alignment strategy. As shown
in Table 4, setting o = 2 (corresponding to a
total weight of 3) yields the best overall perfor-
mance. Specifically, when o = 0 (i.e., uniform
weighting for all characters), the model exhibits
relatively lower recognition accuracy and notice-
ably higher repetition ratios, particularly on the
challenging M®HisDoc benchmark. As o increases
from O to 2, we observe consistent improvements
in AR, CR, F1, and BLEU scores, accompanied by
a significant reduction in the repetition ratio across
both datasets. This indicates that appropriately em-
phasizing first-occurrence characters strengthens
vision-dependent learning and effectively allevi-
ates hallucination. Further increasing o beyond
2 does not lead to additional performance gains.
Although o« = 3 and o = 4 slightly improve AR
on M°HisDoc, overall recognition metrics become
marginally worse or saturated, and no clear advan-
tage is observed compared with o = 2. This sug-
gests that excessively large values of a may over-
emphasize first-occurrence characters, thereby dis-
turbing the balance between visual grounding and
contextual modeling. Overall, a = 2 achieves the
optimal trade-off between recognition accuracy and
hallucination suppression, and is therefore adopted
as the default setting in our experiments.

The Efficiency of Layout Injection. To deeply
evaluate the efficiency of Layout Injection, we
manually select 100 samples with highly complex
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Method MTHv2 MPHisDoc
LI FOB SDAF ARt CR1T ED| F11 BLEU7T RR| ARt CR1T ED| F11 BLEUtT RR|
64.14 69.66 31.38 6932 41.50 1.00 33.59 57.06 4557 5841 30.97 10.50
v 65.02 70.64 30.21 69.71 42.19 0.75 50.29 60.06 41.85 60.29  33.27 2.80
v 68.65 70.16 30.62 69.67 42.02 0.13 4835 59.16 42776 60.24  32.66 5.30
v 66.62 69.96 30.96 69.41 41.78 0.63 36.94 5731 45.00 58.61 31.30 9.10
v v v 69.36 70.67 29.97 69.74 42.37 0.13 5213 60.70 41.14 61.20 33.61 3.40

Table 3: Ablation study on the proposed Layout Injection (LI), First-Occurrence Boost (FOB) and Self-Distilled

Attention Focusing (SDAF).

o MTHv2 MPHisDoc
ART CRT ED| FIT BLEUT RR| ART CRT ED] Fif BLEUT RRJ
0 64.14 69.66 3138 69.32 41.50 1.00 33.59 57.06 45.57 58.41 30.97 10.50
1 6582 70.03 30.90 69.50 41.82 0.50 43.84 60.08 42.33 60.76 33.34 6.79
2 68.65 70.16 30.62 69.67 42.02 0.13 48.35 59.16 42.76 60.24 32.66 5.30
3 68.67 70.04 30.77 69.58 41.88 0.13 48.71 58.82 43.17 60.10 32.40 4.50
4 66.86 69.95 31.01 69.53 41.75 0.37 4796 58.71 43.13 60.13 32.29 4.60
Table 4: Ablation study on the impact of different o used in First-Occurrence Boost.
Score
Method ART CRT ED | F17T BLEU T RR ]

A VLB 39.82 381 64.45 1835 2023 23.90
Qwen3-VL- 103.77(-160.60%)  13.34(-69.55%) 92.96(-44.24%) 21.36(-55.82%) 3.35(-83.44%)  39.51(-65.31%)
InfernVL3.5.4B 20.55 51.30 5223 55.51 27.79 7.70
nternyLo.s- 13.81(-167.19%)  35.83(-30.16%) 68.29(-30.75%) 42.33(-23.74%) 17.91(-35.55%) 13.58(-76.36%)

-18.04 40.44 64.22 49.05 2077 18.90
0ImOCR-2-7B-1025 4379(-142.74%)  17.79(-56.01%) 87.53(-36.30%) 30.93(-36.94%) 7.02(-66.20%)  27.16(-43.70%)
MonkeyOCR-pro-38 1042 36.22 69.80 46.96 16.63 25.40

¥ P -191.31(-83.59%)  17.85(-50.72%) 88.33(-26.55%) 33.23(-29.24%) 5.46(-67.17%)  55.56(-118.74%)
dot 52.39 49.29 62.63 52,65 21.26 25.00
ots.ocr -80.89(-54.40%)  19.89(-59.65%) 89.12(-42.29%) 30.53(-42.01%) 6.74(-68.30%)  30.86(-23.44%)
. 64.82 67.90 33.07 65.79 4026 0.50
1 CIREH0 0 QARSI AN o 2 5oy 63.61(-6.32%)  38.09(-15.18%) 60.65(-7.81%)  35.64(-11.48%) 0.00( )

Table 5: The impact of layout complexity. For the performance of each model, the first row represents the score on
the full M®HisDoc dataset, while the second row represents the results on the 100 samples with the most complex

layouts in MPHisDoc.

layouts from the M°HisDoc test set, forming a
complex-layout subset. We report the performance
gap between the original test set and the complex-
layout subset in Table 5. The results demonstrate
that most existing MLLM-based OCR models suf-
fer from severe performance degradation when fac-
ing complex layouts. These indicate that without
explicit layout modeling, the models are highly
sensitive to layout complexity. In contrast, our
HisDoc-OCR achieves the smallest performance
drop across all metrics. These confirm that explicit
Layout Injection effectively enhances the model’s
robustness to complex layout, enabling more stable
recognition and accurate reading-order reasoning
under challenging layout conditions.

5 Conclusion

This paper addresses a critical challenge in heritage
document digitization: severe hallucinations when
applying multimodal large language models to Chi-
nese historical texts. We observe that the models

over-rely on linguistic priors from modern corpora,
failing to ground predictions in visual evidence
when confronted with archaic orthography and de-
graded images. To address this challenge, we intro-
duce HisDoc-OCR, which restores visual ground-
ing through three synergistic strategies: Layout In-
jection preserves spatial topology via hierarchical
structural tokenization; First-Occurrence Boost re-
balances training dynamics by amplifying gradients
for vision-dependent tokens; Self-Distilled Atten-
tion Focusing exploits emergent attention stratifica-
tion to propagate spatially-localized patterns with-
out character-level annotations. Beyond historical
Chinese OCR, our findings reveal a broader insight:
hallucinations in specialized domains stem from
misaligned inductive biases rather than insufficient
model capacity. Our approach demonstrates that
lightweight, interpretable interventions can realign
foundation models to specialized tasks, offering a
scalable alternative to domain-specific pretraining
for low-resource heritage languages.
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Limitations

Despite the effectiveness of the proposed Layout
Injection strategy, our method introduces additional
annotation requirements. Specifically, the Layout
Injection relies on textual transcriptions augmented
with layout-aware delimiters, which assume the
availability of layout information during training.

Ethical considerations

This study strictly adheres to academic ethical stan-
dards. All training and evaluation data consist of
publicly available or legally authorized images of
Chinese historical documents and their manually
proofread transcriptions, and do not involve any
personal privacy or sensitive information. Rec-
ognizing that multimodal large language models
are prone to hallucinations in historical document
OCR—such as generating fictitious characters, un-
controlled repetitions, or semantic drift—this work
explicitly focuses on enhancing vision—text align-
ment as its core objective. Through layout-aware
training and attention-focusing mechanisms, our
approach constrains model generation to strictly
rely on visual evidence, thereby preventing spec-
ulative outputs that deviate from the actual image
content. All experiments follow the principle of
faithful transcription; model outputs are used solely
for academic research and are never employed to
generate, alter, or disseminate unverified historical
texts, thus ensuring the authenticity and reliability
of the cultural heritage digitization process.
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A Ablation Studies

Qwen3-VL and InternVL3.5 represent two main-
stream high-resolution visual methods. The former
achieves high resolution through a Vision Trans-
former (ViT) with native resolution, while the latter
increases the upper limit of resolution by splitting
the entire image into sub-images, feeding them into
a ViT with fixed resolution, and then stitching the
sub-images back together. Table 7 presents the ab-
lation results of our proposed Layout Injection (LI),
First-Occurrence Boost (FOB), and Self-Distilled
Attention Focusing (SDAF) on InternVL3.5-VL-
2B. The results demonstrate that our proposed
methods are effective on MLLMs with mainstream
architectures.

B Qualitative results

Figure 5-8 demonstrate the outstanding perfor-
mance of HisDoc-OCR in tackling challenging
Chinese historical document text recognition tasks,
including printed fonts, complex layouts, cursive
handwritten text, and dense text.
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MTHv2 MPHisDoc
“ "ART CRT ED| FiT BLEUT RR] ART CR?T ED| F11 BLEUT RR]
0 6111 69.75 31.67 69.71 4158  1.25 36.76 5742 4524 5928 3169  9.20
1 6285 69.75 31.62 69.86 4170 1.12 41.02 5839 4393 60.59 3242 620
2 6564 69.62 31.60 69.76 41.74  1.25 4797 5856 4347 60.75 3256  5.10
3 6608 69.61 3151 69.75 41.76  0.75 4827 5852 43.58 60.82 3249 580
4 6233 6928 3188 69.79 4149  1.12 49.67 58.13 4377 60.88 3237  4.00

Table 6: Ablation study on the impact of different « used in First-Occurrence Boost based on InternVL3.5-2B.

Method MTHyv2 M°HisDoc
LI FOB SDAF ART CRT ED| F1f BLEUT RR| ART CRT ED| FIf BLEUT RR]
61.11 69.75 31.67 69.71 41.58  1.25 3676 5742 4524 5928 31.69  9.20
v 6551 7091 2996 70.02 4246  0.25 50.59 60.49 41.50 61.53 3395 270
v 65.64 69.62 31.60 69.76  41.74 125 4797 5856 4347 60.75 3256  5.10
v 61.94 69.91 3143 6971 41.74 150 3521 5721 4557 5929 3157 870
v v v 65.79 70.55 30.09 70.02 4237  0.25 56.32 61.13 4044 6212 3436  2.10

Table 7: Ablation study on the proposed Layout Injection (LI), First-Occurrence Boost (FOB) and Self-Distilled
Attention Focusing (SDAF) based on InternVL3.5-VL-2B.
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Figure 5: Robust text recognition results of HisDoc-OCR on a Chinese historical document with printed text.
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Figure 6: Robust text recognition results of HisDoc-OCR on a Chinese historical document with cursive handwritten
text.
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Figure 7: Robust text recognition results of HisDoc-OCR on a Chinese historical document with complex layout.
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Figure 8: Robust text recognition results of HisDoc-OCR on a Chinese historical document with dense text.
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