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Abstract
This paper presents a multi-stage system for the EvaHan2026 shared task, addressing the complex challenges of
ancient Chinese optical character recognition (OCR) and layout understanding. For text recognition (Tasks A and C),
we adopt parameter-efficient LoRA fine-tuning on the Qwen2.5-VL-7B-Instruct vision-language model (VLM). By
directly processing full-resolution long-column images, we preserve critical spatial and contextual integrity without
heuristic region cropping. For document layout analysis (Task B), we propose a novel hybrid perception-reasoning
paradigm. Instead of relying solely on scaling visual detectors, we decouple localization and understanding: utilizing
a YOLO-based ensemble for precise spatial bounding, and casting the VLM as a semantic verifier to eliminate
spurious detections. Evaluated on the official unseen test set, our system achieves substantial improvements over the
provided baselines, obtaining a 0.0441 Character Error Rate (CER) for printed OCR, a 0.0793 CER for handwritten
OCR (including variants), and a 0.5118 mAP@[0.5:0.95] for layout detection. These results demonstrate that
integrating VLM-based semantic reasoning into traditional visual detection pipelines is highly effective for multimodal
historical document analysis.
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1. Introduction

Digitizing ancient Chinese documents poses sub-
stantial computational challenges due to complex
layouts, severe degradation, cursive stroke adhe-
sion, and variant glyphs. Furthermore, diverse vi-
sual elements (text, seals, illustrations) frequently
occlude one another, complicating document under-
standing. The EvaHan2026 shared task provides a
benchmark for this. Tasks A and C focus on printed
and handwritten OCR within pre-cropped vertical
columns (often reaching extreme aspect ratios of
approximately 200× 4000 pixels), requiring models
to preserve long-context spatial information. Con-
versely, Task B requires full-page layout detection
across four distinct categories.

In this paper, we propose a robust multi-stage sys-
tem tackling these subtasks. Beyond pure engineer-
ing optimizations, our core methodological insight
is decoupling spatial localization from semantic un-
derstanding. Our main contributions are:

• Direct Long-Column OCR via VLM Adap-
tation: For Tasks A and C, we adapt a
state-of-the-art vision-language model (VLM),
Qwen2.5-VL (Bai et al., 2025), to the an-
cient document domain via parameter-efficient
LoRA fine-tuning. By treating single-column
OCR as a direct image-to-sequence genera-
tion task on full-resolution images, we entirely
bypass error-prone character-level cropping
pipelines.

• Hybrid Perception-Reasoning Layout

Paradigm: For Task B, we introduce a
category-specific hybrid framework casting
the VLM as a semantic critic. While a YOLO-
based dual-stream ensemble (Ultralytics,
2023, 2024) handles raw spatial localization,
the VLM acts as a semantic verifier to filter
out hard false positives. Combined with a
two-stage seal classification pipeline and
Hough-based geometric reasoning, this
paradigm effectively bridges raw object
detection and high-level cognitive verification.

2. Related Work

Traditional cascaded OCR pipelines often suffer
from error propagation. Recently, Large Vision-
Language Models (VLMs) (Bai et al., 2023; Wang
et al., 2024; Bai et al., 2025) have shown remark-
able multimodal capabilities. We build upon this
by applying LoRA-adapted VLMs (Hu et al., 2022)
directly to uncropped, full-resolution ancient text
columns. For Document Layout Analysis (DLA),
while unified toolkits (Shen et al., 2021) and multi-
modal frameworks (Xu et al., 2020) advance mod-
ern document understanding, historical scans still
heavily rely on object detectors (Ultralytics, 2023,
2024) and text detectors (Liao et al., 2020) for
bounding box precision. We overcome the limita-
tions of pure visual detection and end-to-end mod-
els (Li et al., 2021; Blecher et al., 2023) in dense
scans by introducing a VLM-in-the-loop verification
step, bridging raw detection and semantic reason-
ing. Finally, we mitigate VLM memory bottlenecks
using vLLM (Kwon et al., 2023) and address se-
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vere class imbalances via targeted synthetic data
augmentation (Shorten and Khoshgoftaar, 2019).

3. Methodology

3.1. Full-Resolution OCR Adaptation
(Tasks A and C)

For both printed text OCR (Task A) and handwrit-
ten calligraphy OCR (Task C), the provided doc-
ument images are pre-cropped into single verti-
cal text columns. While this isolates the text se-
quence, the extreme aspect ratios (e.g., approxi-
mately 200×4000 pixels) challenge traditional recog-
nition pipelines. We directly fine-tune Qwen2.5-
VL-7B-Instruct (Bai et al., 2025) using parameter-
efficient Low-Rank Adaptation (LoRA). The base
model parameters remain completely frozen, and
only the low-rank adaptation matrices are updated.
We configure the LoRA hyperparameters with a
rank r = 64, a scaling factor α = 128, and a
dropout rate of 0.05. This strategy mitigates catas-
trophic forgetting, minimizes trainable parameters,
and demonstrates robust domain adaptation.

3.2. Multi-Stage Layout Detection (Task
B)

Task B focuses on detecting four distinct layout
categories. Unlike conventional parallel detection
pipelines, our system implements a strictly sequen-
tial, three-phase execution flow (Figure 1). This
design explicitly models the strong spatial depen-
dencies between different layout elements.

3.2.1. Phase 1: Primary Text Detection

The Text Pipeline executes first, providing essen-
tial spatial priors for downstream modules. Initially,
the RGB image and its adaptively binarized ver-
sion are fed into a dual-stream YOLO ensemble
(YOLOv8 and YOLO11). To mitigate high false-
positive rates in historical text detection, Qwen2.5-
VL acts as a semantic verifier, evaluating each can-
didate box to confirm visible Chinese characters
and reject artifacts. Finally, Non-Maximum Sup-
pression (NMS) and morphological cleaning merge
erroneously split components.

3.2.2. Phase 2: Parallel Multimodal Pipelines

Conditioned on Phase 1 outputs, the remaining
pipelines execute in parallel:

Image Pipeline. Following YOLO ensemble de-
tection, we enforce two text-dependent geometric
heuristics: (1) Overlap Rejection: Discarding image
boxes with > 80% IoU with text regions; (2) Density
Rejection: Removing candidates encompassing

≥ 4 text boxes that cover > 45% of the image area.
Notably, our VLM verifier is exclusively applied to
the text category to optimally balance reasoning ca-
pabilities with system latency, as other categories
are better suited for geometric or lightweight classi-
fication approaches.

Seal Pipeline. We employ a dedicated two-stage
cascade to balance recall and precision for de-
graded seals. Following a high-recall YOLO de-
tection and NMS, each candidate crop is adap-
tively binarized, padded to a standardized 256×256
square, and fed into a specialized YOLO classifica-
tion model (confidence threshold > 0.80).

Book Edge Pipeline. After initial YOLO detection,
we convert the region to grayscale, remove black
borders, and apply the Hough Transform to extract
candidate vertical spine lines, followed by a lateral
whiteness density verification.

3.2.3. Phase 3: Global Conflict Resolution

In the final phase, a pipeline merger standardizes
the heterogeneous outputs and resolves spatial
collisions across all categories using a deterministic
cross-class rule set:

1. Seal overrides Image: When a seal and an
image overlap significantly (IoU > 0.65), the
image bounding box is considered a false pos-
itive and deleted.

2. Text Excludes Seal: To prevent dense text
blocks from being misclassified as false seals,
any seal box whose 90% area encompasses
two or more text boxes is deleted.

3. Book Edge Physical Cropping: Any layout
object overlapping with a book edge by more
than 70% is entirely removed. For partial oc-
clusions (≤ 70%), the object’s bounding box is
geometrically cropped along the spine line.

4. Experiments

4.1. Dataset and Augmentation
The EvaHan2026 dataset consists of 5,000 sam-
ples for each subtask, partitioned into 4,500 for
training and 500 for validation. Tasks A and C repre-
sent samples as single vertical columns (200×4000
pixels), while Task B provides binarized full-page
scans (500× 900 pixels).

To mitigate the severe class imbalance in the seal
category (only ∼600 labels), we implemented a
targeted synthetic data generation pipeline. By ap-
plying a 5× augmentation factor, we created 3,000
layout images. We simulated historical degradation
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Figure 1: The proposed multi-stage layout detection framework. Top: Macro-architecture illustrating the
sequential execution flow. Bottom: Micro-architectures of the category-specific pipelines.

through adaptive Gaussian thresholding and mor-
phological erosion to mimic ink fading, blending the
synthetic seals into background documents. While
this introduces domain gaps, our high-recall initial
detection coupled with the secondary classification
network effectively filters out spurious detections.

4.2. Implementation Details

Experiments were conducted on a single NVIDIA
RTX 5090 GPU (32GB VRAM). For Tasks A and C,
we fine-tuned Qwen2.5-VL using LLaMA-Factory
(Zheng et al., 2024) with FlashAttention-2 (Dao,
2023). The model was trained in bf16 precision
(batch size 1, 8 gradient accumulation steps, 5×
10−5 peak learning rate). Task C required 2,400
training steps, whereas Task A converged at 1,400
steps. For Task B, a YOLOv8-L and a YOLOv11-X
model were trained for 600 epochs. To manage the
severe memory bottlenecks of deploying a 7B VLM
concurrently with YOLO models, we utilized vLLM,
restricting its GPU memory utilization to 70%.

4.3. Results

Our system demonstrates robust performance, sub-
stantially outperforming official baselines. Rigor-
ous empirical observations on our local validation
split guided the design of our category-specific
pipelines.

Task A and Task C (OCR). Table 1 compares
our fine-tuning strategy against official baselines.
For printed text (Task A), our system establishes
a new state-of-the-art (CER 0.0441), significantly
reducing errors. To address the performance gap
between Task A and Task C, we conducted a quali-
tative error analysis on the handwritten calligraphy
samples. We observed that errors are predomi-
nantly driven by morphological challenges rather
than semantic ones. The extreme cursive fluidity
and severe stroke adhesion in historical calligra-
phy present significant visual ambiguities, heavily
disrupting the spatial recognition sequence.
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Subtask System Including Variants Excluding Variants
CER ↓ NED ↓ F1 ↑ Score ↑ CER ↓ NED ↓ F1 ↑ Score ↑

Task A

Qwen2.5-VL-7B (Zero-shot) 0.1014 0.0947 0.9110 0.9037 0.1121 0.1054 0.9007 0.8931
Qwen2.5-VL-7B (Instr. Tuning) 0.0618 0.0613 0.9430 0.9397 0.0685 0.0679 0.9364 0.9331
Xunzi-Qwen2-VL-7B (Zero-shot) 0.1786 0.1740 0.8409 0.8282 0.1851 0.1802 0.8345 0.8218
Xunzi-Qwen2-VL-7B (Instr. Tuning) 0.1214 0.1183 0.8993 0.8854 0.1264 0.1232 0.8945 0.8805
Ours (LoRA Fine-Tuned) 0.0441 0.0435 0.9589 0.9569 0.0451 0.0446 0.9579 0.9559

Task C

Qwen2.5-VL-7B (Zero-shot) 0.1207 0.1193 0.8849 0.8812 0.1338 0.1324 0.8718 0.8681
Qwen2.5-VL-7B (Instr. Tuning) 0.0920 0.0919 0.9099 0.9086 0.1066 0.1065 0.8953 0.8940
Xunzi-Qwen2-VL-7B (Zero-shot) 0.1497 0.1492 0.8538 0.8514 0.1609 0.1604 0.8425 0.8402
Xunzi-Qwen2-VL-7B (Instr. Tuning) 0.1383 0.1376 0.8673 0.8635 0.1520 0.1512 0.8534 0.8498
Ours (LoRA Fine-Tuned) 0.0793 0.0791 0.9222 0.9212 0.0917 0.0915 0.9098 0.9088

Table 1: Comprehensive evaluation results for OCR subtasks (Task A and Task C) on the official test set.
Our parameter-efficient fine-tuning strategy consistently outperforms all official baselines across both
variant settings.

System Method mAP@[.5:.95] ↑ Micro F1 ↑ Macro F1 ↑ Avg Match IoU ↑
Qwen2.5-VL-7B Zero-shot 0.0000 0.0000 0.0000 0.0000
Qwen2.5-VL-7B Instr. Tuning 0.2006 0.0513 0.1530 0.6600
Xunzi-Qwen2-VL-7B Zero-shot 0.0236 0.0003 0.0114 0.5943
Xunzi-Qwen2-VL-7B Instr. Tuning 0.1917 0.0403 0.1130 0.6654
Ours Hybrid Multi-Stage Pipeline 0.5118 0.7553 0.7879 0.7740

Table 2: Performance metrics for Layout Detection (Task B). Our hybrid pipeline, which integrates YOLO
ensemble detection with VLM-based semantic verification, substantially outperforms all official baselines.

Task B (Layout Detection). As shown in Table
2, our hybrid pipeline yields an mAP@[0.5:0.95] of
0.5118. Compared to the best-performing baseline
(0.2006 mAP), our system achieves a relative im-
provement of over 155%. This substantial improve-
ment validates the efficacy of our category-aware
geometric cleaning and conflict resolution module.

5. Conclusion

In this paper, we presented a highly effective, multi-
stage system for the EvaHan2026 shared task.
For text recognition (Tasks A and C), applying
parameter-efficient LoRA fine-tuning to Qwen2.5-
VL on full-resolution images successfully preserves
crucial spatial context, achieving highly competitive
CERs. For layout analysis (Task B), we developed
a category-aware hybrid framework integrating a
YOLO ensemble, a specialized seal pipeline, and
a VLM-based semantic verifier. This approach suc-
cessfully mitigated the high false-positive rates typ-
ical of historical documents, highlighting the im-
mense potential of combining robust visual detec-
tion with VLM semantic reasoning.

6. Limitations and Future Work

Several limitations remain for future exploration.
First, while our models train on pre-cropped
columns (Tasks A/C), future work will target end-
to-end full-page OCR to improve generalization in
uncropped scenarios. Second, our deterministic
spatial conflict rules are highly optimized for the

EvaHan2026 dataset; learning-based spatial rela-
tion modules could enhance zero-shot generaliz-
ability. Third, expanding the VLM semantic veri-
fier beyond the text category to caption or verify
other layout elements remains a promising direc-
tion. Finally, addressing label noise and generating
more diverse synthetic data for stylistically homo-
geneous categories like seals will further bridge
domain gaps.
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