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Abstract

The digitization of traditional Mongolian historical archives presents a unique intersec-
tion of low-resource natural language processing and complex document image analysis.
Characterized by vertical, cursive script with heavy morphological agglutination and severe
historical degradation, these archives defy standard optical character recognition (OCR)
techniques. In this paper, we propose an Unsupervised Domain Adaptation (UDA) frame-
work specifically targeted at isolated text line recognition, bridging the gap between abun-
dant synthetic data and unlabeled authentic archives. We introduce a Style-Aligned Syn-
thetic Engine (SASE) grounded in physical degradation modeling, and crucially, a Vertical-
Spine-Aware Multi-Scale Stroke Enhancement (VS-MSSE) module utilizing asymmetrical
convolutions to reconstruct the directional ligatures unique to Mongolian cursive. Latent
alignment is achieved via a Sequence-aware Domain-Adversarial Neural Network (DANN),
further refined by a valid-frame-normalized CTC Entropy pseudo-labeling strategy. Ex-
tensive experiments on a newly curated dataset of 19th-century administrative records
demonstrate the effectiveness of our approach, achieving a Character Error Rate (CER) of
7.8+ 0.2%. Compared to modern vision-language models like TrOCR (41.5%) and PARSeq
(36.2%), our framework provides a robust baseline for low-resource, vertical cursive script
recognition. As a pilot upstream extension toward full-page archival OCR, we further eval-
uate page-level text-column detection and show that a lightweight YOLOv8n detector with
rotation-aware reading-order recovery outperforms a rule-based column extraction baseline.

1 Introduction

The preservation of cultural heritage increasingly relies on the automated digitization of histor-
ical manuscripts. Among these, the traditional Mongolian script—a vertical, cursive alphabet
utilized across Inner Asia since the 13th century—poses formidable challenges to modern Hand-
written Text Recognition (HTR) systems. Unlike Latin or Chinese scripts, cursive vertical
scripts feature a continuous central axis (the ”spine”) connecting constituent phonemes, result-
ing in extreme topological dependency between adjacent characters, a challenge structurally
analogous to Arabic cursive recognition [11].

Current deep learning architectures for HTR, such as Convolutional Recurrent Neural Net-
works (CRNN) [1] and Transformer-based models like PARSeq [4] and TrOCR [3], have achieved
remarkable success on standardized datasets. However, their application to historical Mongo-
lian archives is severely bottlenecked by the ”Label Scarcity” problem. Creating a large-scale
supervised dataset requires scholars with specialized training in historical paleography, making
manual annotation prohibitively expensive. To circumvent this, researchers often train models
on synthetically generated data. Unfortunately, this approach suffers from catastrophic per-
formance degradation due to the massive ”Domain Shift” between pristine synthetic fonts and
highly irregular, oxidized, and physically degraded 19th-century cursive handwriting.



Unsupervised Domain Adaptation (UDA) offers a pathway to leverage unlabeled authentic
target data alongside labeled synthetic source data. Standard UDA techniques, such as Max-
imum Mean Discrepancy (MMD) [9] and Domain-Adversarial Neural Networks (DANN) [5],
primarily address global feature distribution alignment but often neglect the fine-grained struc-
tural topologies critical for dense cursive scripts.

In this paper, we focus strictly on the problem of Isolated Text Line Recognition,
assuming upstream layout analysis has yielded accurately cropped vertical text columns. To
address the specific domain shift of historical Mongolian, we propose a novel UDA framework.
Our core innovation lies in explicitly modeling the directional bias of the script. We intro-
duce the Vertical-Spine-Aware Multi-Scale Stroke Enhancement (VS-MSSE) module, which
replaces standard symmetrical convolutions with asymmetrical vertical kernels (e.g., 5 x 1) to
preferentially preserve the continuous vertical spine against heavy background noise. This is
complemented by a Style-Aligned Synthetic Engine (SASE) for initial domain bridging, and an
iteratively refined pseudo-label distillation technique utilizing a corrected formulation of valid-
frame-normalized CTC entropy. Beyond the core isolated-line recognizer, we also report a pilot
full-page column detection extension to quantify the feasibility of upstream layout analysis un-
der the same archival conditions. This extension is deliberately separated from the main UDA
recognition claim, but it provides an empirical bridge toward an end-to-end page-level OCR
system.

2 Related Work

2.1 Handwritten Text Recognition (HTR)

The paradigm of HTR has shifted significantly from Hidden Markov Models (HMMs) [16]
to deep neural networks. The CRNN architecture |1], which pairs a CNN feature extractor
with recurrent layers (e.g., BILSTM) and Connectionist Temporal Classification (CTC) [2],
remains the standard for unconstrained sequence recognition. Recently, Transformer-based
models like TrOCR [3] and PARSeq [4] have demonstrated state-of-the-art results by leverag-
ing self-attention to capture long-range linguistic dependencies [17}/18]. However, these models
heavily rely on massive annotated datasets and often exhibit limited cross-domain generaliza-
tion when deployed in zero-shot or severely degraded historical settings [20]. Cursive sequence
recognition historically relied on over-segmentation heuristics |[16], but recent deep learning ap-
proaches [12,[19] have adopted end-to-end architectures, albeit almost exclusively within fully
supervised paradigms.

2.2 Historical Document Image Analysis

Historical documents present severe degradation, including ink bleed-through, faded strokes,
and background noise. Binarization networks [10] and stroke enhancement modules [14] are
often employed as preprocessing steps. However, standard enhancement modules (like ASPP or
SE blocks) use symmetrical receptive fields, which inadvertently amplify lateral background ar-
tifacts when processing the strictly vertical Mongolian script. Our VS-MSSE module specifically
addresses this by encoding the geometric prior of the vertical spine.

2.3 Unsupervised Domain Adaptation for Sequence Recognition

UDA techniques mitigate domain shift without requiring target labels. Adversarial alignment
via DANN [5] and Conditional DANN (CDAN) [6] minimizes discrepancy in the latent feature
space. Image-level translation via CycleGAN |7, 8] transforms source images into target styles.
For OCR, sequence-aware adversarial alignment [15] and pseudo-labeling [13},21] are prevalent.
However, standard softmax confidence is poorly calibrated for CTC. While previous methods



[15,122] explored sequence adaptation, our work uniquely corrects the CTC entropy calculation
for valid frames, preventing sparse-text confidence inflation in heavily degraded documents.

3 Methodology

3.1 Strict Unsupervised Problem Formulation

Given a labeled synthetic source domain Dy = {(£,y?)}**; and an unlabeled authentic target
domain D; = {@}jﬁ |, our objective is to learn a mapping fp : X — Y minimizing risk on D;.
To ensure strict compliance with the unsupervised setting, we do not utilize any target-
domain labels during training. Hyperparameter selection and early stopping are performed
using a held-out labeled source validation set, combined with unsupervised metrics evaluated
on D; (such as the average target CTC entropy and the Fréchet Inception Distance (FID)). The

target validation set is utilized solely to compute supervised upper-bound references.

3.2 Style-Aligned Synthetic Engine (SASE)

To bridge the visual domain gap, SASE synthesizes historical degradation physics. The gener-
ative process is detailed in Algorithm

Algorithm 1 SASE: Physics-Based Data Generation

Require: Base font vector image Ijqse, Brownian variance o, Diffusion coefficient D, Advection
v, Blending factor «
Ensure: Synthetic historical image Iy,
1: Ljjter < Apply stochastic contour perturbation to Iy, using dX; = pdt + cdW;
20 I4if fusion < Solve % =V - (DVp) —V - (vp) on Ijer computationally
3: Iyy < Generate Perlin noise + random sampling from blank archival patches (sampled
strictly from unlabeled target training pages, excluding validation/test pages to avoid test
leakage)
4: Isyn — aIdiffusion + (1 - a)Ibg
5: return Iy,

For the 500k dataset, we empirically set o € [1.0,2.5], D = 0.8, and « € [0.6,0.9]. These
hyperparameters were selected by minimizing the Fréchet Inception Distance (FID) between the
generated source images and the unlabeled target training domain. Although FID was originally
designed for natural images, we utilize it solely as a coarse unsupervised visual-domain selection
criterion; final model selection does not utilize any target labels. The ”blank archival patches”
are exclusively cropped from the text-free margins of documents belonging to the unlabeled
target training pages only, excluding all validation and test pages, ensuring zero information
leakage.

3.3 Vertical-Spine-Aware Multi-Scale Stroke Enhancement (VS-MSSE)

Traditional Mongolian is defined by its vertical spine. Generic multi-scale modules (e.g., ASPP)
use symmetrical kernels (3 x 3) that treat all directions equally, causing lateral noise (e.g., paper
creases) to be amplified identically to the text spine.

We introduce VS-MSSE. Given intermediate features M € RE*H*W  we employ paral-
lel asymmetrical convolutions designed to capture elongated vertical dependencies and short
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Figure 1: Output of SASE, demonstrating simulated ink diffusion and structural jitter.

horizontal strokes (teeth/tails):

(d=1)

Fyert = Convy, ) (M) (1)
Fhoriz = Convgd:gl)(M) (2)
Fyiopat = Conviry (M) (3)

These features are concatenated and passed through a Squeeze-and-Excitation (SE) channel
attention block to recalibrate weights dynamically. VS-MSSE explicitly encodes the geometric
prior of the Mongolian script.

3.4 Sequence-aware Domain Adversarial Alignment

The feature extractor F' (ResNet-34 + VS-MSSE) and sequence model R (BiLSTM) form the
generator Gy. A Domain Discriminator D distinguishes the domain of the sequence features.
We optimize the minimax objective using a Gradient Reversal Layer (GRL):

Ian{% mgx Lete — AMdom (4)

3.5 Valid-Frame-Normalized CTC Entropy Pseudo-Labeling

Using raw softmax confidence for pseudo-labeling is unreliable for unconstrained sequence tasks.
We utilize CTC Entropy. However, standard formulations average entropy over the greedy
decoded path length |7*|, which is mathematically flawed since |7*| # T (the total output
frames).

We correct this by defining the Valid Frame Entropy, Fyqiq- Let Toaia € {1,...,T} be the
set of valid frames where the argmax prediction is not the CTC blank token.

1 1
Eyalia(z') = Toutid] Z H(p) = ool Z Zpt,k log(pe.k) (5)

teﬁ)ali(i teﬁ)alid keV

If the model predicts solely blank tokens (|7Tyaia| = 0), we set Eyqiq — 00 to immediately reject
the sample. We select target images with the lowest F, 44 for iterative fine-tuning.



4 Experiments

4.1 Dataset Statistics and Ethical Considerations

Authentic Target Dataset: We digitized authentic 19th-century administrative records from
the Qing Dynasty (Source Period: 1800-1850). The archival pages were obtained from the
Inner Mongolia University Historical Archives under research permission No. 2024-IMU-089.
Due to institutional copyright restrictions, full-resolution raw scans cannot be publicly released.
Documents were scanned at 600 DPI. Vertical columns were isolated using a semi-automatic
centerline extraction pipeline. Complete statistics are provided in Table

To ensure extreme data quality, 2,000 lines were independently annotated by three native pa-
leography experts. Conflicts were resolved via majority voting, achieving a high inter-annotator
agreement (Cohen’s Kappa k = 0.92). The train/val/test splits were strictly partitioned at the
document page level to prevent cross-column visual leakage. Characters were mapped strictly
to traditional Mongolian Unicode standards.

Table 1: Dataset Statistics for Authentic Mongolian Archives.

Statistic Value

Source Period Qing Dynasty (approx. 1800-1850)

Image Resolution 600 DPI

Total Annotated Pages 120 Pages

Total Columns / Lines 12,000 (10k Train Unlabeled, 1k Val, 1k Test)
Average Line Dimensions 1024 x 128 pixels

Average Characters per Line 38.5

Vocabulary Size |V/| 34 (27 Phonemes + Digits/Punctuation)
Expert Agreement Cohen’s kK = 0.92
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Figure 2: Authentic 19th-century archival column.



4.2 Implementation Details

Models were implemented in PyTorch and trained on 4x NVIDIA A100 GPUs. For modern
baselines (TrOCR and PARSeq) originally designed for horizontal text, we rotated all input
Mongolian vertical columns 90 degrees counter-clockwise to ensure fair evaluation of the models’
architectural capabilities without introducing orientation bias. All CRNN-based models use the
identical ResNet-34 backbone and identical SASE synthetic source data.

4.3 Main Results

Table [2| presents the quantitative comparison. To ensure statistical rigor, all experiments were
run across b different random seeds.

Table 2: Performance on the authentic 19th-century archival test set (Mean + Std over 5 seeds).

Method Paradigm CER (%) WER (%)
CRNN (Source Only) Baseline 346+12 582+1.8
TrOCR (3] Zero-shot 415+£2.0 64.1£25
PARSeq [4] Source Only 36.2+15 59.0+1.9
CycleGAN + CRNN [8] Image UDA 284+09 50.3+1.2
DANN [5] Feature UDA  18.7+0.6  35.8+0.8
CDAN |6] Feature UDA  16.24+0.5 31.0+0.7
Ours (Full Pipeline) Feature + PL 7.8 £0.2 14.2 +0.4
Fully Supervised* Upper Bound 4.5 +0.1 8.94+0.2

*The fully supervised upper bound is strictly trained using the 1,000 labeled target validation lines and
evaluated on the held-out 1,000-line test set.

Modern vision-language models like TrOCR and PARSeq show limited cross-domain gener-
alization, highlighting their sensitivity to historical cursive domain shift. Image-level transla-
tion (CycleGAN) often hallucinates structural noise due to complex topologies. Our proposed
pipeline achieves a stable and statistically significant improvement (7.8 +0.2% CER), evaluated
via a paired t-test (p < 0.001) against the CDAN baseline.

4.4 Pilot Page-Level Column Detection Extension

Although the main recognition experiments assume isolated vertical text columns, a deployable
archival OCR system must first extract text columns from full-page folios. To quantify this up-
stream layout stage, we additionally conducted a pilot page-level column detection experiment
on full archival page images. The page-level annotation set contains 62 valid traditional Mon-
golian pages after excluding Chinese handwritten pages, with 43 pages for detector training, 8
pages for validation, and 11 pages for testing. In total, the set contains 931 valid TextColumn
boxes and 153 ignored regions.

We trained a lightweight YOLOv8n detector to localize vertical text columns. The detector
was initialized from yolov8n.pt, trained for 50 epochs with an input size of 960 and batch size 1.
The confidence threshold was selected only on the validation split according to the project-level
ToU@O0.5 F1 score, yielding a final threshold of 0.35. To recover reading order from unordered
detections, we used a rotation-aware rule: ordinary pages are sorted by column center from left
to right, whereas pages manually relabeled after 90-degree rotation are sorted from right to left.
This post-processing changes only the reading order field and does not alter detection boxes.

Table|3|shows that the learning-based detector substantially reduces both false positives and
missed columns compared with the rule-based pipeline, improving F1 from 0.582 to 0.745. The



Table 3: Pilot page-level text column detection results on the full-page test split. All methods
are evaluated using loU@QOQ.5 greedy matching.

Method Prec. Rec. F1i Mean IoU RO Acc.
Rule-based proposed 0.680 0.509 0.582 0.831 0.907
YOLOv8n + rotation-aware order 0.919 0.626 0.745 0.767 0.920

rule-based method obtains a higher mean IoU on matched boxes, indicating that its successful
detections are often tighter, but its recall is limited by missed short or degraded columns.
By contrast, YOLOv8n provides a stronger page-level detector, and the rotation-aware order
recovery also slightly improves reading-order accuracy.
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Figure 3: Qualitative page-level column detection comparison. Left: human GT annotations;
middle: rule-based proposed detector; right: YOLOv8n with rotation-aware reading-order re-
covery. Green, red, and blue boxes denote GT, rule-based predictions, and YOLO predictions,
respectively.

Table 4: Confidence-threshold sensitivity of YOLOv8n. The final threshold is selected on the
validation split rather than on the test split.

Split Threshold Prec. Rec. F1

Validation 0.25 0.746 0.787 0.766
Validation 0.30 0.812 0.759 0.785
Validation 0.35 0.876 0.722 0.792
Test 0.25 0.858 0.779 0.817
Test 0.30 0.894 0.675 0.769
Test 0.35 0.919 0.626 0.745

The threshold sensitivity in Table [4] suggests that the detector is robustly stronger than the
rule-based baseline across a practical threshold range, but the precision—recall trade-off remains
non-negligible. In particular, a lower threshold improves recall on the test split, whereas the
validation-selected threshold favors high precision.

4.5 Ablation Studies

4.5.1 Complete Pipeline Ablation

Table [5] details the incremental contribution of each module. SASE provides the largest initial
drop by mitigating the visual gap, while VS-MSSE and DANN align features effectively. Pseudo-
labeling (PL) refines the conditional distribution.



Table 5: Complete Pipeline Ablation (Mean £ Std).

Configuration CER (%) WER (%)
Source Only 346+1.2 582+1.8
+ SASE 251£09 454+£15
+ SASE + VS-MSSE 19.8+0.7 36.7x1.1

+ SASE + VS-MSSE + DANN 104 £0.3 19.5+ 0.6
+ Full (w/ Pseudo-Label) 7.8+ 0.2 14.2+04

4.5.2 SASE Component Ablation

Table [6] isolates the contribution of individual SASE components on the Source-only model
evaluated on the target test set. Ink diffusion (D) proves to be the most critical physical
property, as its removal causes the most severe performance degradation.

Table 6: SASE Component Ablation (evaluated on target test set).

Configuration CER (%) WER (%)
Full SASE (Source Only) 25.1 £ 0.9 454 +1.5
w/o structural jitter (o) 272+1.0 481416
w/o ink diffusion (D) 296+1.1  523+1.7

w/o archival background patches  28.1 4+ 0.9 50.0+ 1.5

4.5.3 VS-MSSE Architectural Ablation

Table justiﬁes the asymmetrical design. Compared to symmetrical ASPP (3 x 3), VS-MSSE
(5 x 1) achieves superior performance with fewer FLOPs by eliminating unnecessary horizontal
computation paths. Expanding to 7 x 1 provides diminishing returns and increases parameter
count.

Table 7: VS-MSSE Configuration Ablation (evaluated at +DANN stage).

Module Architecture Params (M) FLOPs (G) CER (%)
Standard ResNet-34 21.3 3.6 14.1£0.5
Symmetrical ASPP (3 x 3) 24.5 4.2 125+04
VS-MSSE (Kernel 3 x 1) 22.8 3.8 11.6 £0.3
VS-MSSE (Kernel 5 x 1) 234 3.9 10.4 £ 0.3
VS-MSSE (Kernel 7 x 1) 24.1 4.1 10.3£0.3

5 Error Analysis and Limitations

Grad-CAM visualizations confirm that VS-MSSE highly activates along the central vertical
spine. A quantitative breakdown of the remaining errors (7.8% CER)—computed over manually
categorized character-level errors on the test set—reveals three primary failure modes:
e Deletion due to broken spines (42%): Extreme physical trauma (e.g., severe water
damage or paper folding) dissolves the vertical axis, causing the CTC decoder to skip
characters.



e Substitution among visually similar vowels (35%): In 19th-century cursive, scribes
routinely abbreviated trailing vowels (e.g., ‘A* vs. ‘E‘), creating profound topological
ambiguity.

e Insertion caused by stains/noise (23%): Dark oxidative stains intersecting the spine
are occasionally hallucinated as consonants.

The main recognition framework still assumes isolated text lines, and the page-level detector
is currently evaluated as a pilot upstream extension rather than a fully integrated end-to-end
OCR system. Although the YOLOv8n detector substantially improves page-level column extrac-
tion, confidence-threshold sensitivity and rare failures on pages with very few columns remain
limitations. Future work will integrate page detection, reading-order recovery, and the UDA
recognizer into a single end-to-end archival OCR pipeline, especially for full folios containing
complex layout noise such as imperial red seals stamped directly over textual columns.

6 Data Availability and Reproducibility Statement

An anonymized repository containing training scripts, configuration files, random seeds, syn-
thetic generator parameters, model checkpoints, and the evaluation protocol will be provided
as supplementary material during the review process. While the authentic archival dataset is
subject to institutional copyright, a desensitized subset of strictly isolated column patches (with
no sensitive metadata) will be included in the repository to ensure full reproducibility.

7 Conclusion

This paper establishes a robust Unsupervised Domain Adaptation baseline for isolated tradi-
tional Mongolian historical text line recognition. By introducing the physical SASE engine,
the geometry-aware VS-MSSE module, and correcting the CTC-entropy pseudo-label strategy,
we achieved a highly statistically significant CER of 7.8 + 0.2%, providing a key recognition
component for future large-scale digital humanities pipelines for low-resource vertical scripts.
In addition, our pilot page-level column detection experiment demonstrates that lightweight
learning-based layout analysis can substantially outperform rule-based extraction, suggesting a
practical path toward full-page traditional Mongolian archival OCR.
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