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Abstract
This paper presents Ketaba-OCR-LoRA, a system developed for the NakbaNLP 2026 Shared Task on Arabic
Manuscript Understanding (Subtask 2), which targets the transcription of the historically significant Omar Al-Saleh
Memoir Collection written in Rug’ah and Naskh scripts. We propose a parameter-efficient adaptation of a publicly
available pretrained Arabic-English Handwritten Text Recognition (HRT) model, originally trained on handwritten
corpora including the Muharaf dataset. Instead of adapting general Vision-Language Models from scratch, we
fine-tune the HRT backbone using Low-Rank Adaptation (LoRA) and 4-bit quantization (QLoRA), reducing memory
requirements from 40GB to approximately 8GB. Our final submission combines multiple model variants through a
novel Linear+Boost weighted ensemble strategy. Our approach achieves a CER of 0.0819 and WER of 0.2588 on
the blind test set (per-line evaluation), ranking 1st on per-line evaluation; on the official corpus-wide leaderboard, we
rank 3rd (CER 0.0938, WER 0.2996). This work demonstrates that specialized pretrained HRT models substantially
outperform general-purpose Vision-Language Models for Arabic manuscript transcription, and that parameter-efficient

fine-tuning provides a practical and reproducible approach for low-resource cultural heritage digitization.
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1. Introduction

The NakbaNLP 2026 Shared Task (Subtask 2)
addresses a critical challenge in Digital Human-
ities: automating the transcription of historical Ara-
bic manuscripts. The task evaluates systems on
the Omar Al-Saleh Memoir Collection (1951-1965),
which comprises over 1.5 million words of culturally
significant Palestinian testimonies (Hamoud et al.,
2026). The manuscripts are written in historical
Rug’ah and Naskh scripts, for which robust OCR
is essential for scholars and cultural preservation.

Rather than training a general-purpose Vision-
Language Model (VLM) from scratch, our core strat-
egy relies on parameter-efficient transfer learning.
We utilize a specialized Handwritten Text Recog-
nition (HRT) backbone (Sherif, 2025) pretrained
on diverse datasets like Muharaf (Aladmani et al.,
2024). To adapt this foundation to the specific cal-
ligraphy of the memoirs without prohibitive compu-
tational costs, we fine-tune the model using Low-
Rank Adaptation with 4-bit quantization (QLoRA)
(Hu et al., 2022; Dettmers et al., 2023). Our experi-
ments yielded the following key outcomes:

* Ranking & Performance: Our system ranks
1st on per-line evaluation (CER 0.082, WER
0.259) and 3rd on the official corpus-wide
leaderboard (CER 0.0938, WER 0.2996).

* HRT vs. Generalist VLMs: Specialized,
Ketaba-OCR-LoRA models drastically outper-
form zero-shot generalist VLMs, which strug-

gle with historical Arabic handwriting.

+ Parameter Efficiency: QLoRA efficiently
bridged the domain gap, reducing CER from
0.58 to 0.08 with minimal computational over-
head.

* Ensemble Innovation: Our Linear+Boost
weighting strategy improved CER by 7.4% over
standard inverse-CER weighting.

Our model weights and source code are publicly
available.’

2. Background and Related Work

Arabic Handwritten Text Recognition (HRT) is in-
herently complex due to its cursive script, context-
dependent allographs, and diacritics (Wasfy et al.,
2025). While early encoder-decoder models like
TrOCR (Li et al., 2023) struggle with degraded his-
torical manuscripts, recent state-of-the-art methods
rely on synthetic data to overcome resource scarcity.
For instance, Wasfy et al. (2025) introduced Qari-
OCR using diverse synthetic fonts, and Hennara
et al. (2025) developed Baseer (Hennara et al.,
2025) to advance low-resource Arabic document
understanding. Concurrently, Large Multimodal
Models (LMMs) like Qwen-VL (Bai et al., 2023) of-
fer powerful end-to-end vision-language generation.
Multilingual models like GLM-OCR (Zai-org, 2026)

"Model weights and code: https://huggingface.
co/HassanB4/Ketaba—-OCR-LoRA
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Figure 1: Overview of the Ketaba-OCR-LoRA pipeline.

also exist. However, without domain adaptation,
these generalist models often hallucinate modern
orthography when processing ambiguous historical
texts.

2.1. Task Setup and Data

We participate in the NakbaNLP 2026 Shared Task
(Subtask 2: Automatic Manuscript OCR) (Hamoud
et al., 2026), which focuses on transcribing the
Omar Al-Saleh Memoir Collection (1951-1965) in
historical Rug’ah and Naskh script. The input con-
sists of pre-segmented JPG line images, and the
target output is a character-level Unicode transcrip-
tion that preserves orthography and diacritics (tash-
keel). The shared-task dataset includes approxi-
mately 15,962 training samples, 1,774 develop-
ment samples, and 2,095 test samples. In this
paper, the 2,095 figure refers to the test split used
during development, while the official shared-task
ranking was computed on a final blind CodaBench
evaluation with 2,671 hidden test images. Evalua-
tion is based on Character Error Rate (CER) and
Word Error Rate (WER).

Our submission is fine-tuned only on the official
shared-task data. The Muharaf Dataset (Aladmani
et al., 2024), the IAM Handwriting Database (Marti
and Bunke, 2002), and other handwritten cor-
pora mentioned with the Arabic-English HRT back-
bone (Sherif, 2025) were used only for backbone
pretraining.

3. System Overview

Our proposed system, Ketaba-OCR-LoRA, is
built upon Arabic-English HRT model based on
Qwen2.5-VL (Sherif, 2025). The overall system
design is illustrated in Figure 1. This model was
selected for its high-resolution visual encoder, es-
sential for capturing Arabic diacritics (tashkeel) and
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letter dots (nugat).

3.1.

We preprocess manuscript line images before feed-
ing them to the model. Each image is loaded in
RGB; if either dimension exceeds 1024 pixels, we
downscale it so that the longer side is capped at
1024 using Lanczos resampling. We then resize
the image so that both dimensions are multiples of
32, as required by the vision encoder.

No additional augmentation or normalization is
applied; transcriptions are used as provided.

Data Preprocessing

3.2. Base Model: Arabic-English HRT
based on Qwen2.5-VL

This 4B-parameter model (Bai et al., 2023) was
fine-tuned on handwritten datasets including the
Muharaf Dataset (Aladmani et al., 2024) and |IAM
Handwriting Database (Marti and Bunke, 2002). Its
Vision Transformer encoder and MLP adapter pro-
vide robust priors for Arabic and Latin handwritten
text recognition.

3.3. Low-Rank Adaptation (LoRA)

To efficiently adapt the pretrained HRT model to the
Al-Saleh manuscript style without catastrophic for-
getting, we employ LoRA (Hu et al., 2022). Instead
of updating all model parameters W, we decom-
pose the update AW into two low-rank matrices:

(1)

where W is frozen in 4-bit precision (NF4 format,
QLoRA) (Dettmers et al., 2023). We use rank
r = 32 with scaling factor a = 64, along with DoRA
(Weight-Decomposed Low-Rank Adaptation) (Liu
et al., 2024) and RSLoRA (Rank-Stabilized LoRA)
(Kalajdzievski, 2023) for improved training stability.

W' =W +AW =W + BA



System / Configuration

Blind Test Set

CER| WER/

Test Set
CER| WER|

1. Baselines

Organizer Baseline | 0.5840 0.8810 | 0.5910 0.8850
2. Fine-Tuned Models (Non-Merged LoRA)'

Ketaba-OCR-LoRA:Qwen2.5-VL| ‘ 0.0810 0.1150 ‘ 0.0884 0.2699
Ketaba-OCR-LoRA + Ensemble (Ours)* - - 0.0819 0.2588
3. Fine-Tuned Models (with Optimizations)®

Ketaba-OCR-LoRA:Qwen2.5-VL Improvement1§ ‘ - - ‘ 0.1133 0.3104
Fine-Tuned QARI-3 0.2782 0.5814 | 0.2635 0.5521
4. Other / External Models

Arabic OCR 4bit Qwen2.5-VL-3B-v2 \ - - \ 0.3234 0.6203

Table 1: Comparative results for fine-tuned models and external systems. Our row reports per-line
CER/WER (1st on per-line); official corpus-wide ranking is 3rd (Table 2). Additional baseline experiments

are in Table 6 (Appendix G).

LoRA adapters are injected into attention projec-
tions (q, k, v, 0) and MLP layers (gate, up, down
projections). We optimize with AdamW (Loshchilov
and Hutter, 2019) using the Hugging Face Trans-
formers library (Wolf et al., 2020).

4. Experimental Setup

41.

We evaluated two primary approaches:

1. Zero-Shot Inference: We tested infer-
ence without fine-tuning using Sherif's
pretrained  Arabic-English HRT model
(Sherif, 2025) (sherif1313/Arabic-
English-handwritten-OCR-v3?) based
on Qwen2.5-VL (Bai et al., 2023). For
comparison, we also evaluated general-
purpose Vision-Language Models including
Qwen2.5-VL directly (Bai et al., 2023), QARI-
OCR (Wasfy et al., 2025), and GLM-OCR
(Zai-org, 2026). A comprehensive list of all
baseline models tested is provided in Table 7
(Appendix G.1).

2. LoRA Fine-Tuning (Ours): Fine-tuning
Sherif's HRT model using the hyperparame-
ters detailed in Appendix D. We used peft
(Mangrulkar et al., 2022) for adapter injection
and bitsandbytes (Dettmers et al., 2022)
for quantization.

Baseline Models

4.2. Evaluation Metrics

The main evaluation metrics are Character Error
Rate (CER) and Word Error Rate (WER), detailed

2https://huggingface.co/sherif1313/
Arabic-English—-handwritten—-OCR-v3

in Appendix A.

4.3. Ensemble Strategy

Our final submission employs a weighted ensem-
ble combining predictions from six model configu-
rations. After testing 30 weighting strategies, we
found that a Linear+Boost scheme outperformed
traditional inverse-CER weighting.

Linear+Boost Weighting: Instead of w; = oﬁ
we use:

w; = (1 — CERl) + 1[CER1 < 0.15] x 0.5 (2)

This applies a linear decay based on CER, plus
a bonus of 0.5 for models with CER below 0.15.
This gives weights [0.24, 0.24, 0.14, 0.14, 0.13,
0.12] for our six models, providing a more balanced
distribution than inverse-CER while still favoring top
performers.

The full ensemble algorithm—including weighted
majority voting, Arabic normalization, n-gram con-
sistency, and edit distance consensus—is detailed
in Appendix E.

5. Results

5.1. Official Leaderboard and Per-Line
Results

The shared task reports two evaluation schemes:
corpus-wide (entire test set as a single se-
quence), used for the official ranking, and per-line
(CER/WER computed per example then averaged).
Our team ranks 3rd on the official (corpus-wide)
leaderboard (CER 0.0938, WER 0.2996) and 1st
on per-line evaluation (CER 0.0819, WER 0.2588;
Table 1). The full leaderboards (corpus-wide and
per-line) are in Appendix B (Table 2 and Table 3).
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As shown in Table 1, our fine-tuned system sig-
nificantly outperforms all baselines, confirming the
superiority of specialized HRT adaptation. Addi-
tional evaluations are in Appendix G.

5.2. Error Analysis

Detailed error analysis, including visual compar-
isons and architectural behavior across varying se-
quence lengths, is in Appendix F.

5.3. Ablation Study

To evaluate the impact of our parameter-efficient
fine-tuning, we compared general-purpose VLMs
against specialized Arabic OCR systems (Table 8).

Our zero-shot inference study (Appendix C) high-
lighted a significant domain gap (0.2032 CER), con-
firming the necessity of domain-specific adaptation.
Base VLMs yielded over 40,000 substitutions, while
MSA-centric models (Qari series) suffered catas-
trophic over-segmentation (>200,000 insertions).
Our LoRA adaptation reduced these errors by an
order of magnitude (Table 8).

5.3.1. The Role of Ensembling

Applying our Linear+Boost ensemble strategy pro-
vided a critical final performance boost. It improved
the blind test CER from 0.0884 (achieved via stan-
dard inverse-CER weighting) to 0.0819, represent-
ing a 7.4% relative improvement by effectively by-
passing the generative hallucinations of individual
models. More details on the discrepancy analysis
of the blind test set, and how ensembling actively
corrects catastrophic looping and contextual drift,
are provided in Appendix H (specifically Table 9
and Table 10).

6. Discussion

Specialized pretrained HRT models substantially
outperform general-purpose VLMs for Arabic
manuscripts, as they explicitly encode morpholog-
ical priors and possess invariances to noise, fad-
ing, and ink bleeding—properties absent in models
trained on clean internet images. QLoRA provides
a practical adaptation paradigm, achieving 86% rel-
ative CER improvement (0.58 to 0.08) with minimal
overhead (8GB vs. 40GB). Our Linear+Boost en-
semble strategy, outperforming 29 alternative con-
figurations including inverse-CER and exponential
decay, demonstrates the importance of balanced
weighting over extreme disparities.

Limitations include system specialization to the
Al-Saleh memoirs with unexplored generalization
to other historical periods, and disproportionately
high WER (0.26) versus CER (0.08) due to Arabic

agglutination complexity. Future work should ad-
dress morphologically-aware postprocessing and
constrained decoding against historical dictionar-
ies.

7. Conclusion

We presented Ketaba-OCR, which ranks 1st on
per-line evaluation (CER 0.0819, WER 0.2588)
and 3rd on the official corpus-wide leaderboard
(CER 0.0938, WER 0.2996) at NakbaNLP 2026,
by fine-tuning a specialized pretrained HRT model
via QLoRA and combining predictions through our
novel Linear+Boost ensemble strategy. Our key
contributions are: (1) demonstrating that parameter-
efficient adaptation of domain-specific HRT mod-
els substantially outperforms generalist VLMs for
historical Arabic manuscripts; (2) introducing a Lin-
ear+Boost weighting scheme that outperforms tra-
ditional inverse-CER ensemble methods by 7.4%;
and (3) providing a systematic comparison of 30
ensemble configurations.

While our open-source system advances digital
humanities—specifically enabling the preservation
of historical Palestinian narratives—it remains op-
timized for the Al-Saleh memoirs. Consequently,
it requires further adaptation for other calligraphic
styles, and historians should validate transcriptions
prior to scholarly use. Ultimately, this work provides
a reproducible, computationally efficient blueprint
for digitizing low-resource cultural heritage texts.

Ethics Statement

This work supports the digitization of historical Ara-
bic manuscripts and the accessibility of culturally
significant Palestinian testimonies (Omar Al-Saleh
Memoir Collection), with potential benefit for schol-
ars and cultural preservation. The shared task data
consist of historical testimonies; consent and cu-
ration are the responsibility of the task organizers,
and we use the data only as provided. Automated
transcriptions may contain errors; we recommend
validation by domain experts before scholarly or
public use. Our model weights and code are re-
leased to support reproducibility (see footnotes).
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A. Appendix: Evaluation Metrics
Levenshtein(Pred, Ref)
Length(Ref)

Word Error Rate (WER) assesses transcription us-
ability:

CER =

(3)

S+D+1
WER—A—ﬁv—— (4)

where S, D, I are substitutions, deletions, inser-
tions, and N is reference word count.

B. Appendix: Official Leaderboards
(Corpus-Wide and Per-Line)

The shared task reports both corpus-wide and per-
line CER/WER. Table 2 gives the official (corpus-
wide) leaderboard; Table 3 gives the per-line leader-
board (CER/WER computed per example and av-
eraged). Ketaba-OCR (ours) ranks 3rd on corpus-
wide and 1st on per-line (Table 1).

C. Appendix: Zero-Shot Ablation
Study

D. Appendix: Hyperparameters and
Model Details

The hyperparameters and model configuration
used for the LoRA fine-tuning experiment are listed
in Table 5. These were selected based on exten-
sive hyperparameter search on the validation set,
prioritizing Character Error Rate minimization.

D.1. Key Configuration Justifications

Choice of Base Model: Sherif1313’s Arabic-
English handwritten OCR model was selected be-
cause:

1. ltis pretrained on Arabic and English handwrit-
ten text from multiple sources (Muharaf, IAM,
proprietary collections)

2. It exhibits stronger robustness to manuscript-
specific degradations compared to general
VLMs

3. With 4-bit quantization, the model fits in ~8GB
VRAM despite having 4B+ parameters, en-
abling efficient fine-tuning on consumer hard-
ware

LoRA Rank Selection: Ablation studies indi-
cated that rank 32 with DoRA and RSLoRA pro-
vides the optimal trade-off between model capac-
ity and computational efficiency. Ranks below 16
underfit; higher ranks show diminishing returns in
CER improvement.

Quantization Strategy: 4-bit NF4 quantiza-
tion via QLoRA reduces memory usage from
~40GB (full precision) to ~8GB, enabling training
on consumer-grade GPUs while preserving model
quality.

E. Appendix: Ensemble Method
Details

Our final winning submission employed our Lin-
ear+Boost weighted ensemble strategy. The en-
semble achieved CER 0.0819 and WER 0.2588 on
the blind test set.

Models Combined with Linear+Boost
Weights:

+ Ketaba-OCR-LoRA: CER 0.09, weight 0.24

+ Ketaba-OCR-LoRA variant): CER 0.11, weight
0.24

+ Zero-shot HRT with LoRA: CER 0.18, weight
0.14

» Zero-shot HRT baseline: CER 0.20, weight
0.14

+ Fine-tuned QARI: CER 0.26, weight 0.13
« Arabic OCR 4-bit: CER 0.32, weight 0.12

Weight Computation (Linear+Boost):

w; = normalize ((1 — CER;) + 1[CER; < 0.15] x 0.5)

()

Why Linear+Boost Outperforms Inverse-
CER:

* Inverse-CER (w = 1/CER) creates extreme
weight disparities (best model gets 3.5x
weight of worst)

 Linear decay provides smoother distribution,
allowing weaker models to contribute diversity

» The boost term (+0.5 for CER < 0.15) ensures
top 2 performers have sufficient influence

+ Combined effect: better balance between trust-
ing top models and leveraging ensemble diver-
sity

Ensemble Algorithm:

1. Apply Linear+Boost weights to all model pre-
dictions
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Rank Team CER| WER|
1 Misraj Ai 0.079 0.244
2 Oblevit 0.0925 0.3268
3 Ketaba-OCR (Ours) 0.0938 0.2996
4 Latent Narratives 0.105 0.3106
5 Al-Warraq 0.1142 0.378
6 Not Gemma 0.1217 0.3063
7 NAMAA-Qari 0.195 0.5194
8 Fahras 0.2269 0.5223
9 baseline 0.3683 0.6905

Table 2: Official leaderboard (corpus-wide evaluation; used for ranking). All participating teams and

organizer baseline. Ketaba-OCR (ours) ranks 3rd.

Rank Team CER| WER|
1 Ketaba-OCR (Ours) 0.0819 0.2588
2 Misraj Ai 0.0895 0.2516
3 Latent Narratives 0.1002 0.2845
4 Oblevit 0.1049 0.3316
5 Al-Warraq 0.1059 0.3468
6 Not Gemma 0.11 0.3126
7 Fahras 0.1819 0.4303
8 NAMAA-Qari 0.2032 0.5031
9 baseline 0.2811 0.5884

Table 3: Per-line leaderboard (CER/WER computed per example, then averaged). Ketaba-OCR (ours)

ranks 1st (Table 1).

2. If weighted consensus >50% for any predic-
tion, select it

3. Normalize Arabic text (alef variants, teh
marbuta) and re-vote

4. Score remaining candidates by 3-gram consis-
tency with other models

5. Final tie-breaking: minimum average edit dis-
tance to all candidates

Ablation of Weighting Strategies (30 configs
tested): Config 18 (Linear+Boost<0.15) achieved
the best blind test CER of 0.0819, outperforming
inverse-CER (0.0884), exponential decay (0.0856),
and rank-based methods (0.0871).

F. Appendix: Error Analysis Details

F.1.

Figure 2 presents representative failure cases high-
lighting the differences between the zero-shot base-
line, QARI-3, and our proposed Ketaba-OCR-LoRA
model. In the first example, the ground truth word
is Olswall. The zero shot model produces an incom-

Qualitative Error Analysis

plete prediction s, omitting both the initial definite
article ! and the final character indicating insuf-

ficient adaptation to Arabic morphological struc-
ture. In contrast, both QARI-3 and our proposed

method successfully recover the complete word.
The second example illustrates a more challenging
scenario, where a horizontal artifact partially oc-
cludes the upper region of the text. The zero-shot
model again fails to reconstruct the word correctly,
while QARI-3 produces a near-correct output. Our
proposed model accurately recovers the full word
despite visual corruption, indicating improved ro-
bustness to noise and structural distortions.

Moreover, we expanded the error analysis for
long sentences with punctuation. For instance,
Figure 3 presents a challenging long-text example
containing multiple words, punctuation, and com-
plex Arabic morphology. Such samples require
accurate character recognition, proper word bound-
ary modeling, and contextual coherence. The
zero-shot baseline shows character-level distor-
tions and incomplete words, while QARI-3 partially
improves structural consistency but remains sen-
sitive to noise. In contrast, our proposed model,
Ketaba-OCR-LoRA, accurately reconstructs the
full sentence, demonstrating enhanced robustness
and superior context-aware modeling for long text
sequences.

F.2. Quantitative Error Analysis by
Sequence Length

The comparative analysis of Character Error Rate
(CER) against sequence length shows distinct ar-
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Model

Test Set Blind Test Set
CER| WER| | CER|, WER/|

HRT: Zero-Shot Qwen2.5-VL

HRT: Zero-Shot Qwen2.5-VL (LoRA)?

0.1690 0.4987 | 0.2032 0.5031
0.1834 0.4644

Table 4: Zero-shot inference ablation study. *Merged adapters. These results demonstrate the baseline
performance of the pretrained HRT model without fine-tuning, highlighting the domain gap for unseen

historical manuscripts.

Parameter Value

Parameter Value

Base Model Configuration

Base Model Name

Base Model Size ~4.07B parameters

Arabic-English-handwritten-OCR-v3 Model Architecture

Vision-Language Transformer

Pretraining Data Muharaf, IAM, Custom

Quantization Configuration

Quantization Scheme  4-bit NF4 (QLoRA) Compute Dtype bfloat16
Double Quant True - -

LoRA Adapter Configuration
LoRA Rank (7) 32 LoRA Alpha («) 64
Target Modules a, k, v, 0, gate, up, down LoRA Dropout 0.05
DoRA True RSLoRA True

Training Hyperparameters

Learning Rate 2x107° Optimizer AdamW (fused)
LR Scheduler Cosine Warmup Steps 200
Batch Size 1 (per GPU) Gradient Accumulation 4

Effective Batch Size 4
Max Gradient Norm 1.0

Max Sequence Length 2048
Evaluation Strategy steps
Save Steps 500

Number of Epochs 1

Weight Decay 0.01
Max Image Size 1024
Eval Steps 500
Files per Chunk 1000

Table 5: Comprehensive hyperparameters for QLoRA fine-tuning of Ketaba-OCR-LoRA. The base model
(Arabic-English HRT) was pretrained on diverse handwritten datasets.

chitectural behaviors among the evaluated models
(see Figure 4). Ketaba-OCR-LoRA demonstrates
stability, maintaining a near-zero CER regardless of
text length, indicating robust handling of long-range
spatial dependencies. In contrast, the Zero-Shot
model demonstrates a notable short-text penalty,
where error rates are highest for sequences under
20 characters and improve as length increases, in-
dicating heavy reliance on surrounding linguistic
context to disambiguate characters, a luxury not
afforded by shorter snippets. Conversely, QARI-3
shows a classic performance decay, with CER scal-
ing positively with sequence length before plateau-
ing between 0.15 and 0.20. This degradation in
QARI-3is likely caused by attention saturation or er-
ror accumulation in its recurrent components. Over-
all, while Ketaba-OCR-LoRA is the most versatile,
the results highlight a critical trade-off between con-
textual reliance in Zero-Shot models and the scaling
limitations of the QARI-3 architecture.

F.3. Model Comparison Analysis

A comparative performance analysis of various
models based on Character Error Rate (CER) and
Word Error Rate (WER) is presented in Table 6 and
Table 8. Qwen2.5-3B and Qwen2.5-7B models sig-
nificantly outperform the remaining models, main-
taining both CER and WER below the 1.0 thresh-
old. Interestingly, while the Qwen series generally
shows lower error rates, the Qwen2.5-VL-4B model
shows a notable spike in error metrics compared
to its smaller counterparts, indicating that model
scaling or architectural changes in that specific con-
figuration may have caused degradation.

Among the Qari models, performance is more
volatile; Qari-0.3 serves as the strongest baseline
in its group, while Qari-OCR-2B and Qari-0.1 show
the highest error rates. A key observation is the
relationship between character and word accuracy:
in most models, WER tracks closely with CER,
but Qari-0.1 and Qwen2.5-VL-4B show wider di-
vergence, potentially indicating issues with linguis-
tic consistency or spacing despite relatively better
character recognition. Overall, the Qwen2.5 archi-
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Figure 2: Qualitative Samples

tecture remains the most robust for this specific
task, providing the highest levels of transcription
accuracy.

G. Appendix: Additional Experiments
(Test Set Only)

G.1. Baseline Models

Model / Configuration \ CER| WER|

Qwen2.5-VL-7B 0.6808 0.9198
Qwen2.5-VL-3B 0.6213 0.8628
QARIv0.3 0.5293 0.8772
QARI vO0.1 0.7127 0.9296
QARI-OCR 2B 0.6840 0.9126
GLM-OCR 0.9999 0.9999

Table 6: Additional baseline model experiments
evaluated on the test set only (blind test set re-
sults unavailable). These include general-purpose
Vision-Language Models (Qwen2.5-VL), domain-
specific Arabic OCR systems (QARI variants), and
multilingual models (GLM-OCR).

The high insertion counts for Qari models
(>100,000) indicate aggressive over-segmentation,
where stylistic ligatures are misinterpreted as word
boundaries. Our LoRA-adapted system eliminates
these structural hallucinations.

Model / Configuration Type
Arabic-English HRT (v3) Specialized HRT
Qwen2.5-VL-7B General VLM
Qwen2.5-VL-3B General VLM
QARI v0.3 Arabic OCR
QARI v0.1 Arabic OCR
QARI-OCR 2B Arabic OCR
GLM-OCR Multilingual LMM

Arabic OCR 4-bit Qwen2.5-VL-3B-v2 Quantized VLM

Table 7: Comprehensive list of baseline models
evaluated. Specialized (HRT) and general-purpose
(VLM) models were compared to assess domain
adaptation benefits. Detailed performance metrics
are provided in Table 1 and Table 4.

H. Appendix: Blind Set Discrepancy
and Hallucination Analysis

Since official ground truth annotations were not
released for the blind test set, we constructed a
Pseudo-Ground Truth (Pseudo-GT) from the en-
semble’s final predictions via weighted majority vot-
ing (Linear+Boost, Section 4.3). We consider this
a reliable proxy: our ensemble achieved a corpus-
wide CER of 0.0938 on the blind test set, meaning
the predictions deviate from the true references by
less than 10% at the character level. The resulting
Pseudo-GT thus closely approximates the actual
ground truth, making it suitable for qualitative failure
analysis across individual models.

This analysis reveals systematic failure modes
in individual models—specifically generative hal-
lucination loops and contextual drift—and demon-
strates the corrective power of ensemble consen-
sus.

H.1. Catastrophic Hallucinations (Total

Disagreement)

Table 9 illustrates the most severe failure modes
observed in individual models, specifically gener-
ative repetition loops. When the autoregressive
decoder loses attention alignment, it collapses into
infinite lexical looping (e.g., repeating the word
ﬂ.‘b{p_j) or numerical hallucinations (e.g., looping

AY)- Our ensemble strategy successfully mitigates

these errors, relying on the robust consensus of
the Linear+Boost weighting to extract coherent se-
quences.

H.2. Ensemble Correction in Lower
Disagreement

Table 10 demonstrates cases of “Lower Disagree-
ment,” where two models agree and one dissents.
Here, the standalone HRT_LoRA_Merged model
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Figure 3: Qualitative Sample 3

Table 8: Detailed Error Metrics for Baseline Models and Variants

Model CER WER  Subs. Dels. Ins.
Qwen2.5-3B 0.7868 0.9625 42,215 9,147 35,724
Qwen2.5-7B 0.8052 0.9922 46,953 15,977 21,065
Qwen2.5-VL-4B* 3.7699 3.0734 56,407 30,202 48,983
Qari-0.3 2.6551 1.8641 49,762 3,053 145,225
Qari-0.1 45836 2.7653 49,612 15,009 111,262

Qari-OCR-2B 4.2499 4.5788 45,142 7,381 223,041

Is the model worse on longer lines? (CER vs Length)
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Figure 4. CER vs Sequence Length

occasionally suffers from premature truncation and
contextual drift, hallucinating shorter, semantically
unrelated phrases. The ensemble leverages con-
sensus to output the structurally accurate transcrip-
tion.
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Model Prediction (Truncated)
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Table 9: Examples of severe generative hallucinations in single models compared to the stable ensemble
output. The autoregressive loops in Submission_1 are completely bypassed by the ensemble consensus.

Source Text Sequence (Truncated)
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Table 10: Correction of contextual drift and truncation. When individual models fail to capture the full
manuscript line, the ensemble defaults to the more complete, text-anchored sequence.
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