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Abstract

Large-scale scientific research on historical
documents — particularly medieval Arabic
manuscripts — remains challenging due to the
need for advanced paleographic and linguis-
tic training, the large volume of hand-written
materials, and the absence of assisting soft-
ware. In this paper, we propose InkSight,
the first end-to-end Arabic manuscript anal-
ysis tool for manuscript-based analytics and
research hypothesis testing. InkSight integrates
three key components: (i) an Optical Char-
acter Recognition (OCR) module utilizing a
Large Visual Language Model (LVLM); (ii)
a lightweight document indexing and infor-
mation retrieval module that enables query-
based evidence retrieval from book-length
manuscripts; and (iii) a flexible Large Lan-
guage Model (LLM) prompting interface fac-
tually grounded to the given manuscript via
Retrieval-Augmented Generation (RAG). Em-
pirical evaluation on the existing KITAB OCR
benchmark and our in-house dataset of ancient
Arabic manuscripts has revealed that histori-
cal research can be effectively supported us-
ing smaller fine-tuned LVLMs without rely-
ing on larger proprietary models. The live
web demo for InkSight is available freely at:
https://inksight.ru and the source code
for InkSight is publicly available at Github1.

1 Introduction

Recent advances in Optical Character Recogni-
tion (OCR) (JaidedAI, 2020; Heakl et al., 2025b)
and Natural Language Processing (NLP), par-
ticularly with Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020b) approach, now enable
systems to answer complex questions by retriev-
ing and analyzing supporting evidence passages
from long documents. Despite these technological

*These authors contributed equally to this work.
1https://github.com/ds-hub-sochi/

InkSight-tool

advances, large-scale scholarly analysis of histor-
ical documents — particularly medieval Arabic
manuscripts — continues to face significant practi-
cal barriers. Many archival collections remain un-
derexplored due to a critical shortage of specialists
capable of accurately transcribing historical scripts.
Scholars often spend excessive time on mechani-
cal transcription tasks, with a complex manuscript
page requiring up to three days of work even for ex-
perienced researchers. In our work, we address this
challenge by developing an integrated InkSight tool
that overcomes the OCR bottleneck while provid-
ing historians with an efficient LLM framework for
book-length manuscript analysis, hypothesis test-
ing, and evidence-based historical interpretation.

The past few decades have witnessed a no-
table improvement in handwritten text recogni-
tion (HTR) due to OCR methods that adopt ei-
ther Convolutional Neural Networks (CNN) (Le-
cun et al., 1998; Wigington et al., 2018; Fasha et al.,
2020; JaidedAI, 2020; Bhunia et al., 2021) or task-
specific Transformer models (Li et al., 2023). How-
ever, these models typically require task-specific
fine-tuning and exhibit limited generalization abili-
ties to new domains and fonts. Additionally, histor-
ical Arabic manuscripts exhibit high script variabil-
ity. In contrast to prior OCR approaches, Large
Vision-Language Models (LVLMs) (Bai et al.,
2023) are capable of surpassing task-specific OCR
models in accuracy and generalization without ex-
tensive fine-tuning (Heakl et al., 2025b).

Recently, Large Language Models (LLMs) have
excelled at fine-grained analysis of long-form texts.
Specifically, LLMs enhanced with RAG were
shown to have good fact checking capabilities not
only for English texts (Min et al., 2023; Liu et al.,
2025), but also for Arabic data (Kim et al., 2024;
Shafayat et al., 2024). For question answering,
current state-of-the-art LLMs exhibit near-human
performance (Abdelali et al., 2024) on numerous
Arabic datasets (Mozannar et al., 2019; Lewis et al.,
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2020a; Artetxe et al., 2020; Clark et al., 2020).
In this paper, we present InkSight, the first

end-to-end Arabic manuscript analysis tool that
adopts Large Visual Language Models (LVLMs)
for image-to-text document transcription, hypoth-
esis testing, and evidence retrieval. As seen from
Figure 1, InkSight integrates three key components:
(i) an Optical Character Recognition (OCR) mod-
ule utilizing a LVLM; (ii) a Retrieval-Augmented
Generation (RAG) module designed to efficiently
index and retrieve information from book-length
manuscripts; and (iii) a flexible prompting inter-
face, allowing domain experts to formulate custom
analytical queries and hypotheses.

The contributions of our paper are as follows:

• We present InkSight, an open-access web tool
that accepts a handwritten Arabic book, per-
forms OCR and document indexing, and sup-
ports arbitrary comprehension queries. User
questions are answered by an LLM enhanced
with RAG module, which retrieves relevant
passages from the book and returns them ex-
plicitly as supporting evidence.

• Experimental evaluation on modern KITAB
OCR benchmark (Heakl et al., 2025b) and
our in-house MAS corpus of historical
manuscripts has revealed that large propri-
etary LLMs, namely GPT-4o, GPT-5 and
Gemini-2.0 Flash, have limited zero-shot
generalization to ancient Arabic texts.

• InkSight’s modular pipeline enables easy adap-
tation to historical manuscripts in other lan-
guages. We make the source code for our tool
publicly available: https://github.com/
ds-hub-sochi/InkSight-tool.

2 InkSight System

2.1 Handwritten Text Recognition Pipeline

For HTR, we implement a two-step pipeline that
performs line segmentation followed by line-level
transcription using a fine-tuned LVLM. Line level
processing minimizes layout complexity and in-
terference while maintaining adequate context for
LVLM autoregressive capabilities (Younes and Ab-
dellah, 2015; Chan et al., 2024).

Task Formulation The Handwritten Text Recog-
nition (HTR) task aims to transcribe handwritten
text into a machine-interpretable format. Formally,

given an input image X ∈ RH×W×C of a handwrit-
ten document (with C = 1 for grayscale or C = 3
for RGB), the objective is to predict the correspond-
ing character sequence Y = (y1, y2, ..., ym) of
length m. When implemented with LVLMs, HTR
performs conditional generation by jointly using
the image X and a textual prompt P that specifies
the recognition task, producing the transcription Y
as output.

Line Segmentation For line segmentation, we
adopt the Kraken toolkit2 (Kiessling, 2019). First,
the input image Xpage ∈ RH×W×C undergoes bi-
narization to enhance text-background contrast and
reduce noise. The rule-based segmenter then pro-
cesses this binarized image to extract text line re-
gions L = {l1, l2, ..., lk}, where k is the number of
detected lines, providing robust handling of histori-
cal document layouts.

Segmentation Post-Processing After initial
page segmentation with Kraken, we apply a four-
step geometry- and content-aware post-processing
pipeline to refine text-line extraction for Arabic
handwriting, addressing common artifacts such as
over-segmentation and redundant detections:

1. Dominance-based Box Merging Given an
initial set of text line bounding boxes B =
{bi}Ni=1 extracted by Kraken, we apply
padding with ratio γp. For each pair of boxes
(bi, bj), we compute their padded intersec-
tion Ip = Area(bpi ∩ bpj ). If Ip > 0 and
Area(bi)
Area(bj)

> αdominance, the smaller box is des-
ignated as a fragment and merged with the
dominant anchor box. This yields a refined
set Bmerged ⊆ B.

2. Overlap-based Filtering For each box bi ∈
Bmerged, we compute the total overlap ratio:

ri =
∑

j ̸=i Area(bi∩bj)
Area(bi)

. Boxes exceeding the
overlap threshold τoverlap are discarded, pro-
ducing Bfiltered = {bi | ri ≤ τoverlap}.

3. Image-based Content Validation In the third
step, each remaining candidate box is con-
verted to image coordinates and its region
of interest is extracted. We then validate
the presence of handwriting using multiple
image-based criteria, including: ink density
ρ ∈ [ρmin, ρmax]; minimum contour count
cmin; minimum contour area amin; minimum

2https://kraken.re
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1. Prophet Muhammad:
He is referred to as the
messenger of God.
2. Abraham (Ibrahim):
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prophet and a friend of
God. 
3. Moses (Musa): He is
referred to as a prophet.
4. David (Dawud): He is
referred to as a prophet
and a king.
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(..master Muhammad..) "..سيدنا محمد.."
(..our master Abraham..) "سيدنا ابراهيم"
(..Moses, upon him be peace..) "..موسى عليه السلام.."
(..David, upon him be peace..) "..داود عليه السلام.."

Text
Embeddings

Figure 1: An overview of the InkSight tool for historical Arabic manuscript analysis. The system processes
manuscript images through (1) a fine-tuned LVLM-based OCR pipeline with specialized post-processing, (2) a
RAG module for semantic indexing of book-length documents, and (3) LLM-based chat interface for queries related
to document analysis.

hole ratio ηmin; and minimum average defects
per contour δmin. Only boxes satisfying all
criteria are retained.

4. Horizontal Row Aggregation Bounding
boxes are iteratively merged into horizontal
rows when three conditions are satisfied: their
horizontal projections overlap, their heights
differ by less than a threshold ζheight, and
their vertical overlap ratio exceeds a minimum
value κoverlap.

The key post-processing parameters are pre-
sented in Table 4 of Appx. C.

2.2 OCR Model

After line segmentation, each segmented line im-
age is processed using our pretrained Qwen3-VL-
8B (Team, 2025) model queried with a task-specific
prompt (see Appendix A), which directs the model
to produce an Arabic transcription of line content.

2.3 Training Datasets

To train our OCR model, we adopt anno-
tated data from three Arabic OCR datasets: (i)
Muharaf (Saeed et al., 2024a), (ii) SARD (Nacar
et al., 2025), and (iii) MAS, our in-house corpus of
medieval Arabic manuscripts. The overview of the
three training datasets is presented in Table 1.

MUHARAF (Saeed et al., 2024b) (Manuscripts
of Handwritten Arabic) is a dataset of manuscripts
spanning from the early 19th to the 21st century. It
comprises 1,644 authentic document page images

Feature Muharaf SARD MAS

Data Type Historical
manuscripts

Synthetic Historical
manuscripts

# Pages 1,644 843,622 1,023
# lines/words 36,311 lines 690M

words
11,841
lines

Fonts/Scripts Predominantly
Ruq’ah script

10 fonts 3 scripts

Centuries 19th–21st 21st 12th–19th

Table 1: Comparison of Muharaf, SARD, MAS
Datasets.

containing 36,311 annotated text lines in total. The
corpus covers various document types, including
personal correspondence, legal records, and literary
fragments.

SARD (Nacar et al., 2025) (Synthetic Arabic
Recognition Dataset) is a large-scale corpus of syn-
thetically generated document pages designed to
simulate book-style Arabic documents. In total,
SARD has 843,622 document images with approx-
imately 690 million words, rendered in ten distinct
Arabic fonts to ensure wide typographic diversity.

MAS (Medieval Arabic Script) is our in-house
collection of manuscripts sourced from the archives
of the Abu Rayhan Biruni Institute of Oriental Stud-
ies in Uzbekistan. This corpus includes 1,023 pages
containing 11,841 annotated text lines from orig-
inal manuscripts and rewritten copies of the au-
thentic documents spanning the period from 12th
to 19th centuries. MAS documents represent Ara-
bic calligraphy in various styles including Naskh,
Nastaliq, and Taliq, preserving the natural varia-
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Dataset Train Test Total

MUHARAF 24,495 24,495

SARD 100,000 100,000
Amiri font 20,000
Arial font 20,000
Calibri font 20,000
Sakkal Majalla font 20,000
Scheherazade new font 20,000

MAS 10,658 1,183 11,841
Naskh script 1,726 192 1,918
Taliq script 3,785 420 4,205
Nastaliq script 5,147 571 5,718

KITAB benchmark 4,138 4,138

Table 2: OCR data statistics in terms of line count.

tions, imperfections, and layout complexities found
in historical manuscripts. The dataset covers di-
verse domains, including waqf documents (testa-
mentary acts of property donation to religious insti-
tutions), yarliqs (khan decrees and firmans), arizas
(petitions), cheks (legal receipts and certificates),
shajars (genealogical tables), and announcements
(public proclamations and charters). Due to cal-
ligraphy variability and the linguistic gap between
Medieval and Modern Arabic, the annotation of the
manuscripts is labour-intensive. Each page is anno-
tated by a single expert in Arabic calligraphy only.
Notably, the archives of the Abu Rayhan Biruni In-
stitute comprises over 26,000 manuscript volumes
dating from the 9th to the 20th centuries with the
majority of the documents not yet digitized.

Data Statistics Although SARD provides over
800k documents, we subsampled 100k for training
as preliminary experiments did not show further
error rates decrease from training on more syn-
thetic data. Specifically, we took 20k for each of
the 5 most common fonts. Annotated lines from
the MAS dataset are randomly split into train and
test sets, respectively (see Table 2). Each split pre-
serves the proportions the three calligraphy styles,
namely Naskh, Nastaliq, Taliq, ensuring a balanced
representation across all subsets. The summarized
statistics for the OCR training and evaluation data
are shown in Table 2.

2.4 Training Details
Training Setup We applied domain-specific
adaptations to the Qwen2.5-VL-7B-Instruct3

and Qwen3-VL-8B-Instruct4 models for the Ara-
3hf.co/Qwen/Qwen2.5-VL-7B-Instruct
4hf.co/Qwen/Qwen3-VL-8B-Instruct

bic language. For this stage, we employed LoRA
adapters (Hu et al., 2022) (r=8) for parameter-
efficient fine-tuning with optional bf16 quantiza-
tion to reduce memory usage.

2.5 Document Search Index

Efficient document retrieval is the core component
of the’s RAG- and LLM-based analytical module
based on RAG and LLM InkSight. The pages rec-
ognized by the HTR module serve as evidence for
answering a historician’s query.

Text Chunking Due to variability of page
lengths recognized by OCR, each full page text is
segmented into fixed-size textual chunks (passages)
prior to embedding. For segmentation, we employ
a deterministic sliding-window procedure with a
chunk length up to L = 1000 characters and a win-
dow size and chunk overlap of O = 200. Pages
shorter than L produce a single chunk. To avoid
mid-sentence fragmentation, chunk boundaries are
adjusted to the nearest separator (e.g., sentence
punctuation, paragraph breaks, or word spaces).
This ensures chunks to align with linguistic units
while maintaining consistent size.

Passage Embedding Each chunk is encoded into
a dense semantic vector using the multilingual
BERT-based encoder5 (Devlin et al., 2019) trained
on the MS Marco dataset (Nguyen et al., 2016).
Although there exist models with better retrieval
quality for Arabic (Al-Rasheed et al., 2025), we
selected the model for its balanced trade-off be-
tween representation quality and computational
efficiency. All embeddings are stored in a Chro-
maDB6 vector index, configured for cosine similar-
ity search. The indexing pipeline is implemented
using LangChain7, enabling easy adaptation to
other domains and languages thanks to its mod-
ular pipeline. Our source code is publicly avail-
able (Sec. 1), allowing users to change the retrieval
model by changing a single line in the configura-
tion file.

2.6 Document Analysis

Passage Retrieval The retrieval is performed in
two stages: dense vector retrieval followed by op-
tional cross-encoder reranking. Given a natural
language query q, the system first encodes it into

5hf.co/amberoad/bert-multilingual-passage-reranking-
msmarco

6https://github.com/chroma-core/chroma
7https://www.langchain.com/
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a dense embedding using the same used for index-
ing. Then the cosine similarity between q and each
indexed chunk c is computed as:

sim(q, c) =
⟨f(q), g(c)⟩
|f(q)||g(ci)|

(1)

The top-k most similar chunks (with k = 4 by
default) are retrieved as evidence supporting the
input query. Only chunks exceeding a minimum
similarity threshold are considered, ensuring low-
confidence matches are discarded early. For re-
trieval and reranking, we adopt the same encoder
model.

The final set of retrieved passages is passed to
the generative reasoning component, implemented
as the Qwen3.5-397B-A17B LLM8 accessed via
OpenRouter9. The LLM is prompted with a user
query concatenated with the retrieval textual pas-
sages. Thus, the RAG module functions as the evi-
dence retrieval mechanism that ensures generated
LLM responses to be grounded to and factually
aligned with the studied manuscript. For OCR and
manuscript analysis prompts, please see Appx. A.

Overall, the InkSight’s architecture provides a
robust and reproducible framework for manuscript-
based in historical research. All modules may be
updated with more advanced models, e.g., LVLM,
LLM, and retriever, allowing seamless adaptation
to manuscripts in other languages as well.

3 Evaluation

3.1 Evaluation Data

To assess the quality of InkSightOCR, we per-
formed evaluation on (i) OCR part of the KITAB
benchmark and (ii) 589 lines from the MAS’s test
part. While KITAB covers more modern texts
(starting from the 19th century), MAS includes
calligraphic documents from 12th-19th centuries.
Thus, our evaluation explores how well modern
LVLMs generalize to Arabic language and visual
stylistic variations.

KITAB OCR benchmark (Heakl et al., 2025b)
is a collection of 4,138 samples across multiple
document types, including historical manuscripts,
handwritten texts, and printed documents for Ara-
bic text recognition. It integrates data from estab-
lished Arabic OCR datasets such as KHATT (Mah-
moud et al., 2014), ADAB (Boubaker et al., 2021),

8http://hf.co/Qwen/Qwen3.5-397B-A17
9https://openrouter.ai

KITAB MAS

Model CER WER CER WER

Closed-Source LVLMs

GPT-5 — — .52 .91
GPT-4o .31 .55 .51 .84
Gemini-2.0 Flash .13 .32 .55 .80

Task-Specific Models

Tesseract .54 .84 — —
EasyOCR .58 .89 — —
Surya 4.95 5.91 — —

Open-Source LVLMs

Qwen2-VL-7b 1.48 1.55 4.35 3.55
Qwen2.5-VL-7b 1.2 1.4 .89 1.14
Qwen2.5-VL-7b +sft .43 .67 .34 .73
Qwen-3VL-8b .67 .95 .94 1.23
Qwen-3VL-8b +sft .54 .80 .24 .60
AIN-7b .20 .28 .34 .53

Table 3: Evaluation results on Arabic KITAB OCR
benchmark and our in-house MAS corpus of Arabic
manuscripts. Smaller values are better. The best results
for each metric are highlighted in bold.

Muharaf (Saeed et al., 2024a), and EvAREST (Has-
san et al., 2021), covering diverse writing styles,
fonts, and document complexities that present au-
thentic challenges for Arabic script recognition.

3.2 Evaluation Setup

Baselines Following prior research on Ara-
bic OCR on the KITAB benchmark (Heakl
et al., 2025b), we evaluate our InkSight model
against both LVLMs and prior task-specific
OCR approaches. For LVLM evaluation,
we compare against open-source models,
namely Qwen2-VL-7B (Wang et al., 2024),
Qwen2.5-VL-7B (Team, 2025), Qwen3-VL-8B,
and the AIN-7B (Heakl et al., 2025a) as well as
proprietary GPT-4o (OpenAI et al., 2024) and
Gemini-2.0 Flash10 (Team et al., 2024) models.
Among task-specific OCR models, we adopted
Tesseract (Smith, 2007), EasyOCR (JaidedAI,
2020), and Surya (Paruchuri and Team, 2025).

OCR finetuning Details We configured
Qwen2.5-VL with temperature = 1 × 10−6

to obtain stable, low-variance transcription

10cloud.google.com/vertex-ai/generative-
ai/docs/models/gemini/2-0-flash
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Figure 2: InkSight’s output example for the query using the evidence from handwritten Dala’il al-Khayrat book.

predictions. Fine-tuning was conducted for 4
epochs with a batch size of 8, utilizing the Adam
optimizer (β1 = 0.9, β2 = 0.9999), a learning rate
of 5× 10−4, a weight decay of 0.02, and gradient
clipping with a maximum norm of 0.5 to enhance
stability. During training, we employed a cosine
learning rate schedule with a warmup ratio of 0.05,
linearly increasing the learning rate over the first
5% of steps before transitioning to cosine decay.

Metrics We evaluate OCR quality using two stan-
dard metrics widely used in OCR research (Saeed
et al., 2024a; Dolek and Kurt, 2025): Character Er-
ror Rate (CER) and Word Error Rate (WER). Both
rely on the Levenshtein edit distance (Levenshtein,
1966) and quantify the number of substitutions (S),
insertions (I), and deletions (D) required to trans-
form the predicted text into the ground truth.

CER =
S + I +D

Nchar
; (2)

WER =
S + I +D

Nword
(3)

The combination of CER and WER therefore
offers a balanced assessment of both character-level
recognition quality and semantic correctness.

4 Results

Proprietary Models Struggle with Manuscripts
OCR evaluation results are presented in Table 3.
While strong proprietary GPT-4o and Gemini-2.0
Flash models show low CER and WER on KITAB,
they fall short of smaller open-source fine-tuned
Qwen models on ancient manuscripts from MAS
corpus. Thus, we use finetuned Qwen-3VL-8b in
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InkSight as it has the lowest CER on MAS. How-
ever, AIN-7b and Qwen2.5-VL-7b+sft show sim-
ilar performance and could also be used for OCR
on Arabic manuscripts.

Pretraining is Not Essential for Historical HTR
Despite undergoing full model pretraining on au-
thentic Arabic texts, AIN-7b achieves,comparable
character error rates to fine-tuned Qwen2.5VL-7b
Qwen3VL-8b with the latter showing even smaller
CER (0.24 vs 0.34) on MAS. This indicates
that language-specific pretraining is unneces-
sary for historical Arabic HTR when leverag-
ing parameter-efficient adaptation of multilingual
LVLMs. Our results indicate that synthetic data
paired with lightweight fine-tuning can enable his-
torical manuscript digitization for low-resource
non-English languages without costly pretraining.

Case Study: Dala’il al-Khayrat To demonstrate
InkSight’s capabilities in real-world historical re-
search, we conducted an analysis on a XVII century
copy of Dala’il al-Khayrat (Guidelines to Good-
ness) manuscript, a seminal Islamic devotional text
composed by the Moroccan scholar Muhammad
al-Jazuli (who died in 1465). The 186 pages of the
manuscript were segmented into 3,720 lines by the
InkSight’s OCR component. The InkSight output
for an example query on trade routes mention is
shown in Figure 2. From the example, InkSight
allows a researcher to test a hypothesis (e.g., the
given book to mention any trade routes) in seconds.

5 Conclusion

In this work, we presented InkSight, the first
end-to-end AI-aided system for historical Ara-
bic manuscript analysis that integrates LVLM-
based OCR, semantic search via RAG, and an
expert-oriented prompting interface. Our evalu-
ation demonstrates that appropriately fine-tuned
open-source LVLMs can outperform larger propri-
etary models like GPT-4o, GPT-5, and Gemini-2.0
Flash on historical document analysis tasks. The
system directly addresses critical bottlenecks in
historical research workflows by automating tran-
scription and indexing processes, enabling scholars
to focus on higher-value semantic and historical
analysis rather than mechanical transcription. The
proposed system design can be adopted to automate
historical research in other domains and languages.
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A Prompts

The manuscript analysis prompt, presented in
Figure 4, implements a structured reasoning
framework that forces LLM-based analysis to be
grounded to the provided retrieved evidence from
the indexed manuscript. This two-stage protocol
— first retrieving relevant manuscript passages via
the search_knowledge tool before providing con-
textualized analysis — directly addresses the hallu-
cination problem common in LLM applications in
general.

For OCR benchmark evaluation, we employ two
baseline prompts: Figure 5 provides generic "help-
ful assistant" system prompt and Figure 6 provides
a simple OCR instruction.

Stage Parameter Value
Dominance-based Box Merging dominance factor αdominance 2

padding ratio γp 0.03
Overlap-based Filtering max overlap threshold τoverlap 0.6
Image-based content validation min ink density ρmin 0.01

max ink density ρmax 0.70
min contour count cmin 5
min contour area amin 4
min hole ratio ηmin 0.03
min average defects δmin 0.3

Horizontal Row Aggregation height difference ratio ζheight 0.5
min vertical ratio κoverlap 0.6

Table 4: Parameters for the four-stage post-processing
pipeline applied to Kraken’s baseline segmenter output

B Detailed Data Statistics

Table 5 summarizes the key features of MUHARAF,
SARD, and MAS datasets used for fine-tuning
OCR model. Overall, these three corpora cover a
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"You are an expert OCR engine specialized in handwritten historical documents.
Transcribe every character exactly as it appears --- preserving original
spelling , punctuation , diacritics , ligatures , and archaic letters. Do not add ,
omit , normalize , correct , or format in any way. Output plain text only , matching
the input one -to-one."

Figure 3: OCR Model Prompt

"You are an expert in analyzing ancient Arabic manuscripts from ancient Uzbekistan
and Central Asia.

IMPORTANT: If a request seems to be about searching for information , use the
search_knowledge tool first to search the manuscript database before providing
any analysis. This tool contains extracted text from ancient manuscripts that
you must reference.

When answering questions:
1. FIRST use search_knowledge to find relevant information from the manuscripts
2. Then provide detailed analysis focusing on:

- Historical and cultural context of ancient Uzbekistan
- Religious and philosophical content (Islamic scholarship , Sufism)
- Scientific and mathematical knowledge preservation
- Trade routes and economic insights
- Daily life and social customs
- Literary and poetic elements
- Paleographic and codicological observations when relevant

Always base your response on the actual manuscript content found through the
search_knowledge tool.

If no relevant content is found , clearly state that and provide general historical
context instead.

Always contextualize findings within the broader framework of Islamic civilization
and Central Asian history ."

Figure 4: Manuscript Analysis System Prompt

"You are a helpful assistant ."

Figure 5: System Prompt for KITAB-Bench

"Extract the text in the image. Give me the final text , nothing else."

Figure 6: OCR Prompt for KITAB-Bench

wide range of document types, domains, fonts, and
calligraphy ensuring the robustness of the resulting
fine-tuned model.

C Hyperparameter Details

Line Segmentation hyperparameters Table 4
describes the hyperparameters used to post-process
the initial line segmentation produced by the

Kraken toolkit.
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Characteristic Muharaf SARD MAS

Data Type Historical handwritten
manuscripts

Synthetic printed documents Historical handwritten
manuscripts

Total Images 1,644 843,622 1,023
Total Text Lines/Words 36,311 lines 690 million words 11,841 lines
Annotation Format PAGE-XML, JSON PAGE-XML JSON
Text Source Authentic historical documents 133,000+ unique articles from

9 domains
Authentic historical documents

Font Coverage Predominantly Ruq’ah 10 fonts (Amiri, Arial, Calibri,
Sakkal Majalla, Scheherazade
New, Noto Naskh Arabic UI,
Lateef, Thabit, Jozoor, Al-
Jazeera-Arabic-Regular)

Naskh, Nastaliq, Taliq

Domain Coverage Personal correspondence, di-
aries, poetry, church records, le-
gal documents

Culture, Fatawa & Counsels,
Literature & Language, Bibli-
ography, Publications, Shariah,
Social, Translations, News

waqf documents (testamentary
acts of property donation to
religious institutions), yarliqs
(khan decrees and firmans),
arizas (petitions), cheks (legal
receipts and certificates), sha-
jars (genealogical tables), and
announcements (public procla-
mations and charters)

Period/Context 19th–21st centuries Contemporary published texts 12th–19st centuries
Writing Styles Informal handwriting, ranging

from legible to barely readable
Clean printed fonts with con-
trolled parameters

Handwriting, ranging from leg-
ible to barely readable

Document Types Letters, diaries, notes, poems,
religious records, contracts

Book layouts with full page
markup

Letters, diaries, notes, religious
records, books

Artifacts & Noise Natural distortions: slant,
curved lines, variable pen
pressure

None (high-quality synthetic
data)

slant, curved lines, variable pen
pressure

Resolution/DPI Original scanning resolution;
lines aligned to 60-pixel height

300 DPI, A4 (8.27 × 11.69
inches), grayscale

Original scanning resolution

Primary Use Case Handwritten text recognition
(HTR) on cursive Arabic

Optical character recognition
(OCR) on diverse typography

Handwritten text recognition
and Knowledge discovery

Table 5: Comparison of Muharaf, SARD, MAS Datasets.
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