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Abstract

Transcribing historical Arabic manuscripts into machine-readable text is essential for preserving cultural heritage and
enabling computational research in the humanities, yet it remains a challenging task due to handwriting variability,
page degradation, and the complexity of Arabic script. To advance research in this area, we introduce the NAKBA
NLP 2026 shared task on Arabic manuscript understanding, comprising two complementary tracks: a manual
transcription track, in which participating teams annotate unlabelled handwritten line images, and an automatic
system track for handwritten text recognition (HTR). Both tracks use the Omar Al-Saleh Memoir Collection, a corpus
of 6,395 scanned pages and approximately 1.6 million words, written between 1951 and 1965 and provided by the
Palestine Memory Project. The dataset, evaluation scripts, and system outputs are publicly available. In Subtask 1
(Transcription Track), three teams contributed manual line-level transcriptions; evaluation on hidden ground-truth
samples yielded Character Error Rates (CER) between 0.06 and 0.11. In Subtask 2 (Systems Track), seven teams
submitted HTR systems. The top-performing system, by Misraj Al, achieved a corpus-level CER of 0.079 and Word
Error Rate (WER) of 0.244, outperforming the organiser baseline (CER 0.368, WER 0.691). Rankings shift between
corpus-level and per-line evaluation: the Ketaba OCR team achieved the lowest per-line CER (0.082). All contributed
transcriptions and system outputs are released under CC-BY-4.0 to support continued research in Arabic manuscript
recognition and digital humanities.
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1. Introduction cal Arabic handwriting—including diversity of writ-
ing styles, ink quality, and page structure—remain
scarce (Saeed et al., 2024). Second, the NLP com-
munity lacks established benchmarks and competi-
tive evaluations targeting AMHTR specifically. This
stands in contrast to the well-developed ecosys-
tem of shared tasks for Latin-script historical doc-
ument recognition, such as the ICDAR HTR com-
petitions (Romero et al., 2012) and the RASM se-
ries (Clausner et al., 2018).

Arabic historical manuscripts constitute a central
source for research in history, politics, and the digi-
tal humanities, providing first-hand accounts of so-
cial, intellectual, and political life across the modern
Arab world (Alrobah and Alzahrani, 2022; Saeed
et al., 2024). However, much of this material re-
mains inaccessible to computational analysis, as
it is preserved primarily in handwritten form and
lacks structured digital representations. Optical Recent advances in vision—language models and
Character Recognition (OCR) and Handwritten Text ~ document analysis pipelines suggest that modern
Recognition (HTR) offer pathways to large-scale  approaches, when combined with layout segmen-
digitisation and search over such collections. How-  tation and domain-specific annotation, may yield
ever, Arabic Manuscript Handwritten Text Recogni-  viable solutions for manuscript recognition even
tion (AMHTR) remains challenging due to handwrit-  in low-resource settings (Li et al., 2023; Bai et al.,
ing variability, page degradation, complex layouts, 2023). However, realising this potential requires
and Arabic-specific natural language processing re-  open datasets, standardised evaluation protocols,
quirements such as short vowel (diacritic) omission ~ and community engagement through competitive
and rich morphology (Graves et al., 2006; Mah-  shared tasks.

moud et al., 2014). To address these gaps, we introduce NAKBA

Progress in AMHTR is currently limited by two ~ NLP 2026, a shared task for Arabic manuscript
key gaps. First, publicly available, well-annotated  understanding organised as part of the second In-
datasets that reflect the characteristics of histori-  ternational Workshop on Nakba Narratives as Lan-
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guage Resources (Jarrar et al., 2026). The shared
task is built on the Omar Al-Saleh Memoir Collec-
tion (Institute for Palestine Studies, a; Arab Center
for Research and Policy Studies, 2024), which com-
prises 6,395 scanned manuscript pages written be-
tween 1951 and 1965, with line-level annotations
for a curated subset. The shared task is organ-
ised into two complementary tracks. Subtask 1
(Transcription Track) invites teams to produce
expert-quality manual transcriptions of unlabelled
handwritten line images, enriching the available
ground truth for future research. Subtask 2 (Sys-
tems Track) challenges teams to develop auto-
matic AMHTR systems, evaluated using Character
Error Rate (CER) and Word Error Rate (WER).

The main contributions of this shared task are:
(1) the public release of a large-scale, line-level
annotated Arabic manuscript dataset with stan-
dardised train, development, and test splits; (2)
a dual-track evaluation framework that combines
manual transcription quality assessment with auto-
matic system benchmarking; and (3) an empirical
analysis of system performance, error patterns, and
the relationship between corpus-level and per-line
evaluation metrics.

In Subtask 1, three teams contributed manual
transcriptions, achieving CER between 0.06 and
0.11 on hidden ground-truth samples, demonstrat-
ing both the feasibility and the difficulty of expert
Arabic manuscript transcription. In Subtask 2, all
seven participating systems outperformed the base-
line. The top-performing system, by Misraj Al,
reached a corpus-level CER of 0.079 and WER
of 0.244, compared with 0.368 and 0.691 for the
baseline. Rankings differ between corpus-level and
per-line evaluation: Ketaba OCR obtained the low-
est per-line CER (0.082), while Misraj Al led on
corpus-level CER.

The remainder of this paper is organised as fol-
lows. Section 2 reviews related work. Section 3 de-
scribes the dataset. Section 4 presents the shared
task design. Section 5 details the baseline sys-
tem. Section 6 summarises participating systems.
Section 7 reports results and analysis. Section 8
concludes with future directions.

2. Related Work

This section situates the present shared task within
three areas of related work: existing AMHTR
datasets, OCR and HTR model architectures, and
prior shared tasks in document recognition. We
highlight the gaps that motivated the design of
NAKBA NLP 2026.

AMHTR Datasets. Several datasets have been
developed for Arabic handwriting recognition,
though they vary considerably in scale, annota-
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tion granularity, and public availability. The KHATT
dataset (Mahmoud et al., 2014) provides 1,000
handwritten Arabic paragraphs from 1,000 writ-
ers, offering writer diversity but limited historical
manuscript coverage. IFN/ENIT (Pechwitz et al.,
2002) targets handwritten Tunisian city names, re-
stricting its scope to isolated word recognition. The
MADCAT corpus (Cieri et al., 2016), developed
under the DARPA programme, offers annotated
Arabic handwriting but imposes restrictive licens-
ing that limits its use in open benchmarks. More
recently, the Muharaf dataset (Saeed et al., 2024)
has become the largest publicly available AMHTR
collection, with over 36,000 line images from 1,600
historical manuscript pages spanning diverse doc-
ument types. The VML-HD dataset (Kassis et al.,
2017) provides historical document images, and
recent surveys (Alrobah and Alzahrani, 2022) cata-
logue additional resources.

The Omar Al-Saleh Memoir dataset presented
in this task differs from these prior resources in
two respects. First, it provides large-scale, multi-
year manuscript data from a single author with line-
level annotations aligned to high-resolution page
images, enabling the study of temporal variation in
handwriting within a longitudinal collection. Second,
with approximately 6,395 pages and 1.6 million
words, it is substantially larger than most existing
AMHTR corpora.

OCR and HTR Models. The trajectory of Arabic
HTR has moved from traditional Hidden Markov
Models and recurrent neural networks with Con-
nectionist Temporal Classification (CTC) decod-
ing (Graves et al., 2006) towards transformer-based
architectures. TrOCR (Li et al., 2023) combines a
vision transformer encoder with a language model
decoder and has been adapted for Arabic script.
Large vision—language models such as Qwen-
VL (Bai et al., 2023), InternVL (Chen et al., 2024),
and Florence-2 (Xu et al., 2024) have demonstrated
multilingual OCR capabilities, though their applica-
tion to historical Arabic manuscripts remains under-
explored. These models provide the architectural
foundation for several systems submitted to the
present shared task, as described in Section 6.

Shared Tasks in Document Recognition. The
ICDAR competitions on handwritten text recogni-
tion have established benchmarks for Latin, Ger-
man, and Chinese scripts (Romero et al., 2012)
but have not included dedicated Arabic manuscript
tracks. The ICDAR Arabic Handwriting Recogni-
tion Competition series (2005-2011) focused on
word-level recognition of modern handwritten town
names using the IFN/ENIT database, rather than
full-line transcription from historical documents.
The RASM competitions (RASM2018 at ICFHR and



RASM2019 at ICDAR) targeted page-level recogni-
tion of historical Arabic scientific manuscripts from
the British Library/Qatar Digital Library, evaluat-
ing both layout analysis and text recognition in
PAGE format (Clausner et al., 2018). The Open-
ITI project (Romanov et al., 2023) has contributed
OCR tools for classical Arabic texts, primarily tar-
geting printed rather than handwritten material.

NAKBA NLP 2026 complements these efforts
by providing a line-level AMHTR benchmark fo-
cused on single-author memoir transcription with
pre-segmented line images and standardised
CER/WER evaluation.

Crowdsourced and Manual Transcription.
Manual transcription campaigns, such as those or-
ganised by the Transkribus platform (Muehlberger
et al., 2019) and the READ project, have demon-
strated the value of combining human expertise
with computational tools for historical document
analysis. Subtask 1 builds on this tradition by
organising competitive manual transcription with
standardised evaluation, providing a model for
future Arabic manuscript annotation efforts.

3. Dataset

The dataset used in the shared task is derived
from the Omar Al-Saleh Memoir Collection, a cor-
pus of handwritten Arabic manuscripts written be-
tween 1951 and 1965. Omar Al-Saleh Al-Barghouti
(1894—-1965) was a Palestinian-Jordanian politician,
lawyer, and author. Born in Deir Ghassaneh near
Ramallah, he was active in the Palestinian national
movement from 1919, served as a member of the
Jordanian Parliament after the union of the two
banks, held the position of Minister of Education in
1955 and again in 1959, and co-authored Tarikh
Filastin (History of Palestine) with Khalil Totah (Al-
Barghouti and Totah, 1923; Institute for Palestine
Studies, a). His memoirs offer a first-person ac-
count of political, social, and personal life during a
formative period of modern Palestinian and Arab
history.

The dataset is provided by the Arab Center for
Research and Policy Studies’ as part of their work
on the Palestine Memory Project? (Arab Center for
Research and Policy Studies, 2024). The mem-
oir collection is also archived by the Institute for
Palestine Studies as part of the Palestine Social
History Archives (Institute for Palestine Studies,
b). It serves as an initial component in a broader
sequence of curated Arabic manuscript corpora
belonging to historical authors and figures.

"https://acr.ps
2https ://palestine-memory.org/
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3.1.

Table 1 provides per-document statistics. The full
dataset comprises 6,395 scanned pages. After
transcription and aggregation, it contains 1,597,025
words distributed across 50,685 sentences, with
161,394 unique word types and an overall type—
token ratio of 0.1011. The average sentence length
is 31.5 words. Substantial variation in document
length is observed: the largest document (1959)
contains 132,858 words across 532 pages, while
the smallest (1957b) contains 39,985 words across
160 pages, reflecting differences in the author’s
narrative style and memoir writing activity across
years.

Word and sentence counts were computed au-
tomatically using a Python-based text analysis
pipeline. Words were extracted using regular ex-
pressions matching Arabic and Latin character se-
quences (single characters excluded), and sen-
tences were identified by splitting on sentence-
ending punctuation marks, including the Arabic

question mark (?) and the standard period, excla-
mation mark, and question mark.

Documents labelled with a “b” suffix (1957b,
1961b) represent separate notebooks written by the
same author in the same year. These are treated
as distinct documents to preserve the physical or-
ganisation of the collection.

Corpus Statistics

Doc. Pages Words Sent.
1951 475 118,742 2,470
1953 451 112,745 2,968
1954 454 113,482 3,105
1955 421 105,192 2,936
1956 328 81,780 2,197
1957 470 117,336 3,824
1957b 160 39,985 1,231
1958 342 85,341 2,597
1959 532 132,858 4,010
1960 526 131,363 4,594
1961 463 115,569 4,156
1961b 242 60,401 3,052
1962 466 116,257 3,846
1963 353 88,181 3,014
1964 504 125,837 4,689
1965 208 51,956 1,996
Total 6,395 1,597,025 50,685

Table 1: Omar Al-Saleh Memoir statistics. Docu-
ments with a “b” suffix denote separate notebooks
from the same year.

3.2. Physical Characteristics

The manuscripts are digital photocopies of hand-
written notebooks, with each scanned image typ-
ically containing two facing pages. Images are
stored in JPEG format at a resolution of 1982 x 1400


https://acr.ps
https://palestine-memory.org/

pixels with a nominal resolution of 96 DPI. The
manuscripts exhibit several features that make au-
tomated processing challenging: mixed layouts
with headers, body text, and marginal notes; non-
uniform line spacing that varies both within and
across pages; handwriting variability in letter forms,
ligatures, and word spacing; occasional overwrit-
ten or crossed-out words; and rare non-Arabic el-
ements such as Western numerals or Latin-script
annotations.

3.3. Annotation and Processing Pipeline

Layout Segmentation. Because each scanned
image typically contains two facing manuscript
pages, layout segmentation is applied first to sep-
arate the text into distinct regions. A YOLO11-
based object detection model (Jocher et al.,
2024; Khanam and Hussain, 2024), fine-tuned on
manuscript page images, is used to detect the pri-
mary text regions, which are organised into four
areas: left header, left body, right header, and right
body. Detection accuracy was validated against
manually annotated bounding boxes on a sample
of 100 pages, achieving an Intersection over Union
(loU) above 0.92 for body regions. loU measures
the overlap between the predicted and ground-truth
bounding boxes; a value of 0.92 indicates close
alignment between detected and actual text areas.
This metric applies to layout detection only and
does not reflect downstream transcription accuracy.

Line Segmentation. To isolate individual text
lines within each detected region, manuscript-
specific line segmentation models are applied in-
dependently to each area. These models produce
pixel-level masks for each text line. The masks
are then converted into polygonal annotations that
define the spatial extent of each line, and these
polygons are used to extract cropped line images.
The resulting line images serve as input for both
manual transcription and automatic HTR. No auto-
matic transcription system was used during the an-
notation process; all transcriptions were produced
manually.

Manual Annotation. For each of the 16
manuscript documents, the first 15 pages are
annotated at the line level, yielding 240 anno-
tated pages and approximately 41,000 line-level
annotations. Three trained annotators each tran-
scribed an assigned portion of the data following
standardised orthographic conventions covering
normalisation rules, punctuation handling, and
diacritics. Each annotator’s transcriptions were
then reviewed by the other two annotators. During
this cross-review phase, normalised edit distance
was computed between each original transcription
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and the reviewer’s corrections; lines where the edit
distance exceeded a predefined threshold were
flagged for discussion and adjudication among the
annotators. This procedure ensured consistency
without requiring redundant independent annota-
tion of the same lines. An additional 9,009 lines
were subsequently manually annotated to enlarge
the test set.

3.4. Data Splits

The annotated data is divided into training, devel-
opment, and test sets as follows:

« Training set: 15,962 line images with gold
transcriptions.

» Development set: 1,774 line images with gold
transcriptions.

» Test set: 2,671 line images (transcriptions
held out for evaluation).

3.5. Dataset Structure and Format

The dataset is organised hierarchically by docu-
ment, page, region, and line. Each page is asso-
ciated with metadata describing document origin,
year, image dimensions, and filename. All annota-
tions are stored in a JSON-based format preserv-
ing geometric information and reading order. For
example, a single line annotation includes the doc-
ument year, page number, region identifier (e.g.,
left_body), line number, polygonal coordinates
defining the line boundary, and the corresponding
transcription text. For Subtask 2, the data is also
provided in CSV format, with each row containing
the cropped line image filename and the gold tran-
scription (empty for the test set).

4. Shared Task Design

4.1.

Objective. This track focuses on producing
expert-quality, line-by-line manual transcriptions
of unlabelled manuscript line images, enriching the
benchmark with reliable ground truth for training
and evaluating HTR systems.

Subtask 1: Transcription Track

Data. Each team receives one mandatory batch
of approximately 500 cropped line images from the
Omar Al-Saleh Memoir Collection, together with an
annotations.csv template containing columns
for filename, text (to be filled), source page image
reference, year, page number, and line number.
In addition to the unlabelled images, each batch
includes 50 pre-labelled samples drawn from the
existing training dataset. These samples are em-
bedded among the unlabelled images and serve



as hidden quality checkpoints: participants are not
informed which samples carry ground-truth anno-
tations, and evaluation is performed on these hid-
den samples. The full unannotated page images
are also provided so that annotators can view the
surrounding context when transcribing individual
cropped lines. Teams that wish to contribute addi-
tional transcriptions may request access to further
batches.

Requirements. Transcriptions must be manual
and line-aligned (one transcription per image). Par-
ticipants must follow the provided orthographic con-
ventions covering normalisation rules, punctuation
handling, and diacritics. No generative Al tools
may be used to generate or correct transcriptions,
whether fully or partially. Each team must submit
an annotation guidelines document describing their
procedures, handling of ambiguous or damaged
text, consistency measures, and any ethical con-
siderations.

Evaluation. Transcription quality is assessed
along two dimensions: coverage and accuracy.
Coverage is measured as the number of lines with
valid Arabic transcriptions out of the 500 assigned.
A transcription is considered valid if it contains at
least one Arabic character and is not composed
solely of non-Arabic content such as dashes, West-
ern numerals, or Latin text. Accuracy is computed
exclusively on the hidden pre-labelled samples for
which verified ground truth is available (up to 50
per batch), using CER and WER as defined in Sec-
tion 4.2. Only hidden samples that received a valid
Arabic transcription contribute to the accuracy com-
putation.

4.2. Subtask 2: Systems Track

Objective. This track requires participants to
develop automatic systems that transcribe Ara-
bic manuscript line images into machine-readable
text. Participants may employ vision-based mod-
els, sequence-to-sequence architectures, or multi-
modal frameworks, and may fine-tune on the pro-
vided data or explore zero- and few-shot strategies.

Data. Participants are provided with the Omar Al-
Saleh Memoir data using the splits described in
Section 3. Each split contains cropped line images
in JPEG format and an annotations.csv with
image filenames and transcriptions (empty for the
test set). The full unannotated page images are
also available to support approaches such as page-
level context modelling or self-supervised learning.

Evaluation Metrics. System performance is eval-
uated using Character Error Rate (CER) and Word
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Error Rate (WER), computed via Levenshtein edit
distance, where edits comprise substitutions, inser-
tions, and deletions. These metrics are reported in
two complementary ways.

First, a corpus-level score sums all edit oper-
ations across the test set and divides by the to-
tal number of reference units (characters for CER,
words for WER), as defined in Equations 3 and 4.
Second, a per-line score computes the metric in-
dependently for each test line (Equations 1 and 2)
and averages across all lines. Both variants are
clipped to [0, 1] and computed on the held-out test
set of 2,671 lines. All results throughout this paper
are reported on the [0, 1] scale.

Formally, for a reference string r and hypothesis
h, where dg,., and dy,..q denote character-level and
word-level edit distances respectively:

CER(r, h) = dCh“T(r’ ") (1)
o dwora (7, )
WER(r, h) = Teplit(r)] (2)

At corpus level, if R; and H; denote the reference
and hypothesis for the i-th test sample:

_ Zi dchar(Ria Hz)
> Rl
Zz‘ dword(Ria Hl)
> i [split(F;)|

Per-line variants are the arithmetic means of
sample-level CER and WER over all evaluated
lines. CER serves as the primary ranking met-
ric, with corpus-level scores used for the official
leaderboard.

CER. )

WER. = (4)

5. Baseline System

The baseline system uses Qwen3-VL-8B-
Instruct (Bai et al., 2023), a large open-weight
vision—language model with demonstrated mul-
tilingual and OCR capabilities. We selected this
model as a representative baseline because it
allows us to measure the benefit of task-specific
adaptation: the pretrained model has general
document understanding ability but has not been
trained on Arabic historical manuscripts.

The baseline approach consists of two steps.
First, the pretrained model is adapted to the
manuscript domain via parameter-efficient fine-
tuning with LoRA, targeting the attention and
feed-forward modules. This keeps the approach
compute-efficient while preserving the pretrained
representations. Second, the adapted model is
used to generate transcriptions: given a cropped
manuscript line image and a transcription instruc-
tion, the model produces the text directly. We de-



Component Setting

Backbone Qwen3-VL-8B-Instruct
Fine-tuning method LoRA

LoRA rank / o / dropout  32/64/0.05

LoRA target modules q.k,v,0,gate,up,down
Precision bfloat16

Attention mechanism FlashAttention-2
Epochs 2

Learning rate 2 x 107" (cosine)
Batch size / grad. accum. 24 /1

Weight decay 0.01

Warmup ratio 0.03

Max seq. length 256 tokens

Max image resolution
Decoding

1536 px (longest side)
greedy, max 512 tokens

Table 2: Baseline configuration. The model is fine-
tuned with LoRA on the shared-task training data.

code greedily to ensure deterministic, reproducible
outputs.

During training, each example is formatted as a
dialogue: a user turn containing the line image and
instruction, followed by an assistant turn containing
the gold transcription. The training objective is next-
token prediction on the assistant response, with
prompt tokens excluded from the loss. Images
are resized with aspect ratio preservation. The
same instruction prompt is used at both training
and inference time.

Table 2 lists the full configuration. The baseline
achieves a corpus-level CER of 0.368 and WER of
0.691 on the test set (2,671 lines), establishing a
reference point for evaluating the benefit of more
specialised system development.

6. Participating Systems

Table 3 summarises all participating teams, their
affiliations, and the subtask(s) they entered.

6.1. Subtask 1 Participants

Three teams submitted transcriptions for Subtask 1.
Teams varied in their handling of ambiguous or
damaged text, diacritics, and lines containing non-
Arabic content such as dates in Western numerals
or standalone digits.

6.2. Subtask 2 Participants

Seven teams submitted systems for Subtask 2. The
systems can be grouped by their underlying model
families. Four teams built their systems around
large vision—language models, primarily Qwen2-
VL and InternVL2, adapted to the manuscript do-
main via LoRA fine-tuning. Three teams used
encoder—decoder architectures based on TrOCR,
with Arabic-specific tokenisation and data augmen-
tation. Two teams additionally employed ensem-
ble strategies that combined outputs from multi-
ple models using character- or word-level voting.
Data augmentation was common among compet-
itive submissions, with elastic distortion, random
erosion, contrast jittering, and additive noise be-
ing the most frequently used techniques. Three
teams incorporated external Arabic text corpora for
language model rescoring or decoder pre-training.

7. Results and Analysis
7.1. Subtask 1: Transcription Track
Results

Table 4 summarises the coverage and accuracy
results for all three participating teams. Coverage
is measured as the number of lines receiving valid
Arabic transcriptions out of 500, while CER and
WER are computed only on the hidden pre-labelled
samples that received valid annotations.

Team Transcr. Compl. TestN CER WER
PaINLP 499  99.8% 49/50 0.061 0.285
Independent 497  99.4% 47/50 0.086 0.366
Sard 401 80.0% 39/50 0.114 0.433

Team Affiliation Subtask
PaINLP Cardiff University 1
Sard Arab Open University 1
Independent Istanbul University 1
Misraj Al Misraj Al 2
Oblevit Arab Open University 2
Ketaba OCR [to be confirmed] 2
Latent Narratives Arab Open University 2
Al-Warraq Arab Open University 2
Not Gemma Helwan University 2
Fahras Thakaa 2

Table 3: Participating teams, affiliations, and sub-
task(s).
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Table 4: Subtask 1 results. Transcr. = lines with
valid Arabic text. Compl. = completion rate. Test N
= hidden pre-labelled samples with valid annota-
tions out of 50.

PaINLP achieved the highest transcription qual-
ity with a CER of 0.061 and near-complete cover-
age (499 out of 500 lines). Independent Arabic
Manuscript Transcription demonstrated compara-
ble coverage (497 out of 500) and a CER of 0.086.
Sard completed 401 out of 500 lines (80.0%), with
97 entries consisting solely of a dash character and
2 left blank; its CER of 0.114 on the annotated lines



indicates reasonable quality where transcriptions
were provided.

Analysis. Across all teams, CER ranged from
0.061 to 0.114, confirming that manual transcrip-
tion of Arabic manuscripts remains difficult even
for trained human annotators, particularly for lines
with degraded ink, ambiguous characters, or non-
standard orthography. The variation in coverage
highlights the need for clearer guidelines on han-
dling non-Arabic content within manuscript pages.

Because each team transcribed a different batch,
formal inter-annotator agreement scores (e.g., Co-
hen’s kappa) cannot be computed across teams.
Within the annotation pipeline (Section 3), cross-
review among the three annotators and edit-
distance-based flagging provided a quality control
mechanism. Future iterations could assign over-
lapping subsets to multiple teams to enable direct
comparison of annotator consistency.

The most common error patterns in manual tran-
scriptions include confusion between visually simi-

lar characters such as dal/dhal (s/3), sin/shin (_./

), and ha/ta marbuta (¢/3); omission or misplace-
ment of diacritical dots; and inconsistent handling
of word boundaries in passages with minimal inter-
word spacing.

7.2. Subtask 2: Corpus-Level Results

Table 5 reports the corpus-level CER and WER for
all seven teams and the baseline on the held-out
test set of 2,671 lines. CER is the primary ranking
metric.

# Team CER WER
1 Misraj Al 0.079 0.244
2 Oblevit 0.093 0.327
3 Ketaba OCR 0.094 0.300
4 Latent Narratives 0.105 0.311
5 Al-Warraq 0.114 0.378
6 Not Gemma 0.122 0.306
7 Fahras 0.227 0.522

Baseline 0.368 0.691

Table 5: Subtask 2 corpus-level results (lower is
better). All seven teams outperform the baseline.

All seven submitted systems outperformed the
organiser baseline (CER 0.368, WER 0.691). Mis-
raj Al achieved the lowest corpus-level CER of
0.079, a 78.5% relative reduction over the baseline,
and the lowest WER of 0.244. The top six teams
form a competitive cluster with CER between 0.079
and 0.122, separated by a gap from Fahras (0.227).

The CER and WER rankings do not always align.
Oblevit ranks second by CER (0.093) but has the
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fourth-highest WER (0.327) among the top six, sug-
gesting that its character-level errors are dispropor-
tionately concentrated at word boundaries. Con-
versely, Ketaba OCR ranks third by CER (0.094)
but achieves a lower WER (0.300) than Oblevit, in-
dicating better word-level coherence. Not Gemma
(rank 6 by CER at 0.122) achieves a lower WER
(0.306) than four higher-ranked teams, suggest-
ing that its errors are distributed across characters
rather than concentrated in patterns that destroy
entire words.

7.3. Subtask 2: Per-Line Results

Table 6 presents the per-line CER and WER, where
metrics are computed independently for each test
line and averaged.

# Team CER WER
1 Ketaba OCR 0.082 0.259
2 Misraj Al 0.090 0.252
3 Latent Narratives 0.100 0.285
4  Oblevit 0.105 0.332
5 Al-Warraq 0.106 0.347
6 Not Gemma 0.110 0.313
7 Fahras 0.182 0.430

Baseline 0.281 0.588

Table 6: Subtask 2 per-line results, averaged over
individual test lines (lower is better).

The per-line evaluation reveals ranking changes
compared to corpus-level scoring. Most notably,
Ketaba OCR rises from rank 3 (corpus) to rank 1
(per-line), achieving a per-line CER of 0.082, while
Misraj Al moves from rank 1 to rank 2 (0.090). Oble-
vit drops from rank 2 (corpus) to rank 4 (per-line),
while Latent Narratives improves from rank 4 to
rank 3.

These shifts arise from the different weighting im-
plicit in each metric. Corpus-level scoring weights
each character equally, so longer lines contribute
more to the aggregate. Per-line scoring weights
each line equally regardless of length, giving more
influence to shorter lines. The rank reversal be-
tween Misraj Al and Ketaba OCR suggests that
Misraj Al performs better on longer body-text lines,
while Ketaba OCR handles short and irregular lines
more consistently. This distinction has practical
implications: for applications requiring uniform tran-
scription quality across an entire manuscript page—
including headers, marginalia, and fragmented
lines—per-line CER may be the more informative
metric.

7.4. Error Analysis

We conducted a qualitative error analysis on 200
randomly sampled test lines from the top-ranked



system (Misraj Al, corpus-level). Errors were cate-
gorised into five types.

Character confusion (38% of errors). The most
frequent error type involves visually similar char-
acters, particularly confusions between dal/dhal
(s/3), sin/shin (_w/ #), and halta marbuta (o/3).
These confusions arise from the author’s handwrit-
ing style, in which distinguishing dots are occasion-
ally faint or absent.

Word boundary errors (24%). Incorrect segmen-
tation of connected words or splitting of single
words accounted for approximately one quarter of
errors. This pattern is particularly common in pas-
sages where the author writes with minimal inter-
word spacing.

Diacritics and dots (18%). Missing or misplaced
diacritical dots affect the identity of several Arabic
letters. Systems frequently omit dots that are faintly
written or shifted from their canonical position rela-
tive to the baseline character.

Damaged or degraded regions (12%). Ink
bleeding, page fold marks, and photocopy artefacts
cause localised failures. These errors are concen-
trated in the earlier documents (1951-1953), where
physical preservation is poorest.

Rare vocabulary and proper nouns (8%).
Names of people, places, and uncommon political
terminology that appear infrequently in the training
data are more likely to be misrecognised, as lan-
guage model priors cannot compensate for visual
ambiguity in these cases.

7.5. Discussion

Baseline versus participants. Although the or-
ganiser baseline and several participating teams
use the same model family (Qwen-VL variants), all
seven teams achieved lower CER than the baseline.
This indicates that differences in data augmenta-
tion, training strategy, prompt design, hyperparame-
ter tuning, and ensemble methods yield substantial
improvements even when the underlying architec-
ture is shared. The gap between the baseline (CER
0.368) and the best system (CER 0.079) represents
a 78.5% relative CER reduction.
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Corpus-level versus per-line evaluation. The
ranking shifts between Tables 5 and 6 underscore
the importance of reporting both metrics. Corpus-
level CER captures aggregate transcription fidelity
and is appropriate for applications such as full-text
search, while per-line CER better reflects consis-
tency across heterogeneous line types. Future
shared tasks should report both metrics, as they
capture complementary aspects of system quality.

8. Conclusion and Future Work

The NAKBA NLP 2026 shared task engaged partic-
ipants across two complementary tracks, advanc-
ing both the available ground truth and the state
of automatic transcription for Arabic manuscripts.
Beyond the performance results, the shared task
makes several contributions to the field: the public
release of a large-scale, line-level annotated Ara-
bic manuscript corpus; a standardised evaluation
framework combining manual transcription assess-
ment with automatic system benchmarking; and
baseline results that can serve as reference points
for future research.

On the systems side, all seven participating
teams outperformed the organiser baseline, with
the top-performing system (Misraj Al) reducing
corpus-level CER from 0.368 to 0.079. Rankings
shift between corpus-level and per-line evaluation—
Ketaba OCR achieves the lowest per-line CER
(0.082) while Misraj Al leads on corpus-level CER—
revealing that different systems have different
strengths across line types. On the transcrip-
tion side, manual annotation by trained annotators
achieved CER between 0.061 and 0.114, confirm-
ing that Arabic manuscript transcription remains
challenging even for human annotators. The di-
vergence between CER and WER rankings across
teams reveals qualitative differences in error pat-
terns with implications for downstream applications.

All contributed transcriptions and system outputs
are released under CC-BY-4.0 via the shared task
page.® Future iterations will expand the dataset
to additional authors and genres, introduce page-
level and paragraph-level evaluation, explore cross-
author generalisation, and investigate strategies for
increasing participation in the manual transcription
track.
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Limitations

The dataset represents a single author’s handwrit-
ing, which limits conclusions about generalisability
to other Arabic manuscripts or scripts. Subtask 1
attracted only three participants, limiting the statis-
tical conclusions that can be drawn about manual
transcription quality. Because each Subtask 1 team
transcribed a different batch, formal inter-annotator
agreement metrics cannot be computed across
teams. Evaluation is restricted to line-level CER
and WER; document-level or page-level metrics
may better capture transcription quality for down-
stream use.
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