Performance Gap Analysis between Latin and
Arabic Scripts HTR

0000—0001—7924—4953 : 0000—0003—2039—3844
I, Elisa Barney! ]

[0000—0003—4029—6574]

Sana Al-azzawil , and

Marcus Liwicki

Luled University of Technology
Department of Computer Science, Electrical and Space Engineering
Lulea, 97187, Sweden
sana.al-azzawi@ltu.se, elisa.barney@ltu.se, marcus.liwicki@ltu.se

Abstract. Recent studies have shown that handwritten text recogni-
tion (HTR) systems perform worse on Arabic-script datasets than on
Latin-script data. However, the reasons for this gap are still not well
understood due to the lack of controlled comparisons. In this work, we
present a comprehensive study of Arabic- and Latin-script HTR using
a unified CRNN model for line-level HTR across nine datasets (includ-
ing KHATT (Arabic), Muharaf (Arabic), NUST-UHWR (Urdu), PHTD
(Persian), Ajami (Hausa and Fulfulde ), PHTT (pashto), IAM (English),
READ-2016 (German), and NorHAND (Norwegian)) and different train-
ing sizes (K € {100,500, 1000, 2000, ..., K¢m}). Our results show the
performance gap remains: it is large in low-resource settings, decreases
with more data, but remains even at full scale, with a consistent dif-
ference of 5-7 CER points. We show that annotation quality matters,
as many datasets contain labeling errors. Cleaning reduces error rates
and narrows the gap, but does not eliminate it. In addition, we find
that a fixed number of training samples provides less effective cover-
age in Arabic due to higher visual variability, requiring more data to
learn similar representations. We compare recognition across datasets in
terms of the number of text lines and the number of characters, showing
an equivalence trade-off. We compare character frequency distributions
across scripts and show that Arabic is significantly more heavy-tailed
than Latin. Our error analysis reveals that around 30% of substitution
errors in Arabic datasets (e.g., KHATT) are caused by confusion be-
tween visually similar characters, compared to about 15% in Latin-script
datasets such as TAM.

Keywords: handwritten text recognition - CRNN - vision transform-

ers - Arabic-script - performance analysis

1 Introduction

Handwritten Text Recognition (HTR) focuses on transforming textual content
from images into machine-readable representations. In practice, this enables doc-
uments to be stored, searched, and processed more effectively [10]. Beyond these
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practical applications, HTR can also aid in the preservation of culture and his-
tory. An accurate HTR system can help to digitize ancient manuscripts, making
these historical documents accessible to the general public and researchers.

Recent advances in HTR, have followed a clear progression, from early rule-
based and character-level approaches to statistical models such as Hidden Markov
Models, and more recently to deep learning architectures including CNNs, RNNs,
and Transformer-based models [10]. Much of this development has been reported
on Latin-script datasets [10], where early work focused on isolated character
recognition, later extending to word- and line-level transcription, and eventually
to end-to-end models operating on full text lines and documents [8].

HTR systems for Arabic-script languages have been studied in prior work,
with dedicated models and datasets developed for tasks such as word- and line-
level recognition. Still, HTR for languages that use the Arabic-script have not
received as much attention as those that use the Latin-script.

The Arabic script is one of the most widely used writing systems in the
world. Not only is it the writing system for the Arabic language with over 400
million people speaking Arabic [21, 18], the script is also used for other languages
with hundreds of millions of native speakers, including Urdu [16] with over 200
million speakers, Persian [25] with over 100 million speakers, as well as several
other languages, such as Pashto, Kurdish, Sindhi, Uyghur, and several African
languages written in Ajami. This has resulted in a large and diverse collection
of handwritten documents across regions and time periods.

Considering the scale and diversity of Arabic-script documents, robust HTR,
systems are needed to ensure reliable digitization and to improve access to both
historical and modern handwritten materials.

Arabic is written from right to left in a connected script, where characters
change shape depending on their position within a word, in contrast to Latin
scripts where such shape variation is more limited, mainly appearing as capital-
ization of initial characters. In addition, diacritics and dot patterns, which occur
more frequently than in Latin scripts and introduce further ambiguity, make
HTR for Arabic-script languages particularly challenging.

In this work, we focus on line-level HTR, which has become the state-of-the-
art (SoTA) in modern HTR systems. Despite recent progress in HTR, several
studies [1,2,5,7] have reported that Arabic-script recognition still lags behind
Latin-script performance. However, there are limited works that compare mul-
tiple datasets across different languages and scripts using a unified setting. As
a result, it remains unclear how much of this gap is due to script
characteristics, data quality, or dataset-specific factors.

To address this gap, we pose the following research questions:

RQ1: What is the performance gap between Arabic-script and
Latin-script HTR across datasets and training sizes?

RQ2: What is the trade-off between the number of text lines and
the number of characters in achieving comparable recognition perfor-
mance across scripts, and how are script-specific features involved?
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Contributions. This paper makes the following contributions:

— We present the first systematic comparison of Arabic-script and Latin-script
HTR using a unified model across multiple languages and training sizes.

— We quantify the performance gap between Arabic-script and Latin-script
HTR, showing that it decreases with more data but persists at full scale.
We further compare recognition in terms of the number of text lines and
characters, revealing an equivalence trade-off in the data required to achieve
comparable CER across scripts.

— We provide a character-level analysis of shape variability and error pat-
terns, showing that visually similar character confusions account for a larger
proportion of errors in Arabic-script datasets, and that character frequency
distributions are significantly more heavy-tailed than in Latin scripts.

2 Challenges in Arabic-Script HTR

Arabic-script HTR faces challenges due to script properties and data character-
istics (modern or historical), including cursive connectivity, contextual character
shapes, diacritics, and complex ligatures, which make segmentation and recog-
nition difficult [22].

An essential challenge in Arabic-script HTR lies in the contextual vari-
ability of character shapes. Arabic scripts have different shapes for the same
character depending on its position within a word (isolated, initial, medial, and
final forms), for example cha bt This increases the number of visual classes
that a recognition system must distinguish, as each character can appear in mul-
tiple forms [3, 22]. While Latin scripts also show variations such as uppercase and
lowercase forms, these are more limited and do not wholly depend on character
position (see Section 5.4).

Another challenge is the presence of diacritics and dots (i‘jam and tashkil).
The Arabic script uses dots to distinguish between letters that share the same
base shape, and additional diacritical marks to indicate short vowels. These
marks are often small, faint, or omitted in handwritten text, making them dif-
ficult to detect. While Latin scripts also use diacritics, these are less frequent,
whereas in Arabic the dots are an integral part of distinguishing between char-
acters.

For example, the letters <d share the same base shape of the letter

but differ in the use of dots to indicate which specific characters are being
represented. These dots are often omitted or misplaced in handwritten text,
leading to frequent confusion.

In addition, the use of diacritics also presents ambiguity for the readers. For
example, the phrase without diacritics of (§dl wlede (m % ) all) becomes

(Ji..::d\ ol E-..\a.:.j 3;:;)\ 3:1!\) when the vowels are added. These marks often

appear as small marks above or below the characters in the text, and are often
confused with dots or are entirely omitted. In this study, one of the Arabic
datasets we use, Ajami, contains many such diacritics, as illustrated in Figure 1.
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Document degradation and layout variability also pose challenges, es-
pecially for historical manuscripts [21]. As shown in Figure 1, text lines vary in
orientation and alignment, reflecting real-world writing conditions and increas-
ing recognition difficulty.

Finally, a critical limitation in Arabic-script HTR is the scarcity of large-
scale, diverse annotated datasets. Compared to Latin-based languages, Arabic-
script datasets are limited and less diverse. This scarcity limits the ability of deep
learning models to generalize effectively, especially for historical and low-resource
settings such as Ajami [7,21, 26].
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(a) Ajami dataset. (b) Muharaf dataset. (¢) PHTD dataset.

Fig. 1: Representative samples from datasets used in this paper.

3 Methodology

This work investigates the performance gap between Arabic-script and Latin-
script HTR under controlled experimental conditions. To isolate the effects of
script and data-related factors, we use a unified setup in which a single recogni-
tion model is trained and evaluated across multiple datasets and training sizes,
with all experiments conducted at the line level using the provided segmentations
and identical model, preprocessing, and training configurations. To analyze the
impact of data availability, we simulate varying resource conditions by training
models on subsets of increasing size. Specifically, for each dataset, we use train-
ing sizes K € {100, 500, 1000, 2000, 3000, . .., K}, where Kpyy corresponds to
the full training set.

The recognition model used in the base experiments is a CRNN [19] — a
strong and widely used baseline for line-level HTR, which has demonstrated
robust performance across diverse datasets [1,9, 12]. Compared to Transformer-
based models, CRNNs require less training data and provide a more stable basis
for controlled comparisons, making them suitable for analyzing performance dif-
ferences across scripts under varying training sizes.
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Table 1: CRNN architecture with CNN feature extractor, BiLSTM layers, and
CTC training. An auxiliary CTC branch is used during training.
CRNN Architecture

CNN Feature Extractor
7 x 7 Conv, 32, stride 2 x 2
Residual Block %2 (64 channels)
each block: 3 x 3 Conv — BN — ReLU — 3 x 3 Conv — BN, with identity shortcut
Max Pooling (2 x 2)
Residual Block x4 (128 channels)
same structure as above
Max Pooling (2 x 2)
Residual Block x4 (256 channels)
same structure as above
Sequence Conversion
Column-wise max pooling (collapse height)
Recurrent Sequence Modeling
BiLSTM (256 units per direction) x3
Output Layers
Fully connected layer (character classes)
CTC loss (main sequence prediction)
Auxiliary CNN projection + CTC loss (training only)

The CRNN architecture [19] combines a convolutional feature extractor with
recurrent sequence modeling trained using the CTC objective. The convolutional
backbone extracts hierarchical visual features from input text-line images, which
are converted into a one-dimensional sequence through column-wise pooling
along the vertical axis. This sequence is then processed by stacked bidirectional
LSTM layers to model contextual dependencies in both directions. The resulting
features are projected onto the character space and optimized using the CTC
loss, enabling alignment-free training. In addition, an auxiliary CTC branch is
attached directly to the convolutional features during training to improve opti-
mization stability. The architecture details are summarized in Table 1.

To assess whether the observed trends are architecture-dependent, an ad-
ditional comparison using the HTR-VT Transformer architecture is presented
in Section 5.5. HTR-VT [14] uses a modified ResNet-18 feature extractor fol-
lowed by a 4-layer Vision Transformer encoder with 6 attention heads. Char-
acter predictions are generated using a CTC objective, while span masking,
Sharpness-Aware Minimization and exponential moving average are employed
during training to improve data efficiency and regularization.

4 Experiments

This section describes the experimental setup used to evaluate the performance
gap between Arabic-script and Latin-script HTR. The datasets used in this study
are first presented, followed by the implementation details.

4.1 Datasets

This study employs nine HTR datasets, including six Arabic-script and three
Latin-script datasets. To ensure comparability across datasets, all experiments
are conducted at the line level.
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Table 2: Dataset statistics. Hist. indicates historical datasets.

Dataset Language Hist. Train/Val/Test(lines) Avg. W—H Max Len
Mubharaf Arabic v 22091/1069/1334 597-60 181
PHTI Pashto X 24919/5332/5339 992-76 120
Ajami Hausa + Fulfulde v 4346,/931/931 1289-213 106
PHTD Persian X 1473/160/155 1960-180 193
KHATT Arabic X 4791/938/967 2074-154 132
NUST-UHWR Urdu X 8479/1061/1056 950-64 116
NorHAND-mini Norwegian v 10490/1576/1491 1472-133 168
READ-2016 German v 8367/1043/1140 962-122 43
IAM English x 6482/976/2915 1698-124 91

The Arabic-script group comprises Muharaf [21], a historical Arabic manuscript
dataset; PHTI [11], a large-scale Pashto dataset; the Ajami dataset [26], which
includes historic West African manuscripts written in Hausa and Fulfulde us-
ing Arabic script; PHTD [4], a Persian dataset; KHATT [15], a widely used
benchmark for modern Arabic handwriting; and NUST-UHWR [24], a modern
multi-domain Urdu corpus with contributions from a large number of writers.

For Latin-script comparison, we use NorHAND-mini', which contains histor-
ical Norwegian handwritten documents. This is a randomly sampled subset of
version 3 of the of the original NorHAND dataset [6] which contains more than
200K training lines to obtain a training size comparable to the other datasets
used in this study. We further use READ-2016 [23], comprising historical Ger-
man manuscripts, and TAM [17], a widely used benchmark for modern English
handwriting.

Across all datasets, there is variation in size, writing style, and data quality.
Representative samples are shown in Figure 2, and detailed dataset statistics are
provided in Table 2. When available, we adopt the standard predefined splits
provided with each dataset. For IAM, we follow the commonly used Aachen
split. For datasets without official splits, such as Ajami and PHTD, we follow
the splits used in recent prior work [1,2].

4.2 Implementation details

All experiments were carried out using PyTorch on an NVIDIA A100-SXM4-
40GB GPU, with all models trained under a unified setup to ensure fair com-
parison across datasets. Input images are converted to grayscale and resized to
match the average line height of each dataset, as reported in Table 2, while pre-
serving aspect ratio. To account for handwriting variability, we apply standard
geometric and photometric data augmentations uniformly across datasets. For
Arabic-script datasets, ground-truth transcriptions are reversed during training
to align with the left-to-right feature extraction and CTC decoding.
Performance is evaluated using Character Error Rate (CER). For training,
models are optimized using AdamW with a batch size of 16 and an initial learning

! The released split is available at Zenodo: https://zenodo.org/records/20524615.
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Fig. 2: Examples of handwriting from the datasets used in this work. From top to
bottom: Muharaf (Arabic), PHTI (Pashto), Ajami (Hausa and Fulfulde), PHTD
(Persian), KHATT (Arabic), and NUST-UHWR (Urdu). Latin-script datasets
include NorHAND (Norwegian), READ-2016 (German), and TAM (English).

rate of 5x 10™%4. The learning rate was reduced by a factor of 0.1 at 50% and 75%

of the training process. For each training size K € {100, 500, 1000, 2000, . . .

7Kfu11}7

models were trained for a fixed number of iterations, and the best checkpoint is
selected based on validation CER.

For the HTR-VT [14] we follow the original implementation. Images are re-

sized to a fixed input resolution of 512 x 64 while preserving the aspect ratio.
The model is trained using AdamW with Sharpness-Aware Minimization (SAM),
exponential moving average (EMA), cosine warmup scheduling, and span mask-
ing. We use a batch size of 128 and train for 100,000 iterations with a maximum
learning rate of 1073, following the settings reported in [14].

5 Results

We first analyze the performance differences between Arabic-script and Latin-
script datasets across training sizes. We then study the effect of data quality
by comparing results on original and cleaned datasets. Next, we examine the
relationship between training data size and character distribution. We analyze
errors to identify common patterns and the impact of visually similar characters.
We conclude by comparing results from the CRNN with those from the HTR-

VT.

5.1 Performance Gap Between Arabic- and Latin-Script HTR

Using the CRNN described in Section 3, we perform line-level HTR on all nine
datasets at various K levels. The results are summarized in Figure 3 and Table 3.
There is a clear performance gap between Arabic-script and Latin-script datasets
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= Mubharaf (Arabic-Historical)-AS
70 PHTI (Pashto)-AS

= Ajami (Ajami-Historical)-AS
= PHTD (Persian)-AS

—— KHATT (Arabic)-AS

—— NUST-UHWR (Urdu)-AS

5 NorHAND (Norwegian-Historical)-LS
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Fig. 3: CRNN performance gap between Arabic-script (AS) and Latin-script (LS)
HTR systems across multiple datasets and data sizes. Solid lines denote Arabic-
script datasets and dashed lines denote Latin-script datasets.

across most training sizes with higher CER values for Arabic-script datasets
compared to Latin-script datasets across training sizes. An exception is NUST-
UHWR which at lower training sizes (K < 2000) achieves lower CER than
some Latin-script datasets. These trends are consistent with prior observations
in the literature, but have not been systematically analyzed under a unified
experimental setup across multiple datasets and training sizes.

Among Arabic datasets, the highest error rates are observed for Muharaf,
PHTI, Ajami, and PHTD. For Muharaf, PHTI, and Ajami, this is largely due to
label errors, including transcription, segmentation, and orientation mistakes, in
these datasets. Previous work [1] reports that Ajami contains around 8.5% label
errors, while Muharaf exhibits 6-9% label errors across splits.

In contrast, the weaker performance of PHTD is mainly due to limited data
diversity. Although it contains 1,473 training lines, it includes only 738 unique
words compared to 19,639 in KHATT, restricting generalization ability.

NUST-UHWR achieves the best performance among Arabic datasets, result-
ing in the smallest gap compared to Latin-script benchmarks, and for K < 2000
it achieves lower CER than some Latin-script datasets (e.g., NorHand). This is
explained by its relatively clean data. However, a noticeable gap still remains.
For example, at full scale, NUST-UHWR achieves 5.55% CER, compared to
4.42% for TAM, showing that the gap persists even under favorable conditions.

Table 4 summarizes the average performance across scripts, showing a con-
sistent gap between Arabic and Latin datasets across training sizes. The gap is
largest in low-resource settings (K=100), decreases with more data, but remains
around 5-7 CER points even at full scale, stabilizing beyond K=4000.

We also explored representing Arabic characters using explicit positional
forms (e.g., initial, medial, and final) in the training labels to better model
Arabic script variability. However, this did not lead to consistent improvements
in recognition performance.
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Table 3: CRNN performance gap between AS and LS HTR across datasets and

training sizes. Entries marked with “—” indicate that the corresponding training
size exceeds the number of available training samples in the dataset.

Dataset Lang  K=100 K=1000 K=2000 K=3000 K=4000 K=5000 Full

Muharaf Arabic 7412 21.65 1850 1625 1522 14.34 10.30 (K=20667)

PHTI Pashto  46.72 18.23 14.96 13.41 12.60 11.76  8.40 (K=24919)

Ajami Arabic  26.62 12.75 12.66 10.45 10.35 - 10.33 (K=4346)

PHTD Persian  32.83 13.00 - - - - 12.68 (K=1473)

KHATT Arabic  30.63 13.06 11.23 9.99 9.31 - 8.72 (K=4791)

NUST-UHWR  Urdu 25.92  10.17 8.31 7.48 7.11 6.58 5.55 (K=8479)

NorHAND Norwegian 29.05 10.75 8.59 6.83 5.39 5.84 5.05 (K=10490)
READ-2016 German 26.61 7.73 6.20 5.30 5.04 4.52 4.00 (K=8367)
TAM English  21.11  8.16 6.54 6.29 5.28 4.79 4.42 (K=6482)

Table 4: Average CRNN CER comparison between AS and LS datasets.
Average CER (%)
K Arabic Latin Gap

100 52.14 25.59  +26.55
1000 18.76 8.88 +9.88
2000 14.38 7.11 +7.27
3000 12.79 6.14 +6.65
4000 12.16 5.16 +7.00
5000 10.89 5.05 +5.84
Full 10.23 4.46 +5.77

5.2 Effect of Data Quality on the Arabic—Latin Performance Gap

It has been observed in prior work [1] that the Muharaf, PHTI, and Ajami
datasets contain several label errors. Similar issues have not been reported for
the Urdu or Latin-script datasets. We therefore compare HTR performance using
the original datasets and the publicly released cleaned dataset versions provided
by [1]. Figure 4 compares performance when trained on K = 100 to the full
training set size up to 20,000. Cleaning consistently improves performance across
all datasets, especially in low-resource settings, showing that data quality plays
an important role in HTR performance. Cleaning also reduces the gap between
Arabic and Latin scripts. For example, at K = 100, the gap decreases from 24.23
to 11.78 CER points. However, even after cleaning, a noticeable gap remains
across all training sizes (Table 5).

This indicates that while label errors contributes to the performance gap, it
does not fully explain it. This is partly due to properties of the Arabic script,
such as positional character variation, which increases the number of distinct
visual forms and reduces effective data coverage. A more detailed analysis of
these effects is provided in Section 5.4.

5.3 Impact of Training Data Size and Character Distribution

The number of characters per line varies across datasets, so the total number of
training characters does not scale uniformly with the number of training samples
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Fig. 4: Recognition performance for cleaned and non-cleaned datasets across dif-
ferent training sizes for Arabic-script HTR.

Table 5: Comparison of average CER between AS and LS datasets before and
after data cleaning. AS results are computed over paired datasets (Muharaf,
Ajami, and PHTTI).

K AS (orig) AS (clean) LS Gap (orig) Gap (clean)

100 49.82 37.37 25,59 +24.23 +11.78

1000 17.49 15.23 8.88  +8.61 +6.35
2000 15.06 13.38 7.11 +7.95 +6.27
3000 13.35 12.60 6.14 +7.21 +6.46
4000 12.69 11.95 516  +7.53 +6.79
Full 10.43 8.83 4.46  +5.97 +4.37

(text lines). Figure 5 shows the relationship between the number of training
characters and recognition performance across four datasets.

As the amount of training text increases, CER decreases for all datasets,
but the rate of improvement differs substantially. The dashed line at CER =
10% highlights this gap more clearly: KHATT needs roughly 150,000 training
characters to reach this level, whereas TAM reaches comparable performance with
only about 34,000 characters. This suggests that the same number of training
characters does not provide the same impact across datasets. The difference is
likely related not only to dataset size, but also to how characters and shapes are
distributed within each dataset.

Arabic datasets such as KHATT and Muharaf contain 82 shapes, compared
to 50 in TAM and 53 in READ, even when accounting for variations such as
uppercase and lowercase letters in Latin-script datasets. As a result, for a fixed
number of training samples, each visual pattern is observed less frequently in
Arabic, leading to lower effective coverage than in Latin scripts for the same
number of training samples.

To better understand this difference, we examine how training data is dis-
tributed across character shapes. Figure 6 compares KHATT and TAM. The rare
characters in IAM are the uppercase letters and infrequent lowercase letters (e.g.,
q, X, z). The distribution shows a rapid drop from a small set of very frequent
characters to much lower-frequency ones. In contrast, KHATT exhibits a much
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—e— KHATT
—— NUST
—e— READ
—— 1AM

Test CER (%)

<3000 k-4000 _

0 50000 100000 150000 200000 250000 300000 350000
Number of training characters

Fig.5: Character-level training coverage versus recognition performance across
training sizes. The dashed horizontal line marks CER = 10%, showing how many
training characters are needed to reach a comparable performance level across
datasets.

heavier tail, with many character shapes appearing at relatively low frequencies.
This leads to a more dispersed distribution, where training examples are spread
over a larger number of visual patterns, reducing effective coverage per shape.
Similar character distribution patterns are observed across the other datasets.

While it will take more lines to get enough Latin upper case samples to learn
them, errors classifying them will also be infrequent and have a lower impact on
total CER. The rapid drop-off in Latin scripts and the heavy-tailed distribution
in Arabic scripts are key observations highlighted by this study.

5.4 Error Analysis

We analyze character-level errors by aligning predicted text and ground-truth
sequences and classifying them into substitutions, deletions, and insertions. We
analyze character-level errors across representative datasets from both Arabic
and Latin scripts, including modern and historical collections.

To better understand these errors, we group characters based on visual sim-
ilarity. We consider two types: (i) dot-based groups, where characters share the
same base shape but differ in dots (e.g.,,&--o alad &¢-<2), and (ii) shape-
based groups, where characters have very similar forms (e.g.,0-<). For compar-
ison, similar confusions also occur in Latin scripts, such as between characters
with similar shapes (e.g., c-e-0, m—n, t-1, u—v).

Table 6 summarizes the normalized distribution of error types across Arabic-
and Latin-script datasets. Across Arabic datasets, substitution errors account
for a larger proportion of total errors compared to Latin datasets. Furthermore,
a substantial portion of these substitutions is attributed to visually similar char-
acters, with approximately 29-30% in Arabic datasets compared to 24.7% in
READ and 15.4% in TAM.
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Fig.6: Training and test shape-frequency distributions for KHATT and IAM.
Arabic shape labels include positional indicators: init (initial), mid (medial),
iso/fin (isolated/final), and sing. (single form). For visualization purposes, the
y-axis is limited to 30,000 occurrences; consequently, the most frequent shape in
KHATT exceeds the displayed range and is truncated.

Given that visually similar character confusions account for a large propor-
tion of errors in Arabic datasets (= 30%), we further analyze these patterns using
representative modern and historical datasets (KHATT and Muharaf). Figure 7
shows that the most common errors involve characters with similar shapes or
dot patterns (e.g., &2 < 3, o <> S, o 0).

5.5 Architecture Comparison

To assess whether the observed performance gap between Arabic-script (AS)
and Latin-script (LS) datasets is restricted to a single model architecture, we
conducted a controlled comparison between our CRNN baseline [19] and HTR-
VT [14], a Transformer-based handwritten text recognition model. Table 7 re-
ports the resulting CER on full datasets (K, as defined in Table 3). The
results show that the relative difficulty of Arabic-script datasets persists across
both architectures. While performance varies between datasets, both CRNN and
HTR-VT achieve substantially lower CER on the Latin-script TAM dataset than
on Arabic-script datasets such as KHATT and Muharaf. For example, HTR-VT
achieves a CER of 4.78% on IAM, compared with 8.91% on KHATT and 11.79%
on Muharaf. Although HTR-VT contains substantially more parameters (53.5M
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Table 6: Error distribution across datasets, including deletion (Del), substitution
(Sub), insertion (Ins), and similarity-based substitutions.

Dataset Del Sub Ins Similarity

Mubharaf (Arabic) 2587 (4.70%) 2292 (4.17%) 927 (1.69%) 674 (29.4%)
KHATT (Arabic) 743 (1.56%) 2354 (4.93%) 387 (0.81%) 700 (29.7%)

READ (German) 185 (0.99%) 392 (2.10%) 95 (0.51%) 97 (24.7%)
IAM (English) 832 (0.85%) 3322 (3.39%) 604 (0.62%) 510 (15.4%)

Top Character Confusions (KHATT (Arabic)) Top Character Confusions (Muharaf (Arabic-historical-uncleaned))

e ) R N R S

9
Character Confusion Character Confusion

(a) KHATT (b) Muharaf

Fig.7: Top character confusions for Arabic datasets. Errors are dominated by
substitutions between visually similar characters.

vs. 10M) and requires longer training times, its performance remains comparable
to the CRNN.

6 Conclusion

Our results demonstrate that Arabic-script datasets consistently show higher
CERs, with a large gap in low-resource settings. Data quality plays an impor-
tant role, as cleaning reduces error rates and narrows the gap. However, a con-
sistent gap remains after controlling for data quality and scale, indicating that
properties of the Arabic script—such as contextual variation also contribute to
the difficulty. Our error analysis shows that visually similar character confusions
account for a larger proportion of errors in Arabic-script datasets (around 30%)
than in Latin-script datasets (15-25%). Character frequency analysis shows that
Arabic has a more heavy-tailed distribution, so many characters receive fewer
training examples, reducing effective coverage per shape. More training data is
therefore required to achieve the same CER, and comparisons at equal K lines
are less appropriate. Larger clean Arabic datasets are needed to address this
limitation. Future work should consider synthetic datasets to better isolate data
quality and script effects.
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Table 7: Comparison of representative architectures across Arabic- and Latin-
script datasets. External results are not directly comparable due to differing
training setups, but illustrate typical performance ranges.

Dataset (Language) Model Type CER (%)
CRNN (Ours) CRNN-based 8.45
HTR-VT (Ours)” = = ~ Transformer ~ ~ 891 ~ ~
FAHAlTT; DAN [5] Transformer 8.90
rabic TrOCR [7] Transformer 15.40
| : CRNN (Ours) CRNN-based  10.11
?Xi};g{f; HTR-VT (Ows)” ~ ~ ~ Transformer ~ 1170~ -
a TrOCR [7] Transformer 11.70
- ; CRNN (Ours) CRNN-based 5.55
ST UHWR HTR-VT (Ours)” ~ ~ ~ Transformer ~ 6.2~ ~
(Urdu) Conv-Transformer [20] Transformer 5.31
CRNN (Ours) CRNN-based 4.42
IAM CRNN+-Center loss [9] CRNN-based 3.91
(English) "HTR-VT (Ours)” ~ = ~ Transformer ~ ~ 423 ~
TrOCR Large [13] Transformer 2.89
READ CRNN (Ours) CRNN-based 4.00
(German) HTR-VT (Ours)” = ~ ~ Transformer ~ ~4.38 ~ ~
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