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Abstract

Generating summaries from chart metadata in Arabic presents unique challenges at the intersection of cross-lingual
transfer and data-to-text generation. Chart-to-text benchmarks have advanced English-language research, yet
Arabic remains without a comparable resource, underscoring its continued underrepresentation in NLP. To cover this
gap, we construct the first Arabic ChartSumm benchmark by translating chart metadata and reference summaries
from English into Modern Standard Arabic (MSA). Two high-quality machine translation models with contrasting
architectures are employed: NLLB-200-distilled-600M, designed for low-resource coverage, and Qwen2.5-1.5B, an
open large language model with general multilingual capabilities. A central contribution of this work is a translation
quality evaluation that systematically assesses both systems using BLEU, chrF, COMET _ref, and COMET_QE
metrics against a Google-Translate Arabic pivot. Results demonstrate that NLLB achieves markedly higher lexical
and semantic fidelity. Building on this foundation, we fine-tune two models, mT5 (multilingual) and CAMeL-Lab’s
AraBART (Arabic-specific), to generate Arabic summaries from structured chart metadata. Experimental results
show that AraBART trained on NLLB translations outperforms other configurations, achieving ROUGE-L = 63.8 and
BLEU = 33.1, highlighting the strong dependency of downstream summarization quality on translation accuracy and
demonstrating its superior capacity for Arabic generation.
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1. Introduction

Chart-to-text generation is the task of producing
natural language summaries from structured data
such as tables, graphs, and charts. It plays a key
role in making data more accessible, especially in
domains like journalism, education, and assistive
technology. While recent progress has been driven
by large-scale benchmarks such as ChartSumm
in English (Rahman et al., 2023), no equivalent
dataset exists for Arabic, one of the world’s most
widely spoken yet underrepresented languages in
Natural Language Processing (NLP).

Arabic poses unique challenges for natural lan-
guage generation due to its rich morphology, flex-
ible syntax, and limited availability of annotated
resources (Mashaabi et al., 2024). These factors
make it difficult to train and evaluate models for
Arabic summarization, especially in structured data
scenarios like chart description. Moreover, most
pre-trained models are optimized for high-resource
languages, and their cross-lingual transfer to Arabic
is not well understood in data-to-text settings.

To address this gap, we create an Arabic version
of the ChartSumm benchmark by translating chart
metadata and summaries into MSA. We use two
strong machine translation models, Meta’s NLLB-
200-distilled-600M (NLLB Team et al., 2022) and
Alibaba’s Qwen2.5-1.5B (Yang et al., 2024) to inves-
tigate how translation quality affects downstream

* The authors contributed equally to this work.

summarization. Our aim is to study how well mul-
tilingual and Arabic-specific models can generate
accurate and fluent Arabic summaries from struc-
tured chart data.

We fine-tune two pre-trained models, mT5 (Xue
etal.,2021) and CAMel-Lab’s AraBART (Kamal Ed-
dine et al., 2022), selected for their strong per-
formance in Arabic summarization tasks (Masri
et al., 2025). Fine-tuning is performed on the
translated ChartSumm dataset (Figure 1), where
inputs consist of flattened chart metadata (titles,
axis labels, and data series) formatted into struc-
tured natural language prompts. Models’ out-
puts are evaluated using standard metrics (BLEU,
ROUGE-1/2/L/Lsum) and complementary mea-
sures (BLEURT, Perplexity, CIDEr, and Content
Selection) to assess fluency, informativeness, and
faithfulness to the reference text. This paper makes
the following contributions:

« We create and release a translated version of
ChartSumm in Arabic, the first dataset of its
kind for Arabic chart-to-text generation.

» We compare two MT-based translation strate-
gies and show their impact on the quality of
Arabic summaries.

* We benchmark mT5 and AraBART on this task
and provide guidance for improving multilin-
gual summarization in low-resource settings.

To the best of our knowledge, this work presents
the first Arabic extension of the ChartSumm bench-
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mark, supporting the generation of contextualized
natural language summaries from structured chart
metadata in Arabic MSA. The rest of this paper is or-
ganized as follows: Section 2 reviews related work
spanning both Arabic and other languages, while
Section 3 describes the dataset used in our study,
which was translated into Arabic using two differ-
ent translation models and the evaluation metrics
adopted to evaluate the translation quality. Sec-
tion 4 outlines the experimental setup, beginning
with the use of the BART-Large-CNN as a base
model, which achieved the highest BLEU score
on the “test-s” subset reported by (Rahman et al.,
2023), followed by the fine-tuning process for Ara-
bic chart summarization dataset, and concluding
with a discussion of the summarization model’s re-
sults. Finally, Section 5 concludes the paper by
summarizing the key findings and discussing po-
tential directions for future research.

2. Related Work

Although there is substantial work on Arabic text
summarization spanning both abstractive and ex-
tractive methods with pretrained models such as
AraT5 (Nagoudi et al., 2022) and AraBART (Eddine
et al., 2022), alongside deep learning approaches
like pointer-generator LSTMs (Al-Maleh and Des-
ouki, 2020) and encoder—decoder models incorpo-
rating NER and copy mechanisms trained on head-
line datasets (Essa et al., 2025), none of these stud-
ies explicitly explore generating Arabic summaries
from chart metadata (e.g., axis labels, legends, or
numeric values). Related research has also investi-
gated semantic-graph-based methods (e.g., SemG-
TS) (Etaiwi and Awajan, 2022), BERT-based fine-
tuning (Abdelwahab et al., 2023; Elmadani et al.,
2020), and earlier LSA-based extractive techniques
(Al Qassem et al., 2017); however, all of these fo-
cus on summarizing free-form Arabic text rather
than structured inputs from charts, making Arabic
chart-to-text summarization a largely unexplored
research area.

In contrast to the lack of Arabic work, there is sig-
nificant research in other languages—especially
English—focused on generating summaries di-
rectly from charts. For example, the Chart-to-Text
benchmark (Kantharaj et al., 2022) introduced a
large-scale dataset of over 44,000 charts, reveal-
ing that although models can generate fluent cap-
tions, they often hallucinate trends or misinterpret
complex patterns. In addition, the ChartSumm
benchmark proposed by (Rahman et al., 2023),
introduced a large-scale dataset of 84,363 charts
covering diverse topics and chart types, each an-
notated with both short and long natural language
summaries. While the original ChartSumm dataset
is in English, the authors also explored the pos-

sibility of extending it to other languages using
automated translation tools. Follow-up studies
include models such as ChartAdapter (Xu et al.,
2024), a vision-language model trained on roughly
190k chart-summary pairs that outperforms ear-
lier table-to-text baselines, and ChartThinker (Liu
et al., 2024), which incorporates chain-of-thought
reasoning to enhance logical coherence. UniChart
(Masry et al., 2023) further advanced the field by
pretraining on chart visuals, data, and text, achiev-
ing state-of-the-art results for summarization and
reasoning, while earlier approaches like the Chart-
to-Text Transformer (Obeid and Hoque, 2020) relied
on template-based and planning strategies. In addi-
tion, surveys such as Natural Language Generation
for Visualizations (Hoque and Islam, 2025) have
provided a comprehensive overview of methods
ranging from CNN+LSTM pipelines to transformer-
based systems, noting common error types like
“value” and “trend” inaccuracies and comparing
prompting versus fine-tuning strategies. In scien-
tific contexts, models that combine ResNet, OCR,
and LSTM (Tan et al., 2022) have shown improved
BLEU scores when summarizing research charts.
Altogether, this body of work highlights that while
chart-to-text summarization has gained traction in
English and other languages, it remains largely un-
explored within Arabic NLP.

3. The ChartSum Dataset

This section outlines the dataset used in our study,
the English-to-Arabic translation process, and the
evaluation approach adopted to assess translation
quality.

3.1. Dataset Construction

The dataset used in this study is derived from the
ChartSumm benchmark (Rahman et al., 2023),
a large-scale English-language resource for auto-
matic chart summarization. ChartSumm consists of
84,363 chart—summary pairs aligned with chart im-
ages and structured metadata, providing both short
and long-form summaries. It integrates data from
two major sources: Knoema (43,179 examples),
which provides concise, factual summaries gener-
ated by the Yodatai assistant, and Statista (41,184
examples), which contains longer, human-authored
summaries. In this study, we use only the Statista
subset of ChartSumm.This subset was selected
because it offers rich, descriptive annotations and
greater structural diversity, making it better suited
for evaluating downstream summarization tasks in
Arabic. As described by (Rahman et al., 2023),
Statista is an online platform that publishes statis-
tical information on a wide range of topics, each
accompanied by a short human-written description.
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Figure 1: Arabic Chart Summarization pipeline: English ChartSumm is translated into Arabic using
Qwen2.5-1.5B and NLLB-200-distilled-600M, then summarized with mT5 and AraBART.

The topics span multiple domains, including eco-
nomics, marketing, industry, and opinion research.

For dataset construction, (Rahman et al., 2023)
crawled over 750,000 publicly available Statista
pages to collect 41,184 chart-summary pairs, each
containing chart metadata, textual summaries, and
associated chart images. The data were then cate-
gorized into simple and complex charts based on
the number of columns in each chart. Similar to
the Knoema subset, tokenization and stemming
were applied to normalize text data. Since many
examples lacked explicit x_label values, heuristic
rules were introduced to automatically classify the
x_labels as Year, Month, Day, Quarter, Country,
City, or Continent.

Each instance in our selected subset includes a
structured JSON representation of a chart compris-
ing the chartftitle, axis labels (x_label and y_label),
and tabular data mapping categories to their cor-
responding numerical values, as well as a human-
authored English summary and a filename linking
to the associated chart image (see Listing 1).

To adapt this benchmark for Arabic, we trans-
lated all metadata fields and reference summaries
into MSA. Translation was conducted using two
high-quality machine translation systems as re-
ported in (Alrashed et al., 2024): Meta’s NLLB-200-
distilled-600M and Alibaba’s Qwen2.5-1.5B. The
Arabic dataset preserves the original structure, with
translated chart titles, axis labels, and descriptions,
while keeping the numerical values unchanged. An
example instance of an English chart and Arabic
equivalent is shown in Table 1.

Listing 1: English Chart metadata JSON example

{
"x_label”: "x_label”,

"y_label”: [
"Which party would you vote for
in the May 2019 European
Parliament elections?”

N

5 1,

6 "data": {

7 "x_label”: [

8 "The Brexit Party”,
9 "Liberal Democrats”,
10 "Labour”,

11 "Green",

12 "Conservatives”,

13 "Other",

14 "Change UK",

15 "UKIP"

16 1,

17 "Which party would you vote for
in the May 2019 European
Parliament elections?”: [

18 37.0,

19 19.0,

20 13.0,

21 12.0,

22 7.0,

23 6.0,

24 4.0,

25 3.0

26 :l

27 3,

28 "title"”: "UK voting intention in

the European Parliament
elections as of May 2019",
29 "summary": "This statistic
presents the voting intention
of adults in the United
Kingdom , for the European
Elections due to take place
on May 23 , 2019 . The
recently formed Brexit Party
had the highest share of
adults intending to vote for
them at 37 percent , with the
governing Conservative Party
trailing in fifth at just
seven percent .",
30 "image": "train_s_0@.png"

31 }

This bilingual setup enables a controlled eval-
uation of how translation quality influences
downstream chart-to-text generation in Arabic.
The resulting Arabic corpus comprises 41,184
chart-summary pairs, maintaining the same data
splits as the original Statista subset of ChartSumm:
32,985 pairs for training, 4,101 for validation, and
4,098 for testing. Each split contains chart meta-
data and human-authored Arabic summaries trans-
lated from the original English descriptions.
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Table 1: Example of an English ChartSumm instance and its Arabic counterpart, where both metadata
and summaries are translated into Arabic MSA using NLLB-200-distilled-600M and Qwen2.5-1.5B-Instruct.

3.2. Translation Quality Evaluation

We quantitatively evaluate Arabic translation qual-
ity and directly compare two MT systems NLLB
and Qwen built from the same English metadata.
Using a Google-Translate Arabic pivot as a proxy
reference, we compute four complementary metrics
over the merged test set: BLEU (1—4g, smoothed)
(Papineni et al., 2002), chrF (Popovic, 2015) (n=6,
B=2), COMET ref (reference-based) (Rei et al.,
2020), and COMET_QE (Rei et al., 2022) (“qual-
ity estimation”, reference-less). Results in Table
2 show that NLLB outperforms Qwen across all
metrics by large margins (+13.53 BLEU, +20.39
chrF, +0.087 COMET _ref, +0.245 COMET_QE).
We therefore identify NLLB as the stronger Arabic
translation source for our task and retain Qwen for
comparative and error analysis. A pivot reference

can bias style and lexical overlap; we mitigate this
by reporting both overlap (BLEU/chrF) and learned
semantic estimators (COMET), by releasing per-
example COMET scores for targeted inspection.

4. Experiments

We evaluate the effectiveness of Arabic chart meta-
data summarization through two consecutive down-
stream tasks: machine translation and Arabic sum-
mary generation, as described in Figure 1.

4.1. Evaluation Metrics

In addition to standard metrics such as BLEU,
ROUGE-1, ROUGE-2, ROUGE-L, and ROUGE-
Lsum, we adopt the same evaluation measures
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System BLEU chrF COMET _ref COMET_QE
NLLB 29.65 62.24 83.9 32.8
Qwen 16.12 41.848 75.20 8.30

Table 2: Automatic translation quality comparison against a Google-Translate Arabic pivot. Higher is

better.

employed by (Rahman et al., 2023) to provide a
comprehensive assessment of summary quality.
These metrics include: (1) BLEURT, which evalu-
ates the fluency of the generated text and its se-
mantic alignment with the reference; (2) Perplexity
(PPL), which measures how well a probabilistic
language model predicts a given text sequence.
In this work, we employ the ‘aubmindlab/aragpt2-
base’ model instead of the standard ‘pre-trained
GPT-2’, as our evaluation is conducted on Arabic
data; (3) CIDEr, which measures the average co-
sine similarity of n-gram representations between
the candidate and reference summaries, thereby
capturing grammaticality and semantic richness;
and (4) Content Selection (CS), which assesses
how closely the generated summary reflects the
information contained in the reference text.

4.2. Baseline

For the baseline, we employ the BART-Large-
CNN model, which achieved the highest BLEU
score on the “test-s” subset reported by (Rahman
et al., 2023). According to their findings, BART
was selected due to its demonstrated effective-
ness in chart-to-text generation tasks. Although
they fine-tuned BART-Large-CNN on the Chart-
Summ dataset, the fine-tuned model is not pub-
licly available in their GitHub repository. Owing
to limited computational resources, we therefore
adopt the publicly released pretrained BART-Large-
CNN model without additional fine-tuning as our
baseline. We adopt the same experimental con-
figuration, training the BART-Large-CNN model for
three epochs with a batch size of eight. The fine-
tuning process employs an initial learning rate of 1e
6, using the AdamW optimizer and cross-entropy
as the loss function.

To establish a cross-lingual baseline, we im-
plemented a pivot summarization approach in
which the English BART-Large-CNN summariza-
tion model operates directly on the chart metadata.
It was used to generate English summaries from the
original chart metadata of Rahman et al.. The re-
sulting English summaries were then translated into
MSA using NLLB-200-distilled-600M and Qwen2.5-
1.5B. This pipeline (metadata — English summa-
rization — Arabic translation) serves as a pivot
baseline for evaluating Arabic chart-to-text genera-
tion through cross-lingual transfer.

In addition, the test-s subset of the ChartSumm

dataset was translated into Arabic using the Google
Cloud Translation API (v2), accessed through the
official google-cloud-translate Python client li-
brary. This API interfaces with Google’s Neural
Machine Translation (NMT) system, which powers
the public Google Translate service. Furthermore,
a subset of approximately 1,000 Arabic translated
chart—-summary pairs was manually reviewed and
post-edited to ensure translation quality and to en-
able a fair comparison with the outputs generated
by the NLLB and Qwen models.

Tables 3 and 4 present the evaluation results
of the pivot-based Arabic summarization baseline
using lexical, semantic, and fluency-based met-
rics. Across all measures, the NLLB model consis-
tently outperforms Qwen, confirming its effective-
ness as a translation component within the sum-
marization pipeline. As shown in Table 3, NLLB
achieves higher BLEU (14.08) and ROUGE scores
across all variants, indicating stronger lexical align-
ment and better content preservation with respect
to human references. Complementary results in
Table 4 further highlight NLLB’s superiority in se-
mantic fidelity and fluency, with notably higher
BLEURT (22.03), CIDEr (60.90), and Content Se-
lection (85.90) scores. as well as a much lower
Perplexity (78.42). The relative percentages of
perplexity results reveal a pronounced disparity
in fluency: NLLB’s value of 78.42 indicates rel-
atively coherent and well-structured text genera-
tion, whereas Qwen'’s perplexity is approximately
883.7 higher than that of human references, re-
flecting substantial degradation in linguistic fluency
and syntactic consistency. Overall, these results
demonstrate that NLLB produces more accurate,
semantically faithful, and linguistically fluent Ara-
bic summaries, establishing it as the stronger pivot
translation model for downstream fine-tuning and
evaluation.

4.3. Fine-tuning Process

As mentioned earlier (Secotion 3), all chart meta-
data and reference summaries were translated
into MSA using two machine translation mod-
els: NLLB-200-distilled-600M and Qwen2.5-1.5B-
Instruct. Unlike the pivot baseline, which translates
only English-generated summaries, this stage cov-
ers the full dataset, including chart titles, axis labels,
and human-authored summaries.

To generate Arabic summaries directly from
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Model BLEU ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum
NLLB  14.08 37.10 21.72 34.73 34.74
Qwen 9.76 35.15 19.77 32.73 32.70

Table 3: Evaluation of pivot-based Arabic summaries using BLEU and ROUGE variants. Higher is better.

BLEURT CIDEr CS

PPL

Model
NLLB 22.03
Qwen 13.60

60.90 85.90 78.42
37.06 78.06 883.7

Table 4: Semantic similarity, content selection, and fluency evaluation of pivot baseline Arabic summaries.

chart metadata, we fine-tune two models: mT5
(google/mt5-base) (Xue et al., 2020), a multi-
lingual transformer trained on 101 languages,
and AraBART (moussaKam/AraBART) (Kamal Eddine
et al., 2022), a BART-based model pre-trained on
Arabic corpora. Fine-tuning is performed on the
translated ChartSumm dataset using the same of-
ficial splits as the original English corpus. Each
input instance is constructed by linearizing chart
metadata, including titles, axis labels, and values,
into structured Arabic prompts.Table 5 presents ex-
amples of chart summarization outputs generated
by the fine-tuned mT5 and AraBART models using
inputs translated by NLLB and Qwen.

We use a maximum input length of 512 tokens
and a target summary length of 128 tokens. The
models are optimized with AdamW (Ir: 5e-5), a
batch size of 4, and up to 5 epochs, with early
stopping based on validation ROUGE-L score.

4.4. Results

Across both training and test evaluations (Table 6
and Table 7), the NLLB+AraBART configuration
demonstrates clear superiority over all other model
pairings. During fine-tuning, it attains the high-
est validation ROUGE-L score of 57.6, outper-
forming NLLB+mT5 (53.5), Qwen+mT5 (29.0),
and Qwen+AraBART (31.2). On the test set,
NLLB+AraBART achieves the best overall results
across all metrics, including ROUGE-1 = 66.3,
ROUGE-2 = 42.2, ROUGE-L = 63.8, ROUGE-
Lsum = 63.8, and BLEU = 33.1. In contrast, the
Qwen+AraBART model performs the weakest, with
ROUGE-L of only 22.6 and BLEU of 13.0, re-
flecting the negative impact of translation noise.
These findings confirm that pairing the high-quality
NLLB translations with an Arabic-optimized model
(AraBART) yields the most effective Arabic summa-
rization results in terms of both lexical overlap and
content fidelity.

Furthermore, we utilize the manually reviewed
set of 1,000 translated chart—summary pairs previ-
ously employed to evaluate the baseline model. To
ensure the reliability of this subset, we conducted
a focused manual post-editing and quality-control

process on these instances, all of which were
drawn from the original ChartSumm English test set.
The summaries were translated into Modern Stan-
dard Arabic using the NLLB+AraBART and sub-
sequently reviewed by two native Arabic-speaking
researchers with expertise in computational linguis-
tics and machine translation. The annotators were
instructed to verify (i) semantic faithfulness to the
English source, (ii) correctness of numerical val-
ues and chart-specific terminology, (iii) grammatical
well-formedness, and (iv) naturalness and stylistic
adequacy in Modern Standard Arabic. Corrections
were applied when necessary, including lexical re-
finements, syntactic restructuring, normalization of
numerical expressions, and terminology standard-
ization. The manually reviewed subset is explicitly
identified in the dataset release and serves as a
higher-confidence evaluation partition to support
future research requiring quality-controlled Arabic
references.

Tables 8 and 9 present the performance of the
fine-tuned models across both standard evalua-
tion metrics and complementary assessment mea-
sures, using this manually verified subset. When
compared to the pivot-based baselines in Tables 3
and 4, the fine-tuned models show substantial im-
provements in both lexical and semantic quality.

Notably, the NLLB+AraBART configuration
achieves the strongest overall results, surpassing
the baseline NLLB model across all evaluation di-
mensions. BLEURT increases from 22.03 to 23.75,
while CIDEr rises markedly from 60.90 to 86.24, re-
flecting enhanced semantic alignment and greater
content fidelity between generated and reference
summaries. The Content Selection (CS) score also
improves slightly (from 85.90 to 86.33), indicating
stronger information retention from the source chart
metadata. In terms of fluency, measured by Per-
plexity (PPL), the fine-tuned models demonstrate a
clear improvement over the pivot-based baselines.
The NLLB+AraBART model achieves the highest
fluency with a relative perplexity of 85.13, outper-
forming both the multilingual NLLB+mT5 (63.47)
and the baseline NLLB model (78.42). This im-
provement confirms that fine-tuning AraBART on
NLLB-translated data yields smoother, more coher-
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Chart meta data ID: Test s 819

Chart title

Forecast: value of shipments precision turned product man-
ufacture US 2008-2020

English Chart
Summary

This forecast statistic shows the value of shipments of pre-
cision turned product manufacture in the United States from
2008 to 2013, with forecasts up until 2020 . By 2016 , value
of shipments of precision turned product manufacture in the
United States are projected to reach approximately 21.41
billion U.S. dollars.
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Table 5: Chart summarization outputs from the fine-tuned models based on mT5 and AraBART

Model Epoch1 Epoch2 Epoch3 Epoch4 Epoch5 Best ROUGE-L
NLLB+mT5 38.3 39.3 49.9 53.5 53.5 53.5
NLLB+AraBART 54.9 56.0 56.8 57.2 57.6 57.6
Qwen+mT5 27.5 28.0 28.3 28.2 29.0 29.0
Qwen+AraBART 28.1 28.3 29.1 28.3 31.0 31.2

Table 6: ROUGE-L scores across epochs for different models at validation data.

ent, and linguistically consistent Arabic summaries.  BLEU =9.07), while Qwen+AraBART performs sub-

Conversely, the Qwen-based models continue to  stantially worse (ROUGE-L = 14.95, BLEU = 0.65),
lag across all metrics. The Qwen+mT5 combina-  suggesting that translation noise and weaker se-
tion achieves moderate results (ROUGE-L = 31.41,  mantic fidelity in Qwen outputs negatively affect
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Model ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum BLEU
NLLB+mT5 65.7 38.2 63.2 63.1 21.5
NLLB+AraBART 66.3 42.2 63.8 63.8 33.1
Qwen+mT5 60.2 29.9 57.8 57.8 17.3
Qwen+AraBART 23.5 7.5 22.6 22.6 13.0

Table 7: Evaluation metrics (ROUGE and BLEU) for different summarization models at the Test data.

summarization quality. In terms of fluency, the
Qwen+mT5 model attains a moderate perplexity
score (56.71), whereas Qwen+AraBART records
the lowest score (20.16), indicating disfluent and
unstable sentence generation. Nonetheless, both
Qwen-based models exhibit notable improvements
relative to the original Qwen baseline, whose per-
plexity was approximately 883.7 higher than that of
human references.

Overall, these findings confirm that fine-tuning
Arabic-specific models (AraBART) on high-quality
NLLB translations yields significant improvements
over the pivot-based baselines in both informative-
ness and fluency, establishing NLLB+AraBART as
the most effective configuration for Arabic chart
summarization.

5. Conclusion & Future Work

This study presents the first Arabic extension of
the ChartSumm benchmark, enabling contextual
Arabic summary generation from structured chart
metadata. The English ChartSumm dataset was
translated into Modern Standard Arabic (MSA) us-
ing two machine translation models, Qwen2.5-1.5B
and NLLB-200-distilled-600M, with a manually re-
viewed subset of 1,000 test pairs used to assess
translation quality, confirming the superior perfor-
mance of NLLB. The fine-tuned mT5 (multilingual)
and AraBART (Arabic-specific) models on the trans-
lated corpus demonstrate that translation quality
strongly influences summarization performance,
with the NLLB+AraBART combination outperform-
ing all baselines across BLEU, ROUGE, BLEURT,
and CIDEr metrics.

These findings underscore the importance of pre-
serving semantic and numerical fidelity in Arabic
summarization and structuring input formats to re-
tain contextual meaning. Future work will focus on
expanding human-verified translations, conducting
human evaluations of summary quality, and incor-
porating visual chart features to enhance data-to-
text generation in Arabic.

6. Dataset Release and Availability

Arabic ChartSumm is publicly released to support
research on Arabic chart-to-text generation.! The
released resource includes the full Arabic transla-
tion of the ChartSumm dataset generated using
NLLB-200-distilled-600M, which demonstrated the
highest translation quality in our evaluation. The
dataset preserves the original ChartSumm train,
validation, and test splits to ensure comparability
with prior work.

7. Limitations

While Arabic ChartSumm establishes the first
benchmark for Arabic chart-to-text summarization,
several limitations remain.

First, the dataset is derived through machine
translation rather than being originally authored in
Arabic. Although we employ multiple automatic
evaluation metrics and a manually reviewed subset
to validate quality, translated references may not
fully capture the stylistic richness and discourse
conventions of naturally written Arabic summaries.

Second, translation quality is partially evaluated
using a pivot reference generated by Google Trans-
late. While this enables consistent lexical compari-
son, it may introduce stylistic bias toward that ref-
erence. We mitigate this through COMET-QE and
manual inspection; however, fully human-authored
Arabic references would provide a stronger evalua-
tion standard.

Third, our evaluation relies primarily on automatic
summarization metrics (ROUGE and BLEU). Hu-
man evaluation of generated summaries would pro-
vide deeper insights into luency, faithfulness, and
readability, and is planned for future work. Finally,
although we compare two strong translation sys-
tems, a broader comparison including additional
MT models could further contextualize translation
robustness.

Despite these limitations, we believe Arabic
ChartSumm provides a valuable foundation for ad-
vancing Arabic-native data-to-text generation and
enables future extensions involving fully human-
authored resources and human-centered evalua-
tion protocols.

"https://github.com/a-fashwan/
Arabic-ChartSumm-Dataset.git
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Model ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum
NLLB+mT5 36.72 20.43 34.96 34.95
NLLB+AraBART 39.45 24.26 37.50 37.54
Qwen+mT5 32.63 16.57 31.41 31.40
Qwen+AraBART 15.40 08.69 14.95 14.93

Table 8: ROUGE evaluation results for pivot-based Arabic summarization models using NLLB and Qwen
translation combined with mT5 and AraBART summarizers.

Model BLEU BLEURT CIDEr CS PPL
NLLB+mT5 11.09 20.83 56.97 83.28 63.47
NLLB+AraBART 15.36 23.75 86.24 86.33 85.13
Qwen+mT5 9.07 16.85 35.76 73.42 56.71
Qwen+AraBART  0.65 10.48 17.67 41.24 20.16

Table 9: Evaluation results for Arabic summarization models using different translation—summarization
combinations, reported across BLEU, BLEURT, CIDEr, Content Selection (CS), and Perplexity (PPL)

metrics.
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