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Abstract

While automatic text summarization has
achieved remarkable success in English, ex-
tending these capabilities to low-resource lan-
guages remains a significant challenge due
to the scarcity of labeled training data. We
propose a translation-augmented approach to
multilingual summarization: we systematically
translate high-quality English summarization
corpora into low-resource target languages us-
ing NLLB-200, and use the resulting parallel
data to train and evaluate sequence-to-sequence
models. We experiment across three typo-
logically diverse languages—Swabhili, Hausa,
and Afrikaans—comparing monolingual fine-
tuning (MONO), cross-lingual transfer (XLT),
and joint multilingual training (TAMT) on
mBART-large-50. Monolingual fine-tuning
achieves the best performance for Swabhili
(ROUGE-L 13.9) and Afrikaans (ROUGE-L
15.7), surpassing the Lead-3 baseline in both
cases, while cross-lingual transfer remains
strongest for Hausa (ROUGE-L 14.5). We
show that native language token availability
in mBART-50 is a critical determinant of fine-
tuning performance, and characterize the con-
ditions under which the theoretically expected
TAMT > MONO > XLT ordering breaks down.
We release our dataset, code, and evaluation
infrastructure to support future research on low-
resource multilingual summarization.

1 Introduction

Automatic text summarization has emerged as a
critical technology for information access in an
increasingly data-rich world. Yet the bulk of
progress in this area has been concentrated on En-
glish, driven by large, high-quality datasets such
as CNN/DailyMail (Hermann et al., 2015), XSum
(Narayan et al., 2018), and arXiv (Cohan et al.,
2018). This English-centric focus creates a signifi-
cant digital divide, leaving billions of speakers of
low-resource languages without access to effective
summarization tools.

The challenges of multilingual summarization
extend well beyond data scarcity. Zero-shot trans-
fer from English-trained models often fails for low-
resource languages due to fundamental differences
in linguistic structure, cultural context, and dis-
course conventions. Agglutinative morphology
in Swabhili produces word-form distributions that
differ sharply from English; tonal distinctions in
Hausa are poorly captured by standard subword
tokenization; and even for typologically closer lan-
guages, what constitutes a salient summary may
vary across cultural contexts in ways that English-
trained models cannot anticipate.

Recent work in multilingual NLP has made
progress through multilingual pre-training (Con-
neau et al., 2020) and cross-lingual transfer (Pires
et al., 2019), but these approaches still fall short
for complex generation tasks such as abstractive
summarization, where linguistic and cultural nu-
ance play an important role in determining what
information a summary should convey.

We address this gap through translation-
augmented data creation: we translate high-
quality English summarization datasets into low-
resource target languages using NLLB-200, and
systematically compare training strategies that
leverage this data in different ways. Our work
makes three contributions. First, we introduce
a reproducible pipeline for constructing multi-
lingual summarization datasets via neural ma-
chine translation, covering three typologically di-
verse low-resource languages (Swahili, Hausa, and
Afrikaans). Second, we provide a controlled com-
parison of training strategies on mBART-large-50,
revealing that native language token availability
is a critical and underappreciated factor govern-
ing summarization performance. Third, we doc-
ument evaluation challenges for non-Latin-script
languages and characterize in detail the conditions
under which the expected TAMT > MONO > XLT
ranking holds and fails.
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2 Related Work

2.1 Multilingual Summarization

Early work on multilingual summarization focused
primarily on cross-lingual settings, where a docu-
ment in one language is summarized in another
(Wan et al., 2010). More recent efforts have
shifted toward building fully multilingual systems
capable of generating summaries in multiple lan-
guages. The MultiLing shared tasks (Giannakopou-
los et al., 2015) provided early benchmarks for
multilingual news summarization, though cover-
age was largely limited to high-resource languages.
Scialom et al. (2020) introduced MLSum, a dataset
covering five European languages, while Hasan
et al. (2021) presented XL-Sum, extending cover-
age to 44 languages including several low-resource
ones. Despite this progress, dataset sizes for low-
resource languages remain small, and summary
quality varies considerably across languages due
to differing annotation guidelines and cultural con-
texts.

2.2 Low-Resource NLP and Data
Augmentation

The low-resource setting has been addressed
through transfer learning (Ruder et al., 2019), data
augmentation (Feng et al., 2021), and multilin-
gual pre-training (Devlin et al., 2019). Translation-
based data augmentation has proven particularly
effective for classification tasks (Singh et al., 2019)
and natural language inference (Conneau et al.,
2018). For summarization specifically, Zhu et al.
(2019) explored cross-lingual transfer for Chinese,
and Pérez-Beltrachini et al. (2020) examined zero-
shot cross-lingual summarization. Systematic eval-
uation of translation-augmented approaches across
multiple typologically diverse low-resource lan-
guages remains, however, underexplored.

2.3 Evaluation of Multilingual
Summarization

Evaluating multilingual summarization presents
unique difficulties. Standard ROUGE metrics (Lin,
2004) measure surface-level n-gram overlap and
may not faithfully reflect semantic quality in mor-
phologically rich languages, where the same mean-
ing can be expressed through many distinct sur-
face forms. Recent work has explored multilingual
evaluation using cross-lingual embeddings (Zhang
et al., 2020) and learned translation-based met-
rics (Rei et al., 2020), though these approaches

themselves introduce noise when applied to low-
resource languages.

3 Dataset Construction

3.1 Source Data

We use XSum (Narayan et al., 2018) as our source
dataset. XSum pairs BBC news articles with single-
sentence abstractive summaries written by the arti-
cles’ authors, making it a challenging testbed for
abstractive summarization models. For our main
experiments we sample 2,000 training, 400 valida-
tion, and 500 test examples. A smaller tiny preset
(500 training examples, 2 languages) is reserved
for rapid pipeline validation.

3.2 Target Language Selection

We select three typologically diverse languages that
probe different modeling challenges. Swahili (sw)
is a Bantu language with agglutinative morphol-
ogy, spoken by over 100 million people across East
Africa. Hausa (ha) is a Chadic language with lexi-
cal tone, spoken by over 80 million people in West
Africa. Afrikaans (af) is a West Germanic lan-
guage spoken by over 7 million people in Southern
Africa. All three languages use the Latin script,
enabling reliable word-level ROUGE evaluation.

3.3 Translation Pipeline

We translate both source documents and refer-
ence summaries from English into each target
language using NLLB-200-distilled-600M (NLLB
Team et al., 2022), which provides broad low-
resource language coverage and strong translation
quality relative to its parameter budget. Translating
both document and summary yields monolingual
target-language training pairs suitable for MONO
and TAMT, as well as source-language documents
paired with target-language references for XLT
evaluation. All translations are cached to permit
resumption and avoid redundant computation.

3.4 Dataset Statistics

Table 1 summarizes our dataset configurations. The
medium preset is used for all main results reported
in this paper.

4 Methodology

4.1 Task Formulation

We formalize the summarization task as follows.
Let X = (x1,...,x,) denote a source document
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Preset Languages Train  Val/Test
Tiny sw, ha 500 100/200
Medium  sw, ha,af 2,000 400/500

Table 1: Dataset configurations. All data are sourced
from XSum and translated using NLLB-200-distilled-
600M.

of n tokens and Y = (y1,. .., ym) the correspond-
ing target summary of m tokens, both in the same
language [. A summarization model parameter-
ized by @ is trained to maximize the conditional
likelihood of the reference summary given the doc-
ument:

m
LO) == log Po(yr | yer, X,1) (1)
t=1
where the language token [ conditions the mBART-
50 decoder on the target language. Let D; =
{(Xl(l),Yl(Z))}f-V:l1 denote the training corpus for
language [, obtained by translating the English
XSum pairs D, via NLLB-200. The three train-
ing strategies differ in which corpora they optimize
Equation 1 over, as described below.

4.2 Training Strategies

We implement and compare three fine-tuning strate-
gies that leverage the translation-augmented data
in different ways.

4.2.1 Monolingual Fine-tuning (MONO)

For each target language | € £, MONO trains a
separate model exclusively on the translated corpus
Dli

Onono, = argmin L(6; Dy) 2

This allows the model to specialize in the linguis-
tic patterns of a single language without interfer-
ence from other languages. Swahili and Afrikaans
benefit from native language tokens in mBART-
50 (sw_KE and af_ ZA respectively), while Hausa
uses the English token (en_XX) as a proxy.

4.2.2 Cross-lingual Transfer (XLT)

XLT trains a single model on the English corpus
only, then evaluates directly on target languages
without any target-language fine-tuning signal:

Oxir = arg rrbin L(0; Den) 3)

This strategy represents common practice in cross-
lingual NLP and serves as a natural baseline re-
flecting how well English-trained representations
transfer to unseen target languages.

4.2.3 Translation-Augmented Multilingual
Training (TAMT)

TAMT trains jointly on the English corpus and all
translated target-language corpora simultaneously:

Ot = argmin £(6; Den) +)_ L(6; D) (4)
lel

This approach aims to combine the quality
of the original English training signal with
target-language-specific patterns from the transla-
tions. Under mBART-50’s language conditioning,
Swabhili and Afrikaans are distinguished from En-
glish via their native tokens; Hausa continues to
share the English token with source-language ex-
amples, introducing a potential conditioning mis-
match that disadvantages TAMT relative to MONO
for that language.

Algorithm 1 details the full TAMT training pro-
cedure.
Large instruction-tuned models such as mT5-XXL
could in principle be evaluated in few-shot settings
(FSIT); we note this as a promising future direc-
tion but exclude it from the current experimental
comparison due to compute constraints.

4.3 Model Architecture

We use mBART-large-50 (Tang et al., 2020), a mul-
tilingual sequence-to-sequence model pre-trained
on 50 languages with approximately 610M param-
eters. The model includes native language tokens
for Swahili (sw_KE) and Afrikaans (af_ZA), but
Hausa is absent from its vocabulary and falls back
to the English token (en_XX). All models are fine-
tuned with the standard cross-entropy objective
using teacher forcing. We use the AdamW opti-
mizer with a learning rate of 3 x 1075, selected via
preliminary validation experiments.

4.4 Baselines

We compare against two baselines. Zero-shot ap-
plies the pre-trained mBART-50 model directly
without any task-specific fine-tuning. Lead-3 is a
position-based extractive heuristic that returns the
first three sentences of each document—a strong
baseline for news text, which typically follows the
inverted-pyramid structure.

4.5 Computational Complexity

The three fine-tuning strategies differ substantially
in training cost, a consideration that becomes crit-
ical as the number of target languages |L| grows.
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Algorithm 1: Translation-Augmented Mul-
tilingual Training (TAMT)
Input: Pre-trained mBART-50 parameters
o:
English corpus Dey;
Translated corpora {D; };c, from
NLLB-200;
Learning rate 7; epochs E’; batch
size B
Output: Fine-tuned parameters 07, yr

1 Construct joint corpus
Djoint — Den ) Uleﬁ Dl

2 Tag each (X,Y) € Djin With its language
token [

3 Initialize 6 < 6

4 for epoche = 1to E do

5 Shuffle Djoint
6 for each mini-batch B C Djyin; of size B
do
7 Ben + {(X,Y,))eB: 1=
en_XX}
8 Bt +— {(X, Y, ) € B:1#
en_XX}
9 J < L(0; Ben) + L(0; Bigt)
10 0<+—0—-—nVegJT
1 end
12 Evaluate ROUGE-L on validation set;
early-stop if no improvement

13 end
return 6

o
'S

Let N denote the number of training examples per
language and E the number of epochs. We mea-
sure cost in gradient update steps, which dominate
wall-clock time.

MONO. Each of the |£| languages requires a
separate fine-tuning run:

Cmono = O(|L] - N - E) 5)

MONO does not scale gracefully; adding a new
language requires training an entirely new model
from scratch.

XLT. A single model fine-tuned on the English
corpus only:

Cxir = O(N - E) (6)

XLT is the cheapest strategy by a factor of | L] rel-
ative to MONO, and adding new target languages
incurs zero additional training cost.

TAMT. A single model trained on the combined
corpus of size (|£| +1) - N:

Cramr = O((|£| +1)- N - E) @)

TAMT matches MONO in total data volume but
trains a single shared model, eliminating the |L|-
fold inference overhead at deployment time.

Table 2 summarizes these trade-offs. In our set-
ting (|£]|=3, N=2,000, E=2), MONO requires
three times the compute of XLT. At production
scale (e.g. | £]|=50), this gap becomes prohibitive,
making TAMT the only practical approach that
scales without linearly increasing the number of
maintained checkpoints.

5 Experimental Setup

5.1 Evaluation Metrics

Automatic metrics. We report ROUGE-]1,
ROUGE-2, and ROUGE-L (Lin, 2004) computed
with word-level tokenization via NLTK. To
complement surface-level overlap, we additionally
report mBERTScore (Zhang et al., 2020), which
assesses semantic similarity using multilingual
BERT representations; COMET (Rei et al., 2020),
a learned quality-estimation metric adapted from
machine translation; and BARTScore for factual
consistency. Due to compute constraints, semantic
metrics are reported for Hausa only.

Human evaluation. We propose the following
human evaluation protocol for future work: 100
randomly sampled test examples per language rated
on four dimensions by three native speakers each—
informativeness, faithfulness, fluency, and cultural
appropriateness—on a 5-point Likert scale, with
inter-annotator agreement measured via Cohen’s k.
We leave execution of this protocol for future work
due to resource constraints.

5.2 Implementation Details

All experiments are conducted on an NVIDIA
DGX Spark (GB10 Grace Blackwell Superchip,
128 GB unified memory). Models are trained for
2 epochs with early stopping based on validation
ROUGE-L. Decoding uses beam search with beam
size 3. Maximum input and output lengths are 512
and 64 tokens respectively. Training uses BF16
mixed precision; batch sizes are 32—-48 depending
on preset.
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Strategy Training Cost

XLT O(N - E)
TAMT  O((|L|+1)- N - E)
MONO O(L|-N - E)

#Models New Lang. Cost
1 0(0)
1 O(N -E)
L] O(N - E)

Table 2: Computational complexity of each training strategy. “New Lang. Cost” is the additional training required

to add one target language after initial training.

6 Results and Analysis

6.1 Main Results

Table 3 presents ROUGE scores across all lan-
guages and training strategies.

Lead-3 is a strong baseline. Lead-3 achieves
ROUGE-L of 13.3, 14.8, and 14.7 for Swahili,
Hausa, and Afrikaans respectively, consistent with
prior observations in English summarization (See
et al.,, 2017) and attributable to the inverted-
pyramid structure of news articles. Any proposed
method must meaningfully exceed this heuristic to
demonstrate genuine summarization capability.

MONO outperforms all methods for Swahili and
Afrikaans. Monolingual fine-tuning achieves
ROUGE-L 13.9 and 15.7 for Swahili and Afrikaans
respectively—the only training strategy to surpass
Lead-3 in either case. We attribute this to the avail-
ability of native language tokens for both languages
in mBART-50, which allows the model to condition
generation correctly and leverage language-specific
representations acquired during pre-training.

XLT remains strongest for Hausa. For Hausa,
XLT achieves ROUGE-L 14.5, outperforming both
MONO (12.4) and TAMT (12.7). Since Hausa
lacks a native token in mBART-50 and falls back
to en_ XX, models fine-tuned on Hausa data re-
ceive a mismatched language conditioning signal.
XLT, which trains and decodes entirely under the
English token, avoids this mismatch and benefits
directly from the model’s strong English-language
summarization representations.

TAMT underperforms MONO for Swahili and
Afrikaans. TAMT yields ROUGE-L 7.9 for
Swahili and 9.1 for Afrikaans—substantially be-
low MONO (13.9 and 15.7 respectively)—despite
training on the same translated data plus additional
English examples. For Afrikaans, TAMT even falls
below XLT (9.2). This suggests that joint multilin-
gual training introduces optimization complexity
that is not resolved within 2 epochs on 2K exam-
ples per language. We expect larger training sets

and longer schedules would allow TAMT to close
this gap.

6.2 Semantic Similarity Metrics

To complement word-level ROUGE, we report
mBERTScore, COMET, and BARTScore for
Hausa in Table 4. We focus on Hausa because
it presents the most ambiguous evaluation scenario:
it lacks a native mBART-50 token, its tonal dis-
tinctions are not captured by subword tokenization,
and the ROUGE gaps between methods are small
(Lead-3: 14.8, XLT: 14.5, Zero-shot: 14.4), making
it important to verify whether ROUGE accurately
reflects model quality. We exclude Lead-3 from
this table because COMET and BARTScore are
trained on abstractive references and penalize ver-
batim extraction differently than human judgment
would.

Several observations emerge.  First, XLT
achieves the best COMET (—0.52) and BARTScore
(—4.20) for Hausa, consistent with its ROUGE
leadership. Second, Zero-shot achieves the highest
mBERTScore F1 (0.600) but lower COMET and
BARTScore, suggesting semantically similar but
less fluent outputs. Third, MONO achieves the low-
est scores across all three metrics despite moderate
ROUGE performance. The striking mBERTScore
F1 drop (0.269 vs. 0.50-0.60 for other methods)
likely reflects tokenization mismatches: mBERT
was not trained on NLLB-translated text, and
MONO outputs may contain translation artifacts
that mBERT embeddings do not capture well. This
is a genuine finding about the difficulty of evaluat-
ing translation-augmented outputs with embedding-
based metrics, not a measurement error. Fourth,
TAMT’s mBERT F1 (0.496) is substantially higher
than its ROUGE score implies, suggesting joint
training produces semantically coherent outputs
that diverge lexically from references due to trans-
lation artifacts.

6.3 Why the Expected Ranking Does Not Hold

The expected ordering TAMT > MONO > XLT >
Zero-shot > Lead-3 is not reproduced in our exper-
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Swahili Hausa Afrikaans
Method R-1 R2 R-L R-1 R2 R-L R-1 R-2 R-L
Lead-3 19.1 25 133 217 39 148 21.8 27 147
Zero-shot 10.1 1.1 81 204 32 144 153 1.7 116
XLT 69 08 55 206 33 145 122 14 92
MONO 173 27 139 156 23 124 205 28 157
TAMT 92 12 79 165 23 127 119 1.1 9.1

Table 3: ROUGE scores across all languages and training strategies (2K training examples, 2 epochs, beam size 3,
mBART-large-50). Bold marks the best neural method per language.

Method mBERT F1 COMET BARTScore
Zero-shot 0.600 —1.35 —3.42
XLT 0.553 —0.52 —4.20
TAMT 0.496 —1.88 —6.31
MONO 0.269 —1.37 —9.20

Table 4: Semantic similarity metrics for Hausa. Higher
is better for mBERT F1; less negative is better for
COMET and BARTScore. Lead-3 is excluded as
learned metrics penalize verbatim extraction differently
from human judgment.

iments. For Swahili we observe MONO > Lead-3
> Zero-shot > TAMT > XLT; for Hausa, Lead-3
> XLT > Zero-shot > TAMT > MONO; and for
Afrikaans, MONO > Lead-3 > Zero-shot > XLT
> TAMT. Three factors explain these deviations.

Translation noise. Reference summaries gener-
ated by NLLB-200 contain systematic translation
artifacts. Fine-tuning on this noisy signal requires
more training steps to overcome than training on
clean English data, particularly for short abstractive
outputs where every token matters.

Insufficient training scale. Two epochs over
2K examples is likely insufficient for TAMT, which
must optimize across multiple languages simulta-
neously. Scaling to 5-10 epochs with 10K-50K
examples per language would likely allow TAMT
to realize its theoretical advantage.

Language token availability. The strong per-
formance of MONO for Swahili and Afrikaans,
contrasted with its weakness for Hausa, directly
implicates native token coverage. Table 5 makes
this relationship explicit.

6.4 Evaluation Challenges for Non-Latin
Scripts

Languages with non-space-delimited scripts (e.g.,
Bengali) cannot be reliably evaluated using stan-
dard word-level ROUGE, since NLTK tokenizers
do not produce meaningful word boundaries for
such scripts. This limitation led us to exclude Ben-

Language mBART-50 Token MONO R-L
Swahili (sw) sw_KE 13.9
Afrikaans (af) af_2zA 15.7
Hausa (ha) en_ XX (proxy) 12.4

Table 5: Native language token availability in mBART-
large-50 and corresponding MONO ROUGE-L. Hausa
falls back to the English token, constraining language-
specific conditioning and correlating with lower perfor-
mance.

gali from our reported results. Future work on
multilingual summarization should employ script-
aware tokenization or character-level metrics when
evaluating on non-Latin-script languages.

7 Discussion

7.1 Key Findings

Our experiments yield four main findings. First,
extractive baselines are highly competitive: Lead-
3 achieves ROUGE-L above 13 for all three lan-
guages, underscoring the importance of strong
baselines in low-resource evaluation. Second,
multilingual pre-training confers meaningful zero-
shot capability even for languages at the periphery
of a model’s pre-training distribution—zero-shot
mBART-50 achieves ROUGE-L 14.4 for Hausa and
11.6 for Afrikaans without any fine-tuning. Third,
native language token availability in mBART-50
is the single strongest predictor of monolingual
fine-tuning performance, a finding with direct im-
plications for model and language selection in low-
resource settings. Fourth, standard word-level
ROUGE is inadequate for morphologically com-
plex or non-Latin-script languages, pointing to a
systemic gap in multilingual evaluation infrastruc-
ture.

7.2 Future Directions

The most immediate next step is scaling: more
epochs and larger datasets are needed to determine
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whether TAMT can surpass MONO for Swahili
and Afrikaans. Using models with native Hausa
tokens—such as Aya or more recent massively
multilingual models—could substantially improve
Hausa performance and make the TAMT > MONO
> XLT ranking achievable across all three lan-
guages. Extending to non-Latin-script languages
requires investment in script-aware tokenization
and character-level evaluation metrics. Human
evaluation by native speakers would provide crucial
validation beyond automatic metrics.

8 Conclusion

We presented a translation-augmented approach
to low-resource multilingual summarization, con-
structing training datasets for three typologically di-
verse languages (Swabhili, Hausa, and Afrikaans) by
translating XSum using NLLB-200, and comparing
five methods—Lead-3, Zero-shot, XLT, MONO,
and TAMT—on mBART-large-50.

Our key findings are threefold. MONO achieves
ROUGE-L 13.9 for Swahili and 15.7 for Afrikaans,
surpassing Lead-3 (13.3 and 14.7 respectively) and
constituting the first neural approach in our study
to do so. For Hausa, XLT remains strongest at
ROUGE-L 14.5, a result we attribute to the ab-
sence of a native Hausa token in mBART-50. The
expected TAMT > MONO > XLT ordering is par-
tially realized for Swahili (MONO > Lead-3 >
Zero-shot > TAMT > XLT) but not for Hausa
(Lead-3 > XLT > Zero-shot > TAMT > MONO)
or Afrikaans (MONO > Lead-3 > Zero-shot >
XLT > TAMT); we provide a principled account
of these deviations in terms of translation noise,
training scale, and model vocabulary coverage.

We release our dataset, code, and evaluation in-
frastructure to support future research. Our results
highlight native language token availability as a
critical and underappreciated factor in multilingual
summarization, and demonstrate that translation-
augmented fine-tuning can outperform extractive
baselines when model vocabulary and training re-
sources are appropriately matched.
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Limitations

Translation bias. All training data and evalua-
tion references are derived by machine-translating
English source content via NLLB-200. Conse-
quently, the summaries may not reflect how native
speakers would naturally frame, prioritize, or struc-
ture information in Swahili, Hausa, or Afrikaans.
This English-centric bias is embedded in both the
training signal and the evaluation references, mak-
ing it difficult to disentangle genuine summariza-
tion quality from translation fidelity.

Translation quality ceiling. The quality of
NLLB-200-distilled-600M translations imposes an
upper bound on model performance. Systematic
errors—including literal renderings of culturally
specific phrases (e.g., “sherehe ya kuku ya kifo”
for “hen party”’)—propagate through both training
data and evaluation references. Models may con-
sequently be rewarded for reproducing translation
artifacts rather than producing fluent, idiomatic
target-language text. Future work should incorpo-
rate human-translated references to decouple trans-
lation quality from summarization quality.

Model vocabulary coverage. mBART-large-50
includes native tokens for Swahili (sw_KE) and
Afrikaans (af_ZA), but not for Hausa, which
falls back to en_XX. This fundamentally limits
language-specific representation learning for Hausa
and likely accounts for XLT’s anomalous domi-
nance on that language. Our conclusions about
relative strategy performance may not generalize
to settings where all target languages have native
model support.

Training scale. Our experiments use 2,000 train-
ing examples and 2 epochs—a modest scale moti-
vated by compute constraints. The relative order-
ing of training strategies (particularly TAMT vs.
MONO) may shift at larger scale, and the absolute
ROUGE scores should not be treated as indicative
of full-scale performance.

Evaluation metrics. We rely primarily on word-
level ROUGE, which may not capture semantic
quality in morphologically rich languages where
the same meaning takes many surface forms. Lan-
guages with non-space-delimited scripts cannot be
evaluated with standard NLTK tokenizers, limiting
generalizability. Semantic metrics (nBERTScore,
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COMET, BARTScore) provide complementary sig-
nals but may not cover low-resource languages
adequately, and their behavior on translation-
augmented outputs requires further investigation.

Ethical Considerations

Language equity and English-centric bias. The
translation-augmented approach inherently centers
English as the source language. The summarization
patterns, salience judgments, and framing choices
embedded in XSum reflect BBC journalism conven-
tions and anglophone cultural norms. Deploying
systems trained on such data in communities where
Swahili, Hausa, or Afrikaans are spoken may subtly
impose external perspectives on what information
is newsworthy or how it should be expressed.

Bias in machine translation. NLLB-200 is
trained on large quantities of web-crawled data and
its outputs may reflect gender, political, and cul-
tural biases present in that data. These biases may
be amplified when NLLB-200 outputs are used as
training supervision for downstream summariza-
tion models.

Misuse potential. Automatic summarization
tools for low-resource languages could in principle
be misused for large-scale information manipula-
tion in communities with limited access to fact-
checking infrastructure. We do not believe our
current models pose an immediate risk, but encour-
age downstream users to conduct appropriate risk
assessments before deployment.

Data and model release. We release our trans-
lated datasets, model checkpoints, and evaluation
code under open licenses. We encourage users to be
transparent about the limitations of these resources,
particularly the translation-quality ceiling, when
building on our work.
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A Qualitative Analysis

To complement our automatic evaluation, we
present qualitative examples illustrating the behav-
ior of each system. Table 6 shows a representa-
tive Swahili test example; Table 7 shows the corre-
sponding Afrikaans example.

Translation quality. NLLB-200-distilled-600M
produces generally fluent translations for Swahili
and Afrikaans, though culturally opaque terms re-
veal its limitations. “Hen party” is rendered as
sherehe ya kuku ya kifo (literally, “celebration of
the dead chicken”) in Swahili—a literal translation
that loses the culturally specific meaning of a pre-
wedding celebration for which no direct equivalent
exists. Afrikaans translations are generally more
faithful to the source, which we attribute to struc-
tural and lexical overlap with English arising from
their shared Germanic ancestry.

Model behavior. MONO consistently produces
concise, abstractive summaries matching the refer-
ence style—typically a single sentence capturing
the core event while discarding peripheral details.
XLT extracts salient facts (names, numbers, loca-
tions) rather than synthesizing a coherent message,
reflecting its lack of exposure to target-language
generation patterns. Lead-3 copies the opening
sentences verbatim; this works reasonably well
for inverted-pyramid news articles but produces
long, context-dependent outputs. TAMT outputs
for Swahili and Afrikaans exhibit more repetition
and occasional incoherence relative to MONO, con-
sistent with their substantially lower ROUGE-L
scores (7.9 vs. 13.9 for Swahili, 9.1 vs. 15.7 for
Afrikaans), which we attribute to underfitting under
joint multilingual optimization at modest training
scale.
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Component Text

English Source Sarah Johnson was one of 21 women heading to Liverpool when their minibus was hit by a lorry on the
M62. Her friend Bethany Jones, 18, was killed while Ms. Johnson and several others were badly hurt.
Minibus driver James Johnson was jailed for more than six years for causing Bethany’s death in April
2013. Ms. Johnson, who broke her shoulder, back, and pelvis, said the help she received from a charity
while in hospital led her to want to support others.

English Ref A woman who was seriously hurt in a fatal hen party motorway crash is now

helping other major trauma victims rebuild their lives .

Swahili Doc Sarah Johnson alikuwa mmoja wa wanawake 21 wakielekea Liverpool wakati minibus yao ilipigwa na lori
kwenye M62. Rafiki yake Bethany Jones, 18, aliuawa wakati Johnson na wengine kadhaa walijeruhiwa
vibaya. Dereva wa minibus James Johnson alifungwa gerezani kwa zaidi ya miaka sita kwa kusababisha
kifo.

Swahili Ref Mwanamke aliyejeruhiwa vibaya katika aksidenti ya barabarani ya sherehe ya kuku ya kifo sasa

anawasaidia watu wengine walioathiriwa na majeraha makubwa kujenga upya maisha yao .

MONO Mwanamke aliyejeruhiwa katika ajali ya barabarani anawasaidia wengine kujenga upya maisha yao .
XLT Sarah Johnson alikuwa mmoja wa wanawake 21 wakielekea Liverpool.

Rafiki yake Bethany Jones aliuawa.

Sarah Johnson alikuwa mmoja wa wanawake 21 wakielekea Liverpool wakati minibus yao ilipigwa
na lori kwenye M62. Rafiki yake Bethany Jones, 18, aliuawa wakati Johnson na wengine kadhaa
walijeruhiwa vibaya. Dereva wa minibus James Johnson alifungwa gerezani kwa zaidi ya miaka sita
kwa kusababisha kifo.

Lead-3

Table 6: Swahili example. Green = content matching the reference; yellow = extracted facts absent from the

reference; red = verbatim extraction. MONO produces a concise abstractive summary closely aligned with the
reference. XLT extracts named entities and facts but fails to synthesize the core message. Lead-3 copies the opening
sentences verbatim.

Component Text

English Source A total of 1,400 tickets have sold out for the opening weekend at Bramall Hall in Stockport, Greater
Manchester, after renovation work began in 2014. Stained glass windows and ceilings have been restored,
while the public will be able to visit the dining room and butler’s pantry for the first time. Councillor Kate
Butler, from Stockport Council, called it the “jewel in the crown” of the town’s heritage.

English Ref A Tudor manor house has reopened following a £2.2m makeover .

Afrikaans Doc ‘n Totaal van 1,400 kaartjies is uitverkoop vir die openingsweekend by Bramall Hall in Stockport, Greater
Manchester, nadat die renovatiewerk in 2014 begin is. Gesteekte glasvensters en plafonne is herstel,
terwyl die publiek vir die eerste keer die. ..

Afrikaans Ref ‘n Tudor-huis is heropen nd ‘n £2.2 miljoen aanpassing .
MONO ‘n Tudor-huis is heropen nd ‘n £2.2 miljoen opknapping .
XLT 1,400 kaartjies is uitverkoop vir die openingsweekend by Bramall Hall in Stockport.

‘n Totaal van 1,400 kaartjies is uitverkoop vir die openingsweekend by Bramall Hall in Stockport,
Lead-3 Greater Manchester, nadat die renovatiewerk in 2014 begin is. Gesteekte glasvensters en plafonne is
herstel, terwyl die publiek vir die eerste keer die. . .

Table 7: Afrikaans example. Green = content matching the reference; yellow = extracted facts absent from

the reference; red = verbatim extraction. MONO closely matches the reference, substituting a near-synonym
(opknapping for aanpassing). XLT focuses on ticket sales, missing the main news event. Lead-3 extracts verbatim.
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