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Abstract

Automatic text summarization has achieved high performance in higher-resourced languages like English, but
comparatively less attention has been given to summarization in less-resourced languages. This work compares a
variety of approaches to summarization from zero-shot prompting of LLMs large and small to fine-tuning smaller
models like mT5 with and without three data augmentation approaches and multilingual transfer. We also explore an
LLM translation pipeline approach, translating from the source language to English, summarizing and translating
back. Evaluating with five different metrics, we find that there is variation across LLMs in their performance at similar
model sizes, that our multilingual fine-tuned mT5 baseline outperforms most other approaches including zero-shot
LLM performance for most metrics, and that LLM as judge may be unreliable on less-resourced languages.
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1. Introduction

Automatic text summarization in higher-resourced
languages like English has achieved high scores in
automated metrics (Al-Sabahi et al., 2018; Liu et al.,
2022; Zhang et al., 2020a). However, for many less-
resourced languages, the task remains challeng-
ing. While there are datasets that cover multilingual
summarization in less-resourced languages (Gian-
nakopoulos et al., 2015, 2017; Palen-Michel and
Lignos, 2023; Hasan et al., 2021), these datasets
often still have relatively few examples compared
to their higher-resourced counterparts.

To better understand which approaches work
best with less-resourced languages, we conduct a
comparative study of a variety of approaches to au-
tomatic summarization. Specifically, we compare
zero-shot prompting with three smaller-scale LLMs
(Mixtral 8x7B, Llama 3 8B, Aya 101). Given that
LLMs’ pretraining data tends to be dominated by
higher-resourced languages, we also experiment
with fine-tuning smaller mT5 in a variety of settings.
We fine-tune mT5 per-individual language and with
all available language data combined for multilin-
gual transfer as baselines. Multilingual transfer has
proven to be a useful strategy for less-resourced
languages (Wang et al., 2021); however, other
works have shown that multilingual models have
limits and given enough data, fully monolingual
models can perform better (Virtanen et al., 2019;
Tanvir et al., 2021).

We further explore fine-tuning mT5 with synthetic
data generated by leveraging extra Wikipedia data
using three different approaches shown in Figure 1.
While prior work has focused on comparing multilin-
gual summarization models which take advantage
of multilingual transfer with fine-tuning on a single
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Figure 1: Methodology for generating additional
training examples from Wikipedia articles

language (Palen-Michel and Lignos, 2023; Hasan
et al., 2021) or the use of synthetic data for a sin-
gle language only (Parida and Motlicek, 2019), this
work compares the performance of multilingual pre-
trained models fine-tuned using data for a single
language with fine-tuning that uses the combination
of synthetic and real data from all languages.

We then conduct additional experiments with
three larger LLMs (Gemma 3 27B, Llama 3.3 70B,
Aya Expanse 32B). We also try a pipeline approach
with these larger LLMs, translating to English, sum-
marizing in English, and translating back to the tar-
get language. We primarily evaluate with ROUGE
scores and BERTScore, but with increased atten-
tion on LLM as judge evaluation (Fu et al., 2024;
Kim et al., 2024; Pombal et al., 2025) we also con-
duct some experiments with M-Prometheus, an
open multilingual LLM trained for evaluation.
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Our contributions are the following:

1. A comparison of various approaches to sum-
marization in less-resourced languages including:
fine-tuning mT5 in a per-individual language and
multilingual setting with and without three data aug-
mentation strategies, zero-shot LLM inference with
smaller LLMs and comparatively larger LLMs, and
a pipeline approach translating from the original lan-
guage to English then summarizing and translating
back to the target language with LLMs.

2. A comparison of popular summarization eval-
uation approaches including ROUGE-1, ROUGE-2,
ROUGE-L, BERTScore, and reference-free LLM as
judge using M-Prometheus, which demonstrates
that different evaluation methods yield somewhat
different views of which models perform best.

3. An analysis of the English content produced
by LLMs when producing summaries for less-
resourced languages.

We conclude that there is some variation across
LLMs in their performance at similar model sizes
and that zero-shot LLM performance significantly
lags the multilingual baseline for most metrics. We
also find that data augmentation for individual lan-
guage fine-tuning for mT5 showed improvement
over baselines, but does not outperform fine-tuning
mT5 in a multilingual transfer scenario.

Because improved methods for evaluating sum-
marization continue to be developed and explored
and because we welcome participatory research
(Caselli et al., 2021), where speakers of languages
have the opportunity to collaborate on the design of
NLP tools, we release all candidate summaries gen-
erated as part of this work for future summarization
evaluation research.’

2. Background

The two main approaches to automatic summa-
rization have been extractive and abstractive meth-
ods. Extractive models select important sentences
in the source article to use as summaries (Luhn,
1958; Radev et al., 2001; Christian et al., 2016).
Abstractive models typically cast the problem as a
sequence-to-sequence problem and apply a neural
language model (Rush et al., 2015; See et al., 2017;
Hsu et al., 2018; Zhang et al., 2020a). Abstractive
neural models typically require larger amounts of
training data to train.

2.1. Related Work

Prior work on multilingual summarization has
largely focused on newswire text from higher re-
sourced languages or covers more languages but

Thttps://github.com/cpalenmichel/model_
inferred_summaries_less-resourced_langauges

with very limited data (Scialom et al., 2020; Gian-
nakopoulos et al., 2015, 2017). Some of the lan-
guages in our study have little to no work in summa-
rization, like Armenian (Avetisyan and Broneske,
2023). Others, like Georgian, have been stud-
ied in cross-lingual summarization (Turcan et al.,
2022), but appear to be underexplored for mono-
lingual summarization. There is a recent effort to
create a Kurdish summarization dataset (Badawi,
2023). The Global Voices summarization dataset
(Nguyen and Daumé Ill, 2019) contains some ex-
amples of Macedonian. MassiveSumm (Varab and
Schluter, 2021) has greater coverage of languages,
but is automatically created, recall-oriented, and
has complex redistribution requirements, so we did
not make use of it in this work.

Large language models (LLMs) have been
shown to perform comparably to human summaries
for English (Zhang et al., 2024). However, using
LLMs for less-resourced languages is less well-
studied. We select three reasonably well perform-
ing smaller LLMs and three more recent larger
LLMs largely because of their widespread adop-
tion and benchmark performance.?

Regarding data augmentation, the most similar
prior work to our approaches includes Parida and
Motlicek (2019), which used a similar approach
to what we refer to as “back-summarization," but
they apply it only to German. The approach is also
similar to the concept of back-translation (Sennrich
et al., 2016) for machine translation where infer-
ence is done in the opposite direction to create addi-
tional synthetic labeled data. Another approach we
use, self-training, has been used in other previous
work with other tasks and datasets (Du et al., 2021;
Karamanolakis et al., 2021; Meng et al., 2021).

2.2. Summarization Evaluation

Evaluating the quality of a summary is inherently
difficult due to there being multiple ways to ex-
press similar content and the subjectiveness of the
task. Summarization was historically scored using
ROUGE-1, ROUGE-2, and ROUGE-L metrics (Lin,
2004). Model-based metrics such as BERTScore
(Zhang et al., 2020b) are also used, although works
such as Sun et al. (2022) have found issues in bias
with BERTScore. There have been many proposed
methods of evaluating summarization systems (Dar-
rin et al., 2024; Vasilyev et al., 2020; Fu et al., 2024).

Human evaluation is often conducted, but it is
time consuming, expensive, and cognitively de-
manding (Iskender et al., 2021; Lin, 2004) and
can also be inconsistent, with some work show-
ing inter-annotator discrepancy (Kryscinski et al.,
2019). The challenge of conducting human eval-
uation is even more prominent in work in multiple

2More details on LLM selection are in Appendix I.
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languages, particularly less-resourced languages,
where human judges may be difficult to recruit.

3. Datasets

For experiments, we use LR-Sum (Palen-Michel
and Lignos, 2023) and XL-Sum (Hasan et al., 2021).
LR-Sum contains summarization data for 40 lan-
guages, many of which are also less-resourced.
LR-Sum is built using the description field from the
Multilingual Open Text corpus (Palen-Michel et al.,
2022) and is similar in approach and content to
XL-Sum (Hasan et al., 2021), which contains BBC
news articles in 44 languages. For this study, we
focused on a small set of languages from LR-Sum
and XL-Sum which had the fewest number of exam-
ples in the corpus, while also choosing languages
for linguistic diversity. The goal was to select a
relatively diverse set of less-resourced languages.

As seen in Table 15 in Appendix H, many of the
languages we work with have fewer than 1,000
summarization examples, which presents a chal-
lenge for neural abstractive summarization sys-
tems, which typically require large amounts of train-
ing data. With the exception of Burmese and
Pashto, the languages we worked with did not have
overlap between XL-Sum and LR-Sum. While there
is little summarization training data for these lan-
guages, there is unlabeled text data available in
Wikipedia. However, many Wikipedia articles for
less-resourced languages are quite short in length.

We used Segment Any Text (Frohmann et al.,
2024) to perform sentence segmentation of the
Wikipedia articles to filter out documents which
have fewer than 5 sentences. Wikipedia articles
that have fewer than 5 sentences tend to be in-
complete, lists, or definitions, and do not appear
to be useful as additional summarization data. Af-
ter filtering out Wikipedia articles shorter than five
sentences long, for many of the languages there is
substantially less data available than may appear
in raw counts of Wikipedia articles. Specifically,
Khmer surprisingly has nearly the same amount of
training examples available in LR-Sum as there are
suitable Wikipedia articles.

4. Methodology

4.1. Fine-tuning mT5 with Data
Augmentation

We explore three approaches for using Wikipedia
articles as extra synthetic training data for summa-
rization. The summarization task can be consid-
ered document and summary pairs, (D, S), where
documents consist of sentences and summaries
consist of sentences D = {dy,ds,ds...},S =
{s1, 2, s3...}. Generating augmented data then

consists of creating novel D’ and/or S’ as addi-
tional training pairs. In this case we apply the aug-
mentation strategies to Wikipedia, which does not
have existing summaries. Portions of example sum-
maries and documents created from each strategy
are shown in Table 10 in Appendix E.

The approach to creating these extra synthetic
training documents is shown in Figure 1. We train
a baseline multilingual sequence-to-sequence ab-
stractive model using mT5 (Xue et al., 2021). For
experiments, we do this on a per-language basis
and also in a multilingual way with upsampling to
ensure a balance of different languages is seen.

We use the same set of hyperparameters across
all experiments. All models used mT5-base as
the underlying pre-trained model. All models were
trained for 3 epochs with 100 warmup steps. We
used a label smoothing factor of 0.1, a beam size of
4, weight decay of 0.01, a max target length of 512,
a max source length of 1024, an effective batch
size of 32 and a learning rate of 5e-4. Hyperpa-
rameters were chosen largely following those sug-
gested in XL-Sum (Hasan et al., 2021) and LR-Sum
(Palen-Michel and Lignos, 2023). For upsampling
of multilingual fine-tuning, we use an upsampling
factor of .5 following Hasan et al. (2021) and con-
duct the multilingual training using the codebase
from Hasan et al. (2021).3

Extractive Training For augmented data, first we
use the LexRank (Erkan and Radev, 2004) extrac-
tive summarization algorithm as implemented in the
lexrank Python package* to create summaries. We
chose LexRank since it was reported as the high-
est performing extractive method by Palen-Michel
and Lignos (2023). LexRank was set to select two
sentences since most of the newswire summaries
in LR-Sum and XL-Sum are roughly two sentences
long. We then directly use these extracted sum-
maries as target summaries alongside the original
Wikipedia text. The extractive summary is com-
posed of sentences chosen from the document so
the new example is (D, S") where S" = {d,,, d.. }.

Self-Training Second, after fine-tuning a multi-
lingual abstractive sequence-to-sequence model
using mT5 as the underlying model, we use it to
generate summaries on Wikipedia articles. These
generated summaries and the original Wikipedia
text are used for the self-training experiment. Again
the summary is new (D, S’) but here the sentences
are model generated S’ = {z1, 22, ...}

Back-Summarization Third, we train a model
that when given a summary generates the article

Shttps://github.com/csebuetnlp/x1-sum/tree/
master/seq2seq
4https ://github.com/crabcamp/lexrank
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associated with the summary. We apply this back-
summarization model to the LexRank extracted
summaries of Wikipedia articles, S’ = {d,,d},
to get a generated document D’ = {y,y2, ...} and
use the extracted summary as the summary. For
Back-Summarization, the summary and document
are both automatically generated, (D', S").

Individual Models with Augmented Data For
each of the three data augmentation approaches,
we train on a concatenation of the original training
dataset with up to 6k of the synthetic training ex-
amples. We refer to this as “individual” because
models are trained on individual languages (i.e.
they are not multilingual models). We choose to
use only a subset of available Wikipedia articles in
part to have a better balance of synthetic data and
real data and also in part for faster experiments due
to resource constraints. For individual model exper-
iments, we focus on just the smallest 7 languages
from LR-Sum: Sorani Kurdish (ckb), Haitian Cre-
ole (hat), Armenian (hye), Georgian (kat), Khmer
(khm), Kurmaniji Kurdish (kmr), and Macedonian
(mkd).

Multilingual Models with Augmented Data We
fine-tune three versions of mT5 for each of the data
augmentation approaches with a combination of
all the XL-Sum and LR-Sum training data with the
addition of the augmented data. When training
the multilingual model, upsampling is done by lan-
guage. This increases the diversity of the examples
seen during training for less-resourced languages,
but not their frequency. We focus on 18 languages
for multilingual model experiments which represent
the smaller languages of LR-Sum and XL-Sum.

4.2. LLM Experiments

Smaller LLMs We run inference with a set of
comparatively smaller LLMs, Mixtral 8x7B (Jiang
et al., 2024), Llama 3 (8B) (Dubey et al., 2024),
and Aya 101 (12.9B) (Ustiin et al., 2024). We use
Ollama for inference for Mixtral and Llama 3.

As Aya 101 was not supported by Ollama, we
used Hugging Face Transformers (Wolf et al., 2020)
and BitsAndBytes® to load it in 8-bit quantization.®
We set no_repeat_ngrams to 3, truncation to True,
and max_length to 256. Prompts are described in
the Appendix D. Because we found that the LLMs
generated a significant amount of English, we use
CLDS3 (Salcianu et al., 2016) to detect the mean
proportion of English summaries generated by the

5https://github.com/bitsandbytes—foundation/
bitsandbytes

SModels run with Ollama also used quantization by
default.
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Figure 2: Scores for augmentation approaches with
individual-language fine-tuning using mT5. Aya
101 performance is added for comparison with LLM
performance.

LLMs. We evaluated CLD3'’s performance on ran-
dom Unicode characters to ensure that it did not
automatically misclassify unfamiliar characters as
English.

5. Results

Individual Models As shown in Figure 2,7 and in
more detail in Appendix A Table 5, all languages
have higher ROUGE scores with the inclusion of ad-
ditional synthetic training data than fine-tuning mT5
with just the training data of an individual language.
Sorani Kurdish (ckb), Kurmaniji Kurdish (kmr), and
Armenian (hye) in particular have the most substan-
tial increases in ROUGE scores from the baseline.
Armenian using the backsum approach is the only
language that has a worse score when using aug-
mented data.

Of the different strategies for making use of the
additional Wikipedia articles, none stands out as
being particularly stronger than the others across
all languages. Self-training seems to have bet-
ter scores for ROUGE-2 and ROUGE-L when it
outperforms the other methods, but the difference
tends to be small with the exception of Kurmaniji
Kurdish. Khmer (khm) had the smallest amount
of augmented data since the Khmer Wikipedia ar-
ticles were quite small and had a relatively small
increase in scores.

"While conventionally line plots are not used when the
x-axis is categorical, we provide a single line per method
in addition to points to make cross-lingual trends easier
to visualize.
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Best Aug. Multilingual
Indiv. Baseline

Lang. R1 R2 RL R1 R2 RL R1 R2 RL

ckb 526 38.1 444 | 239 101 182 | 452 27.0 347
hat 28.7 112 209 | 215 74 169 | 29.0 121 21.6
hye 345 183 259|273 122 209 | 349 19.2 265
kat 28.1 131 229 | 23.9 9.0 19.8 | 29.2 144 24.2
khm 351 16.0 285 | 156 43 138|382 19.0 313
kmr 305 150 239|246 100 193 | 33.7 18.0 27.0
mkd 27.0 10.1 204 | 23.9 8.7 184 | 273 114 209

Table 1: Comparison of the best augmented indi-
vidual model with Aya 101 and the baseline multi-
lingual model

Multilingual Models Although augmented train-
ing of individual models performs better than train-
ing individual models without augmented data, the
scores of individual models are still lower than mul-
tilingual fine-tuning of mMT5 with a combination of all
LR-Sum and XL-Sum training data as seen in Table
1. However, these individual models do outperform
the best performing smaller LLM, Aya 101. Hasan
et al. (2021) and Palen-Michel and Lignos (2023)
found multilingual models to generally perform bet-
ter than individually trained models. We compare
the performance of the best augmented training ap-
proach with the reported multilingual model scores
from LR-Sum.

The results of including augmented data in the
fine-tuning of the multilingual model, shown in Fig-
ure 3 and in more detail in Table 6 in Appendix A,
do not demonstrate a clear improvement over the
baseline. For Amharic, Sorani, Georgian, Pashto,
and Somali, the Back-Summarization approach per-
forms somewhat better. Self-training tends to have
the same or lower ROUGE Scores for all languages
and test set varieties tested. Compared to the best
performing LLM with prompting, both the multilin-
gual fine-tunings of mT5 with and without augmen-
tation have higher scores.

Smaller LLMs Despite the impressive summa-
rization capabilities of LLMs as discussed in Zhang
et al. (2024), the LLMs we explored here performed
underwhelmingly. As seen in Table 2, Mixtral per-
formed the worst while Llama3 tended to perform
somewhat better than Mixtral, and Aya 101 per-
formed best of the LLMs examined. 8 We observed
that Mixtral and Llamag3 tend to produce a signifi-
cant amount of English. The proportion of English
appears to be highest when the target language
has a non-Roman script. For example, for Amharic,
Georgian, Khmer, Lao, and Burmese, these mod-
els all produced English with mean proportions over
30%.

We manually reviewed the responses of LLMs

8Rouge-1 and Rouge-2 are included in Appendix A
in Table 7.

when they generated English output despite being
given non-English articles and being prompted to
respond in the target language. Sometimes the
English response is an apology message explain-
ing that it cannot perform the task; other times it
is a plausible English summary of the target arti-
cle. In some cases the model asks to see the text
despite having already been shown the text, and
sometimes the model begins in the target language
but eventually switches to English.

6. Additional Experiments

This work was developed over years by a re-
search group with relatively limited computational
resources. During development of this work, we
gained access to GPUs with more memory, new
LLMs were released, and better LLM as judge ap-
proaches were developed. These factors led us to
perform an additional set of experiments that builds
upon the results in the previous section but explores
using larger LLMs and using LLMs in additional
ways, namely for evaluation and for a translate-
summarize-translate pipeline.® Now, having com-
pared mT5 fine-tuning methods with smaller LLMs
and identified that the multilingual baseline mT5
model and Aya 101 have the best ROUGE and
BERTScore performance, we turn to using larger
LLMs and evaluating with M-Prometheus.

6.1. Methods

Larger LLMs We additionally run inference us-
ing three moderately sized LLMs, Gemma 3 27B
(Gemma Team et al., 2025), Aya Expanse 32B
(Dang et al., 2024), and Llama 3.3 70B. For these
runs we use VLLM for inference. The prompts we
used request that the model generate a summary
in two sentences. A two sentence summary was
requested to be similar to the reference summaries
for the datasets used given that most of the refer-
ence summaries are roughly two sentences long.
The specific prompts used are detailed in Appendix
D.

Translate-Summarize-Translate (TST) with
LLMs We experiment with a pipeline approach
to generating summaries in less-resourced lan-
guages where an LLM is first prompted to translate
the article into English, and then summarize
in two sentences the English-translated article.
Finally, the model is prompted to translate back to
the target language. We run experiments using
Gemma 3 27B and Aya Expanse 32B since these
two LLMs had better performance in preliminary

We separate this work into a different section, as
these experiments were able to be run with more lan-
guages and with additional evaluation metrics.
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Figure 3: Distribution of scores for augmentation approaches with multilingual fine-tuning across all

languages and datasets.

Mixtral LLama 3 Aya 101
Dataset Lang. % Eng. RL BERTScore % Eng. RL BERTScore % Eng. RL BERTScore
LR-Sum amh 64.6 6961002  g0.15%0.01 38.6 12.49+0:02 g1 g3+0.01 0.0 14.63%003 83.29+0.01
LR-Sum ckb 55.8 628001  7826+0.01 16.8 29.79+0:0¢  86.93+0.01 0.0 18.20%003 84 56+0.01
LR-Sum hat 2.6 13.36%001  8255+0:00 0.2 18.65+002  83.87+0.00 0.6 16.86%002 g277+0.01
LR-Sum hye 60.7  7.17%001 81 16%0.02 4.0 14.09%001  8521+0.00 0.0 20.89%002 g87.67+0:01
LR-Sum kat 75.4 483001 g1 07+0.01 450 10.69%001  83.18+0.01 0.0 19.85%002 87.84+001
LR-Sum khm 76.2  4.77+001  g0.29+0.01 37.9 8.77+001L  g81,80+0.00 0.1 13.77%092  86.05+0:00
LR-Sum  kmr 5.4 12.53%001 83 64%0.00 0.0 18.76%002  85.28+0-00 0.2 19.25%0:02 g4 g7+0.01
LR-Sum lao 63.9 4.85t0-01 79 61+0.01 49.2 10.07+0-01 81 p64%0-00 0.2 20.86%%-02 87.40%0:00
LR-Sum mkd 6.6 8.24+001 g3 52+0.01 0.3 14.85%001  gg,18+0-00 0.0 18.40%002 86.95+0:01
LR-Sum mya 58.6  4.09%000 79 19+0.01 54.0 8.88*001  82,00*0-00 0.1 13.79%001  85,67+0:00
LR-Sum pus 47.4  9.40*t001 g0 78+0.01 3.2 2257+001 g5 85+0.00 0.0 28.69+001 87.25+0.00
LR-Sum sna 3.0 11.73%001 82 13+0.00 0.0 15.70%002  83.30+0-00 0.2 15.74%002 83.48+0.01
LR-Sum som 13.9 12.54+0.03 83 3g+0.01 1.8 22.05%0:03  86.00+001 0.0 20.98+004 g8560+001
XL-Sum  amh 67.4 562001 79.54%0.01 43.7 11.90%001  g2,01£0.00 0.0 20.88+%-02 8521%0.01
XL-Sum gla 20 13.58i()‘()1 83.60i[]'(](] 0.2 18.54:(:().01 84.67:(:()1]() 0.0 26-79:(:[].02 86_56:(:0.00
XL-Sum ibo 13.8  13.24%0.01 8D 47+0.01 0.0 19.55%001  g5,09+0.00 0.0 29.39%0:02 87,33+0.00
XL-Sum mya 53.3 8.861001 8145001 38.7 14.92+001 83 18+0.00 0.0 27.09%902 gg.05+0-01
XL-Sum orm 16.9 10.38*0:01  g81.23+0.00 0.7 13.91#001  gp 47+0.01 1.6 19.48+0-01  83.28+0.00
XL-Sum  pus 40.6 10.15%001 81 .40+0.01 4.0 2137001 8563+0-00 0.0 30.55%001 87.86+0:00
XL-Sum  sin 59.4  510+001 78824003 15.7 14.60%001  84,73+0:00 0.0 22.87%003 g8.16+0:01
XL-Sum  som 17.2  11.04*0:01 8D 58+0.00 0.8 17.61*001  84,74+0.00 0.0 22.10%002 85.92+0:00
XL-Sum  yor 17.3  13.79%0-01 82 85+0:00 0.9 1947001  8556=0.00 0.1 26.92+092 86,91=0.00

Table 2: LLM performance across languages measured in Rouge-L and BERTScore along with the
percentage of generated summary containing English found by language id. All results are the mean of

500 bootstrap samples with standard error reported

TST experiments. The specific prompts used are
detailed in Appendix D.

6.2. Results

Larger LLMs When comparing relatively larger
LLMs of similar sizes, shown in Table 3, Aya Ex-
panse and Llama 3.3 tend to outperform Gemma,
but neither completely outperforms the other for
all languages. All smaller LLMs performed worse
than larger LLMs with the exception of Llama 3’s
performance on Sorani Kurdish and Aya 101, which
has better performance in some languages than
larger LLMs. We see in Figure 4 that Aya Expanse
tends to have scores below the multilingual fine-
tuned mT5 baseline model, with the exception of
M-Prometheus scores which tend to favor Aya Ex-

panse 32B. Aya 101 and Aya Expanse are compa-
rable in most cases, but it varies based on metric
and language.

Translate-Summarize-Translate (TST) Overall,
the TST pipeline results (Table 4) demonstrated
worse performance across all metrics than the high-
est performing simple zero-shot prompting.'® By
examining the output, we observed that although
smaller LLMs often produced output which was
entirely an English response, larger LLMs some-
times produced additional English commentary in
addition to a summary in the target language. We
postprocessed the LLM output to include only the
target summary by filtering out extra English com-

°Standard error included in Appendix A Table 8.
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Aya Expanse 32B Gemma 3 Llama 3.3

Dataset Lang. RL BERTScore RL BERTScore RL BERTScore

LR-Sum amh  20.54%003 85 {14+001 16 g88*0:03 g4 03+0:02 21,83+0.03 85.68+0-01
LR-Sum ckb 21.94+002 85 18+000 1581+001 83 4g+0.01 54 pg+0.02 84.69+0-01
LR-Sum hat 20.48+002  84,25*0-00 1702+0-01 83 39+0.00 5 g*0-02 84.12+0-00
LR-Sum hye 19.76%0-01 8. 91%0:00 19671002 g7 70000  20,48%0-02 87.76+0:00
LR-Sum kat 17.75T002  8F 99+0:00 17 05+0.01  gg 16+0-02 90 12+0.02 87.63+0-00
LR-Sum khm 13.03*001  8533+0:00 13 10001 g550+0.01  15,02+0.01 85.91+0-00
LR-Sum  kmr 1545002 8o go*0:01  1554+0.01 g4 45+0.01 19 70+0.02 85.88+0-00
LR-Sum lao 21.36%001  87.06%000 12.46%001 84 69%000 23 52+0.01 87.78+0-00
LR-Sum mkd  16.07%001  8587%000  14.94+001 8§ 24+0.01  16,.35%0-01 86.70+0-00
LR-Sum mya  23.88%°992  87.49*000 {1 g3+0-01  gp 75+0.02 g g+0.02 87.1610:00
LR-Sum pus 24.82%0-01  gg 131000 2 g5t0-01 g5 g7+0-00 25 g3+0.01 87.11%0:00
LR-Sum sna 16.5810:02  83.89+0:00  1473+0.01 g3 o000 16 724002 83.48+0:00
LR-Sum som  23.83%t093 g 71001 19 g2*003 g5 g@5+0.01 53 35+0.03 86.8810:01

Table 3: Performance of larger LLMs with simple prompting for summaries in 2 sentences
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Figure 4: Comparison of Aya 101, Aya Expanse, and Multilingual Transfer MT5 finetuned baseline

Aya Exp. TST Gemma TST  Best Non-TST
Lang RL BS RL BS RL BS
amh 10.79 80.86 15.29 83.98 21.83 85.68
ckb 18.62 8295 1244 82.18 21.94 85.18
hat 12.98 82.62 14.57 83.15 20.48 84.25
hye 1168 83.64 1484 86.49 2048 87.76
kat 11.86 84.88 12.61 85.96 20.12 87.63
khm 3.49 79.13 10.83 84.96 15.02 85.91
kmr 9.77 82.07 11.69 84.18 19.70 85.88
lao 6.41 8126 1325 85.81 23.52 87.78
mkd 12.00 84.27 13.15 86.00 16.35 86.70
mya 8.10 82.15 8.80 84.88 23.88 87.49
pus 14.83 8233 17.65 85.37 25.03 87.11
sna 8.46 81.66 966 8198 16.72 83.48
som 13.44 83.47 15.61 85.19 23.83 86.71

Table 4: Results for Translate-Summarize-Translate
Pipeline approach with  ROUGE-L (RL) and
BERTScore (BS).

mentary using a combination of pattern matching
and language ID. This English commentary is bro-
ken down into categories in Appendix A Figure 6.
Gemma produced the most additional commentary,
nearly always mentioning a translation when us-
ing the TST approach and sometimes providing
a translation in the simple summarization prompt
approach. Languages like Pashto, Sorani Kurdish,

and Amharic show higher rates of the LLM provid-
ing unprompted transliteration and pronunciation.

LLM as Judge We use M-Prometheus (Pombal
et al., 2025) for LLM as judge evaluation of sum-
maries. M-Prometheus is a multilingual version of
Prometheus (Kim et al., 2024), which is an open-
sourced LLM specifically tuned for text generation
evaluation. M-Prometheus is based on Qwen 2.5
(Yang et al., 2024) which claims support for roughly
30 languages. M-Prometheus is tested on roughly
30 languages, most of which are higher resourced.
The criteria and prompts provided for evaluation
are described in the Appendix Section D.2.

We find M-Prometheus scores favor larger LLM
output such as that of Aya Expanse 32B (as
seen in Figure 4). We examined the distribution
of summaries’ ROUGE-L scores from Llama 3.3,
comparing M-Prometheus with BERTScore and
ROUGE-1. We show the distribution of summaries’
ROUGE-L scores from Llama 3.3 compared with
M-Prometheus scores in Figure 5, and BERT Score
and ROUGE-1 in Appendix G, Figures 7 and 8.

We observed that M-Prometheus scores gen-
erally do not appear to increase with other scor-
ing metrics and that there is a larger variance for
less-resourced languages, while M-Prometheus
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Figure 5: Distribution of summary scores for Llama 3.3 comparing scoring methods RL and M-Prometheus

scores on English summaries appear to have a bet-
ter alignment with reference-based metrics and less
variance. This suggests that M-Prometheus may
be more reliable at evaluating on higher-resource
than less-resourced languages. There is some
slight pattern of increase between M-Prometheus
scores 1-3, but the distribution of other scoring
metrics appears to be slightly lower generally for
M-Prometheus scores of 4 and 5.

7. Discussion

Which approaches work best overall for sum-
marization in less-resourced languages? The
TST pipeline approach did not outperform zero-shot
LLM prompting. We compare the best zero-shot
LLM of smaller models, larger models with the best
performing fine-tuning of mT5 in Figure 4. Multilin-
gual T5 without augmentation out-performed LLMs
for all metrics except M-Prometheus.

How well do different metrics measure sum-
marization performance? While our aim is not to
conduct a comprehensive assessment of summa-
rization metrics, we do observe some differences
in metrics. BERTScore, RL, and R1 can show
some nuances in performance when comparing lan-
guages, but general trends appear to be mostly con-
sistent across these metrics. Meanwhile, reference-
free LLM evaluation with M-Prometheus tends to
favor the output of larger LLMs. It is possible that M-
Prometheus is better equipped to evaluate nuances
in summarization that reference-based summariza-

tion misses. However, it appears M-Prometheus,
being largely trained on six languages and evalu-
ated on a set of roughly 30 higher-resourced lan-
guages, has a bias towards larger LLMs trained sim-
ilarly on mostly higher-resourced languages and we
found evidence it may be less reliable in measuring
less-resourced languages.

Which LLMs output the most English and
what kind of English output is it? Smaller LLMs
tend to have English responses that refuse to com-
plete the task or summarize in English. Of the
smaller models, Aya 101 avoids English responses
best. We find that larger, more recent LLMs instead
add extra English text in their response. Gemma 3
tends to produce extra English comments the most
of models examined, and the type of comments
varies some by language.

Single language or multilingual-fine-tuning
with synthetic data? We find that generally, mul-
tilingual fine-tuning still works best with most of
the languages we examined, even when synthetic
data is added. However there is evidence from
performance in Sorani Kurdish that the best per-
forming augmentation approach with individual lan-
guage fine-tuning can outperform the multilingual
fine-tuning baseline by a significant margin.

What augmentation approach works best?
For individual models, we found that each data
augmentation approach showed an increase in
ROUGE scores over the baseline, but there was
not one approach that proved to be definitely better
than any other across languages. For multilingual
models, back-summarization appeared to be the
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most competitive augmentation strategy, but the
baseline without augmentation performed better for
many languages.

8. Conclusion

We have compared a variety of different ap-
proaches to summarization with less-resourced
languages. We find that LLMs—along with other
strategies including data augmentation and a trans-
lation pipeline—still under-perform a fine-tuned
mT5 multilingual baseline when using traditional
reference-based metrics. We report that one of
the biggest challenges with using LLMs for summa-
rization in less-resourced languages is that they
frequently output English instead of or in addi-
tion to the desired language. We also report
that the LLM judge M-Prometheus shows a prefer-
ence for LLM-generated summaries and appears
less reliable when evaluating summaries in less-
resourced languages than in high-resourced lan-
guages. While human evaluation of summaries is
costly and especially challenging, a promising di-
rection for future work would be human examination
of scoring metrics and model outputs specifically
for less-resourced languages that may not be well-
represented in evaluation models’ training data.

Limitations

As some LLMs in our experiments were loaded
with quantization due to resource constraints, it is
possible they could have attained higher perfor-
mance if the non-quantized model could have been
used. Marchisio et al. (2024) demonstrated that
quantization can have more prominent impacts on
human evaluation than automatic metrics and that
not all languages are impacted equally with multi-
lingual models. Unfortunately, we were resource
constrained and could only make of the LLMs in a
quantized setting.

An important limitation to this work is that the
evaluation is done entirely with automated metrics.
Limitations to summarization metrics are known
and human evaluation is preferred. However, hu-
man evaluation can be expensive and especially
difficult for less-resourced languages due to the
added difficulty in recruitment of annotators and
quality control with a team of speakers of a diverse
set of languages. We have done our best to re-
port reasonable evaluation metrics and release our
model generated summaries for further evaluation
in future work by speakers of these languages. We
unfortunately did not have the funding required to
perform a substantial human evaluation even for a
subset of the languages we study in this work.

Our work is limited to claims about the particular
models and datasets studied. While we examined

multiple languages, data augmentation strategies,
and LLMs, it is possible that the findings we ob-
served here may not be the same as those on a dif-
ferent set of languages or different LLMs. However,
we believe that our experiments and observations
are still informative and of interest to the research
community.

Ethical Considerations and Broader
Impact

Like any text generation model, automatic sum-
marization is based on statistical properties of lan-
guage and is likely to sometimes generate state-
ments that may be false. The models and ap-
proaches described in this work are primarily for
research purposes and summaries generated by
these models are only intended to be used to aid hu-
man creation of summaries and should be viewed
with skepticism regarding their factual content.

The datasets used in this work are free and
openly available to the public. While we did not
collaborate directly with speakers of the languages
studied in this work, we make our model outputs
publicly available and welcome collaborations with
speakers of the languages studied in order to fur-
ther investigate approaches to summarization in
these languages.
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A. Results Tables

We report ROUGE-1, ROUGE-2, ROUGE-L and
BERTScore for experiments with individual models
in Table 5 and multilingual models in Table 6. All
results are mean results and include standard error
which was computed using bootstrap sampling with
500 resamples (Tibshirani and Efron, 1993).

B. Tokenizers

For the all experiments in this work we used the
mT5 tokenizer to compute ROUGE scores. For
computing novelty and length, we made use of
some language specific tokenizers rather than rely
on subword tokenization. For Haitian Creole, Geor-
gian, Macedonian, and both varieties of Kurdish,
we used utoken''. For Armenian, we used Stanza
(Qi et al., 2020). and we used khmernltk (Hoang,
2020) for Khmer. The tokenizers used in this work
matter both for caluculating ROUGE scores and for
determining the mean novelty score. For non-latin
scripts, using the rouge package in huggingface’s
evaluate'? can result in zero or near zero scores
for non-latin script languages without explicitly sup-
plying a tokenizer.

C. Analysis

We conducted further analysis of generated sum-
maries using bigrams to compute mean novelty and
also include the mean length of summaries. We
include them here due to space constraints in the
paper. Table 9 shows the mean novelty scores for
summaries computed using bigrams.

D. LLM Prompts

For LLM experiments we use the following prompts.
For Aya-101, we use

“Write a summary for the following article
in «LANGUAGE». \n «ARTICLE_TEXT»”

where «ARTICLE_TEXT» is replaced with the
text of the article to be summarized and «LAN-
GUAGE» is replaced with the desired language.
For Mixtral and Llama3, we used:

“Write a summary for the following article
in  «LANGUAGE». Write the summary in
«LANGUAGE». Do not provide a translation or
explain anything. Only provide the summary,
do not provide any other information except
for the summary in «LANGUAGE». Summarize this
article:\n«ARTICLE_TEXT» ”.

D.1. Larger LLMs

Summarization Prompt: "Summarize the following
article using only 2 sentences: «ARTICLE_TEXT»"

Translation prompt: "Translate the following text
into «LANG»: «ARTICLE_TEXT»"

D.2. mPrometheus LLM as Judge

"criteria": "Does the model provide a summary
of the input article text that has decent seman-

11https://github.com/uhermjakob/utoken
12https://github.com/huggingface/evaluate
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Table 5: Results of data augmentation experiments for individual models for each language. Each score
is computed from a single run.
Baseline Extractive Self-Train Backsum
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Table 6: Results of multilingual models for different data augmentation approaches. Standard error

reported using bootstrapping with 500 samples.

Mixtral LLama 3 Aya-101

Dataset Lang. % Eng. R1 R2 % Eng. R1 R2 % Eng. R1 R2
LR-Sum amh 64.6 10.24%0-04 2 59+0.02 38.6 20.04*+0-0¢ 5 49+0.03 0.0 19.69%%-04 6.80*0-03
LR-Sum ckb 55.8  8.34*%0:02 2 g7+0.01 16.8 39.40%001 24874005 0.0 23.92+0.03 10,08%0-03
LR-Sum hat 2.6 19.61%0:02 g {5+0.01 0.2 26.901902 12,69+0-02 0.6 21.47+0:03  739+0.02
LR-Sum hye 60.7 10.02%0:02 3 45+0.01 4.0 21.85%002  796+0.01 0.0 27.2910:03  12,21+0.02
LR-Sum kat 75.4  5.83*001 1 .54+0.01 450 13.18t0%02 3 g7+0-01 0.0 23.88%003 g.97+0.03
LR-Sum khm 76.2  5.23t001  (.34+0.00 37.9 11.57t001 1 57+0.01 0.1 15.65%0:02  4,33+0.01
LR-Sum  kmr 5.4 16.29%0:02 g g7+0.01 0.0 26.24+002 12.30+0-02 0.2 24.65%003 9.96+002
LR-Sum lao 63.9  5.5410.01  (.go*0-00 49.2 1241001 3. q9%0.01 0.2 24.36%°02 10.24+001
LR-Sum mkd 6.6 11.38%001 4 54+0.01 0.3 20.99%002  g.9g+0.01 0.0 23.91+0-02 g g9+0.02
LR-Sum mya 58.6  4.65t001 (.58%0.00 54.0 10.77+001 1 72%0.00 0.1 15.83%001  3,65+0.01
LR-Sum pus 47.4 12.63*001  473+0.01 3.2 34.32%001  1599+0.01 0.0 37.32%001  18,25+0.01
LR-Sum sna 3.0 16.29%002 g 4g+0.01 0.0 21.06%902 10.68*0-02 0.2 18.89%002 7214002
LR-Sum som 13.9 17.32#0:04 g gg+0.03 1.8 30.91%0:04  15,61+0:03 0.0 27.27+0.04 1073%0.04
XL-Sum amh 67.4  7.38t0:01 1 72%0.01 43.7 18.95%0:01  530*0.01 0.0 27.09%902 12.39+0.02
XL-Sum gla 2.0 20.15%001 9 g3+0.01 0.2 27.29%0:02  {1.9g*0.01 0.0 35.56%002 16.24+0-02
XL-Sum ibo 13.8 18.60%0-02 g.31+0:01 0.0 28.64%0:02  14,00+001 0.0 40.5810-02  19.44+0.02
XL-Sum mya 53.3 11.36%0:02 3.33+0.01 38.7 20.221002 5 ggt0-01 0.0 32691003 17.30%0-02
XL-Sum  orm 16.9 14.99%0-01  583+0:01 0.7 21.04%002 g 2g+0.01 1.6 25.04%0-02 9 37+0:01
XL-Sum  pus 40.6 14.21%001 5 23+0.01 4.0 34141001 14 31+0.01 0.0 39.99+001  19.38+0.01
XL-Sum  sin 59.4  6.85%0:02 2 00+001 15.7 22.09%0:02  9,05%0:01 0.0 29.04%903  16.06%0-03
XL-Sum som 17.2  16.89%0:01  g.47+0:01 0.8 27.75%001 9 58+0.01 0.0 29.611002  11.35%0.02
XL-Sum  yor 17.3 20.08*0:01  8.35%0:01 0.9 29.67+002  12.gg+0.01 0.1 37.33%002  15,13+0.02

Table 7: LLM performance across languages measured in ROUGE-1 and ROUGE-2 along with the
percentage of generated summary containing English found by language ID. All results are a a mean of
500 bootstrap samples with standard error reported. Rouge-L and BERTScore are included in the main
paper, but ROUGE-1 and ROUGE-2 were omitted due to space constraints.

tic coverage, factuality, is consistent with the orig-
inal article, is informative, coherent, fluent, con-
cise and written in the language the article is writ-
ten in?", "scorel1_description": "The model ne-
glects to provide a summary or the summary is not
in the intended language.”, "score2_description™:
"The model provides a response but it is not a
good summary. The response is factually inac-

curate, not very informative, or not very fluent.",
"score3_description": "The model provides a sum-
mary but it is lacking in some of the desired qualities
of a good summary.", "score4_description": "The
model provides a reasonable summary of the in-
put text that includes most of the desired qualities
of a good summary.", "score5_description": "The

model provides an excellent summary that meets
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Proportion of Responses with English Extra Description

= Options ® Explanation

Pronunciation ® Transliteration ® Translation

Figure 6: Proportion of summaries with extra English text generated for each model and approach by

Model Approach & Language

language by category of Larger LLMs and Translate-Summarize-Translate approach

Aya TST Gemma TST Best Non-TST LLM
Lang RL BERTScore RL BERTScore RL BERTScore
amh  10.79*°°"  80.86"%  1529%00> 83.98*"""  21.83*0%% 8568
ckb  13.62F001 82955000 12.44*001 82 18*000 21,4002 8518+
hat 12,980  82,62%0%  1457*001 8315000 20.48*00>  84.25%"-"
hye  11.68%0'  83.64*0% 1484001 8649+  20.48*00> 87.76%"°
kat ~ 11.86=°" 84.88*0%  1261*0°" 8596  20.12*00> 87.63°""
khm ~ 3.49%0%0  79.43*0%°  10.83*0%"  84.96***°  15,02%"°'  85.91+0%
kmr 977001 82,07*000 11,6900 84.18*0%  19.70*00> 8588+ "
lao  6.4170%°  81.26%0%  13.25%000 8581+  23,52*001  g7,78+0-"
mkd ~ 12.00F0" 8427+ 1315%091  86.00***°  16.35="""  86.70+""
mya 810F%°"  8215%0%°  880*0%  84.88***°  23.88%"7% 87.490%
pus  14.83*000  8233*0%0 17655000 8537+  2503*001 87,11+
sna 846" 81.66%0° 966"  81.98%0°  16.72%00 8348+
som  13.44%001  8347*000 1561002  g519*001  23.83+0-03 867100}

Table 8: Results for Translate-Summarize-Translate Pipeline approach

all of the requested criteria of a good summary."

E. Example Model Output

We show example augmentation data in Table 10
and examples of LLMs generating English output
in Table 11.

F. Novelty and Length

How extractive or abstractive are the multilin-
gual fine-tuned MT5 summaries? While models
trained on synthetic data have an advantage in
ROUGE score over the baselines trained on only
the human written summaries, it is possible that
summaries produced by these models are still lack-
ing in certain ways despite having higher scores. In
particular, models trained on Extract-Train or Back-
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Lang. LR Base- Extract- Self- Back-
Sum  line Train Train  Sum
ckb 63.94 9.16 11.15 517 5.72
hat 50.46 12.74 9.64 5.58 6.53
hye 69.08 17.78 21.68 16.95 97.33
kat 4402 32.14 11.04 422 6.56
khm 25.81 67.44 68.92 68.48 66.78
kmr 41.26 43.38 10.77 8.90 4.06
mkd 66.74 12.99 18.70 11.87 12.22

Table 9: Mean novelty scores using bigrams

Sum data are trained on summaries generated from
extractive models. One concern could be that these
models only learn to copy material from the text
rather than synthesizing a novel summary. We fur-
ther probe this issue by computing mean novelty
scores for each summary. This score is the percent-
age of tokens that do not appear in the article text.
We compute this novelty score using tokenizers
described in Appendix B.

As seen in Table 13, the test set reference sum-
maries have somewhat high novelty. Each individ-
ual model generally has lower mean novelty than
the test set. We may have expected model trained
on extractive summaries to be generally less novel
than those trained on self-training; however this
does not appear to be the case. This also shows a
hint at why Armenian has low ROUGE scores for
the back-sum approach. With such a high mean
novelty score, there is evidence the model is gen-
erating a larger number of irrelevant words.

We show the novelty scores for the multilin-
gual models in Table 12. Similarly we see lower
mean novelty from the multilingual models with aug-
mented training data than the reference summaries.

G. Evaluation Figures

We present additional evaluation figures here. Fig-
ure 7 and Figure 8 compare M-Prometheus scores
with BERTScore and ROUGE scores.

H. Datasets

Table 15 shows counts of documents for each
dataset.

l. LLM Selection

Llama 3 8b Instruct (Dubey et al., 2024) and Mix-
tral 8x7b (Jiang et al., 2024) are two open source
LLMs which we use for benchmarking LLM per-
formance in this work because of their reasonable
performance on other benchmarks (Beeching et al.,
2023; Fourrier et al., 2024) and ease of use for in-

ference using Ollama.'® While Llama 3 and Mixtral
perform reasonably on English, Aya-101 (Ustiin
et al., 2024) is an LLM trained on much more multi-
lingual data. We use these three LLMs off-the-shelf
with simple prompts to compare our fine-tuned mT5
experiments. For larger LLMs we use Gemma-3
27B (Gemma Team et al., 2025), Aya-Expanse
32B (Dang et al., 2024), and Llama 3.3 70B. These
models have reported reasonable performance and
claim multilingual coverage.

13h’ctps ://0llama.com
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Extractive Self-Train BackSum

Summary Ji giringtirin pésangehén Mévané vé xeleké ji bernama Deng  Ji giringtirin pésangehén
wénekésiya takekes? ku ji aliyé (0 Reng, Moin Hasimi Neseb e wénekésiya takekesl ku ji aliyé
Moin Hageminesab ve hatine Moin Hageminesab ve hatine
organizekirin, em dikarin behsa organizekirin, em dikarin behsa
pésangeha Wéne G Muzik "Notén pésangeha Wéne 0 Muzik "Notén
Bédawi" 0 pésangeha wéne 0 Bédawi" O pésangeha wéne 0
muziké "Bist 0 Yek" bikin... muziké "Bist 0 Yek" bikin...

Document  Jinenigari. Moin Hasimi Neseb Jinenigari. Moin Hasimi Neseb Roja Péncsemé li bajaré New

bi ¢ékirina kurtefiima "Diktasyon"
G besdarbdna di gendin festivalén
navneteweyi yén sala 2021é de,
xelata bagtirin kurtefilma Festivala
New Yorké wergirt. Film di Festi-
vala Filman a Glasgowé (TMFF)...

bi ¢ékirina kurtefiima "Diktasyon"
0 besdarblna di gendin festivalén
navneteweyi yén sala 2021é de,
xelata bastirin kurtefilma Festivala
New Yorké wergirt. Film di Festi-
vala Filman a Glasgowé (TMFF)...

Yorké, ji aliyé Moin Hagseminesab
ve hatine organizekirin, em dikarin
behsa pésangeha Wéne 0 Muzik

"Notén Bédawi"...

Table 10: Examples of Extractive, Self-Training, and Back-Summarization approaches to synthetic data
creation using an example from Kurmaniji Kurdish

Model Output

Mixtral I’'m sorry, I'm having difficulty understanding the text you provided. It appears to be written in
Lao language and contains some unusual characters. Could you please rephrase or translate
the question into English so | can better understand and provide an accurate response?

Mixtral Overall, Ambassador Goldberg’s visit to Luang Prabang reflects the U.S. government’s ongoing
commitment to supporting sustainable development, cultural preservation, and consular
services in Laos, while also fostering stronger bilateral relations between the two countries.

Llama3 I'd be happy to help you with that! However, | need the article text to write a summary in Lao.
Please provide the article text, and I'll do my best to summarize it for you in Lao.

Llama3 The Hua Seng Hung Company is one of the companies that have received an investment

from the United States. This company has a lot of potential and it's expected to grow rapidly.
The company is involved in many fields such as real estate, finance, and technology...

Table 11: Examples of LLM English output when prompted to summarize non-English news articles

Novelty Length

Lang. Reference Extractive Self-Train BackSum Reference Extractive Self-Train  BackSum

amh 49.8 7.2 9.5 12.7 25.1 16.6 15.8 15.5
ckb 38.9 1.6 1.6 2.0 23.3 26.1 25.0 26.1
hat 18.1 1.0 1.6 2.6 26.7 27.4 26.5 25.8
hye 35.4 29 7.2 4.0 24.6 18.5 17.3 18.5
kat 22.3 2.3 6.4 3.4 14.7 15.8 14.5 16.0
khm 7.8 9.3 9.0 8.8 31.6 64.8 59.4 60.6
kmr 16.3 0.5 25.0 1.4 20.2 22.4 16.1 22.7
lao 225 13.2 12.3 12.4 28.4 30.0 29.6 29.8
mkd 31.4 23 3.4 3.0 20.0 20.3 20.2 20.8
mya 20.0 8.4 9.1 9.1 35.4 33.7 32.6 33.1
pus 21.1 3.1 3.0 3.7 33.2 25.2 25.3 25.1
sna 31.7 1.6 13.3 1.9 17.6 18.4 17.5 18.2
som 26.0 2.8 4.4 5.8 24.7 25.0 23.0 21.6

Table 12: Mean novelty scores and mean lengths of generated summaries by the multilingual models
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Distribution R1 with M-Prometheus Scores

M‘H | M Bm M ‘w

M-Prometheus

Figure 7: Distribution of summary scores for Llama 3.3 comparing scoring methods ROUGE-1 and
M-Prometheus

Distribution BertScore with M-Prometheus Scores
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Figure 8: Distribution of summary scores for Llama 3.3 comparing scoring methods BERTScore and
M-Prometheus
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Ref. Base- Extract- Self- Back-
line Train Train  Sum
ckb 38.9 3.0 4.6 1.7 2.0
hat 18.1 6.7 2.6 1.4 2.0
hye 354 5.7 6.8 45 66.0
kat 22.3 191 4.2 14 1.9
khm 7.8 6.6 7.6 6.9 6.2
kmr 16.3 15.8 3.9 4.1 1.2
mkd 31.4 4.7 6.4 3.7 3.9

Table 13: Mean Novelty for summaries generated
by individual models and the summaries of the test
set (LR-Sum)

Lang. Ref. Base- Extract- Self- Back-
line Train Train  Sum

ckb 23.3 25.1 279 25.0 26.8
hat 26.7 20.9 314 269 294
hye 24.6 22.2 19.9 16.9 16.8
kat 14.7 17.9 16.7 147 154
khm 31.6 71.2 749 69.0 711
kmr 20.2 15.9 274 212 22.6
mkd 20.0 21.6 21.2 199 21.5

Table 14: Mean lengths for summaries generated

by individual models in number of tokens
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Language ISO Lang. Train Train Train Wikipedia
639-3 Family LR-Sum XL-Sum Combined Wikipedia Length Filtered
Ambharic amh Afro-Asiatic 0 5,761 5,761 13,906 7,125
Armenian hye Indo-European 920 0 920 303,036 287,288
Burmese mya Sino-Tibetan 7,921 4,569 12,490 109,310 17,080
Georgian kat Kartvelian 511 0 511 169,602 148,785
Haitian Creole hat French Creole 452 0 452 70,159 57,953
Igbo ibo Niger-Congo (Volta-Niger) 0 4,183 4,183 22,908 20,496
Khmer khm Austro-asiatic 3,888 0 3,888 11,994 4,323
Kurmaniji Kurdish ~ kmr Indo-Iranian 791 0 791 63,076 36,657
Lao lao Kra-Dai 11,964 0 11,964 5,014 3,407
Macedonian mkd Indo-European (Slavic) 1,223 0 1,223 139,559 122,754
Oromo orm Afro-Asiatic (Cushitic) 0 6,063 6,063 1,970 1,195
Pashto pus Indo-Iranian 14,353 16,854 31,207 20,529 15,308
Scottish Gaelic gla Indo-European (Celtic) 1,313 0 1,313 15,979 12,398
Shona sha Niger-Congo (Bantu) 383 0 383 11,621 9,963
Sinhala sin Indo-Iranian 0 3,249 3,249 23,065 16,782
Somali som Afro-Asiatic (Cushitic) 0 5,962 5,962 9,021 6,540
Sorani Kurdish ckb Indo-Iranian 1,230 0 1,230 52,024 35,098
Yoruba yor Niger-Congo (Volta-Niger) 6,350 0 6,350 33,819 7,960

Table 15: Language families and size of training data of LR-Sum and XL-Sum and available additional
data from Wikipedia articles in number of documents before and after filtering for documents with more
than 5 sentences
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