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Abstract
In recent years, Large Language Models have001
demonstrated impressive performances, partic-002
ularly in zero-shot and few-shot learning across003
various languages. However, these models are004
often evaluated in English or high-resource lan-005
guages, with limited focus on low-resource lan-006
guages. This study benchmarks public LLMs007
which are commonly used in HuggingFace,008
including XGLM, Falcon, Llama, mT5-base,009
BLOOM, Mistral, Pegasus-Xsum, and the fine-010
tuned variants of mT5 and T5, on benchmark011
datasets in different low-resource languages.012
We conducted our experiments to evaluate the013
performance of these models across three natu-014
ral language processing tasks: machine transla-015
tion, text summarization, and question answer-016
ing. Our evaluation results show a significant017
variability in performance, highlighting both018
the strengths and limitations of current multi-019
lingual large language models when applied to020
low-resource languages. Specifically, we ob-021
served that language models tend to perform022
better on languages with Latin alphabet, which023
is the most widely used in alphabetic writing,024
compared to those with non-Latin scripts, high-025
lighting the need for more balanced training026
data.027

1 Introduction028

Large Language Models (LLMs) have demon-029

strated exceptional performance across various030

NLP tasks. Several studies indicate that providing031

LLMs with specific task instructions (e.g., sum-032

marizing or translating text) significantly enhances033

their capabilities (Muennighoff et al., 2023). This034

approach, known as instruction tuning, has been035

shown to improve performance in both English and036

multilingual contexts (Shaham et al., 2024; Wu and037

Dredze, 2019). Despite significant advancements038

in LLMs, most models remain English-centric, fo-039

cusing primarily on English tasks (Brown et al.,040

2020). This limitation makes them less effective in041

multilingual settings, particularly in low-resource042

scenarios (Zhang et al., 2020a). Additionally, there 043

is a lack of evaluation studies for public LLMs 044

across different NLP tasks. 045

Existing evaluation studies have been recently 046

proposed. This is the case of (Chang et al., 2023) 047

who present a comprehensive study of benchmark- 048

ing LLMs related to NLP tasks, methods and bench- 049

marks, which are commonly used to assess the per- 050

formance of LLMs in an English setting; To move 051

beyond the English language, (Lai et al., 2023a) 052

evaluate ChatGPT on 7 different tasks , covering 37 053

diverse languages with high, medium, low and ex- 054

tremely low-resources. However, these evaluation 055

studies highlight the performance of LLMs either 056

on English setting or using non public LLMs. 057

Low-resource languages (LRLs) are languages 058

with limited linguistic resources and data. They 059

often lack training datasets and necessitate pre- 060

training techniques necessary to develop accurate 061

NLP systems. To learn language patterns, LLMs 062

require massive amounts of training data. However, 063

LRLs still lack training data, making it challeng- 064

ing for LLMs, and generating this data can result 065

in weaker LLM training for LRLs. In addition, 066

LRLs are more complex than high-resource lan- 067

guages due to their unique vocabularies, grammat- 068

ical structures, and linguistic features, making it 069

difficult for LLMs to generate precise translation. 070

Biases and errors in the training data can further 071

reinforce misconceptions in LRL translations. 072

In this study, we evaluate popular public LLMs 073

on 5 medium-resource languages (namely: Hindi, 074

Indonesian, Afrikaans, Bengali and Tamil), and 075

11 LRLs (namely: Amharic, Hausa, Igbo, Nepali, 076

Somali, Swahili, Tigrinya, Telugu, Xhosa, Yoruba, 077

and Zulu) (Joshi et al., 2020) linked to different 078

language Families. The distribution of our se- 079

lected language families are displays in Figure 3. 080

To conduct our experiments, we select 9 public 081

LLMs: Llama, BLOOM, mT5 (fine-tuned), mT5- 082

base, XGLM, Pegasus-XSum, T5 (fine-tuned), Fal- 083
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Figure 1: Public Large Language Models used in our evaluation study.

con, Mistral as shown in Figure 1. To underline the084

performance of these mLLMs particularly on com-085

mon NLP tasks, we carried out our experiments on086

3 NLP tasks: Machine Translation, Text Summa-087

rization and Question Answering.088

Through our evaluation study, we designed our089

experiments to mainly answer the research ques-090

tion: How well do the public LLMs perform in091

challenging NLP tasks (e.g., text summarization)092

across low-resource languages. To answer this093

question, we included in our experiment different094

NLP tasks such as machine translation, abstrac-095

tive text summarization and question answering.096

Furthermore, we assess the performance of these097

models on benchmark datasets using different eval-098

uation metrics Our evaluation results demonstrate099

that LLMs trained on a balanced corpus which100

covers a diverse set of languages, and models fine-101

tuned on a few sets of samples tend to perform well102

while evaluated on languages with Latin scripts103

compared with languages with non-Latin scripts.104

We summarize the main contributions of this paper105

as follows:106

• We provide a comprehensive evaluation of 9107

LLMs on different NLP tasks across 16 low-108

resource languages.109

• The evaluation results highlight the challenges110

of benchmarking LLMs on low-resource lan-111

guages. Specifically, we observed that LLMs112

tend to perform better on languages with Latin113

alphabet, which is the most widely used in114

alphabetic writing, compared to those with115

non-Latin scripts.116

In the following sections, we will discuss LLMs,117

NLP tasks, benchmark datasets selected for our118

experiments, the evaluation methodology and the 119

experimental results. We start by discussing related 120

works regarding benchmarking LLMs and multi- 121

lingual benchmarks. Furthermore, we provide an 122

overview of the different tasks, LLMs and multilin- 123

gual benchmarks chosen for our evaluation, and de- 124

scribe the evaluation strategy and the experiments 125

conducted in our study. 126

2 Related Works 127

In this section, we provide an overview of the 128

related LLMs evaluation studies, specifically for 129

mLLMs and LRLs. 130

2.1 Evaluation of Multilingual LLMs 131

Recent studies focus on creating and evaluating 132

benchmarks (including datasets and frameworks) 133

for LLMs in different domains. For example, in 134

the medical domain, Alonso et al. (2024) pro- 135

posed MedExpQA, the first multilingual bench- 136

mark based on medical exams to assess LLMs in 137

medical question answering, demonstrating its per- 138

formance in only four high-resource languages. Ad- 139

ditionally, (Lai et al., 2023b) introduces Okapi, a 140

benchmark dataset used to evaluate multilingual 141

instruction-tuned LLMs with reinforcement learn- 142

ing from human feedback for three distinct tasks 143

across 26 languages. (Ahuja et al., 2023) intro- 144

duces MEGA, the first comprehensive benchmark- 145

ing of generative LLMs, which evaluates models 146

on standard NLP benchmarks, covering 16 NLP 147

datasets across 70 topologically diverse languages. 148

Liu et al. (2024) investigate the importance of trans- 149

lation with LLMs for a variety of scenarios, includ- 150

ing multilingual NLP tasks and real-world multilin- 151

gual user queries to enhance performance in mul- 152
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Figure 2: Tasks used in our evaluation study

tilingual NLP tasks with English-centric language153

models. Srivastava et al. (2023) introduced BIG-154

bench, which consists of 204 tasks largely related155

to translation to evaluate the behavior of LLMs.156

Further, Liang et al. (2023) proposed HELM, a157

holistic evaluation of 30 language models on 42158

scenarios and 7 metrics, by defining a taxonomy of159

scenarios and metrics that span the space of LLM160

evaluation. However, these scenarios focused on161

datasets in high-resource languages, such as stan-162

dard English or its dialects. Consequently, these163

LLMs can also exhibit grammatical structure bias,164

where structures from higher-resource languages165

influence LRLs.166

2.2 Evaluation of Low-resource Languages167

Evaluation methodologies have shown great perfor-168

mance on high-resources languages but failed to169

generalize on LRLs, particularly on languages with170

non-Latin scripts (Bang et al., 2023). Moreover, the171

performance of LLMs, such as ChatGPT, GPT-3.5172

and BLOOMZ, have been evaluated, and the trans-173

lation capabilities of these models perform well in174

high-resource languages but are limited in LRLs.175

This is because a larger vocabulary is needed to176

represent tokens in many languages, and a lack of177

language standardization leading to variations in178

grammar, vocabulary. and writing systems is ob-179

served across languages. To overcome these chal-180

lenges, NLP communities have been developing181

benchmarks covering specific language families,182

such as IndicXTREME (Doddapaneni et al., 2023)183

for Indian languages, MasakhaNER (Adelani et al.,184

2021) for African languages, and IndoNLU (Wilie185

et al., 2020) for Indonesian languages.186

Despite the overall progress in benchmarking187

LLMs, most works focus on evaluating non pub- 188

lic LLMs either on high-resource scenarios or on 189

non-English languages in general by highlighting a 190

few NLP tasks. In this study, we benchmark pub- 191

lic LLMs for three common NLP tasks—Machine 192

Translation (MT), Text Summarization (TS) and 193

Question Answering (QA)—focusing particularly 194

on LRLs. We use three multilingual benchmark 195

datasets: FLORES-101, XL-SUM, and OKAPI. 196

3 Tasks 197

3.1 Machine Translation 198

Machine Translation (MT) is a task of translating 199

text in one language to another language without 200

human intervention. For LRLs, MT poses signif- 201

icant challenges due to the lack of parallel data. 202

Recent studies have highlighted the remarkable 203

multilingual translation capabilities of very LLMs 204

like GPT-4 for LRLs (Hendy et al., 2023; Garcia 205

et al., 2023), without requiring explicit fine-tuning. 206

On the other hand, medium-size LLMs such as 207

XGLM have demonstrated superior performance 208

compared to supervised state-of-the-art models us- 209

ing only few-shot examples (Lin et al., 2022a). 210

In our study, we employ publicly available LLMs 211

such as Llama, Falcon, BLOOM, Mistral and 212

XGLM for evaluating translation text from English 213

to various LRLs and vice-versa. We aim to explore 214

their potential application of these public models 215

for improving MT quality, specially for LRLs. 216

3.2 Text Summarization 217

Text summarization (TS) is the process of long 218

text into concise summarises that capture the most 219

salient information. There are two types of text 220
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Table 1: We provide a few selected LRLs used for our evaluation experiments including language code, language
script, language family and total numbers of speakers.

Iso-639-3 Language Script Language Family Speakers

M
ed

iu
m afr Afrikaans Latin Indo-European-Germanic 8M

ben Bengali Bengali Indo-European-Indo-Aryan 282.9M
ind Indonesian Latin Austronesian 225M
hin Hindi Devanagari Indo-European-Indo-Aryan 571M
tam Tamil Tamil Dravidian 89.4M

L
ow

amh Amharic Ge’ez Afro-Asiatic 57M
hau Hausa Latin Afro-Asiatic 77M
ibo Igbo Latin Atlantic-Congo 31M
ne Nepali Devanagari Indo-European-Indo-Aryan 32M
som Somali Latin Afro-Asiatic 22M
swh Swahili Latin Atlantic-Congo 200M
tir Tigrinya Ge’ez Afro-Asiatic 7M
tel Telugu Telugu Dravidian 96M
xho Xhosa Latin Atlantic-Congo 19M
yor Yoruba Latin Atlantic-Congo 46M
zul Zulu Latin Atlantic-Congo 11M

summarization: extractive summarization, which221

aims to select the most significant phrases from222

the original text as a final summarize; abstractive223

summarize that generates concise and human-like224

sentences based on the original (Liu et al., 2017),225

(Raposo et al., 2022), (Zhang et al., 2020b). In226

our study, we focus on the later one, since it is227

one of the most challenging NLP tasks and re-228

quires advanced abilities, such as understanding229

long texts and generating coherent text. Recently,230

several fine-tuned LLMs for abstractive summariza-231

tion have been proposed, however most of them232

are for monolingual (e.g., English) (Askari et al.,233

2024), (Zhang et al., 2023). For this task, we evalu-234

ate the publicly available models such as mT5-base,235

mT5 fine-tuned on XLSum dataset, Pegasus-Xsum236

and the fine-tuned version of T5-small on bench-237

mark datasets in different LRLs. Our goal is to238

explore the capabilities of these LLMs in generat-239

ing coherent summaries without prior fine-tuning240

for these languages.241

3.3 Question Answering242

Question Answering (QA) systems are designed to243

interpret and answer queries in natural language.244

Recently, various QA models and datasets have245

been developed to accomplish enable machines246

understand the context of queries and precisely an-247

swer them (Rajpurkar et al., 2016) (Yang et al.,248

2015), (Campese et al., 2023). However, these249

datasets pose unique challenges such as finding250

the answer span when the context and the problem251

are in different language. To address this issue,252

researchers adopt recent advancements in LLMs to 253

encode input text and use additional layers for clas- 254

sification and solving multilingual QA task (Lewis 255

et al., 2020), (Clouatre et al., 2020), (Yao et al., 256

2019), (Wang et al., 2020). In our study, we focus 257

on multilingual QA task since it is a crucial step 258

towards cross-lingual machine comprehension in 259

LRLs. We use in our study different public multilin- 260

gual LLMs, namely BLOOM, Llama, Mistral and 261

XGLM, and evaluate them on different benchmark 262

datasets. 263

4 Multilingual Large Language Models 264

Our study benchmarks different LLMs based on 265

two main criteria: i) they are publicly available, and 266

ii) they can be employed in multilingual NLP tasks. 267

The models included in our evaluation are BLOOM 268

(Workshop et al., 2023), XGLM (Lin et al., 2022b), 269

Falcon (Almazrouei et al., 2023), Llama (Touvron 270

et al., 2023), Mistral (Jiang et al., 2023), and fine- 271

tuned variants of mT5, mT5-base (Xue et al., 2021), 272

T5 (Raffel et al., 2023), and Pegasus-XSum. 273

For MT, we employ the 7B of Falcon, a decoder- 274

only model trained on 11 natural languages; the 7B 275

of Llama, an encoder-decoder model trained on 20 276

natural languages; the 7B of BLOOM, a decoder- 277

only model trained on 46 natural languages; the 278

7B of Mistral-v0.2, a decoder-only model trained 279

on 6 natural languages; and the 1.7B of XGLM, 280

a decoder-only model trained on 31 natural lan- 281

guages. For TS, we consider the fine-tuned vari- 282

ants of mT5 trained on 45 natural languages of 283

4



XL-Sum1 dataset; mT5-base, a pretrained encoder-284

decoder model covering 101 natural languages;285

Pegasus-XSum, an encoder-decoder model fine-286

tuned on XSum (Narayan et al., 2018) dataset and287

also evaluated on low-resource summarization; the288

fine-tuned variants of T5 small, an encoder-decoder289

model which used a text-to-text approach. For QA,290

we use the 1B7 version of BLOOM which covers291

48 natural languages; the 7B of Llama trained on292

20 natural languages; the 1.7B of XGLM trained293

on 31 natural languages and the 7B of Mistral-v0.2294

trained on 6 natural languages.295

By comparing similar-sizes LLMs on different296

benchmark training data, we highlight their relative297

strengths and weaknesses in handling multilingual298

context, particularly for LRLs.299

5 Benchmark Datasets300

In this section, we present the benchmark datasets301

used in our evaluation study across NLP tasks: Ma-302

chine Translation, Text Summarization, and Ques-303

tion Answering.304

Benchmark dataset for Machine Translation:305

We employ FLORES 101 2 (Goyal et al., 2021)306

dataset, which contains 3k sentences extracted307

from English Wikipedia articles, converging vari-308

ous topics. The dataset is also designed for many-309

to-many evaluation, allowing for comprehensive310

evaluation of multilingual MT models across many311

source languages and many target languages, spe-312

cially with low resources.313

Benchmark dataset for Text Summarization314

We use XL-SUM 3, a comprehensive dataset tai-315

lored for abstractive summarization, consisting of316

1M professionally annotated article-summary pairs317

from BBC news articles (Hasan et al., 2021). The318

data was extracted using a set of carefully designed319

heuristics and covers 44 languages ranging in re-320

source level from low to high.321

Benchmark dataset for Question Answering322

To assess the performance of LLMs in multilin-323

gual questions answering, we empoly three bench-324

mark datasets, namely: AI2 Reasoning Challenge325

(ARC)4 (Clark et al., 2018), Hellaswag5 (Zellers326

1https://github.com/csebuetnlp/xl-sum
2https://huggingface.co/datasets/gsarti/

flores_101
3https://github.com/csebuetnlp/xl-sum
4https://allenai.org/data/arc
5https://allenai.org/data/hellaswag

et al., 2019) and MMLU (Hendrycks et al., 2021) 327

from Okapi6 framework. These datasets have been 328

translated from the original AI2 Reasoning Chal- 329

lenge (ARC), Hellaswag, and MMLU datasets in 330

English into 26 languages, including LRLs, using 331

ChatGPT. 332

6 Evaluation Methodology 333

Two significant techniques can be used for prompt- 334

ing LLMs for a given NLP task. First, prompt- 335

ing LLMs with in-context (Brown et al., 2020), 336

which is a straightforward approach for leveraging 337

LLMs in solving a given NLP task with few-shot 338

examples given in the context without the need for 339

training of fine-tuning. The second technique is in- 340

struction tuning (Mishra et al., 2022; Ouyang et al., 341

2022), which is a novel approach to guide LLMs, 342

following instructions and solve new-tasks based 343

on textual instructions provided in prompt. In our 344

study, we use both techniques as follow: 345

- Evaluating Machine Translation: Follow- 346

ing (Zhu et al., 2023), we adopt their learn- 347

ing strategy to evaluate the performance of 348

LLMs in translation text across different lan- 349

guages. (details can be found in section 7.1). 350

As an evaluation metric for all languages, we 351

employ SacreBLEU 7 (Post, 2018), a variant 352

of the BLEU score. SacreBLEU works with 353

plain text and generates official WMT scores 354

in comparison to the original BLEU score. 355

Moreover, it facilitates the download and man- 356

agement of test sets throughout assessments. 357

- Evaluating Text Summarization: We fine- 358

tuned the mT5 model as a baseline in the same 359

manner as (Hasan et al., 2021) and then per- 360

form our experiments on abstractive summa- 361

rization in two settings: (i) multilingual, and 362

(ii) low-resource. We employ multilingual 363

ROUGE Scoring 8, a metric used to evalu- 364

ate TS as an evaluation metric for all lan- 365

guages. The results indicate that there are 366

four ROUGE type scores, namely: ROUGE-1 367

(unigram based scoring), ROUGE-2 (bigram 368

based scoring), ROUGE-L (longest common 369

sub-sequence based scoring), and ROUGE- 370

Lsum (splits text using "\n"). We report the 371

first three types of scores in Table 2. 372

6https://github.com/nlp-uoregon/Okapi
7https://github.com/mjpost/sacrebleu
8https://github.com/csebuetnlp/xl-sum/tree/

master/multilingual_rouge_scoring
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- Evaluating Question Answering: We em-373

ploy the Okapi9 framework, an evaluation374

framework designed for instruction-tuned375

LLMs. We use the accuracy metric as our376

evaluation metric since it enables evaluation377

of all languages.378

7 Experiments379

In this section, we provide the details of our ex-380

periment setup for each NLP task (MT, TS and381

QA).382

7.1 Multilingual LLMs Evaluation on MT383

Selected languages: Among 101 languages in384

the FLORES-101 dataset, we selected a set of385

LRLs with Latin and non-Latin scripts that are386

relevant for MT tasks. These include Amharic,387

Afrikaans, Indonesian, Hausa, Hindi, Igbo, Somali,388

Swahili, Tamil, Xhosa, Yoruba, and Zulu. Our389

selection criteria were based on linguistic diver-390

sity and the number of native speakers. Notably,391

some LRLs are spoken across multiple continents392

as shown in Table 1. For example, Hindi is mainly393

spoken in India but also has speakers in the United394

States and Canada. We also prioritize languages395

like Xhosa, Zulu, Somali, and Tamil, which have396

limited online resources, to evaluate the MT mod-397

els’ capabilities with less data.398

Learning Strategy: With 12 translation pairs,399

we report the performance of each LLM in MT400

using the following direction: X2E, which means401

translation from a source language to English and402

vice-versa E2X . We used theOpenICL 10 frame-403

work (Wu et al., 2023) as a foundation for all im-404

plementations.405

Results Table 3 shows the performance of five406

LLMs on the FLORES-101 benchmark for MT.407

The models evaluated are: Falcon-7B (Almazrouei408

et al., 2023), Llama-7B (Touvron et al., 2023),409

BLOOM-7B (Workshop et al., 2023), Mistral-410

7B (Jiang et al., 2023), and XGLM-7.5B (Lin et al.,411

2022b), all of which have comparable parameter412

sizes. The evaluation results show that XGLM413

outperforms the other models in translating LRLs,414

specially Afrikaans, Indonesian, Hindi, Swahili415

and Tamil, with the most notable performance in416

Indonesian translations.417

9https://github.com/nlp-uoregon/Okapi
10https://github.com/Shark-NLP/OpenICL
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Figure 3: Distribution of language family used in our
experiments.

Performance analysis: The superior perfor- 418

mance of XGLM can be attributed to its training 419

on a balanced multilingual corpus compared to the 420

other models that are trained primarily on English 421

datasets. This training approach allows XGLM to 422

excel in few- and zero-shot learning across various 423

tasks. Specifically, XGLM has demonstrated its 424

effectiveness by surpassing the official supervised 425

baseline in 45 directions and outperforming models 426

like GPT-3 in 171 out of 182 translation directions 427

with just 32 training examples on the FLORES-101 428

MT dataset. 429

7.2 Multilingual LLMs Evaluation on TS 430

Selected Languages For this abstractive text 431

summarization, we chose 11 LRLs for our eval- 432

uation, namely: Amharic, Bengali, Indonesian, 433

Hausa, Hindi, Igbo, Somali, Swahili, Tamil, 434

Tigrinya, and Yoruba. These languages were cho- 435

sen based on different criteria: their presence on at 436

least two continents, the number of speakers, their 437

language families, and the availability of resources. 438

Results Table 2 shows the performance of dif- 439

ferent LLMs on summarizing text in the selected 440

languages. In particular, we evaluate four multi- 441

lingual LLMs on the XL-SUM dataset: i) mT5- 442

multilingual-XLSum (a fine-tuned version of mT5) 443

(Xue et al., 2021), ii) mT5-base (Xue et al., 2021), 444

iii) Pegasus-XSum (Zhang et al., 2020b), and iv) 445

T5 (fine-tuned) (Raffel et al., 2023). The evaluation 446

results indicate that the mT5-multilingual-XLSum 447

model consistently outperforms the other models 448

across all languages. Specifically, mT5 variants 449

show high performance on Hausa, while Pegasus- 450
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Table 2: Summarization performance of LLMs over LRLs. Best results are in bold.

mT5-multilingual-XLSum mt5-base Pegasus-xsum T5-small (fine-tuned)
Language R-1 R-2 R-3 R-1 R-2 R-3 R-1 R-2 R-3 R-1 R-2 R-3
amh 20.65 8.01 18.69 3.58 0.82 3.45 0.13 0.0 0.13 0.13 0.0 0.13
ben 29.76 12.42 25.57 6.12 1.60 5.97 0.0 0.0 0.0 0.0 0.0 0.0
ind 37.01 17.15 30.88 8.41 2.38 7.74 15.81 4.24 12.67 20.41 5.32 15.03
hau 39.96 18.23 32.20 9.81 1.98 8.64 18.93 4.11 13.83 25.34 6.01 17.61
hin 38.74 17.21 21.24 9.35 1.73 7.91 0.31 0.07 0.31 0.06 0.01 0.06
ibo 32.29 10.90 25.35 7.69 1.46 7.18 21.86 3.91 16.17 24.78 4.81 17.31
som 31.74 11.80 24.37 7.98 1.37 7.17 20.81 4.47 15.23 20.66 4.13 14.58
swh 37.72 18.00 31.17 9.49 2.64 8.65 16.80 3.77 12.78 22.57 5.57 16.34
tam 24.45 11.27 22.25 3.48 0.97 3.36 0.55 0.0 0.54 0.26 0.13 0.26
tin 25.98 8.99 22.05 5.95 1.08 5.56 0.52 0.0 0.51 0.11 0.09 0.11
yor 32.01 12.69 25.93 5.80 1.10 5.50 21.28 4.23 14.91 22.55 4.48 15.52

AVG 31.84 13.33 25.42 7.06 1.55 6.46 10.63 2.25 6.76 12.44 2.77 8.81

Table 3: Translation performance of LLMs over LRLs. Best results are in bold.

Falcon-7B Llama-7B BLOOM-7B Mistral-7B XGLM-7.5B
Language BLEUX2E BLEUE2x BLEUX2E BLEUE2X BLEUX2E BLEUE2X BLEUX2E BLEUE2X BLEUX2E BLEUE2X

amh 0.37 0.02 0.54 0.02 0.27 0.10 0.87 0.01 0.21 0.01
afr 11.18 5.93 15.79 9.37 6.85 3.45 16.00 9.78 16.73 3.91
ind 11.03 4.90 13.44 5.71 10.22 8.88 15.87 10.14 34.32 30.38
hau 1.80 0.96 1.90 1.20 1.57 0.67 2.97 2.04 2.60 0.45
hin 0.47 0.33 7.48 3.59 7.11 7.91 11.85 5.81 24.19 18.40
ibo 1.93 1.29 1.82 1.10 1.20 0.99 2.46 1.72 1.72 0.26
som 1.74 0.75 2.16 0.83 1.49 0.59 3.44 2.04 2.44 0.31
swh 2.47 1.04 2.65 1.27 7.03 4.14 5.32 2.56 30.01 19.07
tam 0.40 0.00 0.82 0.15 4.15 5.06 2.69 0.89 14.86 9.00
xho 2.05 1.45 2.28 1.16 1.39 0.62 3.72 2.19 1.86 0.94
yor 1.78 1.12 1.79 1.39 1.82 1.88 2.81 1.82 1.97 0.69
zul 1.61 1.10 1.87 0.94 0.98 0.45 2.92 1.87 1.49 0.74
AVG 3.06 1.57 4.37 2.22 3.10 2.89 5.91 3.40 11.03 7.01

Table 4: QA performance of LLMs over medium (ind, hin, tam, ben) and very LRLs (ne and tel). Best results for
each task are in bold.

BLOOM-1B (Acc) Llama-7B (ACC) XGLM-1.7B Mistral-7B-v0.2
Language ARC Hellaswag MMLU ARC Hellaswag MMLU ARC Hellaswag MMLU ARC Hellaswag MMLU
ind 23.76 33.49 25.14 19.23 29.77 27.93 20.85 31.70 24.60 32.65 38.11 40.97
hin 20.89 29.11 23.60 21.15 27.08 25.52 20.46 28.43 23.67 22.17 29.29 30.41
tam 23.29 25.76 24.07 20.67 25.53 24.67 22.15 25.38 23.51 21.45 25.95 27.40
ben 20.62 26.88 24.99 19.08 25.97 25.09 19.76 26.68 24.01 21.13 27.43 29.06
ne 20.02 26.59 23.91 21.81 26.46 24.54 22.50 25.23 23.63 22.16 27.18 28.47
tel 19.04 25.99 24.13 20.26 25.57 24.64 17.54 25.69 23.89 19.65 26.04 26.66

XSum demonstrates superior results on Igbo com-451

pared to other languages.452

Performance analysis: The mT5-multilingual-453

XL-SUM is based on the mT5 checkpoint, which is454

fine-tuned on 45 languages, including our selected455

languages. Hausa and Igbo had approximately 6k456

and 4k training samples, respectively, which is a457

good indication that models fine-tuned on such a458

small training data can still generalize and produce459

competitive results to multilingual models. 460

7.3 Multilingual LLMs Evaluation on QA 461

Selected Languages For this task, we asses 462

LLMs on six LRLs from the Okapi framework. 463

These languages are Indonesian, Hindi, Nepali, 464

Bengali, Tamil and Telugu. These languages were 465

chosen due to their limited resources, which are 466

considered as LRLs. 467
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Results We evaluated the multilingual capabili-468

ties of four publicly available models: BLOOM-7B,469

Llama-7B, XGLM-1.7B and Mistral-7B-v0.2 on470

different QA benchmark datasets. We explore the471

evaluation results for each dataset as follow: ARC,472

Hellaswag, and MMLU473

• ARC: as shown in Table 4, Mistral tends to474

perform well on Indonesian, Hindi and Ben-475

gali compared to the other models. BLOOM476

outperforms other models especially on Tamil,477

XGLM on Nepali, and Llama on Telugu.478

• Hellaswag: on this dataset, Mistral outper-479

forms other LLMs on all languages, and In-480

donesian presents the highest score across lan-481

guages.482

• MMLU: Mistral also outperforms the other483

models on all languages. The highest score is484

shown particularly on Indonesian.485

Performance analysis: Indonesian is known as486

the official and national language of Indonesia and487

is spoken by over 225M people. Indonesian is also488

among the most widely spoken languages in the489

world. This language is classified as a medium-490

resource language (Joshi et al., 2020) with a high491

score while evaluating the baselines models in the492

framework, thus enabling researchers to develop493

more open-access tools and resources in that lan-494

guage. Notably, among the selected LRLs, Bengali495

and Tamil present a quite significant score com-496

pared to other languages. This observation aligns497

with previous findings that the Mistral-7B model498

outperforms the best open 13B model (Llama 2)499

across all evaluated benchmarks and the best re-500

leased 34B model (Llama 1) in reasoning, mathe-501

matics, and code generation tasks.502

8 Conclusion503

In this work, we present a comprehensive study504

to evaluate a set of 9 public LLMs, commonly505

used in Hugging Face, on three different NLP506

tasks—machine translation, text summarization,507

and question answering—particularly focusing on508

low-resource languages. We evaluated the per-509

formance of these LLMs on 16 low-resource lan-510

guages based on available resources. Our find-511

ings highlight the challenges and limitations of512

evaluating LLMs on low-resource system due to513

the scarcity of training data and different writing514

scripts. To address this limitation and advance the515

state-of-the-art in low-resource languages, future 516

research efforts could explore the development of 517

specialized models tailored for low-resource lan- 518

guages by incorporating native speakers as human- 519

in-the-loop feedback mechanisms during model 520

training. 521

9 Limitations 522

While our study provides valuable insights into the 523

performance of multilingual large language mod- 524

els on low-resource languages, we acknowledge 525

two main limitations as follows: i) our evaluation 526

focused on a subset of publicly available LLMs 527

and multilingual benchmark datasets. Due to the 528

vast number of models and resources available, we 529

selected the popular and publicly LLMs from the 530

Hugging face Hub, and ii) the multilingual LLMs 531

evaluated in this study were not specifically opti- 532

mized or customized for the selected low-resource 533

languages. To achieve significant results on low- 534

resource languages, we believe further research 535

should focus on developing tailored LLMs by in- 536

corporating native speakers as human-in-the-loop 537

feedback mechanisms during model training. 538
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