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Abstract

Despite advances in the multilingual capa-001
bilities of Large Language Models (LLMs)002
across diverse Natural Language Processing003
(NLP) tasks, English remains the dominant004
language for LLM research and development.005
This has led to the widespread practice of pre-006
translation, i.e., translating the task prompt007
into English before inference. Selective pre-008
translation, a more surgical approach, focuses009
on translating specific prompt components.010
However, its current use lacks a systematic011
research foundation. Consequently, the opti-012
mal pre-translation strategy for various multi-013
lingual settings and tasks remains unclear. In014
this work, we aim to uncover the optimal setup015
for pre-translation by systematically assessing016
its modes of use. Specifically, we view the017
prompt as a modular entity, composed of four018
functional parts: instruction, context, examples019
(zero-shot / few-shot), and output, either of020
which could be translated or not. We evaluate021
pre-translation strategies across 35 languages022
covering both low and high-resource languages,023
and assessing various capabilities including024
Question Answering (QA), Natural Language025
Inference (NLI), Named Entity Recognition026
(NER), and Abstractive Summarization. Our027
experiments uncover the impact of factors as028
translation quality, similarity to English, and029
the size of pre-trained data, on the model perfor-030
mance with pre-translation. Finally, we suggest031
practical guidelines for choosing the optimal032
strategy in various multilingual scenarios.033

1 Introduction034

Large language models (LLMs) demonstrate im-035

pressive multilingual capability (Muller et al.,036

2020) across various natural language processing037

tasks, including machine translation (Kocmi et al.,038

2023), knowledge utilization, and complex reason-039

ing (Zhao et al., 2023). The capabilities of LLMs040

stem from the extensive volume of training data041

they were trained on (Kaplan et al., 2020).042

Figure 1: Our Selective Pre-Translation Approach

Current LLMs are primarily trained on English 043

data but also include data from other languages. 044

For example, GPT-3 was trained on 119 languages, 045

but only 7% of the tokens are from non-English 046

languages1. However, over 7,000 languages are 047

spoken worldwide (Anderson, 2010), and as global- 048

ization accelerates and the use of various languages, 049

the need for prompting LLMs in multilingual tasks 050

has grown (Huang et al., 2023; Qin et al., 2023b). 051

One common strategy, known as the pre- 052

translation approach, involves translating the 053

prompt into English before querying the model 054

(Ahuja et al., 2023; Shi et al., 2022), allowing to 055

leverage the robust capabilities in the English lan- 056

guage for multilingual tasks. Previous research has 057

shown that using this approach, LLMs such as GPT 058

are capable of performing a wide variety of lan- 059

guage tasks and outperform monolingual prompts 060

when the task is presented in English (Bareiß et al., 061

2024; Intrator et al., 2024; Chowdhery et al., 2023; 062

Qin et al., 2023a; Ahuja et al., 2023). At the same 063

time, this approach introduces complexities and 064

risks of information loss (Nicholas and Bhatia, 065

1https://github.com/openai/gpt-3/blob/
master/dataset_statistics/languages_by_
word_count.csv
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2023), impacting both efficiency and effectiveness.066

It’s also unclear whether this approach is uniformly067

effective across all tasks, especially those requir-068

ing region-specific or cultural knowledge, such as069

Named Entity Recognition (NER). Moreover, re-070

cent studies (Intrator et al., 2024) show that direct071

inference of the complete prompt outperforms com-072

plete pre-translation for both discriminative and073

generative tasks, such as QA and summarization.074

In view of the shortcomings, various studies075

assess selective pre-translation, a more nuanced076

method compared to the traditional pre-translation077

approach, by translating specific parts of the078

prompt. For example, Liu et al. (2024) evaluates in-079

structions in both the source language and English080

while keeping the context in the source language.081

Ahuja et al. (2023) translated few-shot examples to082

English, and Huang et al. (2023) prompted LLMs083

to translate the question into English and solve084

the problem step-by-step in English. However,085

these methods lack systematic evaluation of more086

complex setups, such as instruction in English and087

output in the source language. Consequently, the088

optimal pre-translation prompt configuration for089

various multilingual settings and tasks remains un-090

clear. Additionally, to our knowledge, only a few091

works (Jain et al., 2019) effectively use translation092

for tasks that have no straightforward alignment093

between labels in translated text such as NER. Mo-094

tivated by this research gap, in our study, we exam-095

ine the impact of translation in diverse tasks.096

To close this research gap, in this paper we for-097

malize the prompt as consisting of four functional098

parts: instruction, context, examples (zero/few-099

shot), and output — either of which could be se-100

lectively pre-translated or not (as also stated by101

Winata et al. (2021); Ahuja et al. (2023)). With this102

concept, we create a framework for exhaustively an-103

alyzing 24 configurations of cross-lingual prompt104

translation (using English and different source lan-105

guages). Figure 1 demonstrates a schema of our106

selective pre-translation approach using an exam-107

ple in the Malayalam language. By formalizing108

the prompt as multi-functional, we decompose its109

constituent elements and systematically evaluate110

the influence of translating each segment on overall111

performance.112

Through a large-scale evaluation encompassing113

35 distinct languages, four tasks, six datasets, and114

three models, we demonstrate that selective pre-115

translating prompts consistently surpass both pre-116

translation of the entire prompt and direct inference 117

approaches, establishing the effectiveness of selec- 118

tive pre-translation. Additionally, we analyze how 119

various factors, including the type of task, size and 120

family of pre-trained data, language similarity to 121

English, impact the performance of our proposed 122

selective approach. Furthermore, based on these 123

factors, we provide guidelines for implementing op- 124

timal pre-translation strategies. Finally, we perform 125

an additional experiment, analyzing the impact of 126

translation on pre-translation. 127

Our findings demonstrate that in extractive tasks 128

such as extractive QA or NER, where the output 129

overlaps with the provided context and no gener- 130

ation is needed, the model is either agnostic to 131

the context language in the case of high-resource 132

languages or prioritizes the context in the source 133

language in the case of low-resource languages. 134

Surprisingly, we have discovered that low-resource 135

languages yield better results when the output is 136

in English, even in cases where there is no direct 137

alignment between the original and translated con- 138

text, such as in NER. Moreover, we find that the 139

quality of translation significantly influences model 140

performance, with specific configurations yielding 141

optimal results for different languages and tasks. 142

2 Background 143

2.1 The Rise of Multilingual Large Language 144

Models 145

With over 7,000 languages spoken globally (An- 146

derson, 2010), globalization and the growing use 147

of diverse languages have fueled the demand for 148

multilingual LLMs. Progress in this field stems 149

from two primary efforts: (1) developing dedicated 150

monolingual models for low-to-medium-resource 151

languages (Seker et al., 2022; Cui et al., 2023; 152

Andersland, 2024), and (2) creating multilingual 153

LLMs with pre-trained data encompassing multiple 154

languages (Qin et al., 2024; Jiang et al., 2024). 155

The ability of the latter approach, Multilingual 156

LLMs, to operate in different languages (Raffel 157

et al., 2020; Conneau et al., 2019; Chowdhery et al., 158

2023) comes from two sources: (1) fine-tuning 159

on multilingual data in order to transfer knowl- 160

edge and achieve multilingual proficiency (Xue 161

et al., 2020; Chen et al., 2021; Le Scao et al., 2023; 162

Shaham et al., 2024; Muennighoff et al., 2022), 163

and (2) utilizing prompting techniques to harness 164

the model’s inherent multilingual capabilities with- 165

out modifying parameters during inference (Brown 166
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et al., 2020; Shi et al., 2022). This latter approach167

has gained popularity due to its efficiency and ap-168

plicability to a wider range of models.169

Following these developments, benchmarks for170

evaluating LLMs have been proposed to measure171

cross-lingual transfer, including low-resource lan-172

guages (Hu et al., 2020; Liang et al., 2020) and173

benchmarks focusing on specific language families174

such as Indian languages (Kakwani et al., 2020)175

and African languages (Ogundepo et al., 2023).176

2.2 Multilingual Prompting Approaches177

Researchers have developed various prompting178

methods to improve the multilingual capabilities179

of LLMs. Huang et al. (2023) introduced XLT, a180

cross-lingual prompt that directs LLMs to function181

as experts through a process involving problem-182

solving and cross-lingual thinking. Zhao and183

Schütze (2021) employed discrete and soft prompt-184

ing techniques and showed that few-shot non-185

English prompts outperformed finetuning in cross-186

lingual transfer. Shi et al. (2022) found that chain-187

of-thought (CoT) prompting leads to remarkable188

multilingual reasoning abilities in LLMs, even in189

under-represented languages. Another common190

strategy is pre-transaltion which translates the en-191

tire prompt to English (Chowdhery et al., 2023;192

Qin et al., 2023a; Ahuja et al., 2023). A more193

nuanced approach, selective pre-translation, trans-194

lates part of the prompt into English, for instance,195

Liu et al. (2024) translated only the instruction, and196

Ahuja et al. (2023) translated the few shot exam-197

ples. However, this approach lacks a systematic198

research foundation. In this study, we examine199

this approach systematically and assess additional200

setups of pre-translation, to yield an empirically-201

grounded set of recommended modes of us.202

3 The Proposal: A Selective203

Pre-Translation Prompting Approach204

LLMs exhibit two remarkable qualities for effec-205

tive NLP task-solving: (i) the ability to follow in-206

structions (Wei et al., 2022), enhancing their perfor-207

mance in complex tasks through a series of interme-208

diate reasoning steps, and (ii) in-context learning209

(Brown et al., 2020), where the model learns tasks210

from limited examples without weight update. The211

basis for the implementation of these two capabili-212

ties is the notion of the prompt, that acts as a general213

prefix for the LLM to generate a response to. Our214

approach formalizes the prompt accordingly, split-215

ting it into four functional parts instruction, context, 216

examples, and output to leverage these capabilities. 217

Specifically, we define them as follows. The In- 218

struction (I) provides natural language guidance 219

to the model, explaining the task to be performed 220

with the task data. The context (X) represents the 221

actual task data that the model processes. Few-shot 222

Examples ({(xi, yi)}ki=1) are optional examples 223

that are used for in-context learning and are de- 224

noted as E. Given these components, the final 225

prompt is formulated as (I_X_E) for the few-shot 226

setting and (I_X) for the zero-shot setting, where 227

_ denotes concatenation. Finally, the prompt is pro- 228

cessed by a model M which yields an Output O, 229

whose format and language can be controlled by 230

the instruction. O = M(I_X_En) where n ≥ 0. 231

Subsequently, we perform normalization and for- 232

matting on the model’s output before evaluation. 233

4 Selective Pre-Translation Evaluation 234

In this section, we evaluate various selective 235

pre-translation strategies and assess their im- 236

pact on model performance. We systemati- 237

cally alter the language (English/Source) of each 238

component: instruction, context, examples, and 239

output. We examine 24 configurations per 240

task, 16 ((English/Source)4) for few-shot and 8 241

((English/Source)3) for zero-shot, except for NLI 242

where the output is in English. 243

4.1 Experimental Setup 244

Models We conducted benchmarking experi- 245

ments on several LLMs: OpenAI GPT-3.5-turbo 246

(0125) (Ouyang et al., 2022), Mixtral-8x7B- 247

Instruct-v0.1 (Jiang et al., 2023), and Gemini-1.0- 248

pro (Team et al., 2023), which have context sizes 249

of 16k, 32k, and 8k respectively. Appendix A.1 in- 250

cludes the platforms used for utilizing the models. 251

Prompt Creation We developed a framework for 252

efficient multilingual prompt construction, valida- 253

tion, and model querying to streamline our compre- 254

hensive evaluation process. In addition, we applied 255

different normalization phases such as converting 256

to lowercase and removing extra spaces. Appendix 257

A.1 provides further details on the prompt creation. 258

Language Selection and Categorization For 259

all tasks, we selected 10-12 languages, ensuring 260

an equal distribution across representation levels 261

(High-, Medium-, Low-Resource). Due to the 262

unavailability of precise distribution information 263
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Affinity Class Range (% of tokens) Avg. #tokens STD
High Resource A P >= 0.1% 1240 1156
Medium Resource B 0.01% < P < 0.1% 72 49
Low Resource C 0% < P < 0.01% 5.07 5.41
Extremely Low D P = 0% 0 0

Table 1: Language Classification by GPT-3 Pre-Training
Data Size.

Task Dataset Languages

NLI XNLI
Arabic, Bulgarian, Chinese, German, Greek,
Hindi, Spanish, Swahili, Thai, Turkish, Urdu

QA
XQuAD

Arabic, German, Greek, Romanian, Russian,
Vietnamese

IndicQA Assamese, Bengali, Hindi, Malayalam, Telugu

NER
MasakhaNER Bambara, Ese, Hausa, Yoruba

WikiANN
Chinese, French, Italian, Portuguese, Serbian,
Slovak, Swedish

Summarization XL-Sum
Azerbaijani, French, Japanese, Korean, Nepali,
Persian, Portuguese, Spanish, Turkish, Uzbek

Table 2: Experiment Setup: Tasks, datasets, languages.

for each model, we used the GPT-3 distribution264

as a proxy2 Additionally, its extensive coverage265

enables us to categorize languages into classes266

based on their data ratios. We categorized the267

tested languages into four classes: High-Resource268

Languages (A), Medium-Resource Languages (B),269

Low-Resource Languages (C), and languages un-270

represented in the data (D). To determine the sub-271

sets, we use the class division proposed by Lai272

et al. (2023) and modified class D to include only273

the languages that are unrepresented in the GPT-3274

pre-trained data, addressing the gap of evaluating275

this subset (Ahuja et al., 2023). Table 1 provides276

a summary of this classification and basic prop-277

erties. Other divisions exist; for example, Joshi278

et al. (2020) proposed dividing languages based on279

the number of speakers, However, this approach280

does not fully capture language diversity in LLMs,281

which are more influenced by the language data282

availability than how widely spoken it is.283

Analysis Methods We employed three primary284

methods: (i) Correlation analysis – Assesses the285

relationship between the model’s prediction scores286

and the chosen language component. This com-287

ponent is represented by a binary vector, where 0288

indicates English and 1 indicates the source lan-289

guage. (ii) Association Rule Learning (ARL) and290

Apriori algorithm – While correlation analysis pro-291

vides a preliminary understanding of the relation-292

ship between individual components and model293

performance, it does not capture non-linear rela-294

tionships. To address this limitation, we utilize295

association rule learning (ARL) with the Apri-296

2Although using the GPT-3 distribution is not optimal, we
chose to use it due to its extensive multilingual coverage.

ori algorithm (Piatetsky-Shapiro, 1991; Hegland, 297

2007). Appendix A.2.1 includes implementation 298

details and a short recap of the algorithm. (iii) 299

Performance gap – For each configuration XE
i 300

(component X in English) and XS
i (component 301

X in the source language), we calculate the differ- 302

ence between all the configurations with compo- 303

nent X in English to those with Source and divide 304

by 12 (half of the configurations), which is given 305

by the following formula: Average Gap for X = 306
1
12

∑12
i=1

(
E(XE

i )− E(XS
i )

)
. 307

4.2 Tasks and Datasets 308

All datasets used, spanning multiple languages, are 309

listed in Table 2. In total, these datasets encompass 310

35 distinct languages across 10 different language 311

families. We test four tasks, as follows. 312

Natural Language Inference (NLI) NLI in- 313

volves determining if a hypothesis is entailed by, 314

contradicts, or is neutral to a premise. We evalu- 315

ated this using the XNLI dataset (Conneau et al., 316

2018), which contains premise-hypothesis pairs in 317

multiple languages. The input is a pair of sentences, 318

and the output is a classification label: entailment, 319

contradiction, or neutral. We measure performance 320

using accuracy, comparing the model’s predictions 321

to the dataset’s ground truth labels. 322

Question Answering (QA) We conducted ex- 323

tractive question answering, where the model pre- 324

dicts the answer to a question based on a provided 325

context. We evaluated our model on two datasets: 326

XQuAD (Artetxe et al., 2019) and IndicQA for 327

Indic languages (Doddapaneni et al., 2022). The 328

input consists of a question and a context passage, 329

and the model’s output is the predicted span of 330

text within the context that answers the question. 331

Performance evaluation is done by comparing the 332

model’s predicted answer spans with the ground 333

truth answer spans provided in the dataset, using 334

the F1 score as the evaluation metric. 335

Named Entity Recognition (NER) In this task, 336

the model is instructed to identify and classify 337

named entities within a given sentence. We em- 338

ployed two datasets for evaluation: WikiANN (Pan 339

et al., 2017) and MasakhaNER (Adelani et al., 340

2021). WikiANN is a widely used NER dataset con- 341

taining Wikipedia sentences annotated with LOC 342

(Location), PER (Person), and ORG (organization) 343

tags which supports 176 languages. MasakhaNER 344

is specifically designed for African languages. 345
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Question Answering (QA) Summarization Named Entity Recognition (NER) Natural Language Inference (NLI)
Lang F1 ↑ Src. (%) ↑ Eng. (%) Class Lang ROUGE1 ↑ Src. (%) ↑ Eng. (%) Class Lang F1 ↑ Src. (%) ↑ Eng. (%) Class Lang Acc. ↑ Src. (%) ↑ Eng. (%) Class
en 0.77 N.A N.A A+ en 30.23 N.A N.A A+ en 0.65 N.A N.A A+ en 0.69 N.A N.A A+
de 0.85 18.05 9.00 A fr 35.12 16.45 10.41 A sr 0.77 52.62 265.50 B sw 0.73 58.89 28.33 C
hi 0.82 32.25 182.76 C ja 32.47 17.48 14.83 A it 0.75 9.33 41.47 A bg 0.72 57.84 8.36 C
ar 0.74 84.99 138.70 B fa 29.34 21.35 0.00 C sk 0.72 15.37 36.86 B el 0.71 24.35 30.28 B
vi 0.73 0.00 58.69 B es 28.28 10.55 3.43 A po 0.72 18.46 20.67 A es 0.69 20.78 18.14 A
ro 0.69 0.00 9.52 A po 27.40 8.26 0.00 A fr 0.72 23.60 24.09 A ar 0.67 28.57 23.08 B
ru 0.69 6.15 305.80 A tr 20.87 18.11 0.00 B hau 0.70 62.11 51.55 C hi 0.64 59.28 8.48 C
el 0.69 0.00 2.98 B ne 19.58 31.36 28.69 C ee 0.68 46.03 81.47 D de 0.64 19.46 8.99 A
bn 0.68 44.68 423.07 D as 15.79 17.92 7.07 D sv 0.68 12.07 9.25 A zh 0.63 16.17 4.65 B
as 0.56 138.46 450.00 D uz 15.72 58.56 24.87 C zh 0.63 90.00 121.22 B th 0.57 49.75 10.61 B
te 0.53 231.25 253.30 C ko 11.84 36.99 11.78 B bam 0.33 33.25 80.24 D ur 0.57 29.96 9.08 C
ml 0.49 104.30 600.00 C yor 0.32 66.02 49.19 D tr 0.57 0.00 8.14 B

Table 3: Highest-Performing Prompt Translation Configuration: Improvement (%) over direct inference (Src.), and
over few-shot pre-translation (Eng.). Generated with GPT-3.5-Turbo.

Figure 2: Selective Pre-Translation (best configuration) improvement (%) over Direct Inference.

Both datasets utilize the BIOSE scheme (B=Begin,346

I=Inside, O=Outside, S=Singleton, E=End) to mark347

entity boundaries. However, for our experiments,348

we rephrased the task as a generative task, instruct-349

ing the model to directly output entity spans with-350

out requiring strict adherence to the BIOSE tags.351

We evaluated the model using the F1 metric.352

Abstractive Text Summarization Abstractive353

summarization is the task where the model gen-354

erates concise and informative summaries from355

longer texts by generating new text, unlike ex-356

tractive summarization, which selects existing sen-357

tences. We evaluated our model using the XL-Sum358

dataset (Hasan et al., 2021), which provides sum-359

maries of news articles in 44 languages, making360

it ideal for evaluating multilingual summarization361

models. We used the ROUGE metric for evalua-362

tion, which measures the overlap between gener-363

ated summaries and reference summaries.364

4.3 Results365

In this section, we present the results of the se-366

lective pre-translation approach, demonstrating its367

advantage over two common strategies: direct in-368

ference (source language only) and pre-translation369

(English only). Later, we display the optimal con-370

figurations for each task and analyze how each 371

configuration part relates to overall performance, 372

emphasizing considerations in prompt selection. 373

4.3.1 Selective Pre-Translation Advantage 374

Table 3 shows each language’s highest-performing 375

configuration score among all distinct configura- 376

tions (24 per language).3 Additionally, we display 377

the improvement (%) of this configuration over 378

direct inference and pre-translation. 379

Improvement Over Pre-Translation The re- 380

sults indicate that 92% of the tested languages show 381

an improvement over the basic pre-translation con- 382

figuration. Particularly for low-resource languages 383

like Malayalam and Telugu, the gains with selective 384

pre-translation are substantial, exceeding 200% in 385

relative improvement. Overall, low-resource lan- 386

guages demonstrate a greater improvement of 65% 387

on average compared to high-resource languages. 388

Improvement Over Direct-Inference The re- 389

sults reveal that 90% of the languages show im- 390

provement over the basic direct inference config- 391

uration. Similar to the pre-translation approach, 392

low-resource languages like Telugu and Assamese 393

3Appendix A.4.3 displays all language/task configurations.
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QA Summarization NER NLI
lang instruction context examples output class lang instruction context examples output class lang instruction context examples output class lang instruction context examples class
ru -0.08** 0.35** 0.12** 0.09** A ja -0.33** -0.08 -0.02* 0.00 A fr -0.11* 0.10* -0.01 0.01 A de -0.03 -0.02 -0.01 A
de -0.03** 0.30** 0.08 0.03* A fr 0.01 0.020 -0.04 0.06 A it 0.02 0.04 -0.04 0.01 A es -0.03 0.02 -0.03* A
ro -0.03 0.12** 0.04 0.02 A po -0.08* 0.05* -0.03* 0.10* A po -0.15 0.09* 0.1 0.01 A el -0.04 0.01 0.07 B
vi 0.04 0.40** 0.10** 0.10 B es -0.09* 0.03* -0.03 0.05 A sv -0.11* 0.06* -0.03** 0.01 A zh 0.01 -0.06 -0.06 B
ar -0.07** 0.20** 0.13** 0.04* B tr -0.14** 0.10 -0.1 -0.03* B zh -0.26** 0.44** 0.00 0.07 B ar 0.00 -0.02 -0.04 B
el -0.06 0.48** 0.03 0.07* B ko -0.10** 0.13 0.01 0.05 B sr -0.26** 0.44** 0.09** 0.05 B th -0.03 0.03 -0.14* B
bn -0.10** 0.38** 0.03 0.03 C uz -0.42** 0.14 0.03 -0.12* C sk -0.11** 0.30** -0.1* 0.01 B tr -0.02 0.00 0.02 B
ma -0.14** 0.30** 0.01 0.03 C fa -0.37** 0.05 -0.07** -0.04 C bam 0.03 0.44** -0.11 0.02 D ur 0.01 0.01 -0.08* C
te -0.10** 0.38** 0.03 0.03 C ne -0.35** -0.09 0.07** -0.14 C ewe -0.01 0.38** -0.12** 0.01 D bg 0.01 0.05 -0.13* C
hi -0.07** 0.30** 0.05 0.01 C az -0.30** 0.04 -0.00 -0.05 C yo -0.01 0.36** 0.01* 0.03 D sw 0.12 -0.06 -0.09 C
as -0.04** 0.30** 0.06 0.06 D hau -0.04 0.30** 0.08* 0.02 D hi -0.03 -0.09 -0.09** C

Table 4: Correlation (τ ) between GPT-3.5 Turbo performance and each prompt component. *p < 0.05, **p < 0.01.
Positive |τ | indicates correlation with source language, negative |τ | indicates correlation with English language.

High Resource Languages
Task Law Support Confidence lift

NER (Context: S) + (Context: S) =>Percentile 70 0.173 1.0 2.01
QA (Context: S) + (Output: S) =>Percentile 70 0.25 1.0 2.03
Summarization (Instruction: S) + (Context: S) + (Examples: E) =>Percentile 70 0.1 0.88 1.57

(Instruction: S) + (Context: E) + (Examples: S) =>Percentile 70 0.1 0.88 1.57
(Instruction: E) + (Examples: S) + (Output: E) =>Percentile 30 0.1 1.0 2.0

NLI (Instruction: S) + (Context: S) + (Examples: E) =>Percentile 70 0.09 1.0 2.03
Cross-tasks (Context: S) + (Output: S) =>Percentile 70 0.05 0.24 0.6

Low Resource Languages
Task Law Support Confidence lift

NER (Context: S) + (Examples: S) + (Output: E) =>Percentile 70 0.07 0.75 0.05
QA (Instruction: S) + (Context: S) + (Output: S) =>Percentile 70 0.25 1.00 2.00
Summarization (Instruction: S) + (Context: S) + (Examples: E) =>Percentile 70 0.07 0.84 1.67

(Instruction : E) + (Examples: S) + (Output: S) =>Percentile 30 0.09 1.00 1.96
NLI (Instruction: E) + (Context: E) + (Examples: S) =>Percentile 70 0.17 1.00 2.00
Cross-tasks (Context, S) =>Percentile 70 0.06 0.12 1.8

Table 5: Apriori-Based Association Rules. (prompt part:
English/Source) => Top X% scores over configurations.

demonstrate a relative improvement of > 100%.394

High-resource languages also show impressive im-395

provement; for example, French and Portuguese396

exhibit an improvement of > 20% in NER tasks.397

Figure 2 displays the percentage improvement of398

choosing the highest configuration score compared399

to the direct inference score, highlighting that lan-400

guages with lower representation achieve better im-401

provement than those with higher representation.402

4.4 The Optimal Configuration403

In this section, we analyze how individual prompt404

components influence the performance of GPT-405

3.5-Turbo. Table 4 displays the correlation be-406

tween model performance and different configura-407

tion components. Table 5 summarizes the optimal408

configurations for achieving the best results.409

Effects of Context Language Selection Table410

4 indicates that extractive tasks, such as QA and411

NER, benefit from including source-language con-412

text. This effect is particularly pronounced for low-413

resource languages (Class C/D), exhibiting a 70%414

higher correlation coefficient with source-language415

context compared to high-resource languages. Con-416

versely, tasks like abstractive summarization and417

NLI seem to be agnostic to context translation. Our418

rule-association analysis in Table 5 further high-419

lights the model’s preference for source-language420

context in extractive tasks (NER, QA).421

(a) QA (b) NER

(c) NLI (d) Summarization.

Figure 3: Few-Shot Translation Performance Gap (En-
glish - Source).

Use of Examples The rule association analysis 422

in Table 5 shows that the optimal configuration re- 423

quires examples (few-shot). In fact, there is no high 424

percentile rule that includes zero-shot examples 425

as part of the rule items. Appendix A.4 strength- 426

ens the argument for incorporating examples in 427

prompts, especially for high-resource languages. 428

Translation of Examples Analysis of rule associ- 429

ations in Table 5 reveals that extractive tasks (NER, 430

QA) benefit from incorporating source-language 431

examples. We hypothesize that because NER is 432

a region-specific task that requires the model’s 433

pre-trained knowledge, examples in the source lan- 434

guage help the model augment its knowledge base 435

in the specific language. Figure 3, aligns with 436

these findings, depicting a similar trend in the gap 437

between few-shot translation performance using 438

English examples and source-language examples. 439

Interestingly, the figure shows a preference for En- 440

glish examples in the summarization task. Specifi- 441

cally, for high-resource languages, the model per- 442

forms well regardless of the examples’ language. 443
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Figure 4: Person correlation between linguistic syntactic
similarity to English and task performance for GPT,
Mixtral, and Gemini. * p < 0.05, ** p < 0.01.

However, for low-resource languages, English ex-444

amples result in better performance, as the model445

finds it easier to generate text.446

Output Selection Effects Unlike context and ex-447

amples, the output relates to the model’s ability448

to produce coherent and grammatical text. The449

rule association analysis in Table 5 shows that for450

extractive tasks like extractive QA and NER the451

output should be in the source language for all lan-452

guages. However, for generative tasks like sum-453

marization, English output demonstrates higher454

performance. This might be attributed to limita-455

tions in the model’s ability to generate fluent and456

informative text in languages other than English.457

Surprisingly, NER in low-resource languages bene-458

fits from English output, despite context (Source)-459

output (English) mismatch.460

4.5 Factors Explaining Performance461

Pre-Training Data Size Impact Table 3 results462

show that for QA, NER and summarization tasks,463

languages in classes A and B generally achieve464

better results than those in classes C and D in, in-465

dicating that more pre-trained data yields better466

performance. However, notable exceptions exist.467

Hausa and Ewe (Class C/D) achieve better results468

on the NER task compared to Swedish and Chinese469

(Class A/B). Interestingly, this dependence on pre-470

training data volume appears attenuated for the NLI471

task. Here, we observe several Class C/D languages472

outperforming Class A/B languages. This finding473

suggests that NLI tasks might leverage distinct as-474

pects of the model’s learned language representa-475

tion, potentially rendering them less susceptible to476

limitations in pre-training data quantity.477

Linguistic Similarity To English We employed 478

the pre-computed distances from the URIEL 479

dataset (Littell et al., 2017), using phonological 480

and syntactic distances from English. Figure 4 re- 481

veals a strong positive correlation between model 482

performance and syntactic features, particularly for 483

the summarization task, indicating that syntactic 484

similarity to English significantly enhances perfor- 485

mance in this task. Also, NER exhibits significant 486

correlations, which suggests that models can bet- 487

ter identify and classify entities in texts when they 488

share syntactic features with English. 489

5 The Impact of Translation Quality on 490

Pre-Translation 491

We aim to provide the factors influencing transla- 492

tion quality and its impact on performance. Under- 493

standing these factors is essential since translation 494

is a fundamental component in the selective pre- 495

translation approach. 496

5.1 Experimental Setup 497

Models To evaluate the translation quality we 498

used two translator engines: Google Translate API4 499

and Bing Translator API over Azure. 500

Data To evaluate translation quality we focus our 501

experimentation on languages featured in the val- 502

idation set of the FLORES-200 (Guzmán et al., 503

2019) benchmark, which offers extensive support 504

for numerous low-resource languages. Specifi- 505

cally, we selected translation directions from 91 506

languages to English, aligning with the scenario 507

of translating prompts to English. To outline our 508

language selection process, we referenced the lists 509

of supported languages provided by both Google 510

Translate5 and Bing Translator6. Each language 511

subset comprised 997 sentences, along with human 512

translations into English. 513

Evaluation We evaluate translation quality by 514

translating each sentence using both Google and 515

Bing translation engines. The resulting machine 516

translations are then compared to human-generated 517

references. We employed five established metrics: 518

(1) n-gram matching metrics – Meteor (Banerjee 519

and Lavie, 2005), ROUGE (Lin, 2004), and BLEU 520

4We used the open-source library https://pypi.
org/project/easygoogletranslate/.

5https://cloud.google.com/translate/
docs/languages

6https://learn.microsoft.com/en-us/
azure/ai-services/translator
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Figure 5: Scatter plot showing the relationship between syntactic similarity to English and translation performance
for four subsets of languages - High, Medium, Low, and Extremely Low. The upward Trend is represented by a
positive linear regression.

(Papineni et al., 2002), and (2) neural network-521

based evaluation metrics – BertScore (Zhang et al.,522

2019) and Comet (Rei et al., 2020).523

5.2 Results524

Machine Translation Engines Comparison525

Our evaluation demonstrates that Google Trans-526

late consistently yields the highest overall perfor-527

mance compared to Bing Translator for most of528

the chosen languages. On average, Google Trans-529

late achieved a 15% improvement in BLEU score530

over Bing Translator when evaluated across 70531

languages, highlighting it’s superior performance.532

Consequently, we chose Google Translate as our533

main machine translation engine. Appendix C pro-534

vides additional analysis and a full breakdown of535

the comparative findings.536

Pre-Trained Data Size Impact To determine the537

impact of the size of a language in the pre-trained538

data, we used the data ratio of the language in the539

GPT-3 unlabeled pre-training data. We found no540

significant correlation between a language’s token541

proportion and its translation quality. Subsequently,542

we analyzed the influence of linguistic similarity543

to English on translation quality. We employed the544

pre-computed distances from the URIEL dataset545

(Littell et al., 2017) which is based on typological546

information. We calculated the correlation between547

the linguistic similarity scores (genetic, geograph-548

ical, inventory, phonology, and syntactic) and the549

corresponding translation scores for each subset of550

resource languages. Figure 5 visualizes the rela-551

tionship between a language’s syntactic similarity552

to English and translation performance, measured553

by ROUGE-1. It reveals a significant positive corre-554

lation (coefficient=0.33, p-value=0.01), indicating555

that higher syntactic similarity to English corre-556

sponds with better translation quality, particularly557

for high-resource languages (coefficient=0.73, p-558

value=0.004). Appendix C provides the full results559

of the correlation.560

Translation Quality Impact On Downstream 561

Tasks To investigate this question, we utilized 562

the XQuAD dataset for the QA task, which in- 563

cludes parallel splits for English and multiple other 564

languages. Each language subset consisted of 200 565

sentences. For each sentence, we calculated the 566

translation score by translating the context into En- 567

glish and then computed the F1 score. Our anal- 568

ysis revealed a weak positive Pearson correlation 569

of 0.233 (p-value<0.001) for the GPT-3.5 Turbo 570

model. However, further research is needed to vali- 571

date these findings on additional datasets and tasks. 572

6 Conclusion 573

This research conducts a comprehensive assess- 574

ment of translation-based prompting strategies in 575

multilingual LLMs across 4 tasks, 6 datasets, 3, 576

models, and 35 distinct languages. These tasks in- 577

clude traditional NLP challenges as well as genera- 578

tive and region-related tasks. Our evaluation is the 579

first to assess all existing prompting configurations 580

for translation systematically. We demonstrate that 581

selective pre-translation prompts consistently sup- 582

press both pre-translation of the entire prompt and 583

diret-inference - all in source approach, establish- 584

ing the effectiveness of selective pre-translation in 585

both high and low resource languages. Addition- 586

ally, we found various factors, including the type of 587

task, size and family of pre-trained data, language 588

similarity to English, and translation quality impact 589

the model performance. We hope that the practical 590

guidance we provide will assist people in effec- 591

tively prompting LLMs in multilingual scenarios. 592

Limitations 593

This study aims to systematically assess the ef- 594

fectiveness of various prompting strategies across 595

different tasks and LLMs. Due to limitations in 596

computer resources, it was not possible to evaluate 597

more advanced models such as GPT-4. However, 598

we endeavored to cover several LLMs represent- 599
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ing different architectures. In our evaluation, we600

attempted to influence the output by instructing601

the model to generate in a specific language. We602

acknowledge that sometimes the model may not fol-603

low our instructions and produce output in another604

language, which could affect the results. Appendix605

B provides error analysis on the different problems606

we dealt with. Metrics based on n-gram matching,607

such as ROUGE (Lin, 2004), are commonly used608

for evaluating summarization quality in English.609

However, these metrics can be problematic when610

applied to morphologically rich languages (MRL)611

such as Persian, which have more flexible word612

order compared to English. Additionally, their mor-613

phological richness means that the same concept614

can be expressed in multiple ways due to variations615

in prefixes, suffixes, and root conjugations.616
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A Modular Multilingual Translation 912

Prompting Approach 913

A.1 Experimental Setup 914

Models To query GPT-3.5-turbo (0125), we used 915

the Azure platform via the API7. For Mixtral-8x7B- 916

287 Instruct-v0.1, we utilized the API platform pro- 917

vided by Together.ai8. Lastly, for Gemini-1.0-pro, 918

we accessed the API through Google AI Studio9. 919

7https://learn.microsoft.com/en-us/
azure/ai-services/openai/concepts/models

8https://www.together.ai/
9https://aistudio.google.com
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Task Model Output Expected Output Explnation Phenoenen

NER

[ ’LOC:新北市’, ’LOC:平溪’ ] [(LOC, ’新北市’,), (LOC, ’平溪’,)] List of strings, instead of list of tuples. Format Inconsistency
[PER: Hiei]\n- [PER: Hinata]\n [’PER’, ’Hiei’), (’PER’, ’Hinata’)] New line between each entity. Format Inconsistency
Ner Tags: [’PER: LL Cool J’] [(PER: LL Cool J)] Redundant words in the beginning. Extraneous information
[] (No entities found in the sentence) [] Redundant words in the end. Extraneous information
Since the last sentence is in English, I will provide the NER tags in English as well [(PER:ДавидIVГрузиски)] Refusing to output in the desired language. Unwarranted Refusal

QA
[The united states] The united states List of string instead of a string. Format Inconsistency
The question cannot be answered as the answer is not provided in the given context [Luke Kuechly] Insufficent information Unwarranted Refusal

NLI
The second statement neutral because it does not provide any information that contradicts neutral Unnecessary justification for the choice. Extraneous information
vinculación entailment Spanish word for entailment instead of English. Wrong Language

Summarization Resumo: O ministro de Emergências da Rússia, Sergei Shoigu ... O ministro de Emergências da Rússia, Sergei Shoigu ...
Redundant words (’Resumo’ - Summary in Portuguese)
in the beginning.

Extraneous information

Table 6: Error analysis of unexpected model outputs and observed in various tasks/languages.

Figure 6: Percentage of improvement over pre-translation configuration, when using the highest configuration for
each languages/task For GPT-3.5-Turbo. The bars are color-coded based on the norm of the log of the number of
tokens in the pre-trained data of GPT-3, as elaborated in Table 7

Prompt Creation For constructing the prompts920

we used the LangChain library10 which enables us921

to build and validate prompts dynamically for both922

zero-shot and few-shot templates. For creating the923

instructions, we initially used ChatGPT to generate924

them and then fine-tuned them based on quality925

analysis from our experiments.926

Python Libraries In Use For evaluation of927

the different models, we used the most common928

ROUGE package for non-English papers11. for929

loading and processing the data, we used NumPy12930

For help with writing the code, we used assistance931

from ChatGPT.932

Normalization And Formatting Before evalua-933

tion, we normalized the model’s output, with each934

task having its unique normalization process. For935

the QA task, for instance, we converted the text to936

lowercase and removed punctuation, articles, and937

extra whitespace. In the Summarization task, we938

removed prefixes like "The Summary:". For the939

NER task, we converted the model’s output into a940

list of tuples, with each tuple in the format (Tag, En-941

tity). After the normalization phase, we conducted942

further formatting if necessary. For example, in943

the NER task, we transformed the normalized out-944

put into a list in the BIOSE format. This involved945

identifying the entities in the original sentence and946

converting each entity prediction to its correct for-947

mat based on its position (e.g., B-ORG for the first948

10https://pypi.org/project/langchain/
11https://github.com/csebuetnlp/xl-sum/

tree/master/multilingual_rouge_scoring
12https://pypi.org/project/numpy/

entity tagged as ’ORG’). 949

A.2 Methods 950

A.2.1 Rule Association 951

Rule association Association rule mining, one of 952

the most important and well-researched techniques 953

of data mining, was first introduced by Agrawal 954

et al. (1993). It aims to extract interesting corre- 955

lations, frequent patterns, associations, or casual 956

structures among sets of items in the transaction 957

databases or other data repositories. 958

Apriori algorithm The Apriori algorithm is a 959

popular approach for mining association rules. It 960

works by identifying frequent itemsets, which are 961

groups of items that appear together in a dataset 962

with a frequency above a specified threshold. The 963

algorithm then generates association rules from 964

these frequent itemsets, highlighting the likelihood 965

of one item being present given the presence of an- 966

other item. Apriori uses a bottom-up approach, 967

gradually building larger itemsets from smaller 968

ones while pruning those that do not meet the min- 969

imum support threshold. 970

In our analysis, we reported the following mea- 971

sures: (i) Support: s(X) = σ(X)
N , where σ(X) is 972

the number of transactions in which X appears and 973

N is the total number of transactions. 974

(ii) Confidence: c(X → Y ) = σ(X∪Y )
σ(X) , mea- 975

sures the probability of occurrence of itemset Y 976

with itemset X . 977

(iii) Lift: lift(X → Y ) = c(X→Y )
s(Y ) , measures 978

how much more likely itemset Y is to occur when 979

itemset X is present compared to when X is absent. 980

12
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Figure 7: Percentage improvement over pre-translation approach, when using the highest configuration for each
task For GPT-3.5-Turbo. The bars are color-coded based on the language family script.

(a) QA (b) NER (c) NLI (d) Summarization

Figure 8: Few-Shot and Zero-Shot Performance Gap (Few-Shot - Zero-Shot) for each task/language.

Implementation Details To implement the Rule981

Association algorithm, we created a DataFrame982

for each task’s results using pandas DataFrames13.983

Each DataFrame contains the results for all the con-984

figurations for every language. Subsequently, we985

binned each score column into three bins - high,986

medium, and low, based on the 30th and 60th per-987

centiles. Later, we merged all the data frames based988

on the configuration name. Then we used the apri-989

ori algorithm from the efficient-apriori14 library,990

which produces two outputs - itemsets and rules.991

Later, we filtered weak rules (support > 0.05 &992

confidence > 0.75).993

A.3 Prompting994

Question Answering Answer the following995

<Question> based only on the given <Context>.996

Follow these instructions:997

• Include only words from the given context in998

your answer.999

• Keep the answer as short as possible.1000

• Provide the answer in expected output lan-1001

guage.1002

Named Entity Recognition You are an NLP as-1003

sistant whose purpose is to perform Named Entity1004

13https://pypi.org/project/pandas/
14https://pypi.org/project/

efficient-apriori/

Recognition (NER). You need to assign each entity 1005

a tag from the following: 1006

1. PER means a person. 1007

2. ORG means an organization. 1008

3. LOC means a location entity. 1009

The output should be a list of tuples in the format: 1010

[(Tag,Entity), (Tag,Entity)] 1011

for each entity in the sentence. The entities should 1012

be in the expected output language. 1013

Summarization Write a summary of the given 1014

<Text> The output should be in expected output 1015

language. The output must be up to 2 sentences 1016

maximum. 1017

Natural Language Inference You are an NLP 1018

assistant whose purpose is to solve Natural Lan- 1019

guage Inference (NLI) problems. NLI is the task 1020

of determining the inference relation between two 1021

texts: entailment, contradiction, or neutral. Your 1022

answer should be one word from the following: 1023

entailment, contradiction, or neutral. 1024

A.4 Results 1025

A.4.1 The Optimal Configuration 1026

Use of Examples Figure 8 demonstrates that for 1027

all tasks, using a few-shot setting over a zero-shot 1028

13
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https://pypi.org/project/efficient-apriori/
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(a) QA (b) NER (c) Summarization

Figure 9: Output Performance Gap (English - Source) for each task/language

Language Lang Code Number of Tokens (M) Percentage of Tokens Class

English en 181,015 92.64% A+

French fr 3,553 1.81853% A
German de 2,871 1.46937% A
Spanish es 1,510 0.77289% A
Italian it 1,188 0.60793% A

Portuguese po 1,025 0.52483% A
Russian ru 368 0.18843% A

Romanian ro 308 0.15773% A
Swedish sv 221 0.11307% A
Japanese ja 217 0.11109% A

Chinese zh 194 0.09905% B
Indonesian id 117 0.05985% B

Turkish tr 116 0.05944% B
Vietnamese vi 83 0.04252% B

Greek el 62 0.03153% B
Arabic ar 61 0.03114% B
Serbian sr 53 0.02706% B
Korean ko 33 0.01697% B
Slovak sk 28 0.01431% B
Thai th 27 0.01372% B

Slovenian sl 26 0.01333% B

Persian fa 17 0.00856% C
Hebrew he 15 0.00769% C
Hindi hi 9 0.00483% C

Bulgarian bg 6 0.00303% C
Bengali bn 3 0.00154% C

Malayalam ml 3 0.00165% C
Azerbaijani az 2 0.00128% C

Telugu te 2 0.00084% C
Uzbek uz 1.5 0.00075% C
Nepali ne 1.1 0.00057% C
Urdu ur 0.7 0.00035% C

Swahili sw 0.6 0.00030% C

Assamese as 0 0.00000% D
Bambara bam 0 0.00000% D

Ewe ee 0 0.00000% D
Hausa hau 0 0.00000% D
Yoruba yor 0 0.00000% D

Table 7: List of languages, language codes, number
of tokens in pre-trained GPT-3 data, data ratios. The
languages are grouped into four classes based on their
data ratios in the GPT-3 pre-trained data: High Resource
(H > 0.1%), Medium Resource (M > 0.01%), and Low
Resource (L < 0.01%), and extremely low resource for
unrepresented languages.

setting yields better results. Interestingly, For all1029

tasks, except for NLI, high-resource languages1030

achieved better improvement when considering a1031

few-shot setting over low-resource languages.1032

Model QA NER Summarizatin
GPT 56 60 96
Mixtral 60 61 78
Gemini 63 61 96

Table 8: Percentage of success of expected output lan-
guages for each model/task

Output Selection Effects Figure 9 demonstrates 1033

that while in extractive QA the output should be 1034

in the source language, and in the summarization 1035

task, the output should be in English; in NER, the 1036

output is ambiguous. 1037

A.4.2 Factors Explaining Performance 1038

Language Family Impact Figure 7 presents the 1039

performance improvement achieved by the highest- 1040

performing prompt configuration among all config- 1041

urations compared to the pre-translation prompt, 1042

for each language. Notably, the language fam- 1043

ily (as categorized by scripts) reveals a relatively 1044

even distribution of performance gains within the 1045

same language family. For example, languages us- 1046

ing the Cyrillic script show greater improvement 1047

than those using the Latin script. Interestingly, lan- 1048

guages in the same script family sometimes show 1049

varying results; for example, Spanish and Ewe be- 1050

long have Latin script, but Ewe shows greater im- 1051

provement over Spanish. 1052

A.4.3 Detailed Results 1053

The results across all tasks, languages and models 1054

are included in our benchmarking exercise are pro- 1055

vided in Table 11 (for XQuAD), 12 (for indciQA), 1056

14 (for WikiANN), 15 (for MasakhNER), 16 (for 1057

XL-Sum), 13 (for XNLI). The result of the corre- 1058

lation for Gemini are included in Table 17 and for 1059

Mixtral in Table 18. 1060

14



Group Pearson Correlation P-value
High Resource 0.73 0.05
Medium Resource 0.48 0.07
Low Resource 0.06 0.78
Extremly Low Resource -0.34 0.30

Table 9: Correlation between syntactic similarity to
English and the ROUGE score (by language subset).

B Error Analysis1061

B.1 Format Issues1062

Automatic evaluation requires consistent output1063

formatting, especially in tasks like Named Entity1064

Recognition (NER), which must adhere to a pre-1065

defined format rather than free text. A common1066

practice involves prompting the model to gener-1067

ate results in a specific format, such as a list of1068

tuples representing entities and their types (e.g.,1069

(Loc,NewY orkCity). However, achieving per-1070

fect consistency can be challenging. Models may1071

not always adhere to the requested format, leading1072

to difficulties in evaluation.1073

Qualitative Analysis We analyzed unexpected1074

model outputs in various tasks and languages. For1075

each task, we noted common phenomena observed1076

and the expected model output. The results in Ta-1077

ble 6 reveal that for the NER task, due to its rigid1078

format, the model exhibited many error types. The1079

models showed phenomena such as format incon-1080

sistency and extraneous introduction, which require1081

a more generative normalization method to handle.1082

An interesting phenomenon that made our modular1083

selective pre-translating approach difficult to im-1084

plement is unwarranted refusal, where the model1085

refuses to output in the required language.1086

B.2 Incorrect Output Language1087

Table 8 summarizes the percentage of accurately1088

outputted language for all tasks (except NLI) across1089

all models. The results reveal that in extractive1090

tasks such as extractive QA and NER, where the1091

output overlaps with the context, the model strug-1092

gles the most to output in the desired language.1093

However, in abstractive summarization, a genera-1094

tion task, the model had better success.1095

C The Effect of Translation Quality1096

Machine Translation Engines Comparison1097

The results in Table 10 and Figure 10 demon-1098

strate that Google Translate API outperformed1099

Bing Translator in all the evaluated metrics, high-1100

lighting its high performance. Interestingly, the 1101

languages that achieved the highest scores are 1102

Welsh and Maltese which are both considered low- 1103

resource languages. 1104

Linguistic Similarity To English The results in 1105

Table 9 demonstrate the correlation between the 1106

syntactic similarity to English of the language and 1107

the ROUGE translation score of the language. The 1108

results show that the most significant correlation 1109

was observed in languages belonging to the high- 1110

resource category, and this correlation decreases as 1111

the class of the language becomes low-resource. 1112

15



Google Translate API Bing Translator
Language ROUGE Meteor BLEU ROUGE Meteor BLEU
Welsh 0.86 0.86 0.63 0.85 0.85 0.61
Maltese 0.84 0.83 0.59 0.83 0.82 0.56
Danish 0.81 0.79 0.51 0.81 0.79 0.49
Swedish 0.81 0.80 0.51 0.80 0.79 0.51
Portuguese 0.81 0.79 0.52 0.80 0.78 0.50
Catalan 0.80 0.79 0.49 0.78 0.77 0.45
Spanish 0.79 0.64 0.30 0.69 0.64 0.30
Serbian 0.79 0.77 0.48 0.03 0.07 0.01
Bulgarian 0.79 0.77 0.45 0.75 0.72 0.37
French 0.79 0.77 0.48 0.78 0.76 0.48
Nepali (macrolanguage) 0.79 0.78 0.46 0.74 0.72 0.38
Macedonian 0.78 0.77 0.46 0.72 0.70 0.35
Swahili (macrolanguage) 0.78 0.79 0.51 0.74 0.74 0.43
Hebrew 0.78 0.77 0.47 0.76 0.75 0.44
German 0.78 0.76 0.46 0.79 0.76 0.46
Indonesian 0.78 0.77 0.46 0.78 0.77 0.44
Romanian 0.78 0.76 0.45 0.77 0.75 0.43
Panjabi 0.78 0.77 0.46 0.74 0.72 0.4
Bosnian 0.78 0.76 0.45 0.75 0.73 0.39
Hindi 0.78 0.76 0.45 0.76 0.74 0.41
Turkish 0.77 0.75 0.43 0.76 0.73 0.41
Armenian 0.77 0.75 0.43 0.68 0.65 0.28
Irish 0.77 0.76 0.47 0.76 0.74 0.42
Gujarati 0.77 0.76 0.44 0.73 0.69 0.35
Telugu 0.77 0.76 0.44 0.73 0.71 0.38
Slovak 0.76 0.74 0.42 0.75 0.72 0.40
Italian 0.76 0.68 0.34 0.72 0.68 0.34
Galician 0.76 0.74 0.43 0.74 0.71 0.39
Estonian 0.76 0.74 0.41 0.74 0.71 0.37
Czech 0.76 0.74 0.42 0.76 0.73 0.4
Marathi 0.76 0.74 0.41 0.72 0.69 0.35
Uzbek 0.75 0.74 0.39 0.67 0.63 0.28
Urdu 0.75 0.72 0.39 0.71 0.68 0.33
Ukrainian 0.75 0.73 0.41 0.74 0.72 0.4
Malayalam 0.75 0.73 0.4 0.71 0.68 0.34
Sinhala 0.75 0.73 0.39 0.69 0.66 0.32
Bengali 0.74 0.73 0.39 0.74 0.70 0.36
Croatian 0.74 0.72 0.39 0.73 0.70 0.36
Lao 0.74 0.73 0.39 0.69 0.66 0.30
Haitian 0.74 0.73 0.41 0.67 0.65 0.30
Hungarian 0.74 0.72 0.38 0.74 0.71 0.37
Kazakh 0.73 0.72 0.38 0.67 0.62 0.27
Russian 0.73 0.70 0.38 0.72 0.69 0.36
Vietnamese 0.73 0.72 0.39 0.72 0.71 0.36
Slovenian 0.73 0.71 0.38 0.69 0.67 0.32
Zulu 0.73 0.74 0.43 0.65 0.65 0.32
Tamil 0.73 0.71 0.37 0.70 0.68 0.33
Finnish 0.73 0.70 0.36 0.72 0.68 0.33
Kannada 0.72 0.71 0.37 0.71 0.68 0.33
Lithuanian 0.72 0.70 0.36 0.68 0.63 0.28
Icelandic 0.72 0.70 0.37 0.72 0.7 0.36
Southern Sotho 0.72 0.71 0.40 0.62 0.6 0.27
Korean 0.71 0.68 0.32 0.69 0.66 0.31
Basque 0.71 0.68 0.34 0.67 0.63 0.27
Thai 0.71 0.66 0.3 0.69 0.65 0.28
Chinese 0.70 0.67 0.31 0.68 0.64 0.29
Georgian 0.70 0.66 0.31 0.64 0.58 0.21
Xhosa 0.70 0.70 0.38 0.63 0.63 0.28
Dutch 0.70 0.66 0.31 0.72 0.67 0.34
Japanese 0.69 0.66 0.30 0.69 0.65 0.29
Polish 0.69 0.65 0.30 0.68 0.64 0.29
Burmese 0.69 0.65 0.30 0.63 0.58 0.22
Khmer 0.68 0.65 0.30 0.64 0.59 0.23
Kinyarwanda 0.68 0.67 0.34 0.61 0.6 0.23
Samoan 0.67 0.65 0.33 0.62 0.59 0.26
Somali 0.66 0.66 0.32 0.59 0.57 0.22
Faroese 0.62 0.60 0.28 0.65 0.62 0.28
Lingala 0.60 0.59 0.24 0.60 0.58 0.23
Azerbaijani 0.31 0.29 0.05 0.11 0.10 0.00
Fijian 0.16 0.16 0.02 0.51 0.47 0.12

Table 10: Comparsion between Google Translate API
and Bing Translator.
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Configuration Arabic German Greek Romanian Russian Vietnamese
P I C O gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral
S S Z E 0.27 0.46 0.06 0.56 0.72 0.62 0.34 0.17 0.13 0.55 0.58 0.41 0.21 0.18 0.19 0.59 0.6 0.23
E S Z E 0.28 0.12 0.05 0.56 0.48 0.49 0.34 0.19 0.16 0.56 0.62 0.31 0.21 0.20 0.20 0.55 0.13 0.26
S S S E 0.78 0.53 0.33 0.76 0.67 0.58 0.50 0.54 0.53 0.45 0.64 0.48 0.57 0.69 0.26 0.67 0.55 0.44
E E E S 0.36 0.28 0.10 0.62 0.85 0.35 0.43 0.47 0.20 0.61 0.54 0.41 0.39 0.26 0.14 0.52 0.45 0.30
S E S E 0.84 0.72 0.30 0.73 0.65 0.46 0.74 0.65 0.37 0.54 0.67 0.51 0.74 0.61 0.33 0.72 0.58 0.47
E S S S 0.62 0.19 0.37 0.71 0.50 0.43 0.61 0.38 0.30 0.68 0.51 0.37 0.47 0.34 0.14 0.62 0.48 0.44
E S Z S 0.48 0.29 0.24 0.68 0.39 0.43 0.40 0.17 0.14 0.67 0.63 0.26 0.35 0.16 0.12 0.57 0.58 0.28
S S S S 0.80 0.54 0.40 0.76 0.64 0.36 0.71 0.54 0.52 0.51 0.61 0.51 0.75 0.61 0.47 0.72 0.67 0.54
E S E S 0.51 0.24 0.06 0.68 0.51 0.54 0.44 0.38 0.22 0.65 0.50 0.37 0.34 0.19 0.16 0.61 0.46 0.38
S S Z S 0.74 0.40 0.28 0.70 0.72 0.65 0.67 0.69 0.32 0.73 0.69 0.45 0.67 0.65 0.42 0.75 0.73 0.36
E E S S 0.52 0.28 0.16 0.68 0.50 0.38 0.49 0.39 0.26 0.68 0.50 0.41 0.47 0.29 0.24 0.62 0.43 0.32
E S E E 0.26 0.25 0.07 0.58 0.50 0.49 0.42 0.27 0.16 0.40 0.50 0.43 0.23 0.26 0.17 0.58 0.49 0.36
E E Z E 0.27 0.16 0.07 0.54 0.50 0.37 0.34 0.20 0.26 0.52 N.A 0.31 0.23 0.22 0.10 0.49 0.33 0.30
S E Z E 0.55 0.48 0.15 0.61 0.62 0.61 0.56 0.38 0.50 0.62 0.66 0.50 0.48 0.46 0.23 0.67 0.66 0.35
S E Z S 0.62 0.49 0.13 0.61 0.62 0.61 0.61 0.26 0.49 0.65 N.A 0.41 0.58 0.58 0.33 0.60 0.58 0.40
S S E E 0.27 0.39 0.05 0.65 0.57 0.46 0.43 0.40 0.15 0.58 0.55 0.37 0.26 0.35 0.15 0.61 0.59 0.34
E E Z S 0.38 0.13 0.11 0.57 0.56 0.48 0.40 0.31 0.26 0.54 N.A 0.29 0.40 0.20 0.16 0.54 0.31 0.29
E S S E 0.31 0.23 0.13 0.67 0.48 0.51 0.43 0.27 0.36 0.66 0.51 0.29 0.29 0.25 0.18 0.57 0.47 0.41
S S E S 0.74 0.58 0.26 0.68 0.65 0.51 0.70 0.57 0.46 0.51 0.64 0.5 0.72 0.66 0.4 0.74 0.65 0.43
S E S S 0.72 0.74 0.39 0.70 0.64 0.43 0.57 0.55 0.49 0.45 0.67 0.55 0.63 0.62 0.43 0.66 0.58 0.52
E E E E 0.23 0.17 0.06 0.60 0.78 0.47 0.39 0.67 0.19 0.58 0.63 0.43 0.22 0.17 0.18 0.56 0.46 0.40
S E E E 0.77 0.58 0.09 0.71 0.57 0.37 0.57 0.53 0.23 0.46 0.59 0.46 0.39 0.42 0.13 0.63 0.51 0.42
E E S E 0.32 0.22 0.16 0.65 0.51 0.42 0.40 0.35 0.2 0.64 0.49 0.41 0.30 0.18 0.34 0.59 0.47 0.4
S E E S 0.65 0.71 0.30 0.66 0.66 0.35 0.62 0.66 0.43 0.46 0.66 0.49 0.65 0.59 0.36 0.68 0.58 0.28

Table 11: Comparing performance of different models on all languages in XQuAD. Metric: F1 Score.

Configuration Assamese Bengali Hindi Malayalam Telugu
P I C O gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral
S S Z E 0.2 0.43 0.00 0.16 0.48 0.02 0.26 0.22 0.19 0.19 0.25 0.03 0.29 0.15 0.13
E S Z E 0.15 0.03 0.00 0.11 0.03 0.02 0.21 0.30 0.12 0.13 0.13 0.14 0.12 0.10 0.10
S S S E 0.59 0.35 0.10 0.65 0.52 0.28 0.74 0.68 0.37 0.46 0.36 0.04 0.53 0.23 0.19
E E E S 0.25 0.00 0.01 0.25 0.10 0.02 0.53 0.26 0.19 0.02 0.06 0.07 0.27 0.14 0.09
S E S E 0.69 0.51 0.70 0.71 0.67 0.44 0.80 0.79 0.62 0.47 0.41 0.32 0.46 0.53 0.39
E S S S 0.2 0.00 0.01 0.08 0.02 0.18 0.50 0.5 0.34 0.12 0.06 0.11 0.16 0.12 0.14
E S Z S 0.39 0.10 0.01 0.35 0.03 0.08 0.55 0.23 0.17 0.12 0.10 0.03 0.19 0.1 0.08
S S S S 0.69 0.32 0.10 0.65 0.57 0.51 0.74 0.74 0.45 0.52 0.33 0.06 0.60 0.34 0.55
E S E S 0.32 0.00 0.00 0.27 0.03 0.02 0.55 0.30 0.22 0.02 0.17 0.08 0.15 0.04 0.11
S S Z S 0.69 0.23 0.07 0.64 0.47 0.39 0.72 0.62 0.42 0.60 0.24 0.09 0.53 0.16 0.15
E E S S 0.28 0.09 0.12 0.24 0.18 0.17 0.48 0.35 0.29 0.04 0.15 0.08 0.18 0.14 0.13
E S E E 0.11 0.13 0.00 0.08 0.03 0.02 0.29 0.32 0.18 0.05 0.08 0.04 0.09 0.09 0.07
E E Z E 0.17 0.01 0.00 0.14 0.03 0.02 0.23 0.30 0.24 0.15 0.10 0.11 0.15 0.17 0.12
S E Z E 0.54 0.37 0.07 0.64 0.43 0.15 0.44 0.64 0.68 0.48 0.2 0.42 0.59 0.4 0.16
S E Z S 0.71 0.46 0.29 0.60 0.68 0.40 0.60 0.71 0.72 0.13 0.48 0.39 0.60 0.45 0.27
S S E E 0.14 0.33 0.01 0.22 0.51 0.05 0.45 0.71 0.15 0.09 0.32 0.01 0.24 0.29 0.22
E E Z S 0.24 0.05 0.01 0.33 0.17 0.07 0.40 0.31 0.19 0.02 0.07 0.06 0.26 0.16 0.1
E S S E 0.1 0.00 0.00 0.10 0.01 0.02 0.33 0.25 0.26 0.06 0.10 0.13 0.09 0.10 0.02
S S E S 0.72 0.44 0.02 0.66 0.51 0.27 0.78 0.76 0.28 0.63 0.42 0.01 0.53 0.28 0.06
S E S S 0.64 0.56 0.64 0.60 0.66 0.53 0.80 0.82 0.60 0.20 0.49 0.31 0.65 0.46 0.34
E E E E 0.15 0.00 0.00 0.11 0.04 0.01 0.24 0.29 0.20 0.05 0.05 0.12 0.11 0.08 0.11
S E E E 0.19 0.33 0.05 0.28 0.22 0.11 0.47 0.32 0.25 0.07 0.07 0.14 0.25 0.21 0.17
E E S E 0.09 0.01 0.01 0.11 0.04 0.04 0.31 0.24 0.31 0.07 0.08 0.08 0.10 0.12 0.12
S E E S 0.68 0.44 0.24 0.57 0.57 0.37 0.74 0.76 0.43 0.02 0.3 0.29 0.55 0.34 0.31

Table 12: Comparing performance of different models on all languages in IndicQA. Metric: F1 Score.
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Configuration Arabic Chinese Greek Hindi Spanish Swahili Thai Turkish Urdu Bulgarian
P I C gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral
E S E 0.72 0.68 0.51 0.63 0.58 0.55 0.75 0.53 0.61 0.59 0.49 0.59 0.56 0.32 0.65 0.54 0.54 0.52 0.71 0.33 0.45 0.45 0.0 0.66 0.52 0.41 0.49 0.54 0.46
S S E 0.65 0.67 0.54 0.62 0.63 0.52 0.66 0.59 0.54 1.00 0.46 0.6 0.64 0.52 0.62 0.64 0.59 0.52 0.56 1.0 0.47 0.42 0.5 N.A 0.52 N.A 0.52 0.54 0.44
S E Z 0.62 0.55 0.54 0.71 0.52 0.56 0.57 0.61 0.64 0.56 0.58 0.56 0.53 0.39 0.80 0.62 0.63 0.57 0.52 0.36 0.62 0.36 0.38 0.64 0.53 0.48 0.5 0.47 0.39
S E E 0.61 0.62 0.52 0.59 0.6 0.45 0.75 0.54 0.78 0.59 0.59 0.6 0.58 0.43 0.61 0.59 0.6 0.58 0.67 0.79 0.54 0.48 0.41 0.83 0.45 0.39 0.52 0.48 0.37
E E E 0.65 0.66 0.5 0.61 0.6 0.57 0.62 0.58 0.57 0.59 0.54 0.63 0.59 0.42 0.67 0.58 0.62 0.57 0.57 0.38 0.57 0.52 0.34 0.59 0.52 0.45 0.55 0.52 0.4
E S S 0.59 0.61 0.59 0.59 0.6 N.A 0.7 0.58 0.58 0.67 0.43 0.59 0.57 0.33 0.68 0.69 0.69 0.52 0.58 0.0 0.53 0.57 0.5 1.00 0.51 0.0 0.51 0.54 0.47
E E Z 0.75 0.55 N.A 0.59 0.57 0.55 0.68 0.61 0.6 0.68 0.55 0.58 0.51 0.38 0.8 0.53 0.55 0.57 0.54 0.45 0.63 0.41 0.43 0.5 0.55 0.45 0.69 0.46 0.37
S S Z 1.0 0.45 0.51 0.57 0.55 0.44 N.A 0.53 0.57 1.00 0.57 0.53 0.4 0.83 0.68 0.57 0.46 0.49 0.46 0.33 0.48 0.38 0.33 0.54 0.57 0.42 0.71 0.44 0.37
S S S 0.63 0.72 0.55 0.58 0.6 N.A 0.78 0.6 0.64 0.65 0.52 0.62 0.53 0.29 0.77 0.51 0.55 0.61 0.54 0.0 0.51 0.47 0.36 0.52 0.5 N.A 0.52 0.57 0.11
S E S 0.67 0.66 0.54 0.57 0.63 N.A 0.67 0.6 0.61 0.63 0.52 0.6 0.61 0.44 0.76 0.57 0.56 0.59 0.62 0.34 0.58 0.57 0.44 0.43 0.56 0.48 0.51 0.54 0.44
E E S 0.65 0.64 0.56 0.59 0.61 N.A 0.61 0.64 0.67 0.65 0.71 0.62 0.64 0.47 0.43 0.6 0.62 0.62 0.73 0.35 0.54 0.53 0.42 0.50 0.55 0.73 0.54 0.56 0.39
E S Z 0.82 0.0 0.43 0.59 0.58 0.46 0.50 0.53 0.40 0.82 0.63 0.56 0.48 0.53 0.64 0.56 0.46 0.47 0.47 0.4 N.A 0.34 0.48 0.60 0.53 0.52 0.57 0.42 0.36

Table 13: Comparing performance of different models on all languages in XNLI. Metric: Acc Score.

Configuration Chinese French Italian Portuguese Serbian Slovak Swedish
P I C O gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral
E E E E 0.00 0.01 0.23 0.53 0.58 0.15 0.38 0.53 0.23 0.56 0.60 0.41 0.20 0.21 0.00 0.48 0.53 0.19 0.59 0.62 0.41
E E E S 0.00 0.00 0.18 0.37 0.63 0.17 0.31 0.52 0.23 0.55 0.60 0.42 0.22 0.26 0.01 0.48 0.50 0.21 0.59 0.58 0.38
E E S E 0.00 0.01 0.21 0.54 0.6 0.25 0.66 0.66 0.52 0.56 0.58 0.29 0.17 0.18 0.01 0.45 0.51 0.31 0.59 0.59 0.42
E E S S 0.00 0.06 0.22 0.55 0.61 0.00 0.59 0.68 0.48 0.55 0.61 0.38 0.13 0.13 0.02 0.46 0.48 0.24 0.57 0.56 0.21
E E Z E 0.00 0.00 0.22 0.45 0.54 N.A 0.51 0.63 0.49 0.45 0.57 0.34 0.13 0.12 0.02 0.47 0.47 0.28 0.51 0.56 0.32
E E S S 0.00 0.00 0.20 0.44 0.53 0.0 0.44 0.63 0.50 0.43 0.54 0.35 0.09 0.11 0.03 0.38 0.49 0.29 0.44 0.59 0.36
E S E E 0.00 0.00 0.23 0.55 0.60 0.25 0.34 0.48 0.26 0.55 0.60 0.37 0.21 0.22 0.01 0.39 0.50 0.18 0.60 0.60 0.27
E S E S 0.00 0.00 0.28 0.53 0.59 0.21 0.30 0.48 0.26 0.55 0.61 0.40 0.17 0.21 0.01 0.47 0.52 0.30 0.58 0.64 0.26
E S S E 0.01 0.02 0.22 0.42 0.59 0.26 0.65 0.63 0.52 0.58 0.61 0.40 0.14 0.17 0.01 0.46 0.49 0.25 0.57 0.61 0.22
E S S S 0.01 0.03 0.24 0.45 0.59 0.28 0.61 0.67 0.49 0.56 0.60 0.37 0.16 0.16 0.01 0.46 0.36 N.A 0.55 0.55 0.22
E S Z E 0.00 0.00 0.24 0.48 0.55 0.36 0.53 0.64 0.50 0.47 0.55 0.35 0.12 0.12 0.02 0.46 0.48 0.29 0.52 0.56 0.33
E S Z S 0.01 0.00 0.20 0.45 0.55 0.38 0.52 0.62 0.48 0.46 0.53 0.33 0.11 0.12 0.03 0.41 0.50 0.29 0.50 0.57 0.36
S E E E 0.06 0.02 0.09 0.61 0.69 0.32 0.40 0.53 0.33 0.60 0.68 0.49 0.57 0.20 0.05 0.66 0.62 0.26 0.63 0.64 0.14
S E E S 0.11 0.05 0.07 0.68 0.71 0.31 0.36 0.53 0.29 0.64 0.66 0.54 0.68 0.64 0.3 0.61 0.61 0.31 0.60 0.64 0.24
S E S E 0.61 0.61 0.00 0.64 0.72 0.32 0.69 0.74 0.64 0.71 0.69 0.53 0.72 0.75 0.47 0.73 0.71 0.39 0.69 0.67 0.34
S E S S 0.59 0.63 0.00 0.63 0.66 0.35 0.69 0.75 0.62 0.76 0.70 0.48 0.77 0.68 0.46 0.69 0.72 0.54 0.66 0.68 0.35
S E Z E 0.07 0.07 0.02 0.48 0.59 0.48 0.54 0.66 0.56 0.50 0.63 0.48 0.22 0.42 0.25 0.57 0.65 0.49 0.50 0.57 0.37
S E Z S 0.16 0.05 0.00 0.55 0.60 0.48 0.48 0.67 0.57 0.48 0.62 0.48 0.47 0.5 0.32 0.51 0.62 0.45 0.50 0.62 0.39
S S E E 0.17 0.02 0.01 0.64 0.68 0.29 0.38 0.54 0.32 0.66 0.66 0.48 0.53 0.17 0.05 0.67 0.29 0.27 0.61 0.63 0.18
S S E S 0.14 0.02 0.07 0.59 0.68 0.31 0.35 0.59 0.32 0.69 0.65 0.47 0.63 0.61 0.29 0.65 0.38 0.52 0.62 0.63 0.25
S S S E 0.60 0.61 0.00 0.63 0.70 0.45 0.70 0.74 0.59 0.70 0.72 0.51 0.72 0.77 0.45 0.72 0.58 0.40 0.67 0.67 0.53
S S S S 0.58 0.62 0.01 0.64 0.69 0.31 0.69 0.71 0.61 0.68 0.72 0.48 0.77 0.72 0.44 0.69 0.56 0.40 0.65 0.66 0.53
S S Z E 0.12 0.08 0.02 0.57 0.57 0.45 0.57 0.67 0.56 0.51 0.63 0.48 0.28 0.46 0.29 0.55 0.65 0.47 0.54 0.58 0.37
S S Z S 0.13 0.04 0.00 0.49 0.58 0.48 0.55 0.68 0.58 0.48 0.61 0.48 0.42 0.50 0.33 0.52 0.63 0.45 0.53 0.60 0.39

Table 14: Comparing performance of different models on all languages in WikiANN. Metric: F1 Score.

Configuration Bambara Ewe Hausa Yoruba
P I C O gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral
E E E E 0.16 0.18 0.10 0.42 0.47 0.22 0.45 0.24 0.26 0.06 0.09 0.03
E E E S 0.17 0.17 0.07 0.43 0.48 0.23 0.46 0.61 0.31 0.07 0.09 0.05
E E S E 0.15 0.17 0.12 0.44 0.52 0.22 0.45 0.52 0.20 0.07 0.08 0.04
E E S S 0.14 0.15 0.07 0.39 0.5 0.17 0.43 0.39 0.10 0.06 0.08 0.03
E E Z E 0.13 0.09 N.A 0.41 0.44 0.23 0.52 0.59 0.26 0.05 0.08 0.04
E E S S 0.13 0.16 0.06 0.41 0.47 0.21 0.45 0.60 0.29 0.04 0.08 0.03
E S E E 0.16 0.18 0.10 0.44 0.47 0.22 0.48 0.59 0.32 0.07 0.08 0.03
E S E S 0.16 0.18 0.08 0.40 0.47 0.15 0.48 0.58 0.34 0.06 0.08 0.05
E S S E 0.15 0.15 0.06 0.45 0.50 0.28 0.50 0.54 0.22 0.08 0.10 0.05
E S S S 0.11 0.15 0.06 0.39 0.49 0.15 0.45 0.42 0.11 0.06 0.07 0.06
E S Z E 0.15 0.28 0.19 0.40 0.46 0.23 0.54 0.62 0.27 0.08 0.08 0.05
E S Z S 0.17 0.13 0.05 0.38 0.44 0.25 0.47 0.28 0.29 0.06 0.09 0.06
S E E E 0.09 0.24 0.00 0.31 0.47 0.01 0.46 0.43 0.00 0.08 0.20 0.05
S E E S 0.27 0.27 0.06 0.40 0.52 0.04 0.61 0.58 0.10 0.09 0.23 0.10
S E S E 0.28 0.32 0.14 0.56 0.68 0.47 0.56 0.70 0.30 0.26 0.32 0.15
S E S S 0.26 0.32 0.15 0.54 0.66 0.51 0.55 0.70 0.32 0.23 0.29 0.20
S E Z E 0.07 0.09 0.06 0.31 0.39 0.00 0.48 0.70 0.00 0.20 0.20 0.01
S E Z S 0.21 0.20 0.17 0.43 0.42 0.42 0.57 0.69 0.07 0.17 0.26 0.07
S S E E 0.10 0.25 0.00 0.27 0.39 0.00 0.45 0.43 0.00 0.08 0.21 0.04
S S E S 0.23 0.27 0.05 0.40 0.51 0.08 0.54 0.60 0.09 0.13 0.22 0.05
S S S E 0.29 0.33 0.21 0.61 0.67 0.43 0.58 0.67 0.34 0.27 0.30 0.19
S S S S 0.27 0.32 0.21 0.61 0.63 0.45 0.59 0.69 0.41 0.26 0.31 N.A
S S Z E 0.08 0.18 0.00 0.31 0.37 0.00 0.46 0.46 0.01 0.03 0.22 0.03
S S Z S 0.23 0.28 0.04 0.39 0.46 0.06 0.06 0.64 0.05 0.07 0.26 0.07

Table 15: Comparing performance of different models on all languages in MasakhaNER. Metric: F1 Score.
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Configuration Azerbaijani French Japanese Korean Nepali Persian Portuguese Spanish Turkish Uzbek
P I C O gpt mixtral mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral gemini gpt mixtral
E E S E 10.48 6.12 - 19.51 22.94 20.58 16.2 17.14 16.9 6.63 7.03 6.94 10.86 9.69 10.53 13.79 16.77 14.28 14.20 18.22 15.50 13.9 18.41 16.99 13.23 13.21 10.49 6.02 4.02 5.33
S S S S 11.0 1.07 - 15.75 21.06 19.67 18.86 18.87 16.45 4.96 7.67 6.11 7.22 11.22 9.70 13.29 16.86 12.31 16.25 17.46 15.98 13.47 17.72 16.73 7.93 14.04 9.90 0.0 3.93 5.40
S S S E 11.51 5.34 - 18.27 22.13 19.79 12.52 18.26 15.12 3.40 5.16 6.10 0.00 7.44 8.27 30.15 15.76 13.49 13.79 18.79 16.60 13.57 18.64 16.60 9.38 16.09 9.71 3.93 4.33 4.74
S E E S 10.16 9.38 15.63 18.88 20.42 19.83 17.53 15.67 5.80 8.20 7.90 6.33 10.29 8.24 14.07 16.72 13.81 14.38 17.15 15.93 14.31 17.61 17.09 8.99 12.51 10.54 2.5 4.53 5.39
E E S S 11.13 - 21.61 20.98 20.04 21.98 21.49 16.85 10.64 7.72 8.55 11.46 10.86 10.64 17.68 17.81 17.71 18.32 17.56 17.83 18.15 17.93 17.64 14.23 15.22 12.95 2.75 6.75 9.41
S E Z E 11.31 9.92 - 22.08 22.11 20.72 20.58 18.89 16.41 9.23 8.89 6.54 0.00 12.44 7.21 14.14 18.78 14.44 18.19 18.25 16.87 17.90 18.32 17.97 13.34 15.4 13.21 10.40 6.39 5.61
E E Z E 9.89 10.32 - 16.92 21.51 17.96 15.26 17.79 18.39 5.06 7.41 8.32 9.89 8.3 9.12 14.43 15.04 14.71 15.64 16.73 15.09 14.05 18.04 17.37 9.52 11.99 11.04 10.23 6.19 5.87
S E S E 9.85 7.43 - 17.19 21.75 19.12 16.18 18.32 17.87 5.25 7.76 3.24 9.03 10.24 8.4 12.65 18.3 N.A 14.46 18.24 15.51 9.49 17.94 16.87 13.39 14.12 N.A 4.33 7.03 4.51
E S Z S 12.26 10.42 - 21.77 21.64 20.09 20.62 18.93 18.52 8.77 8.71 8.29 13.98 11.74 11.51 17.93 18.04 17.31 18.51 16.94 16.26 17.66 17.02 17.49 14.0 14.75 13.1 5.66 8.03 8.41
S S Z S 10.44 7.49 - 21.34 21.6 19.87 19.62 17.69 13.92 8.10 7.29 6.32 7.09 11.62 7.04 0.0 16.45 15.16 16.03 16.78 16.98 16.96 17.59 18.54 12.83 14.38 10.72 7.84 7.88 6.85
E S E E 9.32 6.62 - 18.8 20.69 20.58 12.51 18.24 15.09 3.82 7.21 7.66 8.04 9.09 9.51 16.31 0.0 16.00 13.64 17.68 16.63 12.79 16.99 18.38 7.85 13.02 9.87 5.11 9.93 4.13
S E Z S 10.79 5.35 - 19.68 21.2 19.91 20.54 17.99 19.71 6.52 8.55 7.37 10.53 11.31 11.34 13.47 18.61 15.42 16.52 17.35 16.06 15.50 18.27 17.05 9.97 14.75 10.52 4.58 8.27 6.38
E S E S 9.79 8.11 - 17.99 21.21 15.85 10.75 19.69 17.98 3.17 8.55 2.67 8.98 10.71 8.15 14.61 17.29 13.88 15.09 17.39 17.99 14.41 18.86 17.41 9.61 13.74 7.96 3.44 8.06 5.66
E E E S 12.44 10.9 - 23.06 21.66 28.57 20.81 19.47 19.64 9.79 7.88 9.04 12.61 11.08 12.33 17.49 18.49 18.43 17.29 16.97 16.59 16.96 17.33 17.77 14.53 15.07 13.83 0.00 9.2 9.68
S E E E 11.16 11.54 - 19.67 20.64 21.02 15.06 19.51 19.3 6.52 8.95 7.85 9.19 10.97 12.07 12.77 18.32 16.80 14.75 16.32 15.86 14.68 17.19 16.38 8.98 13.5 12.52 6.46 10.14 9.18
S S Z E 10.48 - 21.58 21.82 19.82 20.97 21.12 19.41 9.35 8.96 8.16 13.05 12.69 12.28 17.19 19.66 17.51 17.69 18.78 15.83 17.02 17.44 16.67 15.48 16.01 13.6 11.44 10.09 9.09
S E S S 11.07 7.14 19.13 17.22 21.32 21.3 14.14 18.95 18.11 4.98 6.90 6.12 10.23 11.92 8.81 15.32 18.85 12.94 14.74 17.93 17.77 14.58 17.58 14.55 12.46 13.26 11.14 2.88 10.62 3.95
S S E E 11.38 8.07 - 20.45 22.75 21.44 11.54 18.26 16.85 4.54 9.53 3.24 7.51 14.11 8.02 13.19 18.84 12.45 15.75 18.08 17.67 15.79 17.82 17.51 9.77 15.35 9.94 5.97 9.15 6.07
E E E E 12.65 10.63 - 20.2 22.09 21.47 16.71 19.94 19.66 6.35 9.08 8.13 9.76 12.54 11.43 14.1 21.08 16.41 15.89 19.39 16.27 15.85 18.81 16.69 12.15 17.37 13.6 6.65 10.29 9.08
S S E S 12.46 2.89 - 16.04 22.52 19.34 17.26 21.86 17.34 3.74 8.9 7.71 11.59 13.77 9.55 14.6 19.36 15.95 14.03 17.09 14.85 13.40 17.76 13.98 5.75 15.0 11.7 4.49 10.88 5.41
E S Z E 12.1 6.25 - 16.07 22.22 20.77 15.62 21.02 16.2 3.89 8.96 4.5 6.72 13.97 7.87 15.05 18.95 11.90 15.65 17.18 15.08 14.86 18.42 13.94 9.83 15.65 12.56 10.62 11.30 4.41
E S S S 11.19 - 21.07 15.96 22.19 19.41 18.39 - 9.44 9.11 8.41 11.46 12.26 12.20 17.66 18.24 16.70 17.3 16.4 17.38 17.45 17.62 17.28 13.62 13.3 13.96 2.28 10.26 8.22
E E Z S 4.65 9.56 - 21.32 20.57 20.27 21.78 18.03 17.15 9.44 8.69 8.26 5.99 11.89 11.01 17.84 17.67 18.30 17.29 16.12 17.45 18.40 17.27 17.52 15.38 13.29 12.24 6.51 10.60 8.21
E S S E 12.19 8.65 - 14.83 21.26 18.81 10.31 20.6 12.81 4.33 8.59 6.40 7.77 13.86 6.64 0.00 18.01 13.31 14.92 17.11 16.15 12.34 19.00 11.16 6.8 14.3 9.65 4.65 12.72 6.67

Table 16: Comparing performance of different models on all languages in XlSUM. Metric: ROUGE1 Score.

Question Answering Summarization Named Entity Recognition NLI
code instruction context Examples output code instruction context Examples output code instruction context Examples output instruction context Examples
ar -0.02 0.30** -0.10** 0.24** az -0.14** -0.01 0.04 -0.34** zh -0.07** 0.44** -0.26** 0.00 ar -0.02 -0.01( -0.05
as -0.05 0.35** -0.00 0.30** fr -0.07* 0.03 0.19** -0.04* fr 0.01 0.10 -0.11* -0.01 bu -0.00 -0.02 0.03
be -0.10* 0.39** -0.00 0.30** ja 0.15** -0.02 0.34** -0.07 it 0.01 0.04 0.02 -0.04 zh 0.01 -0.01 -0.01
ge 0.03 0.07* -0.09** 0.06 ko 0.04 -0.01 0.25** -0.06 po 0.01 0.09* -0.15** 0.02 ge 0.01 0.05 -0.07
gr -0.02 0.19** -0.09** 0.12** ne 0.00 0.02 0.13* -0.25** sr 0.05 0.44** -0.26** 0.09 gr 0.02 -0.02 0.04
hi 0.04 0.31** -0.13** 0.30** fa -0.08 0.07 0.21** -0.05 sk -0.01 0.21** -0.11 -0.04 hi -0.02 -0.01 -0.04
ma 0.10** 0.31** 0.05 -0.01 po 0.03 -0.02 0.25** -0.02 sw 0.01 0.06* -0.11 -0.03 es -0.01 0.00 0.02
ro 0.03 -0.07* 0.05 0.05 es 0.02 0.03 0.22** -0.03 bam -0.00 0.07 -0.05 0.05 sw -0.05 0.01 -0.02
ru -0.03 0.27** -0.09** 0.22 tr 0.04 0.12* 0.19** -0.06 ewe -0.00 0.02 -0.07 0.03 th -0.07 -0.01 -0.01
te -0.07 0.40** 0.06 0.20 uz 0.00 -0.00 0.28** -0.21** hau -0.09** -0.08 -0.17 -0.14 tu -0.01 -0.04 -0.03
vi 0.04 0.13** -0.04 0.04* yo 0.00 0.12* -0.13 0.00 ur -0.02 -0.01 0.03

Table 17: Point-biserial correlation of Gemini for each Language (denoted by ISO 639 code) nd each of the 4
prompt components - Instruction, Context, Examples, and Output. The p-value is given in the parentheses

Question Answering Summarization Named Entity Recognition NLI
code instruction context examples output code instruction context examples output code instruction context examples output code instruction context examples
ar 0.04 0.07 -0.07** 0.09** az -0.09* -0.09 0.03 -0.10 zh 0.16 0.34** -0.29** -0.02 ar -0.05 0.01 0.04
as -0.16 0.02 -0.01** 0.04 fr -0.07* 0.00 0.05 -0.02 fr 0.04 0.09 0.15** -0.04 bu 0.01 0.01 -0.03
be -0.07 0.31** -0.07* 0.15** ja -0.03 0.04 0.13* -0.18 it -0.00 0.04 0.14** -0.01 zh -0.03 0.00 -0.01
ge 0.04 0.07 0.13** -0.05 ko 0.02 -0.04 0.08 -0.04 po -0.01 0.08 -0.02 -0.01 ge 0.02 0.02 -0.01
gr -0.06** 0.17 0.03 0.03 ne -0.16 0.02 0.10 -0.10 sr 0.02 0.36** 0.09** 0.08 gr -0.06 0.01( -0.04
hi -0.07** 0.17 -0.05 0.10 fa -0.09 -0.00 0.14 0.05 sk 0.05 0.11 0.12 0.06 hi -0.01 -0.01 0.01
ma -0.23** 0.09 -0.05 -0.00 po -0.12** -0.02 0.06 0.04 sw -0.03 0.01 0.13 -0.03 es -0.01 0.00 0.03
ro -0.02 0.16 -0.14** -0.00 es -0.06 0.02 0.02 0.03 bam 0.04 0.00 -0.00 0.01 sw 0.01 -0.02 -0.03
ru -0.00 0.22** -0.10** 0.07* tr -0.03 -0.04 0.09 -0.10** ewe -0.03 0.09 -0.05 0.01 th -0.01 -0.01 -0.07
te -0.07 0.19** -0.07 0.06* uz -0.31 -0.13** 0.10* -0.14* hau 0.05 -0.27** -0.15 0.03 tu -0.03 -0.04 -0.09
vi -0.00 0.10 -0.16* 0.02 yo -0.02 0.10 -0.08** 0.03 ur 0.03 -0.01 -0.02

Table 18: Point-biserial correlation of Mixtral for each Language (denoted by ISO 639 code) nd each of the 4
prompt components - Instruction, context, Examples, and Output. The p-value is given in the parentheses
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(a) BLEU

(b) ROUGE

(c) Meteor

Figure 10: Google Translate API vs Bing Translator Comparsion
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