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Abstract

Despite the remarkable success of large lan-003
guage models (LLMs) in English, a signifi-004
cant performance gap remains in non-English005
languages. To address this, we introduce006
a novel approach for strategically construct-007
ing a multilingual synthetic instruction tun-008
ing dataset, SPHINX . Unlike prior methods009
that directly translate fixed instruction-response010
pairs, SPHINX enhances diversity by selec-011
tively augmenting English instruction-response012
pairs with multilingual translations. Addi-013
tionally, we propose LANGIT, a novel N-shot014
guided fine-tuning strategy, which further en-015
hances model performance by incorporating016
contextually relevant examples in each train-017
ing sample. Our ablation study shows that our018
approach enhances the multilingual capabili-019
ties of MISTRAL-7B and PHI-3-SMALL im-020
proving performance by an average of 39.8%021
and 11.2%, respectively, across multilingual022
benchmarks in reasoning, question answering,023
reading comprehension, and machine transla-024
tion. Moreover, SPHINX maintains strong per-025
formance on English LLM benchmarks while026
exhibiting minimal to no catastrophic forget-027
ting, even when trained on 51 languages.028

1 Introduction029

Large Language Models (LLMs) have demon-030

strated exceptional performance across various031

tasks in English. However, their performance032

in some non-English languages remains compara-033

tively limited (Ahuja et al., 2023; Asai et al., 2024).034

Further, the gap between the performance of Large035

Language Models (LLMs) and Small Language036

Models (SLMs) is more pronounced (Ahuja et al.,037

2024) in non-English languages. Cui et al. (2023)038

and Balachandran (2023) utilize the method of fine-039

tuning models on datasets focused on particular040

languages. However, this can lead to catastrophic041

forgetting, which may negatively impact perfor- 042

mance in English (Zhao et al., 2024; Aggarwal 043

et al., 2024). Few techniques have been proposed 044

to bridge this gap, such as incorporating better 045

pre-training data in various languages and improv- 046

ing base tokenizers (Xu et al., 2024; Dagan et al., 047

2024). However, most of these changes need to be 048

implemented in the pre-training stage, which de- 049

mands extensive data and computational resources, 050

making it practically unfeasible in many scenar- 051

ios (Brown et al., 2020). Consequently, the most 052

well-studied technique involves fine-tuning mod- 053

els for specific languages and tasks. Instruction 054

fine-tuning (IFT) has become a popular technique 055

to enhance the performance of language models 056

in specific languages. This method combines the 057

benefits of both the pre-training, fine-tuning, and 058

prompting paradigms (Wei et al., 2021). 059

Sample diversity is essential for effective instruc- 060

tion tuning in multilingual datasets. Many recent 061

datasets have been generated by translating English 062

content into other languages or by employing self- 063

instruct techniques based on seed prompts (Li et al., 064

2023; Taori et al., 2023). However, both methods 065

can limit diversity. Machine translation may result 066

in the loss of semantic nuance (Baroni and Bernar- 067

dini, 2006), while self-instruct approaches often 068

yield repetitive and homogeneous samples (Wang 069

et al., 2022). This highlights the critical need for 070

datasets that encompass a wide range of diverse 071

samples. 072

In this paper, we present a novel recipe for cre- 073

ating a multilingual synthetic instruction tuning 074

dataset, SPHINX. It comprises 1.8M instruction- 075

response pairs in 51 languages, derived by aug- 076

menting the Orca instruction tuning dataset sam- 077

ples(Mukherjee et al., 2023) through Selective 078

Translated Augmentation using GPT-4 (Achiam 079

et al., 2023). We assess the effectiveness of 080

SPHINX by fine-tuning two models — PHI-3- 081

SMALL and MISTRAL-7B — across a range of 082
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evaluation benchmarks that test various language083

model capabilities across discriminative and gen-084

erative tasks. We compare models fine-tuned on085

SPHINX with those using other synthetic multilin-086

gual instruction tuning datasets like AYA (Üstün087

et al., 2024), MULTILINGUAL ALPACA (Taori088

et al., 2023), and BACTRIAN (Li et al., 2023) and089

observe significant performance gains across lan-090

guages. We also compare our proposed translation091

strategy with translating the entire instruction using092

Azure Translator API, as is done with the popular093

multilingual synthetic IFT datasets to demonstrate094

the efficacy of our approach.095

The contributions of this paper are as follows:096

• We introduce a novel approach to generate097

synthetic data for multilingual instruction tun-098

ing by Selective Translated Augmentation of099

the Orca dataset with the assistance of GPT-4100

(§3.1)101

• We devise LAnguage-Specific N-shot Guided102

Instruction Tuning (LANGIT) strategy for en-103

hancing the multilingual capabilities of LLMs104

(§4.2)105

• We also conduct extensive instruction tuning106

experiments on various multilingual instruc-107

tion tuning datasets to evaluate generalizabil-108

ity in multilingual settings (§5).109

• We plan to release a subset of the aug-110

mented dataset by applying our strategy to the111

OpenOrca 1 dataset (Lian et al., 2023) (OPEN-112

SPHINX) as well.113

2 Related Work114

2.1 Multilingual Instruction fine-tuning115

Early studies focused on fine-tuning pre-trained116

models on a variety of languages through data117

augmentation for a single task (Hu et al., 2020;118

Longpre et al., 2021; Asai et al., 2022). Cur-119

rently, the approach has shifted to fine-tuning120

these models using a wide variety of tasks (Long-121

pre et al., 2023; Ouyang et al., 2022). Mod-122

els such as BLOOMZ (Muennighoff et al., 2022)123

and mT0 (Muennighoff et al., 2022) make sig-124

nificant strides in improving the multilingual per-125

formance of decoder-based models (Ahuja et al.,126

2023). There have been multiple multilingual in-127

struction datasets and models proposed such as128

1https://huggingface.co/datasets/Open-Orca/
OpenOrca

Bactrian (Li et al., 2023), AYA (Üstün et al., 2024), 129

POLYLM (Wei et al., 2023b) after BLOOMZ and 130

mT0 (Muennighoff et al., 2023). However, these 131

models still do not perform as well as English in 132

other languages, with the gap being huge for low- 133

resource languages and languages written in scripts 134

other than the Latin script (Ruder et al., 2021; 135

Ahuja et al., 2023; Asai et al., 2024; Ahuja et al., 136

2024). In this work, we aim to narrow the per- 137

formance gap by introducing a strategy for creat- 138

ing datasets for multilingual instruction tuning and 139

recipes for fine-tuning, which we will discuss in 140

the following sections. 141

2.2 Multilingual Synthetic Data Generation 142

Most instruction-tuning datasets across multiple 143

languages typically focus on general tasks rather 144

than specific reasoning capabilities. Although 145

datasets like Orca (Mukherjee et al., 2023) and 146

Orca 2 (Mitra et al., 2023) exist in English, they 147

highlight a prevalent issue: current methods often 148

prioritize style imitation over leveraging the rea- 149

soning abilities found in large foundation models 150

(LFMs). The Orca dataset addresses this by imi- 151

tating rich signals from GPT-4, including explana- 152

tion traces and step-by-step thought processes (Wei 153

et al., 2023a), guided by assistance from ChatGPT. 154

In order to create multilingual datasets, researchers 155

commonly use translation APIs or LLMs to trans- 156

late English-specific datasets into target languages. 157

For example, the Bactrian dataset (Li et al., 2023) 158

translates Alpaca and Dolly instructions into 52 lan- 159

guages using the Google Translator API and gener- 160

ates outputs with GPT-3.5 turbo. Other approaches 161

concentrate on generating synthetic datasets tai- 162

lored for standard NLP tasks like Named Entity 163

Recognition (NER) (Liu et al., 2021), Question An- 164

swering (QA) (Shakeri et al., 2021), and Semantic 165

Parsing (Nicosia et al., 2021). However, all these 166

translated datasets and approaches often struggle 167

to encode semantic information effectively (Baroni 168

and Bernardini, 2006). Our dataset approach aims 169

to tackle these challenges by selectively translating 170

only the essential portions of multilingual inputs. 171

This strategy not only preserves semantic infor- 172

mation but also accommodates diverse linguistic 173

contexts, thereby enhancing the overall quality and 174

applicability of instruction-tuning datasets across 175

languages. 176
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Figure 1: The figure above illustrates pipelines for SPHINX data creation using Selective Translated Augmentation
and Multilingual Instruction Tuning using LANGIT strategy.

system": You are an AI assistant.  

 "user": Translate the given 
sentence  to French   

 'He said that checking the 
meanings will start at the next 
casual meeting.'  

 "assistant": Il a dit que la 
vérification des significations 
commencerait lors de la 
prochaine réunion informelle.

Translation API

Standard Translation

«система»: вы — ИИ-помощник.   «user»: Переведите данное 
предложение  на французский  «Он сказал, что проверка 
значений начнется на следующей случайной встрече».  
«ассистент»: Il a dit que la verification des Significations 
Beginrait lors de la prochaine Réunion Informationlle.

GPT-4

Selective Translated 
Augmentation

system': вы — ИИ-помощник.    'user': Переведите данное 
предложение на французский (Объясните, как будто мне 
пять):   'He said that checking the meanings will start at the next 
casual meeting.'   "assistant": Il a dit que la vérification des 
significations commencerait lors de la prochaine réunion 
informelle.

Input Query

Figure 2: The figure compares the Translation API with Selective Translated Augmentation. The Translation API
translates the entire input into Russian, while the Selective strategy localizes only necessary components. Here,
system and user prompts are translated, but the input question and assistant’s response remain in the original
language, preserving structure and intent.

3 SPHINX Dataset177

In this section, we describe our dataset construction178

methodology (§3.1), dataset filtering, and cleaning179

pipelines (§3.2).180

3.1 Dataset Construction181

Inspired by (Mukherjee et al., 2023)’s work, we uti-182

lized the 1M GPT-4 generated instruction-response183

pairs from Orca and constructed our own dataset184

along similar lines using Selective Translated Aug-185

mentation into 50 different languages with the help 186

of GPT-42. We categorize them into three groups: 187

high-resource, mid-resource, and low-resource lan- 188

guages as outlined in Table 7. For high-resource 189

languages, we randomly sample 100k instruction- 190

response pairs from the Orca 1M dataset and gener- 191

ate the responses from GPT-4 with Selective Trans- 192

lated Augmentation as shown in Figure 2. Simi- 193

2GPT-4 inference hyper-parameters in Azure OpenAI in-
terface set as: temperature=0.0
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larly, we leverage the same strategy for medium194

and low-resource languages by sampling 50k and195

25k pairs respectively. Although GPT-4 performs196

competitively with commercial translation systems197

(Google Translate & Bing Translate) it still lags on198

medium and low resource languages (Jiao et al.,199

2023; Hendy et al., 2023). Furthermore, as high-200

lighted in (Chang et al., 2023; Lin et al., 2023; Xia201

et al., 2024), fine-tuning with a large set of samples202

from medium and low-resource languages might203

lead to catastrophic forgetting of high-resource lan-204

guages. Therefore, we deliberately create fewer205

samples for medium and low-resource languages206

than for high-resource ones. Besides, (Shaham207

et al., 2024) also demonstrates that a small num-208

ber of multilingual training samples is sufficient to209

significantly boost multilingual performance, vali-210

dating our approach of using fewer samples from211

medium- and low-resource languages.212

A fundamental problem with using an off-the-213

shelf translation API is the lack of semantic and214

task awareness, in addition to translationese (Ba-215

roni and Bernardini, 2006), which can result in poor216

quality training data. Consider for example the task217

of Machine Translation as part of the instruction,218

wherein the language of the source sentence should219

be retained. However, an off-the-shelf API, without220

task awareness, would translate it, resulting in an221

ambiguous instruction. To mitigate this issue, we222

used GPT-4 to augment the instructions using Selec-223

tive Translated Augmentation, so that task-specific224

components of instruction responses are translated225

into the appropriate language without changing the226

semantic meaning. Figure 12 illustrates this with227

concrete examples. The first example demonstrates228

the aforementioned translation inconsistency issue229

for an instruction asking for a French equivalent230

of an English phrase. The second example demon-231

strates the consequence of direct translations in the232

M-ALPACA dataset: wherein the translation of the233

task input results in the task being ill-defined based234

on the instructions. As demonstrated, our proposed235

Selective Translated Augmentation method is able236

to keep the semantic information of the task intact237

while translating the instructions. For the exact238

prompt, please refer to Figure 4 in the Appendix.239

3.2 Dataset Filtering and Quality Assessment240

After creating the dataset, we filtered out samples241

where GPT-4 failed to generate a response. The242

final dataset comprised 1.8 million samples in 51243

languages(Table: 15), divided into three subsets: 244

Train, Test, and Few-shot. Each language’s dataset 245

was partitioned to ensure that the Test and Few-shot 246

sets contained 2,000 and 1,000 samples, respec- 247

tively, while the Train set included the remaining 248

data. This approach guarantees consistent distri- 249

butions across languages in the Test and Few-shot 250

sets, ensuring equitable representation regardless 251

of the training distribution. The final split ratio for 252

Train, Test, and Few-shot sets was 92:5.3:2.7. 253

We also conducted a small-scale quality assess- 254

ment of the generated data for languages such as 255

Bengali, Hindi, German, Turkish, and Tamil. Re- 256

searchers and engineers from our organization, who 257

are native speakers of these languages, evaluated 258

the data based on coherence, fluency, and infor- 259

mation retention. Our findings indicate that the 260

generated dataset is of moderate to high quality. 261

3.3 Sample Diversity in SPHINX 262

Unlike prior multilingual datasets such as BAC- 263

TRIAN and M-ALPACA, which translate a fixed 264

set of instruction-response pairs into multiple lan- 265

guages, SPHINX ensures diversity by sampling 266

unique subsets of instruction-response pairs for 267

each language. 268

For instance, BACTRIAN is constructed from 269

67k English instruction-response pairs (Alpaca + 270

Dolly) and translated into 52 languages, resulting 271

in identical samples across all languages. In con- 272

trast, SPHINX samples from 1M GPT-4-generated 273

instruction-response pairs, ensuring that no two 274

languages share the exact same subset. 275

Mathematically, the probability that all samples 276

in one language dataset A are also in another lan- 277

guage dataset B, when sampled without replace- 278

ment from a larger dataset D, is given by: 279

P (all A in B) ≈
(m
N

)n
=

(
100,000

1,000,000

)20,000

280

281
where: 282

• N = 1,000,000 (Total samples in SPHINX), 283

• n = 20,000 (Samples in language A), 284

• m = 100,000 (Samples in language B). 285

Since the exponential term results in an ex- 286

tremely small probability, this confirms that no two 287

languages have identical instruction-response sets 288

in SPHINX. 289

To further enhance diversity, we apply Selec- 290

tive Translated Augmentation, translating 10% of 291
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samples for high-resource languages, 5% for mid-292

resource languages, and 2.5% for low-resource lan-293

guages. This ensures that translated content varies294

across languages, preventing uniformity.295

Additionally, code-switching naturally emerges296

from this augmentation process, further increasing297

linguistic diversity. Compared to AYA, which ex-298

hibits moderate variation across task instructions,299

SPHINX introduces greater sample diversity by300

leveraging a larger and more heterogeneous seed301

set (Mukherjee et al., 2023) and selective augmen-302

tation strategy.303

4 Experiments304

4.1 Setup305

Base Models: We use MISTRAL-7B3 and306

PHI-3-SMALL (Abdin et al., 2024) base model307

variants and instruction fine-tune them.308

309

Datasets: Apart from the SPHINX dataset, we310

use BACTRIAN (Li et al., 2023), M-ALPACA (Wei311

et al., 2023b) and AYA (Singh et al., 2024b)312

instruction datasets for comparative evaluation. We313

also utilize the Azure Translator API4 (SPHINX-T)314

to translate the original dataset into all our target315

languages, demonstrating the effectiveness of our316

Selective Translated Augmentation approach. More317

details about the datasets used for comparative318

evaluation are present in Appendix §A.2.319

320

Evaluation: We evaluate5 our fine-tuned mod-321

els along with the available base and Instruction322

fine-tuned model variants of MISTRAL-7B and323

PHI-3-SMALL (IFT6) on 4 discriminative tasks;324

XCOPA (Ponti et al., 2020), XStoryCloze (Lin325

et al., 2022), XWinograd (Muennighoff et al.,326

2023), (Tikhonov and Ryabinin, 2021), Bele-327

bele (Bandarkar et al., 2023), and 2 generative328

tasks; XQuAD (Artetxe et al., 2020) and Trans-329

lation (Bojar et al., 2014, 2016; Kocmi et al., 2023)330

using the language model evaluation harness (Gao331

et al., 2023).332

3We specifically use the v1.0 base model from
https://huggingface.co/mistralai/Mistral-7B-v0.1

4https://azure.microsoft.com/en-us/products/
ai-services/ai-translator

5Evaluation prompts and other details in Appendix §A.1
and §A.3.

6We take the MISTRAL-7B instruction-tuned vari-
ant from https://huggingface.co/mistralai/
Mistral-7B-Instruct-v0.1 and PHI-3-SMALL
variant from https://huggingface.co/microsoft/
Phi-3-small-8k-instruct.

Apart from generative tasks such as XQuAD, 333

and machine translation, we also evaluate our 334

instruction-tuned models on open-ended generation 335

prompts. For this, we use an LLM-based evaluation 336

approach to simulate win rates. We use the open- 337

source test set from the Aya Dataset (Singh et al., 338

2024a), which includes 250 prompts per language 339

across six languages. We use GPT-4o as the LLM 340

evaluator to pick the preferred model generation 341

on this test set, and we subsequently compute win 342

rates (%) based on these preferences. To avoid a po- 343

tential bias, we randomize the order of the models 344

during the evaluation. The prompt for the evaluator 345

is described in the Appendix: §A.1. 346

4.2 Fine-Tuning Methodology 347

Following Instruction Tuning strategies of (Long- 348

pre et al., 2023) and also taking inspiration from 349

(Min et al., 2022), we devise Language-Specific N- 350

shot Guided Instruction fine-tuning (LANGIT) Fig- 351

ure: 1. This method aims to improve the model’s 352

ability to follow instructions by augmenting train- 353

ing examples with additional context from a set 354

of few-shot examples in the same language. This 355

added context helps guide the model, enabling it to 356

learn more effectively from the provided examples. 357

For each training example, we begin by sam- 358

pling a number of few-shot examples, which are 359

instruction-response pairs in the same language. 360

The number of few-shot examples N is determined 361

probabilistically, with a 30% chance of selecting no 362

few-shot examples, a 20% chance of selecting one, 363

and gradually lower probabilities for higher num- 364

bers of few-shots. The maximum number of few- 365

shot examples we sample is six, due to constraints 366

imposed by the model’s context length (8192 to- 367

kens) and the typically higher tokenization length 368

in languages other than English. 369

Once the number of few-shot examples is de- 370

termined, they are prepended to the main training 371

example, forming an augmented input. This aug- 372

mented input is then fed into the model for instruc- 373

tion tuning. The purpose of this approach is to 374

expose the model to additional examples of differ- 375

ent tasks, helping it generalize better to new tasks 376

in the same language. 377

We performed experiments to analyze how the 378

model performs on each dataset when fine-tuned 379

using the LANGIT strategy detailed in the next sec- 380

tion (§5). Additionally, we fine-tuned the models 381

on the SPHINX dataset without using LANGIT to 382
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provide a baseline for comparison. To assess the383

effectiveness of each instruction-tuning dataset on384

an equal scale, we conducted a comparative analy-385

sis of model performance on different benchmarks,386

fine-tuning each model on approximately 8 billion387

tokens per dataset using the LANG strategy.388

This fine-tuning strategy is consistently applied389

across datasets for both the PHI-3-SMALL and390

MISTRAL-7B base models. A comparison of to-391

ken lengths across different datasets is provided392

in Table 6, showing the average token lengths as393

tokenized by the PHI-3-SMALL model.394

5 Results395

XStoryCloze XWinograd XQuAD Belebele MT-X:EN MT-EN:X
0.0

0.2

0.4

0.6

0.8

1.0

Pe
rfo

rm
an

ce

Datasets
BACTRIAN
AYA
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Figure 3: Performance of MISTRAL-7B and PHI-3-
SMALL when instruction-tuned on 8B tokens across
various datasets on different benchmarks.

We evaluate reasoning, question answering, trans-396

lation and reading comprehension abilities of397

the PHI-3-SMALL and MISTRAL-7B models,398

instruction-tuned on different multilingual datasets,399

using various benchmarks and find that fine-tuning400

on SPHINX provides an average improvement of401

39.8% and 11.2% respectively on both the models.402

(Refer to SPHINX-0S in Table 1 for overall results403

and to Appendix §A.5 for language-wise results).404

Additionally as observed in Figure 3, the SPHINX405

dataset significantly enhances the multilingual per-406

formance of the PHI-3-SMALL and MISTRAL-7B407

model compared to other datasets even when fine-408

tuned on an equal number of tokens. Furthermore,409

during instruction tuning on 8B tokens, the models410

encountered fewer training samples for SPHINX411

due to its higher average token length per sample,412

as illustrated in Table 6.413

6 Ablations 414

6.1 Improvements from LANGIT 415

To demonstrate the effectiveness of our LANGIT 416

strategy, we also instruction-tuned the models on 417

SPHINX without any pre-pended shots, referring 418

to this as SPHINX-0s. As shown in Table 1 (with 419

detailed results in Appendix §A.5), models fine- 420

tuned on SPHINX especially MISTRAL-7B exhibit 421

superior performance compared to its counterparts 422

fine-tuned on other datasets across all benchmarks. 423

Moreover, fine-tuning both MISTRAL-7B and the 424

PHI-3-SMALL on SPHINX using the LANGIT strat- 425

egy further boosts the performance by an average 426

of 15% and 3.2% respectively as compared to the 427

vanilla fine-tuned model (SPHINX -0s) across mul- 428

tilingual benchmarks. 429

Furthermore, employing the LANGIT strategy 430

leads to additional performance improvements in- 431

dicating that LANGIT can effectively enhance the 432

multilingual capabilities of LLMs. From the de- 433

tailed results in Appendix §A.5, we observe no per- 434

formance regression on high resource languages 435

which normally occurs due to catastrophic forget- 436

ting (Chang et al., 2023). 437

We also observe significant performance im- 438

provements in medium and low-resource languages 439

such as Arabic, Hindi, Thai, Turkish, Tamil, and 440

Telugu, further showcasing the effectiveness of our 441

dataset and the LANGIT fine-tuning strategy (Ap- 442

pendix §A.5). 443

6.2 Comparisons with the API translated 444

dataset 445

Due to the code-mixed nature of the instruction 446

along with CoT reasoning explanations, a single 447

sample of SPHINX is notably richer as compared 448

to its counterparts from the other datasets. This 449

can be observed in the Table 1 for SPHINX-T 450

wherein the SPHINX trained models with the LAN- 451

GIT strategy outperform the directly translated 452

dataset baselines by an average of 11.7% and 6.3% 453

for both MISTRAL-7B and PHI-3-SMALL respec- 454

tively when compared to the SPHINX-T baselines 455

across multilingual benchmarks. Consequently, 456

even with fewer samples (keeping the number of 457

the tokens the same), models trained on SPHINX 458

achieve better performance; thereby demonstrating 459

the per-sample efficiency of SPHINX. 460
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Model XC XS XW XQ BL MT 1 MT 2

MISTRAL-7B

Base Model 0.63 0.68 0.52 0.74 0.24 0.54 0.42
IFT 0.62 0.73 0.54 0.60 0.47 0.49 0.39
M-ALPACA 0.55 0.59 0.51 0.46 0.41 0.41 0.39
AYA 0.68 0.71 0.54 0.66 0.38 0.39 0.37
BACTRIAN 0.54 0.67 0.54 0.69 0.26 0.45 0.34
SPHINX-T 0.61 0.78 0.57 0.78 0.67 0.49 0.38
SPHINX-0s 0.58 0.58 0.68 0.69 0.67 0.49 0.42
SPHINX 0.68 0.81 0.71 0.80 0.71 0.55 0.46

PHI-3-SMALL

Base Model 0.64 0.78 0.75 0.78 0.65 0.54 0.42
IFT 0.68 0.79 0.78 0.75 0.70 0.54 0.46
M-ALPACA 0.68 0.79 0.81 0.77 0.75 0.45 0.39
AYA 0.65 0.79 0.69 0.83 0.72 0.41 0.40
BACTRIAN 0.71 0.82 0.73 0.85 0.77 0.54 0.40
SPHINX-T 0.70 0.80 0.77 0.78 0.75 0.55 0.44
SPHINX-0s 0.71 0.81 0.80 0.82 0.79 0.56 0.45
SPHINX 0.72 0.84 0.87 0.87 0.79 0.56 0.46

Table 1: Performance of MISTRAL-7B and PHI-3-SMALL instruction-tuned on various datasets. Abbreviations:
XC - XCOPA (Acc.,4-shot), XS - XStoryCloze (Acc.,4-shot) , XW - XWinograd (Acc., 0-shot), XQ - XQuAD
(F1,3-shot), BL - Belebele (Acc., 0-shot). MT 1- Translation for x:en (ChrF, 4-shot), MT 2 - Translation for en:x
direction (ChrF, 4-shot). The best performing dataset for each model is indicated in bold, and the overall best
performing model is indicated with an underline.

6.3 Simulated Preference Evaluation461

As shown in Table 2, our win-rate experiments462

reveal that the GPT-4o evaluator predominantly fa-463

vored outputs generated by the Mistral base model464

trained on the SPHINX dataset using the LANGIT465

strategy over other models. For the Phi baselines,466

we observed a higher percentage of TIEs for all467

the languages except English, where the evaluator468

rated both outputs equally, rather than favoring a469

specific model. This performance gap between the470

Mistral and Phi models likely arises from the age471

of their respective base models. Since the Mistral472

base model is older, it benefits more from addi-473

tional training on our dataset, whereas the more re-474

cently released Phi models are already competitive475

enough on these benchmarks resulting in preferring476

both the outputs equally.477

6.4 Regression Analysis on Standard LLM478

Benchmarks479

It is well studied that training in multiple languages480

causes regression in performance in English due481

to catastrophic forgetting (Chang et al., 2023). We482

test this phenomenon for our trained models by483

checking the performance of the PHI-3-SMALL484

model fine-tuned with SPHINX on English in the485

multilingual benchmarks we evaluate ((Appendix486

§A.5) and on popular English-only benchmarks487

(Table 3).488

We find that the PHI-3-SMALL fine-tuned on 489

SPHINX maintains its performance in English 490

on the multilingual benchmarks and is also con- 491

sistently able to maintain performance on stan- 492

dard English benchmarks such as MMLU (5-shot) 493

Hendrycks et al. (2021), MedQA (2-shot) Jin et al. 494

(2021), Arc-C (10-shot), Arc-E (10-shot) Clark 495

et al. (2018), PiQA (5-shot) Bisk et al. (2020), 496

WinoGrande (5-shot) Sakaguchi et al. (2021), 497

OpenBookQA (10-shot) Mihaylov et al. (2018), 498

BoolQ (2-shot) Clark et al. (2019) and Common- 499

SenseQA (10-shot) Talmor et al. (2018) (Table 3). 500

We notice some regression in the GSM-8k (8-shot, 501

CoT) Cobbe et al. (2021) benchmark. This indi- 502

cates that gains in multilingual performance caused 503

by SPHINX do not come at the cost of regression 504

in English performance. 505

7 Conclusion 506

In this paper, we demonstrated how instruction tun- 507

ing MISTRAL-7B and PHI-3-SMALL on SPHINX 508

effectively improve their multilingual capabilities. 509

We observed that instruction tuning the models 510

using the SPHINX dataset leads to performance 511

improvement by an average of 39.8% and 11.2% 512

for MISTRAL-7B and PHI-3-SMALL respectively 513

when compared to their corresponding base mod- 514

els across multilingual benchmarks. Moreover, 515

SPHINX exhibits greater sample efficiency and di- 516
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Model ar en po te tu zh

MISTRAL-7B

IFT 75 / 9 / 16 59 / 36 / 5 57 / 27 / 16 62 / 15 / 23 65 / 13 / 22 70 / 26 / 4
M-ALPACA 85 / 2 / 13 74 / 21 / 5 52 / 33 / 15 69 / 8 / 23 70 / 4 / 25 75 / 15 / 10
AYA 78 / 11 / 11 85 / 11 / 4 55 / 30 / 15 56 / 18 / 25 62 / 19 / 19 78 / 14 / 8
BACTRIAN 82 / 4 / 13 85 / 12 / 3 57 / 31 / 12 56 / 18 / 26 62 / 20 / 18 74 / 14 / 12
SPHINX-T 61 / 23 / 16 63 / 27 / 10 56 / 24 / 20 56 / 24 / 20 62 / 19 / 19 66 / 23 / 11
SPHINX-0S 65 / 19 / 16 74 / 20 / 5 55 / 31 / 14 51 / 22 / 27 52 / 36 / 12 68 / 20 / 11

PHI-3-SMALL

IFT 46 / 38 / 17 55 / 43 / 2 50 / 44 / 6 39 / 29 / 36 30 / 27 / 43 50 / 44 / 6
M-ALPACA 46 / 5 / 49 59 / 29 / 12 44 / 21 / 35 33 / 6 / 60 31 / 10 / 59 30 / 6 / 64
AYA 40 / 18 / 42 80 / 11 / 9 56 / 16 / 28 37 / 18 / 46 25 / 21 / 54 36 / 22 / 41
BACTRIAN 32 / 13 / 55 68 / 17 / 15 51 / 14 / 36 24 / 14 / 62 32 / 15 / 53 26 / 11 / 63
SPHINX-T 35 / 14 / 51 75 / 12 / 13 61 / 12 / 27 23 / 14 / 63 36 / 18 / 47 37 / 12 / 51
SPHINX-0S 23 / 11 / 66 61 / 17 / 22 32 / 18 / 50 14 / 9 / 77 15 / 10 / 74 14 / 7 / 79

Table 2: Win rates (%) according to GPT-4o: The first value represents the percentage of outputs where the evaluator
preferred the SPHINX and LANGIT trained model. The second value indicates the percentage of outputs preferred
from the target model. The third value reflects cases where the evaluator rated both outputs equally (TIE).

Benchmarks Base Model SPHINX

MMLU
(5-shot)

0.76 0.75

HellaSwag
(5-shot)

0.81 0.83

GSM-8k
(8-shot, CoT)

0.85 0.77

MedQA
(2-shot)

0.64 0.66

Arc-C
(10-shot)

0.90 0.90

Arc-E
(10-shot)

0.97 0.97

PIQA
(5-shot)

0.84 0.89

WinoGrande
(5-shot)

0.77 0.82

OpenBookQA
(10-shot)

0.86 0.88

BoolQ
(2-shot)

0.82 0.87

CommonSenseQA
(10-shot)

0.80 0.81

Table 3: Performance of the PHI-3-SMALL base model
and the SPHINX tuned model on standard English LLM
benchmarks.

versity compared to other multilingual instruction517

tuning datasets.518

Additionally, we proposed a method for further519

enhancing the model’s performance by utilizing520

LANGIT, which supplements the training exam-521

ples with N samples from a few-shot set, provid-522

ing the model with additional context to aid in its523

learning process. This further boosts the perfor-524

mance for both MISTRAL-7B and PHI-3-SMALL525

by 15% and 3.2% respectively when compared526

to the vanilla fine-tuned model with SPHINX. We527

also observed an increment of 11.7% and 6.3% on528

both MISTRAL-7B and PHI-3-SMALL fine-tuned529

using the LANGIT strategy when compared to the530

SPHINX-T baseline which involved directly trans-531

lating the source dataset. Models instruction-tuned532

on SPHINX, exhibit enhanced performance even 533

in languages they have not previously encountered 534

during training. Our win-rate experiments showed 535

that GPT-4o as an evaluator favored Mistral trained 536

on SPHINX with LANGIT, while Phi models saw 537

more TIEs, likely due to their recency and stronger 538

baseline performance. Finally, we evaluate the per- 539

formance of the PHI-3-SMALL model fine-tuned on 540

SPHINX and find that it is able to maintain English 541

performance, suggesting that gains in multilingual 542

performance do not come at the cost of English 543

performance while fine-tuning with SPHINX 544

8 Future Work 545

We have conducted all experiments using 7B base 546

models in full parameter fine-tuning settings. It 547

would be interesting to study the same effect by 548

adaptive learning using LoRA (Hu et al., 2022) or 549

PEFT (Mangrulkar et al., 2022). We believe that 550

our strategies could also be effective for models 551

with fewer parameters, leading to a notable im- 552

provement in multilingual performance. 553

Our LANGIT strategy involves utilizing N exam- 554

ples from the same language. Other ideas that can 555

be explored are incorporating N examples from 556

the same language script to increase the diversity 557

of the sample. This approach could be particularly 558

beneficial for enhancing the performance of models 559

in low-resource languages. 560

Limitations 561

Our study has several limitations that can be consid- 562

ered in future research. Firstly, we conducted an ex- 563

tensive series of experiments, utilizing significant 564

GPU resources and substantial time for model fine- 565

8



tuning. Due to these resource-intensive processes,566

it may be difficult to apply our strategies to fully567

fine-tune a model. Besides, our study is confined to568

7B models, explicitly excluding larger models. De-569

spite this limitation, we believe that our methodolo-570

gies are broadly applicable for fine-tuning smaller571

datasets using techniques like LoRA and PEFT.572

Secondly, our fine-tuning dataset focuses on rea-573

soning tasks and excludes some low-resource lan-574

guages. We evaluated the models’ performance575

against these reasoning benchmarks. However, we576

did not benchmark our models on generative tasks577

such as summarization, nor did we evaluate models578

on hallucination, toxicity, or fairness.579

Ethics Statement580

Despite our rigorous efforts to ensure that our581

dataset is free from discriminatory, biased, or false582

information, there remains a possibility that these583

problems are present, particularly in multilingual584

contexts. Hence, it is possible that these issues585

might propagate to our fine-tuned models as well.586

We are committed to mitigating such risks and587

strongly advocate for the responsible use of recipes588

and prevent any unintended negative consequences.589
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and Mariya Shmatova. 2023. Findings of the 2023797
conference on machine translation (WMT23): LLMs798
are here but not quite there yet. In Proceedings of the799
Eighth Conference on Machine Translation, pages800
1–42, Singapore. Association for Computational Lin-801
guistics.802

Haonan Li, Fajri Koto, Minghao Wu, Alham Fikri Aji,803
and Timothy Baldwin. 2023. Bactrian-x : A multi-804
lingual replicable instruction-following model with805
low-rank adaptation.806

Wing Lian, Bleys Goodson, Eugene Pentland, Austin807
Cook, Chanvichet Vong, and "Teknium". 2023.808
Openorca: An open dataset of gpt augmented flan809
reasoning traces. https://https://huggingface.810
co/Open-Orca/OpenOrca.811

Xi Victoria Lin, Todor Mihaylov, Mikel Artetxe, Tianlu812
Wang, Shuohui Chen, Daniel Simig, Myle Ott, Na-813
man Goyal, Shruti Bhosale, Jingfei Du, Ramakanth814
Pasunuru, Sam Shleifer, Punit Singh Koura, Vishrav815
Chaudhary, Brian O’Horo, Jeff Wang, Luke Zettle-816
moyer, Zornitsa Kozareva, Mona Diab, Veselin Stoy-817
anov, and Xian Li. 2022. Few-shot learning with818
multilingual generative language models. In Proceed-819
ings of the 2022 Conference on Empirical Methods820
in Natural Language Processing, pages 9019–9052,821
Abu Dhabi, United Arab Emirates. Association for822
Computational Linguistics.823

Yong Lin, Lu Tan, Hangyu Lin, Zeming Zheng, Renjie824
Pi, Jipeng Zhang, Shizhe Diao, Haoxiang Wang, Han825
Zhao, Yuan Yao, et al. 2023. Speciality vs gener-826
ality: An empirical study on catastrophic forgetting827
in fine-tuning foundation models. arXiv preprint828
arXiv:2309.06256.829

Linlin Liu, Bosheng Ding, Lidong Bing, Shafiq Joty,830
Luo Si, and Chunyan Miao. 2021. MulDA: A831
multilingual data augmentation framework for low-832
resource cross-lingual NER. In Proceedings of the833
59th Annual Meeting of the Association for Compu-834
tational Linguistics and the 11th International Joint835
Conference on Natural Language Processing (Vol-836
ume 1: Long Papers), pages 5834–5846, Online. As-837
sociation for Computational Linguistics.838

Shayne Longpre, Le Hou, Tu Vu, Albert Webson,839
Hyung Won Chung, Yi Tay, Denny Zhou, Quoc V. Le,840
Barret Zoph, Jason Wei, and Adam Roberts. 2023.841
The flan collection: designing data and methods for842
effective instruction tuning. In Proceedings of the843
40th International Conference on Machine Learning,844
ICML’23. JMLR.org.845

Shayne Longpre, Yi Lu, and Joachim Daiber. 2021.846
Mkqa: A linguistically diverse benchmark for mul-847

tilingual open domain question answering. Transac- 848
tions of the Association for Computational Linguis- 849
tics, 9:1389–1406. 850

Sourab Mangrulkar, Sylvain Gugger, Lysandre De- 851
but, Younes Belkada, Sayak Paul, and Benjamin 852
Bossan. 2022. Peft: State-of-the-art parameter- 853
efficient fine-tuning methods. https://github. 854
com/huggingface/peft. 855

Todor Mihaylov, Peter Clark, Tushar Khot, and Ashish 856
Sabharwal. 2018. Can a suit of armor conduct elec- 857
tricity? a new dataset for open book question answer- 858
ing. arXiv preprint arXiv:1809.02789. 859

Sewon Min, Mike Lewis, Luke Zettlemoyer, and Han- 860
naneh Hajishirzi. 2022. MetaICL: Learning to learn 861
in context. In Proceedings of the 2022 Conference of 862
the North American Chapter of the Association for 863
Computational Linguistics: Human Language Tech- 864
nologies, pages 2791–2809, Seattle, United States. 865
Association for Computational Linguistics. 866

Arindam Mitra, Luciano Del Corro, Shweti Mahajan, 867
Andres Codas, Clarisse Simoes, Sahaj Agarwal, Xuxi 868
Chen, Anastasia Razdaibiedina, Erik Jones, Kriti 869
Aggarwal, et al. 2023. Orca 2: Teaching small 870
language models how to reason. arXiv preprint 871
arXiv:2311.11045. 872

Nasrin Mostafazadeh, Michael Roth, Annie Louis, 873
Nathanael Chambers, and James Allen. 2017. Ls- 874
dsem 2017 shared task: The story cloze test. In 875
Proceedings of the 2nd Workshop on Linking Models 876
of Lexical, Sentential and Discourse-level Semantics, 877
pages 46–51. 878

Niklas Muennighoff, Thomas Wang, Lintang Sutawika, 879
Adam Roberts, Stella Biderman, Teven Le Scao, 880
M Saiful Bari, Sheng Shen, Zheng Xin Yong, Hai- 881
ley Schoelkopf, Xiangru Tang, Dragomir Radev, 882
Alham Fikri Aji, Khalid Almubarak, Samuel Al- 883
banie, Zaid Alyafeai, Albert Webson, Edward Raff, 884
and Colin Raffel. 2023. Crosslingual generaliza- 885
tion through multitask finetuning. In Proceedings 886
of the 61st Annual Meeting of the Association for 887
Computational Linguistics (Volume 1: Long Papers), 888
pages 15991–16111, Toronto, Canada. Association 889
for Computational Linguistics. 890

Niklas Muennighoff, Thomas Wang, Lintang Sutawika, 891
Adam Roberts, Stella Biderman, Teven Le Scao, 892
M Saiful Bari, Sheng Shen, Zheng-Xin Yong, Hailey 893
Schoelkopf, et al. 2022. Crosslingual generaliza- 894
tion through multitask finetuning. arXiv preprint 895
arXiv:2211.01786. 896

Subhabrata Mukherjee, Arindam Mitra, Ganesh Jawa- 897
har, Sahaj Agarwal, Hamid Palangi, and Ahmed 898
Awadallah. 2023. Orca: Progressive learning from 899
complex explanation traces of gpt-4. arXiv preprint 900
arXiv:2306.02707. 901

Massimo Nicosia, Zhongdi Qu, and Yasemin Altun. 902
2021. Translate & Fill: Improving zero-shot mul- 903
tilingual semantic parsing with synthetic data. In 904

11

https://doi.org/10.18653/v1/2023.wmt-1.1
https://doi.org/10.18653/v1/2023.wmt-1.1
https://doi.org/10.18653/v1/2023.wmt-1.1
https://doi.org/10.18653/v1/2023.wmt-1.1
https://doi.org/10.18653/v1/2023.wmt-1.1
http://arxiv.org/abs/2305.15011
http://arxiv.org/abs/2305.15011
http://arxiv.org/abs/2305.15011
http://arxiv.org/abs/2305.15011
http://arxiv.org/abs/2305.15011
https://https://huggingface.co/Open-Orca/OpenOrca
https://https://huggingface.co/Open-Orca/OpenOrca
https://https://huggingface.co/Open-Orca/OpenOrca
https://doi.org/10.18653/v1/2022.emnlp-main.616
https://doi.org/10.18653/v1/2022.emnlp-main.616
https://doi.org/10.18653/v1/2022.emnlp-main.616
https://doi.org/10.18653/v1/2021.acl-long.453
https://doi.org/10.18653/v1/2021.acl-long.453
https://doi.org/10.18653/v1/2021.acl-long.453
https://doi.org/10.18653/v1/2021.acl-long.453
https://doi.org/10.18653/v1/2021.acl-long.453
https://github.com/huggingface/peft
https://github.com/huggingface/peft
https://github.com/huggingface/peft
https://doi.org/10.18653/v1/2022.naacl-main.201
https://doi.org/10.18653/v1/2022.naacl-main.201
https://doi.org/10.18653/v1/2022.naacl-main.201
https://doi.org/10.18653/v1/2023.acl-long.891
https://doi.org/10.18653/v1/2023.acl-long.891
https://doi.org/10.18653/v1/2023.acl-long.891
https://doi.org/10.18653/v1/2021.findings-emnlp.279
https://doi.org/10.18653/v1/2021.findings-emnlp.279
https://doi.org/10.18653/v1/2021.findings-emnlp.279


Findings of the Association for Computational Lin-905
guistics: EMNLP 2021, pages 3272–3284, Punta906
Cana, Dominican Republic. Association for Compu-907
tational Linguistics.908

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida,909
Carroll Wainwright, Pamela Mishkin, Chong Zhang,910
Sandhini Agarwal, Katarina Slama, Alex Ray, et al.911
2022. Training language models to follow instruc-912
tions with human feedback. Advances in neural in-913
formation processing systems, 35:27730–27744.914

Edoardo Maria Ponti, Goran Glavaš, Olga Majewska,915
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A Appendix1042

A.1 Prompt Templates1043

Figure 4 is the template for Selective Translated1044

Augmentation that was used to generate the syn-1045

thetic data. Our reference dataset is in English and1046

the {language} is the target language to gener-1047

ate the data in. Figure 5, 6, 7,8, 9 and 10 are the1048

prompts used to evaluate XQuAD, XstoryCloze,1049

Xwinograd, XCOPA, Belebele and Translation re-1050

spectively. Figure 11 denotes the prompt used for1051

simulating win-rate evaluations.1052

A.2 Baseline Datasets For Comparative1053

Evaluation1054

• BACTRIAN (Li et al., 2023) is a machine trans-1055

lated dataset of the original alpaca-52k (Taori1056

et al., 2023) and dolly-15k (Conover et al.,1057

2023) datasets into 52 languages. The instruc-1058

tions for this dataset were translated using a1059

Translation API and then GPT-3.5-Turbo was1060

prompted to generate outputs. We fine-tune1061

our models on the complete dataset consisting1062

of 3.4M instances.1063

• M-ALPACA (Wei et al., 2023b) is a self-1064

instruct dataset that translates seed instruc-1065

tions from English to 11 languages, using1066

GPT-3.5-Turbo for response generation. We1067

fine-tune our models on the full dataset, which1068

contains 500k data points.1069

• AYA (Singh et al., 2024a) contains human-1070

curated prompt-completion pairs in 65 lan-1071

guages, along with 44 monolingual and multi-1072

lingual instruction datasets and 19 translated1073

datasets across 114 languages, totaling around1074

513M instances. To ensure parity with the1075

SPHINX dataset, we sampled it down to 2.7M1076

instances, ensuring equal representation for1077

each language in our subset.1078

A.3 Evaluation Benchmarks1079

• XCOPA: A causal commonsense reasoning1080

dataset in 11 languages, evaluated in a 4-shot1081

prompt setting.1082

• XStoryCloze: A professionally trans-1083

lated version of the English StoryCloze1084

dataset (Mostafazadeh et al., 2017) in 101085

languages, evaluated in a 4-shot prompt1086

setting.1087

• Belebele: A parallel reading comprehension1088

dataset across 122 languages, with evaluation1089

on a subset of 14 languages in a 0-shot prompt 1090

setting. 1091

• XQuAD: A QA dataset consisting of profes- 1092

sional translations of a subset of SQuAD into 1093

10 languages, evaluated in a 3-shot prompt 1094

setting due to context window limitations. 1095

• XWinograd: A collection of Winograd 1096

Schemas in six languages for cross-lingual 1097

commonsense reasoning, evaluated in a 0-shot 1098

setting. 1099

• Translation: We utilize a subset of WMT14, 1100

WMT16 and WMT23 of language pairs (7 1101

languages), with evaluation in a 4-shot setting. 1102

A.4 Hyperparameters and Training Setup 1103

We used 5 nodes with each node containing 8 A100 1104

GPUs with 80GB VRAM. These nodes commu- 1105

nicated with each other using InfiniBand 7. We 1106

use DeepSpeed (Rasley et al., 2020) to do dis- 1107

tributed fine-tuning over these GPUs. We use the 1108

same hyperparameters (Table 4) to fine-tune both 1109

MISTRAL-7B and PHI-3-SMALL models. 1110

A.5 Detailed Results 1111

Tables 8, 9, 10, 11, 12, 13 and 14 show the granular 1112

results on our models and dataset. 1113

Please carefully convert a conversation between a human and an AI
assistant from English to language. The dialogue will be presented
in JSON format, where ’system’ denotes system instructions,
’human’ indicates user queries, and ’assistant’ refers to the AI’s
response. You should approach this task as if the ’human’ original
language is {language}. Translate the ’system’ instructions fully
into {language}. For the ’human’ input, however, carefully discern
which segments require translation into {language}, while leaving
other parts in their original form.
For instance: 1. If the human contains a mix of languages, only
translate the instruction part.
2. If the task is about language correction do not translate the
target passage.

For the ’assistant’ part, generate the ’assistant’ response as
you were prompted with ths newly translated system and assistant
instructions. The outcome should retain the JSON format. Your
response should solely contain the JSON. Do not translate the
JSON keys. {"system": System text here, "human": User text here,
"assistant": Assistant text here }

Figure 4: Prompt for Selective Translation using GPT-4

7https://network.nvidia.com/pdf/whitepapers/
IB_Intro_WP_190.pdf
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The task is to solve reading comprehension problems. You will be
provided questions on a set of passages and you will need to provide
the answer as it appears in the passage. The answer should be in
the same language as the question and the passage.
Context:
{context}
Question:
{question}
Referring to the passage above, the correct answer to the given
question is {answer}

Figure 5: XQuAD evaluation prompt

{input_sentence_1} {input_sentence_2}
{input_sentence_3} {input_sentence_4}
What is a possible continuation for the story given the following
options?
Option1: {sentence_quiz1} Option1: {sentence_quiz2}

Figure 6: XstoryCloze evaluation prompt

Select the correct option out of option1 and option2 that will fill
in the _ in the below sentence:
{sentence}
Choices:
-option1: {option1}
-option2: {option2}

Figure 7: Xwinograd evaluation prompt

The task is to perform open-domain commonsense causal reasoning.
You will be provided a premise and two alternatives, where the
task is to select the alternative that more plausibly has a causal
relation with the premise. Answer as concisely as possible in the
same format as the examples below: Given this premise:
{premise}
What’s the best option?
-choice1 : {choice1}
-choice2 : {choice2}
We are looking for{% if question == c̈ause%̈} a cause {% else %} an
effect {% endif %}

Figure 8: XCOPA evaluation prompt

The task is to perform reading comprehension task. Given the
following passage, query, and answer choices, output only the letter
corresponding to the correct answer. Do not give me any explanations
to your answer. Just a single letter corresponding to the correct
answer will suffice.
Passage: {flores_passage}
Query: {question}
Choices:
A: {mc_answer1}
B: {mc_answer2}
C: {mc_answer3}
D: {mc_answer4}

Figure 9: Belebele evaluation prompt

Translate the following sentence pairs:
{Source Language}: {Source Phrase} {Target Language}: {Target
Phrase}

Figure 10: Translation evaluation prompt

System: You are a helpful following assistant whose goal is to
select the preferred (least wrong) output for a given instruction
in {LANGUAGE_NAME}.
User: Which of the following answers is the best one for given
instruction in {LANGUAGE_NAME}. A good answer should follow these
rules: 1) It should be in {[LANGUAGE_NAME}.
2) It should answer the request in the instruction.
3) It should be factually and semantically comprehensible.
4) It should be grammatically correct and fluent.

Instruction: {INSTRUCTION}
Answer (A): {COMPLETION A}
Answer (B): {COMPLETION B}

FIRST provide a one-sentence comparison of the two answers,
explaining which you prefer and why. SECOND, on a new line, state
only ‘Answer (A)’ or ‘Answer (B)’ to indicate your choice. If the
both answers are equally good or bad, state ‘TIE’. Your response
should use the format:
Comparison: <one-sentence comparison and explanation>
Preferred: <‘Answer (A)’ or ‘Answer (B)’ or ‘TIE’>

Figure 11: Preference simulation prompt taken from
(Üstün et al., 2024) evaluation suite to evaluate our
models on free-form generation using GPT-4o.

Hyperparameter Value

Batch Size 512
Context length 8192
Learning Rate 10−5

Scheduler Cosine
Epochs 10

Weight Decay 0.1
Optimizer AdamW

Table 4: Hyperparameters for model fine-tuning

N p(N) N p(N)

0 0.3 4 0.1
1 0.2 5 0.1
2 0.1 6 0.1
3 0.1

Table 5: Probabilities of selecting number of shots in
the LANG strategy

Dataset Average Token
Length/Sample

AYA 2240
BACTRIAN 2465
M-ALPACA 1620
SPHINX-0s 544
SPHINX 3100

Table 6: Average Token Length in each dataset
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INPUT QUERY MultiAlpaca Dataset Selective Translation

{'instruction': 'Find the French equivalent of 
the following phrase.', 
 'input': ' ', 
 'output': 'Je vous souhaite bonne chance'}

Wishing you good luck

{'instruction': 'निम्नलिखित वाक्याशं के फ्रेंच समकक्ष का 
पता लगाएं।', 
 'input': ' ', 
 'output': 'Vous avez mes meilleurs vœux.'}

आपको शभुकामनाएं

{ 
  "system": "निम्नलिखित वाक्याशं का फ्रेंच समकक्ष 
खोजें।", 
  "human": "Wishing you a good luck", 
  "assistant": " " 
}

Je vous souhaite bonne chance

{'instruction': 'You are provided with a 
sentence, edit it in a way that it becomes 
grammatically correct.', 
 'input': '

', 
 'output': '

.'}

The wind is blowing fast and 
furious

The wind is blowing fast and 
furiously

{'instruction': 'आपको एक वाक्य प्रदान किया जाता ह,ै 
इस ेइस तरह सपंादित करें कि यह व्याकरणिक रूप स ेसही 
हो जाए।', 
 'input': ' 'ै, 
 'id': 'alpaca-9380', 
 'output': ' ।'}

हवा तजे और उग्र चल रही ह

तजे और उग्र हवा चल रही है

{ 
  "system": "आपको एक वाक्य दिया गया ह,ै इस ेइस 
प्रकार सपंादित करें कि यह व्याकरणिक रूप स ेसही हो 
जाए।", 
  "human": "

", 
  "assistant": "

" 
}

The wind is blowing fast and 
furious

The wind is blowing fast and 
furiously.

Figure 12: Some examples of input queries and its counterpart existing in the hindi version of the MULTIALPACA
dataset and if it was generated using the Selective Translated Augmentation strategy. Again, we observe that the
samples generated using Selective Translated Augmentation translate only the required amount of information as
controlled via prompting whereas in MULTIALPACA the translations are direct translations where only a part of the
instructions have been followed to translate the input queries.

High-Resource (100k) Spanish, Chinese Simplified, Japanese
French, German, Portuguese, Italian

Mid-Resource (50k)

Dutch, Swedish, Danish
Finnish, Russian, Norwegian
Korean, Chinese Traditional, Polish
Turkish, Arabic, Hebrew
Portuguese, Czech, Hungarian

Low-Resource (25k)

Indonesian, Thai, Greek
Slovak, Vietnamese, Slovenian
Croatian, Romanian, Lithuanian
Bulgarian, Serbian, Latvian
Ukranian, Estonian, Hindi
Burmese, Bengali, Afrikaan
Punjabi, Welsh, Icelandic
Marathi, Swahili, Nepali
Urdu, Telugu, Malayalam
Russian, Tamil, Oriya

Table 7: Language distribution and samples across three
tiers
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Language en fr jp pt ru zh avg

MISTRAL-7B

Base Model 0.52 0.47 0.52 0.54 0.54 0.50 0.52
IFT 0.61 0.57 0.57 0.57 0.60 0.56 0.58

M-ALPACA 0.61 0.57 0.57 0.57 0.60 0.56 0.58
AYA 0.55 0.56 0.54 0.54 0.56 0.54 0.55

BACTRIAN 0.61 0.57 0.57 0.57 0.60 0.56 0.58
SPHINX-T 0.58 0.61 0.57 0.53 0.54 0.57 0.57
SPHINX-0s 0.75 0.65 0.68 0.67 0.66 0.65 0.68

SPHINX 0.80 0.69 0.72 0.70 0.67 0.67 0.71

PHI-3-SMALL

Base Model 0.86 0.67 0.73 0.77 0.74 0.72 0.75
IFT 0.86 0.78 0.72 0.78 0.77 0.75 0.78

M-ALPACA 0.87 0.76 0.75 0.78 0.76 0.71 0.81
AYA 0.79 0.61 0.67 0.70 0.70 0.66 0.69

BACTRIAN 0.83 0.72 0.71 0.75 0.70 0.68 0.73
SPHINX-T 0.87 0.74 0.74 0.77 0.77 0.72 0.77
SPHINX-0s 0.88 0.75 0.78 0.79 0.81 0.76 0.80

SPHINX 0.89 0.76 0.79 0.79 0.82 0.77 0.84

Table 8: Language-wise performance of instruction-tuned MISTRAL-7B and PHI-3-SMALL models evaluated on
XWinograd (0-shot). Metric: Accuracy. The best performing IFT dataset for each model is indicated in bold, and
the overall best performing IFT model is indicated with an underline.

Language ar de el en es hi ro ru th tr vi zh avg

MISTRAL-7B

Base Model 0.62 0.81 0.64 0.89 0.86 0.65 0.82 0.71 0.59 0.68 0.79 0.72 0.73
IFT 0.42 0.68 0.33 0.92 0.66 0.5 0.71 0.61 0.38 0.63 0.71 0.68 0.60

M-ALPACA 0.10 0.75 0.15 0.86 0.82 0.12 0.62 0.68 0.12 0.38 0.52 0.46 0.46
AYA 0.33 0.73 0.65 0.85 0.80 0.63 0.75 0.67 0.57 0.61 0.75 0.59 0.66

BACTRIAN 0.67 0.76 0.26 0.85 0.86 0.74 0.77 0.71 0.59 0.69 0.77 0.65 0.69
SPHINX-T 0.71 0.83 0.75 0.92 0.89 0.77 0.84 0.75 0.60 0.77 0.86 0.63 0.78
SPHINX-0s 0.54 0.76 0.70 0.88 0.84 0.69 0.77 0.66 0.52 0.64 0.71 0.60 0.69

SPHINX 0.74 0.87 0.77 0.93 0.90 0.79 0.86 0.77 0.63 0.77 0.88 0.73 0.80

PHI-3-SMALL

Base Model 0.68 0.90 0.77 0.93 0.91 0.61 0.84 0.80 0.55 0.73 0.86 0.69 0.78
IFT 0.71 0.88 0.73 0.92 0.91 0.64 0.84 0.80 0.44 0.70 0.67 0.76 0.75

M-ALPACA 0.55 0.92 0.74 0.96 0.94 0.68 0.87 0.85 0.50 0.73 0.88 0.66 0.77
AYA 0.61 0.89 0.84 0.94 0.93 0.80 0.89 0.82 0.73 0.83 0.91 0.79 0.83

BACTRIAN 0.81 0.92 0.81 0.95 0.95 0.80 0.90 0.84 0.72 0.82 0.91 0.79 0.85
SPHINX-T 0.80 0.91 0.82 0.95 0.94 0.80 0.90 0.83 0.69 0.81 0.91 0.73 0.78
SPHINX-0s 0.75 0.89 0.81 0.94 0.94 0.75 0.87 0.79 0.63 0.77 0.88 0.78 0.82

SPHINX 0.84 0.93 0.87 0.96 0.96 0.81 0.91 0.86 0.73 0.84 0.92 0.81 0.87

Table 9: Granular results for XQuAD (3-shot) on our model. Metric: F1. The best performing IFT dataset for each
model is indicated in bold, and the overall best performing IFT model is indicated with an underline.
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Language et ht id it qu sw ta th tr vi zh en avg

MISTRAL-7B

Base Model 0.54 0.51 0.72 0.81 0.49 0.52 0.50 0.53 0.58 0.62 0.78 0.93 0.63
IFT 0.52 0.52 0.69 0.79 0.50 0.51 0.50 0.54 0.57 0.63 0.75 0.90 0.62

M-ALPACA 0.51 0.50 0.52 0.63 0.50 0.50 0.50 0.51 0.51 0.49 0.65 0.74 0.55
AYA 0.57 0.54 0.64 0.67 0.53 0.56 0.57 0.62 0.56 0.61 0.64 0.78 0.61

BACTRIAN 0.52 0.50 0.53 0.60 0.49 0.51 0.50 0.51 0.51 0.52 0.52 0.71 0.54
SPHINX-T 0.57 0.50 0.64 0.72 0.50 0.50 0.58 0.57 0.57 0.62 0.71 0.83 0.61
SPHINX-0s 0.54 0.5 0.58 0.63 0.51 0.55 0.52 0.52 0.54 0.57 0.64 0.8 0.58

SPHINX 0.64 0.54 0.73 0.80 0.53 0.61 0.59 0.63 0.67 0.66 0.80 0.91 0.68

PHI-3-SMALL

Base Model 0.55 0.51 0.80 0.93 0.52 0.54 0.46 0.56 0.61 0.66 0.86 0.98 0.64
IFT 0.55 0.57 0.81 0.93 0.53 0.58 0.48 0.60 0.62 0.69 0.88 0.96 0.68

M-ALPACA 0.53 0.54 0.80 0.92 0.49 0.54 0.51 0.59 0.64 0.68 0.87 0.99 0.68
AYA 0.60 0.55 0.72 0.83 0.52 0.55 0.52 0.62 0.59 0.69 0.75 0.89 0.65

BACTRIAN 0.62 0.56 0.83 0.91 0.52 0.60 0.52 0.66 0.65 0.71 0.86 0.98 0.70
SPHINX-T 0.55 0.58 0.83 0.93 0.51 0.57 0.56 0.66 0.68 0.68 0.87 0.98 0.70
SPHINX-0s 0.59 0.58 0.84 0.93 0.50 0.60 0.54 0.63 0.68 0.72 0.89 0.96 0.71

SPHINX 0.59 0.60 0.85 0.94 0.52 0.57 0.58 0.68 0.69 0.71 0.90 0.99 0.72

Table 10: Granular results for XCOPA (4-shot) on our model. Metric: Accuracy. The best performing IFT dataset
for each model is indicated in bold, and the overall best performing IFT model is indicated with an underline.

Language ar en es eu hi id my ru sw te zh avg

MISTRAL-7B

Base Model 0.65 0.89 0.83 0.56 0.62 0.76 0.52 0.81 0.56 0.52 0.80 0.68
IFT 0.70 0.95 0.92 0.54 0.69 0.79 0.57 0.90 0.58 0.54 0.88 0.73

M-ALPACA 0.53 0.73 0.70 0.51 0.51 0.57 0.50 0.66 0.52 0.52 0.71 0.59
AYA 0.64 0.86 0.81 0.56 0.71 0.73 0.60 0.82 0.67 0.60 0.81 0.71

BACTRIAN 0.69 0.82 0.74 0.52 0.59 0.76 0.54 0.73 0.62 0.61 0.76 0.67
SPHINX-T 0.78 0.92 0.87 0.56 0.80 0.81 0.66 0.86 0.74 0.70 0.86 0.78
SPHINX-0s 0.57 0.66 0.64 0.47 0.56 0.61 0.50 0.62 0.56 0.52 0.69 0.58

SPHINX 0.83 0.96 0.94 0.57 0.84 0.87 0.67 0.91 0.80 0.69 0.94 0.81

PHI-3-SMALL

Base Model 0.80 0.98 0.96 0.61 0.72 0.92 0.53 0.96 0.61 0.55 0.94 0.78
IFT 0.81 0.98 0.96 0.61 0.75 0.92 0.56 0.96 0.61 0.53 0.94 0.79

M-ALPACA 0.81 0.98 0.98 0.58 0.76 0.93 0.52 0.97 0.64 0.54 0.96 0.79
AYA 0.77 0.98 0.97 0.57 0.77 0.93 0.53 0.96 0.74 0.56 0.94 0.79

BACTRIAN 0.83 0.98 0.98 0.61 0.83 0.94 0.54 0.97 0.79 0.63 0.94 0.82
SPHINX-T 0.84 0.98 0.98 0.60 0.80 0.95 0.52 0.96 0.72 0.60 0.85 0.80
SPHINX-0s 0.84 0.98 0.97 0.64 0.77 0.95 0.52 0.96 0.74 0.57 0.95 0.81

SPHINX 0.86 0.99 0.99 0.61 0.82 0.96 0.54 0.98 0.74 0.61 0.97 0.82

Table 11: Granular results for XStoryCloze (4-shot) on our model. Metric: Accuracy. The best performing IFT
dataset for each model is indicated in bold, and the overall best performing IFT model is indicated with an underline.
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Language ar de es en fi fr hi it jp ko ta te vi zh avg

MISTRAL-7B

Base Model 0.25 0.23 0.23 0.24 0.23 0.23 0.26 0.24 0.26 0.23 0.23 0.25 0.26 0.25 0.24
IFT 0.32 0.60 0.62 0.74 0.36 0.62 0.32 0.61 0.43 0.47 0.27 0.27 0.39 0.58 0.47

M-ALPACA 0.32 0.50 0.53 0.56 0.45 0.51 0.27 0.51 0.40 0.41 0.26 0.26 0.33 0.48 0.41
AYA 0.34 0.43 0.43 0.48 0.38 0.47 0.35 0.44 0.4 0.36 0.27 0.25 0.37 0.42 0.38

BACTRIAN 0.24 0.27 0.25 0.25 0.26 0.27 0.24 0.28 0.26 0.26 0.23 0.23 0.34 0.28 0.26
SPHINX-T 0.66 0.74 0.71 0.81 0.66 0.76 0.57 0.73 0.66 0.68 0.54 0.46 0.66 0.71 0.68
SPHINX-0s 0.64 0.75 0.75 0.82 0.66 0.79 0.53 0.73 0.69 0.66 0.48 0.44 0.66 0.75 0.67

SPHINX 0.69 0.80 0.69 0.87 0.71 0.82 0.60 0.79 0.73 0.73 0.56 0.48 0.70 0.80 0.71

PHI-3-SMALL

Base Model 0.54 0.87 0.85 0.92 0.58 0.86 0.41 0.86 0.70 0.58 0.26 0.30 0.62 0.82 0.65
IFT 0.63 0.89 0.88 0.93 0.63 0.88 0.48 0.88 0.77 0.68 0.32 0.32 0.68 0.85 0.70

M-ALPACA 0.65 0.92 0.90 0.94 0.74 0.91 0.54 0.90 0.80 0.70 0.47 0.45 0.72 0.84 0.75
Aya 0.58 0.86 0.85 0.91 0.65 0.87 0.50 0.86 0.76 0.67 0.37 0.35 0.69 0.84 0.70

BACTRIAN 0.67 0.88 0.88 0.92 0.70 0.88 0.51 0.86 0.77 0.70 0.37 0.37 0.74 0.86 0.72
SPHINX-T 0.71 0.90 0.90 0.93 0.73 0.90 0.56 0.89 0.82 0.75 0.42 0.38 0.75 0.87 0.75
SPHINX-0s 0.73 0.91 0.90 0.93 0.75 0.92 0.57 0.91 0.82 0.82 0.45 0.40 0.76 0.89 0.77

SPHINX 0.74 0.93 0.91 0.94 0.77 0.93 0.58 0.92 0.84 0.76 0.46 0.40 0.78 0.89 0.79

Table 12: Granular results for Belebele (0-shot) on our model. Metric: Accuracy. The best performing IFT dataset
for each model is indicated in bold, and the overall best performing IFT model is indicated with an underline.

Language ar fr de ro ja ru zh avg

MISTRAL-7B

Base Model 0.48 0.63 0.65 0.56 0.43 0.54 0.48 0.54
IFT 0.37 0.61 0.61 0.58 0.28 0.5 0.49 0.49
M-ALPACA 0.34 0.51 0.51 0.46 0.29 0.36 0.41 0.41
AYA 0.30 0.50 0.51 0.46 0.24 0.35 0.41 0.39
BACTRIAN 0.40 0.55 0.52 0.51 0.34 0.44 0.42 0.45
SPHINX-T 0.39 0.60 0.60 0.54 0.39 0.49 0.48 0.49
SPHINX-0s 0.40 0.57 0.61 0.53 0.40 0.51 0.44 0.49
SPHINX 0.45 0.63 0.64 0.59 0.45 0.55 0.52 0.54

PHI-3-SMALL

Base Model 0.48 0.61 0.65 0.57 0.45 0.52 0.53 0.54
IFT 0.43 0.62 0.63 0.52 0.41 0.49 0.50 0.54
M-ALPACA 0.44 0.60 0.61 0.56 0.32 0.44 0.19 0.45
AYA 0.44 0.56 0.57 0.54 0.12 0.45 0.17 0.41
BACTRIAN 0.48 0.63 0.65 0.59 0.45 0.52 0.52 0.54
SPHINX-T 0.48 0.64 0.65 0.59 0.46 0.53 0.52 0.55
SPHINX-0s 0.49 0.63 0.65 0.59 0.46 0.54 0.53 0.56
SPHINX 0.49 0.64 0.66 0.60 0.46 0.54 0.53 0.56

Table 13: Granular results for Translation for language to English direction (4-shot) on our model. Metric: ChrF.
The best performing dataset for each model is indicated in bold, and the overall best performing model is indicated
with an underline.
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Language ar fr de ro ja ru zh avg

MISTRAL-7B

Base Model 0.29 0.60 0.54 0.52 0.21 0.34 0.47 0.42
IFT 0.16 0.58 0.57 0.48 0.17 0.29 0.43 0.38
M-ALPACA 0.15 0.62 0.66 0.40 0.12 0.48 0.44 0.41
AYA 0.12 0.54 0.63 0.48 0.16 0.39 0.42 0.39
BACTRIAN 0.14 0.51 0.49 0.44 0.10 0.35 0.40 0.38
SPHINX-T 0.31 0.58 0.53 0.47 0.20 0.30 0.26 0.38
SPHINX-0s 0.30 0.60 0.55 0.51 0.22 0.31 0.45 0.42
SPHINX 0.35 0.61 0.60 0.55 0.26 0.36 0.49 0.46

PHI-3-SMALL

Base Model 0.31 0.63 0.60 0.43 0.24 0.30 0.45 0.42
IFT 0.29 0.61 0.58 0.39 0.21 0.27 0.41 0.46
M-ALPACA 0.39 0.60 0.58 0.31 0.11 0.24 0.47 0.38
AYA 0.17 0.62 0.56 0.45 0.22 0.28 0.46 0.39
BACTRIAN 0.30 0.60 0.56 0.47 0.18 0.24 0.44 0.40
SPHINX-T 0.33 0.63 0.60 0.48 0.24 0.31 0.48 0.43
SPHINX-0s 0.32 0.63 0.61 0.50 0.27 0.36 0.49 0.45
SPHINX 0.35 0.64 0.61 0.51 0.26 0.33 0.49 0.46

Table 14: Granular results for Translation for English to language direction (4-shot) on our model. Metric: ChrF.
The best performing dataset for each model is indicated in bold, and the overall best performing model is indicated
with an underline.
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Code Languages Script Data

af Afrikaan Latin 20206
ar Arabic Arabic 26803
bn Bengali Bengal 20165
bg Bulgarian Cyrillic 17300
my Burmese Burmese 12123

zh-Hans Chinese_Simplified Han 100650
zh-Hant Chinese_Traditional Hant 32363

hr Croatian Latin 17340
cs Czech Latin 32711
da Danish Latin 36348
nl Dutch Latin 36586
en English Latin 199900
et Estonian Latin 17207
fi Finnish Latin 33622
fr French Latin 100337
de German Latin 100265
el Greek Greek 17317
he Hebrew Hebrew 24483
hi Hindi Devanagari 20240
hu Hungarian Latin 31999
is Icelandic Latin 20164
id Indonesian Latin 17297
it Italian Latin 85175
jp Japanese Japanese 98366
ko Korean Hangul 30890
lv Latvian Latin 17247
lt Lithuanian Latin 17232

ml Malayalam Malayalam 19817
mr Marathi Devanagari 20069
ne Nepali Devanagari 20092
nb Norwegian Latin 36811
or Oriya Oriya 19153
pl Polish Latin 34711
pt Portuguese Latin 37229
pa Punjabi Gurmukhi 20026
ro Romanian Latin 17149
ru Russian Cyrillic 20108
sr Serbian Latin 17165
sk Slovak Latin 17255
sl Slovenian Latin 17300
es Spanish Latin 100351
sw Swahili Latin 20170
sv Swedish Latin 36533
ta Tamil Tamil 19807
te Telugu Telugu 19947
th Thai Thai 17322
tr Turkish Latin 34405
uk Ukrainian Cyrillic 17282
ur Urdu Perso-Arabic 20162
vi Vietnamese Latin 17358
cy Welsh Latin 20207

Table 15: Language Distribution in Sphinx Dataset
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