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Abstract

Parameter Efficient Finetuning (PEFT) has001
emerged as a viable solution for improving002
the performance of Large Language Models003
(LLMs) without requiring massive resources004
and compute. Prior work on multilingual eval-005
uation has shown that there is a large gap be-006
tween the performance of LLMs on English007
and other languages. Further, there is also a008
large gap between the performance of smaller009
open-source models and larger LLMs. Finetun-010
ing can be an effective way to bridge this gap011
and make language models more equitable. In012
this work, we finetune the LLAMA-2-7B and013
MISTRAL-7B models on two synthetic multi-014
lingual instruction tuning datasets to determine015
its effect on model performance on six down-016
stream tasks covering forty languages in all.017
Additionally, we experiment with various pa-018
rameters, such as rank for low-rank adaptation019
and values of quantisation to determine their020
effects on downstream performance and find021
that higher rank and higher quantisation val-022
ues benefit low-resource languages. We find023
that PEFT of smaller open-source models some-024
times bridges the gap between the performance025
of these models and the larger ones, however,026
English performance can take a hit. We also027
find that finetuning sometimes improves per-028
formance on low-resource languages, while029
degrading performance on high-resource lan-030
guages.031

1 Introduction032

Large Language Models (LLMs) show impressive033

performance on several tasks, sometimes even sur-034

passing human performance. This has been at-035

tributed to the vast amounts of training data used036

during the pretraining phase, as well as various037

techniques used to align the models during the fine-038

tuning phase. Several variants of finetuning exist,039

including supervised finetuning (SFT) and instruc-040

tion tuning (OpenAI, 2023), where the model is041

finetuned with task specific data, or instructions on042
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Figure 1: Comparison of best parameter efficient
instruction finetuned models with other off the shelf
LLMs. Notably, the best Mistral instruction finetuned
model is able to outperform even GPT-4 and PaLM2 on
“MLQA” and “XQUAD” tasks.

how to perform tasks. However, finetuning all the 043

parameters of the model can be expensive and time 044

consuming, due to the increasing size of language 045

models in recent years. Parameter Efficient Fine- 046

tuning (PEFT) has emerged as a viable alternative 047

to full finetuning (Chen et al., 2023). 048

Most studies on LLMs focus on training, finetun- 049

ing and evaluating models in performing tasks in 050

English. Recent work on comprehensive evaluation 051

of LLM capabilities in non-English settings (Ahuja 052

et al., 2023a) have shown that LLMs perform far 053

worse on languages other than English. Studies that 054

compare multilingual performance across different 055

models (Ahuja et al., 2023b), show that there is a 056

large performance gap between large, proprietary 057
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and closed models such as GPT-4 and PaLM2 and058

smaller open-source models like LLAMA-2-7B059

and MISTRAL-7B.060

PEFT techniques like LoRA (Hu et al., 2022)061

have been shown to strengthen the multilingual ca-062

pabilities of these open-source LLMs (Zhao et al.,063

2024). Moreover, Adapters (Pfeiffer et al., 2020a)064

have been proposed to boost the capabilities of065

language models to newer languages. Since full066

finetuning of models is not always feasible due to067

resource and compute constraints, exploring how068

far PEFT techniques can take us in boosting per-069

formance on non-English languages is a promising070

direction. Adoption of model quantisation tech-071

niques (Dettmers et al., 2022; yang Liu et al., 2023)072

has also made PEFT LLMs more accessible.073

Not much work has been done on analyzing the074

impact of different choices, configurations and set-075

tings for PEFT on multilingual downstream tasks.076

In this work we aim to analyse how LoRA rank and077

quantisation affects the performance of finetuned078

models across 6 downstream tasks, covering 40 lan-079

guages in all. We are interested in knowing whether080

multilingual PEFT can lead to reasonable gains in081

performance, or whether full finetuning of models082

is required. Furthermore, we check if it is better to083

generate multilingual instructions from larger base084

models or translate existing english instruction to085

more languages. Lastly, we also study the effect of086

multilingual finetuning on English performance.087

Prior works have demonstrated that LoRA fine-088

tuning is the most effective PEFT out of existing089

techniques so far (Zhuo et al., 2024). Hence, we090

keep our study limited to analysing different LoRA091

and QLoRA (Dettmers et al., 2023) configurations092

to answer our research questions. Our contributions093

are as follows:094

• We benchmark effects of various ranks095

and quantisation with LLAMA-2-7B and096

MISTRAL-7B models finetuned on MULTI-097

ALPACA and BACTRIAN-X-22 dataset. We098

analyse the effects of % of trainable parame-099

ters and quantisation on 6 various tasks and100

40 languages.101

• We study efficacy of finetuning by comparing102

results with non-finetuned models of similar103

or larger sizes.104

• We analyse the effects of multilingual PEFT105

on English performance to check for degrada-106

tions due to forgetting.107

• We experiment with the choice of instruction 108

finetuning dataset to study any variations in 109

model performance on our downstream tasks. 110

111

• We present results and an analysis of trends 112

across these models and instruction finetuning 113

datasets with directions for future research. 114

2 Related Work 115

Parameter Efficient Finetuning: Recently, Pa- 116

rameter Efficient Finetuning has gained significant 117

attention in the NLP research community since 118

full finetuning of LLMs is prohibitively expensive 119

for most organizations. Following early works 120

on adapters (Houlsby et al., 2019; Pfeiffer et al., 121

2020a), several finetuning techniques like LoRA 122

(Hu et al., 2022), (IA)3 (Liu et al., 2022a), P-Tuning 123

(Liu et al., 2022b) and Prefix Tuning (Li and Liang, 124

2021) have been proposed. These techniques make 125

the compute costs manageable by significantly re- 126

duce the number of trainable parameters during 127

finetuning. Several works have used these tech- 128

niques for efficient cross lingual transfer (Ansell 129

et al., 2022), to tackle catastrophic forgetting (Vu 130

et al., 2022) or compose multiple adapters (Pfeiffer 131

et al., 2021) for multi-task performance. 132

Multilingual Instruction Finetuning: Recently, 133

there has been a lot of interest in creating multilin- 134

gual instruction finetuning datasets to enhance the 135

reasoning capabilities of LLMs on languages other 136

than English (Li et al., 2023a; Wei et al., 2023). 137

Such datasets, are being used to create LLMs that 138

can serve to larger demographic and can also be 139

more efficient during inference time (Jiang et al., 140

2023). Li et al. (2023a) gained significant perfor- 141

mance on multilingual tasks by LoRA finetuning 142

LLaMA and BLOOM on the BACTRIAN-X dataset. 143

These instruction datasets are generally derived by 144

generation or translation. Wei et al. (2023) trans- 145

lated seed tasks of ALPACA dataset (Taori et al., 146

2023) to 11 languages and then prompted GPT-3.5- 147

Turbo to generated more instructions in those lan- 148

guages, while Li et al. (2023a) translated ALPACA 149

instructions to 50 other languages using google 150

translate API and generated responses using GPT- 151

3.5-Turbo. Moreover, efforts like (Singh et al., 152

2024) attempts to create crowdsourced multilinu- 153

gal instruction datasets to capture better linguistic 154

and cultural nuances. 155
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Quantisation for Model Compression: Model156

quantisation is another way of reducing the overall157

memory footprint of the LLM. While many popu-158

lar LLMs (notably LLAMA-2-7B (Touvron et al.,159

2023) and MISTRAL-7B (Jiang et al., 2023)) are160

pre-trained with weights represented in 16 bit float-161

ing point numbers (Wu et al., 2020), it is shown162

that finetuning with lower quantisation yields sim-163

ilar performance. The most popular quantisation164

techniques – LLM:Int8() (Dettmers et al., 2022)165

and 4 bit (yang Liu et al., 2023) are usually com-166

bined with LoRA (Dettmers et al., 2023) to further167

reduce the memory footprint of LLM finetuning.168

LLM Evaluation: Principled LLM evaluation169

has gained significant interest with demonstrations170

of increasingly complex abilities of LLMs (Brown171

et al., 2020; Cobbe et al., 2021; Wei et al., 2022; Shi172

et al., 2023) on various tasks. However, many eval-173

uations are monolingual or English-only and mul-174

tilingual evaluation of LLMs (Ahuja et al., 2023a;175

Asai et al., 2023; Ahuja et al., 2023b) remains a176

challenging problem. Past work by Ramesh et al.177

(2023) has evaluated the effects of model compres-178

sion techniques such as quantisation, distillation179

and pruning on LLMs performance on downstream180

tasks in multilingual setting.181

3 Experiments182

3.1 Setup183

Finetuning Models: We finetune open-source,184

multilingual LLMs on multilingual instruction fine-185

tuning datasets. We pick models that are pre-186

trained on multilingual data as it would be un-187

fair to compare English-only LLMs when finetun-188

ing on multilingual data. Specifically, we explore189

PEFT on LLAMA-2-7B (Touvron et al., 2023)190

and MISTRAL-7B (Jiang et al., 2023) models.191

Finetuning Dataset: We finetuned our mod-192

els on MULTIALPACA (Wei et al., 2023) and193

BACTRIAN-X (Li et al., 2023a) datasets for all194

our experiments.195

MULTIALPACA is a self instruct dataset which196

follows the same approach as (English-only) AL-197

PACA dataset (Taori et al., 2023) by translating198

seed tasks to 11 languages and then using GPT-3.5-199

Turbo for response collection. The languages in-200

cluded in the dataset are Arabic, German, Spanish,201

French, Indonesian, Japanese, Korean, Portuguese,202

Russian, Thai and Vietnamese.203

BACTRIAN-X is a machine translated dataset of 204

the original alpaca-52k and dolly-15k (Conover 205

et al., 2023) datasets. In this dataset, the in- 206

structions were translated using google translate 207

API to 52 diverse languages and responses were 208

generated using GPT-3.5-Turbo. In our exper- 209

iments we finetune our models on a subset of 210

22 languages namely, Afrikaans, Arabic, Ben- 211

gali, Chinese-Simplified, Dutch, French, German, 212

Gujarati, Hindi, Indonesian, Japanese, Korean, 213

Marathi, Portuguese, Russian, Spanish, Swahili, 214

Tamil, Telugu, Thai, Urdu and Vietnamese. We 215

rename this dataset to BACTRIAN-X-22. Each 216

language in BACTRIAN-X-22 consists of 67k in- 217

structions parallel and responses whereas MULTI- 218

ALPACA consists of nearly 100k instructions. To 219

get a dataset of comparable size, we take 10% in- 220

structions (6700) from each language giving us 221

close to 150k instructions in 22 languages. We first 222

shuffle and partition indices 0-67k and divide them 223

into 10 partitions. Each partition now consists of 224

random indices from 0-67k. Then we iterate over 225

all 22 languages assigning language i to partition 226

imod10. This gives us a partition of 6700 indices 227

from each languages which we use to form the in- 228

struction tuning dataset from each language. This 229

means that every instruction at index from 0-67k 230

is included in at least two languages. We study 231

whether this enhanced sampling ensuring at least 232

two languages per instruction helps in cross-lingual 233

transfer. 234

Finetuning Techniques: We follow the LoRA 235

(Dettmers et al., 2023; Hu et al., 2022) finetuning 236

recipe for each finetuning run. We finetune mod- 237

els on various ranks and quantisations, specifically 238

LoRA Ranks 8, 16, 32, 64 and 128 and 4bit, 8bit 239

and 16bit quantisation. 240

3.2 Evaluation 241

We evaluate multilingual capabilities of our fine- 242

tuned models on three Classification tasks, two 243

Question-Answering tasks and one Summarisation 244

task. We use prompts that are similar to those 245

used in the MEGA benchmarking study (Ahuja 246

et al., 2023a) but adapted to the Alpaca-style (Taori 247

et al., 2023) instruction format. We study the im- 248

pact of multilingual finetuning on English capabili- 249

ties using Alpaca Eval (Li et al., 2023b). We use 250

lm-eval-harness (Gao et al., 2021) for the evalua- 251

tions. LM-Evaluation-Harness is a unified frame- 252

work for few shot evaluation of language models. 253
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Figure 2: Average model performance of LLAMA-2-7B and MISTRAL-7B finetuned on BACTRIAN-X-22 and
MULTIALPACA across tasks on all rank-quantisation configurations.
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Figure 3: Belebele evaluation results of LLAMA-2-7B and MISTRAL-7B finetuned on BACTRIAN-X-22 and
MULTIALPACA across tasks on all rank-quantisation configurations.

This framework standardises the inference and few254

shot example selection pipeline across tasks and255

models. We created the task configurations from256

MEGAVERSE (Ahuja et al., 2023b) with the AL-257

PACA-style prompt template. We mention these258

prompts in detail in the Appendix Section C.259

Classification Datasets: As part of our evalua-260

tion process, we benchmark our finetuned models261

on several datasets. The Belebele dataset (Ban-262

darkar et al., 2023), which is parallel across 122263

languages, is evaluated on a subset of 33 languages.264

We report our results on 30% of the test split in265

the zero-shot setting due to resource constraints.266

We report the results in Table 4, 5 6, 7, 8 and 9.267

The XNLI dataset (Conneau et al., 2018) consists268

of 122k training, 2490 validation, and 5010 test269

examples in 15 languages. We have evaluated our270

models on 1000 examples from test split with 4271

in-context examples sampled from the validation272

split and report our results in Table 28, 29, 30,273

31, 32 and 33. The XCOPA dataset (Ponti et al.,274

2020) covers 11 languages, and we evaluate our275

models on Estonian, Indonesian, Italian, Quechua,276

Thai and Vietnamese in the 4-shot setting similar277

to XNLI. We report our results in Table 22, 23, 24,278

25, 26 and 27.279

Question Answering Datasets: The MLQA280

dataset (Lewis et al., 2020) contains 5K extrac-281

tive question-answering instances in 7 languages.282

For the interest of time, we evaluate our models for283

1000 examples of the test split in a 4-shot setting 284

and report our results in Table 16, 17, 18, 19, 20 285

and 21. The XQuAD dataset (Artetxe et al., 2020) 286

consists of a subset of 240 paragraphs and 1190 287

question-answer pairs across 11 languages. We 288

use a 4-shot setting similar to MLQA and evalu- 289

ate 1000 examples of the test split. We report our 290

results in Table 34, 35, 36, 37, 38 and 39. 291

Summarisation Dataset: The XLSUM dataset 292

(Hasan et al., 2021) spans 45 languages, and we 293

evaluate our models in Arabic, Chinese-Simplified, 294

English, French, Hindi, Japanese and Spanish. We 295

evaluate our models on 100 text-summarization 296

pairs from the test split in a zero-shot setting and 297

report our results in Table 40, 42, 41, 43, 44 and 298

45. 299

English Instruction Following Dataset: We 300

also use AlpacaEval (Li et al., 2023b) to bench- 301

mark English proficiency. We evaluate our models 302

against text-davinci-003 responses on 800 instruc- 303

tions and use GPT4 (gpt-4-32k) as the evaluator. 304

We report our results in Tables 10, 11, 12, 13, 14 305

and 15. 306

We discuss more about these benchmark datasets 307

in detail in Appendix Section B. 308

4 Analysis of Results 309

Analysis of Rank and Quantisation In this 310

study we aim to analyse the trade-offs between 311
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Figure 4: Effect of diversity
of languages in fine-tuning on
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Figure 5: Detailed language-wise comparison of our finetuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Arabic, German, Greek, English, Spanish, Hindi, Romanian, Russian, Thai,
Turkish and Vietnamese for XQUAD (Artetxe et al., 2020).

cost of compute and model performance. Both the312

LLAMA-2-7B and MISTRAL-7B models were313

finetuned on all rank-quantisation configurations314

using the MULTIALPACA and BACTRIAN-X-22315

datasets resulting into 60 models.316

We evaluate our finetuned models across the317

six benchmarking datasets mentioned in Section318

3.2. We present the averaged results across these319

datasets in Fig 2. Lighter colours (yellow) indicate320

higher performance and it decreases with darker321

shades (blue). For MISTRAL-7B we can see a322

clear trend for both the finetuning datasets. De-323

creasing the quantisation can lead to a hit in model324

performance. For LLAMA-2-7B the trend is not325

very clear but the highest quantisation gives the326

best results. Additionally, higher ranks seem to327

give slightly better performance. According to our328

studies, using Rank 32 or 64 with 16bit Quantisa-329

tion works the best on average. This can be inferred 330

very clearly from our results on Belebele in Fig 3. 331

To delve deeper, we provide a detailed task-wise 332

performance in Fig 14. 333

MULTIALPACA v/s BACTRIAN-X-22 as Instruc- 334

tion Finetuning Dataset Here, we aim to study 335

the model performance finetuned on multilingual 336

instruction dataset created in 2 different settings 337

i.e. LLM generated (MULTIALPACA) and machine- 338

translated (BACTRIAN-X-22). In MULTIALPACA, 339

both multilingual instructions and their responses 340

are generated using GPT-3.5-Turbo from translated 341

ALPACA seed instructions. While in BACTRIAN- 342

X-22, the final set of ALPACA instructions were 343

translated and then responses were collected using 344

GPT-3.5-Turbo. 345

In our findings, we observe that models trained 346
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on both datasets give similar performance on av-347

erage across tasks and languages, implying that348

method of instruction finetuning data creation349

has little to no effect on the model performance.350

Rather, we observe that multilingual capabilities351

of base model is a good indicator of the finetuned352

model performance across tasks. From Ahuja et al.353

(2023b) we know that MISTRAL-7B is a better base354

multilingual model than LLAMA-2-7B and we ob-355

serve that multilingual capabilities of MISTRAL-356

7B also reaps greater benefits of multilingual in-357

struction finetuning.358

Hence, in our experiments, we observe that for359

creating multilingual instruction datasets both ap-360

proaches are equivalent - generating multilingual361

data from seed tasks or translating an existing En-362

glish instruction dataset to more languages.363

Effect of Number of Languages in Training364

Data Our finetuning datasets MULTIALPACA365

and BACTRIAN-X-22 have 11 and 22 languages366

respectively. We want to study if the additional367

11 languages in BACTRIAN-X-22 help the model368

perform better at multilingual tasks.369

We do a case study on the “belebele” task which370

consists of 50+ languages. We sample 35 of these371

and divide them into 3 groups. The first group372

(Group 1) consists of 11 languages from MULTI-373

ALPACA, the next group (Group 2) consists of 11374

languages present in BACTRIAN-X-22 but absent375

from MULTIALPACA. The final group (Group 3)376

contains 13 languages that are not present in any377

of our finetuning datasets. We compute average378

accuracy of finetuned models across all ranks on379

the 3 groups and present them in Figure 4. We find380

that the larger number of languages in BACTRIAN-381

X-22 do not necessarily help. This behavior is con-382

sistent with the findings of Shaham et al. (2024).383

Moreover,we observe that for other tasks as well384

BACTRIAN-X-22 dataset has no edge over MUL-385

TIALPACA as we can see from Table 1 and Figure386

6.387

Effect of Multilingual Finetuning on perfor-388

mance on downstream tasks for High Resource389

v/s Low Resource Languages For XNLI and390

MLQA, we observe that finetuning improves per-391

formance on low-resource languages but worsens392

performance on high-resource languages. In Bele-393

bele, we find that finetuning worsens the perfor-394

mance for all languages for both models. For395

XCOPA, we get the same or better results for all lan-396

guages with finetuning. For XQUAD, multilingual 397

finetuning boosts performance for all languages for 398

both LLAMA-2-7B and MISTRAL-7B and even 399

surpasses GPT-4 as seen in Fig 5. Moreover, for 400

XLSUM parameter efficient finetuned models does 401

not perform at par with fully finetuned or larger 402

LLMs due to the generative nature of the task. This 403

shows that overall, PEFT on smaller LLMs using 404

multilingual instruction data can prove to be bene- 405

ficial and can bridge the gap between smaller open- 406

source models and large proprietary models. 407

Moreover, we observe that language-wise per- 408

formance does not get affected by the choice 409

of the training dataset, i.e. MULTIALPACA 410

and BACTRIAN-X-22 have similar performances 411

across languages and tasks. BACTRIAN-X-22 412

sometimes, leads to better performance on some 413

low-resources languages as it includes more lan- 414

guages in the training data. 415

Analysis of Performance on English In Table 416

2 we compare models on the English AlpacaEval 417

benchmark. Overall, the capability of model to 418

follow English instruction reduces drastically after 419

multilingual finetuning. In general, finetuning on 420

English-only ALPACA dataset or using higher ca- 421

pacity adapters (higher rank, better quantisation) 422

seem to help in preserving the performance on En- 423

glish instruction finetuning. 424

More concisely, we observe that MISTRAL- 425

7B is able to preserve more English capabili- 426

ties than LLAMA-2-7B on AlpacaEval. While, 427

BACTRIAN-X-22 and MULTIALPACAhave differ- 428

ence in performance in English for the respective 429

finetuned model. 430

Furthermore, in a task-wise analysis we observe 431

that multilingual finetuning leads to deterioration 432

in English performance in Belebele, while in XNLI 433

it deteriorates for LLAMA-2-7B and improves for 434

MISTRAL-7BḞor question-answering tasks MLQA 435

and XQUAD, multilingual finetuning leads to im- 436

provement in performance. In XLSUM the per- 437

formance improves for LLAMA-2-7B when fine- 438

tuned on multilingual data, while for MISTRAL-7B 439

the performance decreases or remains the same. 440

Task Wise Performance Analysis We analyse 441

the average performance across languages on 442

each task for GPT-4, PaLM-2, LLaMA-2-70B- 443

Chat, Mistral-7B-Instruct and LLAMA-2-7B and 444

MISTRAL-7B models finetuned using MULTIAL- 445

PACA, ALPACA and BACTRIAN-X-22. In Figure 6 446
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model finetuning dataset xnli xcopa xquad belebele mlqa xlsum Model Average

GPT-4 NA 0.75 0.90 0.69 0.85 0.67 0.25 0.69
Mistral-7B-Instruct NA 0.38 0.53 0.23 0.44 0.24 NA 0.37
Llama-2-70b-chat NA 0.48 0.39 0.07 0.61 0.24 0.08 0.31
PaLM2 NA 0.76 0.96 0.70 0.87 0.39 0.07 0.62

Llama-2-7b
MULTIALPACA 0.35 0.58 0.64 0.28 0.41 0.10 0.39
Bactrian-X-22 0.35 0.58 0.63 0.28 0.44 0.08 0.39
alpaca 0.35 0.58 0.63 0.28 0.35 0.07 0.38

Mistral-7b
MULTIALPACA 0.53 0.59 0.79 0.43 0.70 0.14 0.53
Bactrian-X-22 0.52 0.59 0.79 0.42 0.70 0.14 0.53
alpaca 0.53 0.59 0.78 0.45 0.70 0.10 0.52

Table 1: Detailed Task Wise Performance Comparison between GPT-4, PaLM-2, LLaMA-70B-chat, Mistral-7B-
Instruct and finetuned models with best rank quantisation. Baseline numbers are referred from Ahuja et al. (2023b).
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Figure 6: Task Wise Performance Comparison of Llama-2-70B-Chat, GPT-4, PaLM-2, Mistral-7B-Chat and our
finetuned models averaged across languages.

model winrate

GPT-4 93.78
PaLM2 79.66

Llama-70B-Chat 22.36
Mistral-7B-Instruct 35.12

model dataset rank quantisation winrate

Llama-2-7B
Alpaca 128 16 13.28
Bactrian-X-22 64 16 13.73
MULTIALPACA 128 16 13.73

Mistral-7B
Alpaca 64 8 24.47
Bactrian-X-22 16 8 22.07
MULTIALPACA 32 8 22.45

Table 2: Best AlpacaEval Scores for each model, dataset,
rank and quantisation configuration and GPT-4, PaLM-
2, LLaMA-70B-Chat and Mistral-7B-Instruct baselines.

we can see that finetuning is usually better or at par447

with LLaMA-70B-Chat and Mistral-7B-Instruct448

which are not finetuned on multilingual data. We449

also compare the performance of finetuned models450

with LLMs like GPT-4 and PaLM2 and English in-451

struction tuned versions of these models provided452

in (Ahuja et al., 2023b). Table 1 shows the best453

model score averaged across languages per task. 454

We observe that MISTRAL-7B beats GPT-4 and 455

fairs as the best model on XQUAD and MLQA. 456

While in XNLI, XCOPA and Belebele, it bridges 457

the gap between GPT-4 and PaLM-2 by 20% on an 458

average. 459

While we see some gap being bridged (20% on 460

average) on classification tasks (XNLI, XCOPA 461

and Belebele) using PEFT, it tends to beat larger 462

models on question answering tasks (MLQA and 463

XQUAD) like GPT-4. While on XLSUM there 464

is no significant difference in performance after 465

PEFT. 466

Interestingly, we observe that finetuning 467

LLAMA-2-7B and MISTRAL-7B on ALPACA 468

leads to comparable results with finetuning on 469

MULTIALPACA and BACTRIAN-X-22. This can 470

be due to the parameter efficient nature of the fine- 471

tuning which prevents catastrophic forgetting and 472

helps the model learn the instruction following 473

ability from the English instruction data. Second 474

7



reason can be the difference in the token fertil-475

ity of LLAMA-2-7B and MISTRAL-7B as shown476

by Ahuja et al. (2023b). We can deduce that477

MISTRAL-7B having higher token fertility and be-478

ing a better base multilingual model can benefit479

greatly from English instruction dataset and show480

excellent cross-lingual transfer. While LLAMA-2-481

7B having a lower token fertility does not benefit482

greatly from even multilingual instruction finetun-483

ing, as most multilingual LLaMAs resort to vocab-484

ulary expansion during pre-finetuning phase (Zhao485

et al., 2024). We illustrate the language-wise analy-486

sis of our model results in Figure 5, 15, 16, 17, 18,487

20, 21, 22, 22 and 23.488

While we compare our multilingual finetuned489

models with models finetuned on English, we490

should note that we do not have complete informa-491

tion about instruction datasets used for Llama-70B-492

chat and Mistral-7B-Instruct. Hence, there may be493

chances of data contamination for some datasets in494

these models (Ahuja et al., 2023a) or the presence495

of multilingual instruction data in them.496

5 Conclusion497

In this paper we perform an extensive analysis of498

how rank, quantisation, finetuning dataset and base499

LLM effects the performance of the finetuned mod-500

els on 6 multilingual tasks and AlpacaEval when501

finetuned in a paramater efficient manner.502

• Crosslingual transfer DOES happen even in503

parameter efficient finetuning.504

• ALPACA (English-only instruction finetuning505

dataset) is comparable to MULTIALPACAand506

Bactrian-X-22 in multilingual downstream507

task performance. We hypothesize that this508

is due to Mistral being a superior model due509

to its better tokenizer, and that PEFT prevents510

catastrophic forgetting compared to full fine-511

tuning.512

• Having more languages in the finetuning513

datasets does not necessarily mean signifi-514

cantly better multilingual performance (Sec-515

tion 4) if the dataset sizes are comparable.516

• Quality and abilities of the base model far out-517

weigh the dataset or training method for pa-518

rameter efficient multilingual instruction fine-519

tuning.520

• Higher capacity adapters (i.e. higher ranks or521

better quantisations) are better at maintaining522

English performance along with multilingual 523

downstream task performance. 524

We also beat GPT-4 on question-answering tasks 525

(MLQA and XQUAD) using just multilingual 526

PEFT on MISTRAL-7B showing that multilingual 527

finetuning of 7B parameter LLMs is a promising 528

direction for the future to bridge the gap of perfor- 529

mance on multilingual downstream tasks. 530

6 Future Work 531

More PEFT Techniques This study explores the 532

effects of PEFT using LoRA, while newer tech- 533

niques by Ansell et al. (2024) can also be promising 534

to study the parameter efficient techniques for mul- 535

tilingual instruction tuning for these LLMs. We can 536

also work towards building better PEFT techniques 537

for specifically multilingual settings or crosslingual 538

transfer for LLMs like MAD-X for encoder-like 539

models (Pfeiffer et al., 2020b). 540

Better Use of Adapters With LLMs becoming 541

more popular in the NLP research, it is prohibitive 542

to re-pretrain models on newer languages. Hence, 543

modular techniques like Pfeiffer et al. (2020a) were 544

introduced to finetune these models in a more pa- 545

rameter efficient manner. Furthermore, the works 546

of Chen et al. (2024) introduced a novel technique 547

of adapting language models to newer languages 548

without further pretraining. However, such tech- 549

niques can be compute intensive in LLMs and a 550

direction of future can be pursued where similar 551

approach can be taken in a parameter efficient man- 552

ner. 553

Better Multilingual Instruction Datasets 554

While the datasets used in this study are derived 555

from ALPACA, newer instruction datasets using 556

Chain Of Thought prompting (Mukherjee et al., 557

2023; Mitra et al., 2023) leads to better reasoning 558

capabilities on smaller LLMs (7 billion param- 559

eters), which can be explored as future work. 560

More controlled crowd-sourcing efforts like Singh 561

et al. (2024) can also lead to better multilingual 562

instruction datasets. 563

7 Limitations 564

Our evaluation is performed using standard bench- 565

marks, which has known limitations. Datasets used 566

to create benchmarks may have been seen by mod- 567

els during pretraining or finetuning, and due to lack 568

of transparency about the datasets used for training 569

8



we cannot rule out test data contamination. Sec-570

ond, we use synthetic datasets that are created by571

prompting LLMs to finetune our models, this can572

lead to bias, which is also a limitation of the work.573

Finally, we compare the results obtained by our574

models to results from the MEGAVERSE bench-575

marking study while comparing the differences be-576

tween finetuned models and models that are not577

finetuned for multilingual performance, which may578

have some differences in prompting and setup.579
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A Hyperparameters for Finetuning and 871

Training Setup 872

Our code for finetuning is based on the open source 873

axolotl1 framework. We plan to release our 874

configuration files for better reproducibility. Each 875

finetuning experiment took ∼16-24 hours to com- 876

plete on a single NVIDIA A100 GPU with 80 GB 877

RAM. Exact hyperparameters for finetuning are 878

mentioned below: 879

Hyperparameter Value

Learning rate 1× 10−6

Epochs 5
Global batch size 16
Scheduler Cosine
Warmup Linear
Warmup steps 10
Optimizer AdamW (Loshchilov and Hutter, 2019)

Weight decay 0

Table 3: Hyperparameters for finetuning.

B Evaluation Dataset Details 880

The detailed description of the datasets that we use 881

for evaluation are as follows: 882

XNLI: The XNLI (Cross-lingual Natural Lan- 883

guage Inference) dataset (Conneau et al., 2018) is 884

an extension of the Multi-Genre NLI (MultiNLI) 885

corpus to 15 languages. The dataset was created 886

1https://github.com/
OpenAccess-AI-Collective/axolotl
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by manually translating the validation and test sets887

of MultiNLI into each of those 15 languages. The888

English training set was machine translated for all889

languages. The dataset is composed of 122k train,890

2490 validation, and 5010 test examples. XNLI891

provides a robust platform for evaluating cross-892

lingual sentence understanding methods. We evalu-893

ated our models on the test split with 4 in-context894

examples sampled from the validation split. We895

report our results in Table 28, 29, 30, 31, 32 and896

33.897

XCOPA: The XCOPA (Cross-lingual Choice of898

Plausible Alternatives) dataset (Ponti et al., 2020)899

is a benchmark for evaluating the ability of ma-900

chine learning models to transfer commonsense901

reasoning across languages. It is a translation and902

re-annotation of the English COPA dataset (Roem-903

mele et al., 2011) and covers 11 languages from 11904

families and several areas around the globe. The905

dataset is challenging as it requires both the com-906

mand of world knowledge and the ability to gener-907

alize to new languages. We evaluated our models908

on Estonian, Thai, Italian, Indonesian, Vietnamese909

and Southern Quechua. We evaluated our models910

in the 4-shot setting similar to XNLI. We report our911

results in Table 22, 23, 24, 25, 26 and 27.912

Belebele: Belebele (Bandarkar et al., 2023) is913

a multiple choice machine reading comprehen-914

sion (MRC) dataset parallel across 122 languages.915

Each question is linked to a short passage from the916

FLORES-200 dataset (Team et al., 2022). The hu-917

man annotation procedure was carefully curated to918

create questions that discriminate between different919

levels of language comprehension. We evaluated920

our models in the zero-shot setting and report re-921

sults in Table Table 4, 5 6, 7, 8 and 9.922

MLQA: MLQA (Lewis et al., 2020) is a mul-923

tilingual question answering dataset designed for924

cross lingual question answering. It contains 5K925

extractive question answering instances. It consists926

of 7 languages i.e. English, Arabic, Vietnamese,927

German, Spanish, Hindi and Simplified Chinese.928

The evaluation uses a 4-shot setting similar to that929

of XNLI. We report our results in Table 34, 35, 36,930

37, 38 and 39.931

XQuAD: The XQuAD (Cross-lingual Question932

Answering Dataset) (Artetxe et al., 2020) is a933

benchmark dataset for evaluating cross-lingual934

question answering performance. It consists of935

a subset of 240 paragraphs and 1190 question- 936

answer pairs from the development set of SQuAD 937

v1.1, along with their professional translations into 938

ten languages: Spanish, German, Greek, Russian, 939

Turkish, Arabic, Vietnamese, Thai, Chinese, and 940

Hindi. As a result, the dataset is entirely parallel 941

across 11 languages. This dataset provides a robust 942

platform for developing and evaluating models on 943

cross-lingual question answering tasks. For evalua- 944

tion, we use a 4-shot setting similar to MLQA. We 945

report our results in table 34, 35, 36, 37, 38 and 39. 946

XLSUM: XLSUM (Hasan et al., 2021) is a com- 947

prehensive and diverse dataset for abstractive sum- 948

marization comprising 1 million human annotated 949

article-summary pairs from BBC. The dataset cov- 950

ers 44 languages ranging from low to high-resource, 951

for many of which no public dataset is currently 952

available. We evaluate our models on a subset of 953

7 languages, namely, Arabic, Chinese-Simplified, 954

English, Hindi, French, Japanese and Spanish in a 955

zero-shot setting. We present our results in Table 956

40, 42, 41, 43, 44 and 45. 957

AlpacaEval: AlpacaEval (Li et al., 2023b) is an 958

LLM based automatic evaluator for instruction fol- 959

lowing models. It consists of around 800 instruc- 960

tions and corresponding responses obtained from 961

(text-davinci-003) GPT3. The benchmark com- 962

pares responses from GPT3 (or any other “oracle” 963

model) with target (finetuned) model using another 964

LLM (typically GPT4) as an evaluator. The eval- 965

uator LLM decides which response is better and 966

overall win rate (higher the better) is computed for 967

the target model. For our evaluation, we use the 968

text-davinci-003 responses from the dataset as our 969

oracle/gold responses and use GPT4 (gpt-4-32k) as 970

our evaluator. We report our results in Table 10, 11, 971

12, 13, 14 and 15. 972

C Evaluation Prompts 973

For XNLI, XCOPA, Belebele, MLQA, XQUAD, 974

XLSUM we use the standard ALPACA system 975

prompt "Below is an instruction that describes a 976

task, paired with an input that provides further 977

context. Write a response that appropriately 978

completes the request.". 979
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### Instruction:
The task is to solve Natural
Language Inference (NLI) problems.
NLI is the task of determining
the inference relation between two
(short, ordered) texts: entailment,
contradiction, or neutral. Answer
as concisely as possible in the same
format as the examples below:

{{premise}}

Question: {{hypothesis}} True,
False, or Neither?

### Response

Figure 7: XNLI Prompt

### Instruction:
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
== "cause" %} a cause {% else %} an
effect {% endif %}

### Response:

Figure 8: XCOPA Prompt

C.1 XNLI980

C.2 XCOPA981

C.3 Belebele982

C.4 MLQA983

C.5 XQUAD984

C.6 XLSUM985

C.7 AlpacaEval986

D Further of Analysis of Results987

D.1 Analysis of Rank and Quantisation988

D.2 Tasks Wise and Language Performance989

Plots990

### Instruction:
The task is to perform reading
comprehension task. Given the
following passage, query, and
answer choices, output the letter
corresponding to the correct answer.

Passage: {{florespassage}}
Query : {{question}}
Choices :
A : {{mcanswer1}}
B : {{mcanswer2}}
C : {{mcanswer3}}
D : {{mcanswer4}}

###Response :

Figure 9: Belebele Prompt

### Instruction:
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

### Response:

Figure 10: MLQA Prompt

### Instruction:
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

### Response:

Figure 11: XQUAD Prompt
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### Instruction:
The task is to summarize any given
article. You should summarize all
important information concisely
in the same language in which you
have been provided the document.
Following the examples provided
below:

{{text}}

### Response:

Figure 12: XLSUM Prompt

Below is an instruction that
describes a task, paired with an
input that provides further context.
Write a response that appropriately
completes the request.

Figure 13: Alpaca Prompt
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Figure 14: Task-wise performance of MISTRAL-7B and LLAMA-2-7B fine-tuned on BACTRIAN-X-22 and
MULTIALPACA averaged across languages on all rank-quantisation configurations.
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Figure 15: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Afrikaans, Arabic, Assamese, Bulgarian, Bengali, Czech and Danish for
Belebele (Bandarkar et al., 2023).
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Figure 16: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on German, English, Spanish, Finnish, French, Gujarati and Hebrew for
Belebele (Bandarkar et al., 2023).
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Figure 17: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Hindi, Croatian, Indonesian, Italian, Japanese, Korean and Malayalam for
Belebele (Bandarkar et al., 2023).
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Figure 18: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Marathi, Norwegian, Dutch, Portuguese, Russian, Swedish and Swahili for
Belebele (Bandarkar et al., 2023).
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Figure 19: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Tamil, Telugu, Thai, Turkish, Urdu, Vietnamese and Chinese-Simplified for
Belebele (Bandarkar et al., 2023).
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Figure 20: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Arabic, German, English, Spanish, Hindi and Vietnamese for MLQA (Lewis
et al., 2020).
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Figure 21: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Estonian, Haitian, Indonesian, Italian, Quechua, Swahili, Tamil, Thai,
Turkish and Vietnamese for XCOPA (Ponti et al., 2020).
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Figure 22: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Arabic, Bulgarian, German, Greek, English, Spanish, French, Hindi,
Russian, Swahili, Thai, Turkish, Urdu and Vietnamese for XNLI (Conneau et al., 2018).
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Figure 23: Detailed language-wise comparison of our fine-tuned MISTRAL-7B and LLAMA-2-7B models with
other baselines (Ahuja et al., 2023b) on Arabic, English, Spanish, French, Hindi and Japanese for XLSUM(Hasan
et al., 2021).
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Model win_rate

LLaMA-70B-Chat 22.36
Mistral-7B-Instruct 35.13

GPT-4 93.78
PALM2 79.66

rank quantisation win_rate

64 8 13.05
64 16 13.11

128 8 13.28
128 16 13.23

Table 10: Detailed performance of various ALPACA
finetuned LLAMA-2-7B models on AlpacaEval (Li
et al., 2023b).

Model win_rate

LLaMA-70B-Chat 22.36
Mistral-7B-Instruct 35.13

GPT-4 93.78
PALM2 79.66

rank quantisation win_rate

8 4 11.86
8 8 12.81
8 16 13.23

16 4 11.97
16 8 13.06
16 16 13.36
32 4 11.72
32 8 13.15
32 16 13.36
64 4 11.47
64 8 13.67
64 16 13.73

128 4 11.10
128 8 13.05
128 16 0.00

Table 11: Detailed performance of various BACTRIAN-
X-22 finetuned LLAMA-2-7B models on AlpacaEval
(Li et al., 2023b).

Model win_rate

LLaMA-70B-Chat 22.36
Mistral-7B-Instruct 35.13

GPT-4 93.78
PALM2 79.66

rank quantisation win_rate

8 4 11.61
8 8 13.56
8 16 13.36

16 4 11.99
16 8 13.38
16 16 13.73
32 4 11.86
32 8 12.47
32 16 13.73
64 4 11.61
64 8 13.47
64 16 13.86

128 4 11.35
128 8 13.56
128 16 13.73

Table 12: Detailed performance of various MULTIAL-
PACA finetuned LLAMA-2-7B models on AlpacaEval
(Li et al., 2023b).

Model win_rate

LLaMA-70B-Chat 22.36
Mistral-7B-Instruct 35.13

GPT-4 93.78
PALM2 79.66

rank quantisation win_rate

64 8 20.47
64 16 18.89

128 8 19.55
128 16 19.33

Table 13: Detailed performance of various ALPACA
finetuned MISTRAL-7B models on AlpacaEval (Li et al.,
2023b).
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Model win_rate

LLaMA-70B-Chat 22.36
Mistral-7B-Instruct 35.13

GPT-4 93.78
PALM2 79.66

rank quantisation win_rate

8 4 15.04
8 8 20.67
8 16 21.27

16 4 15.77
16 8 22.07
16 16 21.08
32 4 15.77
32 8 21.07
32 16 21.14
64 4 16.90
64 8 21.30
64 16 21.27

128 4 17.77
128 8 22.04
128 16 21.83

Table 14: Detailed performance of various BACTRIAN-
X-22 finetuned MISTRAL-7B models on AlpacaEval
(Li et al., 2023b).

Model win_rate

LLaMA-70B-Chat 22.36
Mistral-7B-Instruct 35.13

GPT-4 93.78
PALM2 79.66

rank quantisation win_rate

8 4 15.98
8 8 21.42
8 16 20.71

16 4 15.90
16 8 20.55
16 16 21.27
32 4 16.98
32 8 22.45
32 16 22.08
64 4 16.83
64 8 21.07
64 16 18.70

128 4 16.52
128 8 20.92
128 16 21.33

Table 15: Detailed performance of various MULTIAL-
PACA finetuned MISTRAL-7B models on AlpacaEval
(Li et al., 2023b).
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Models ar de en es hi vi zh avg

LLaMA-7B-Chat 0.05 0.45 0.70 0.52 0.00 0.42 0.07 0.32
LLaMA–3B-Chat 0.55 0.73 0.62 0.62 0.00 0.09 0.09 0.39
LLaMA-70B-Chat 0.04 0.42 0.56 0.34 0.01 0.27 0.05 0.24
Mistral-7B-Instruct 0.17 0.30 0.32 0.33 0.20 0.36 0.02 0.24

DV003 0.38 0.58 0.75 0.63 0.25 0.48 0.32 0.48
GPT-3.5-Turbo 0.48 0.51 0.73 0.54 0.51 0.59 0.57 0.56

GPT-4 0.59 0.65 0.80 0.70 0.57 0.72 0.67 0.67
TULRv6 0.76 0.80 0.87 0.82 0.82 0.82 0.78 0.81
XLM-R 0.67 0.70 0.83 0.74 0.71 0.74 0.62 0.72
mBERT 0.52 0.59 0.80 0.67 0.50 0.61 0.60 0.61

mT5 0.57 0.62 0.82 0.67 0.55 0.66 0.62 0.64
PALM2 0.22 0.44 0.69 0.45 0.36 0.49 0.06 0.39

rank quantisation ar de en es hi vi zh avg

64 8 0.31 0.20 0.28 0.24 0.43 0.19 0.08 0.25
64 16 0.27 0.36 0.50 0.43 0.43 0.33 0.15 0.35

128 8 0.31 0.20 0.29 0.25 0.43 0.19 0.08 0.25
128 16 0.27 0.36 0.50 0.43 0.43 0.33 0.15 0.35

Table 16: Detailed performance of various ALPACA finetuned LLAMA-2-7B models on MLQA (Lewis et al.,
2020).
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Models ar de en es hi vi zh avg

LLaMA-7B-Chat 0.05 0.45 0.70 0.52 0.00 0.42 0.07 0.32
LLaMA–3B-Chat 0.55 0.73 0.62 0.62 0.00 0.09 0.09 0.39
LLaMA-70B-Chat 0.04 0.42 0.56 0.34 0.01 0.27 0.05 0.24
Mistral-7B-Instruct 0.17 0.30 0.32 0.33 0.20 0.36 0.02 0.24

DV003 0.38 0.58 0.75 0.63 0.25 0.48 0.32 0.48
GPT-3.5-Turbo 0.48 0.51 0.73 0.54 0.51 0.59 0.57 0.56

GPT-4 0.59 0.65 0.80 0.70 0.57 0.72 0.67 0.67
TULRv6 0.76 0.80 0.87 0.82 0.82 0.82 0.78 0.81
XLM-R 0.67 0.70 0.83 0.74 0.71 0.74 0.62 0.72
mBERT 0.52 0.59 0.80 0.67 0.50 0.61 0.60 0.61

mT5 0.57 0.62 0.82 0.67 0.55 0.66 0.62 0.64
PALM2 0.22 0.44 0.69 0.45 0.36 0.49 0.06 0.39

rank quantisation ar de en es hi vi zh avg

8 4 0.24 0.18 0.75 0.49 0.37 0.41 0.08 0.36
8 8 0.31 0.20 0.31 0.24 0.43 0.19 0.08 0.25
8 16 0.27 0.36 0.50 0.43 0.43 0.33 0.15 0.35

16 4 0.26 0.18 0.76 0.51 0.37 0.42 0.08 0.37
16 8 0.31 0.20 0.30 0.24 0.43 0.19 0.08 0.25
16 16 0.27 0.36 0.50 0.43 0.43 0.33 0.15 0.35
32 4 0.29 0.18 0.77 0.56 0.37 0.48 0.08 0.39
32 8 0.32 0.20 0.31 0.25 0.43 0.19 0.08 0.25
32 16 0.27 0.36 0.50 0.43 0.43 0.33 0.15 0.35
64 4 0.31 0.18 0.79 0.65 0.37 0.54 0.08 0.42
64 8 0.32 0.19 0.31 0.25 0.42 0.19 0.08 0.25
64 16 0.27 0.36 0.49 0.43 0.43 0.33 0.15 0.35

128 4 0.33 0.18 0.80 0.72 0.38 0.61 0.08 0.44
128 8 0.37 0.20 0.34 0.26 0.42 0.20 0.08 0.27
128 16 0.28 0.36 0.49 0.43 0.43 0.33 0.15 0.35

Table 17: Detailed performance of various BACTRIAN-X-22 finetuned LLAMA-2-7B models on MLQA (Lewis
et al., 2020).
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Models ar de en es hi vi zh avg

LLaMA-7B-Chat 0.05 0.45 0.70 0.52 0.00 0.42 0.07 0.32
LLaMA–3B-Chat 0.55 0.73 0.62 0.62 0.00 0.09 0.09 0.39
LLaMA-70B-Chat 0.04 0.42 0.56 0.34 0.01 0.27 0.05 0.24
Mistral-7B-Instruct 0.17 0.30 0.32 0.33 0.20 0.36 0.02 0.24

DV003 0.38 0.58 0.75 0.63 0.25 0.48 0.32 0.48
GPT-3.5-Turbo 0.48 0.51 0.73 0.54 0.51 0.59 0.57 0.56

GPT-4 0.59 0.65 0.80 0.70 0.57 0.72 0.67 0.67
TULRv6 0.76 0.80 0.87 0.82 0.82 0.82 0.78 0.81
XLM-R 0.67 0.70 0.83 0.74 0.71 0.74 0.62 0.72
mBERT 0.52 0.59 0.80 0.67 0.50 0.61 0.60 0.61

mT5 0.57 0.62 0.82 0.67 0.55 0.66 0.62 0.64
PALM2 0.22 0.44 0.69 0.45 0.36 0.49 0.06 0.39

rank quantisation ar de en es hi vi zh avg

8 4 0.24 0.18 0.74 0.48 0.37 0.40 0.08 0.36
8 8 0.30 0.20 0.31 0.25 0.43 0.20 0.08 0.25
8 16 0.27 0.36 0.50 0.43 0.43 0.33 0.15 0.35

16 4 0.24 0.18 0.75 0.48 0.37 0.41 0.07 0.36
16 8 0.34 0.20 0.32 0.24 0.42 0.19 0.08 0.26
16 16 0.27 0.36 0.49 0.43 0.43 0.33 0.15 0.35
32 4 0.22 0.18 0.74 0.46 0.38 0.37 0.08 0.35
32 8 0.30 0.20 0.31 0.25 0.42 0.19 0.08 0.25
32 16 0.28 0.36 0.49 0.43 0.43 0.33 0.15 0.35
64 4 0.23 0.18 0.75 0.48 0.38 0.38 0.08 0.35
64 8 0.40 0.20 0.47 0.34 0.43 0.23 0.08 0.31
64 16 0.28 0.36 0.48 0.43 0.43 0.33 0.15 0.35

128 4 0.30 0.18 0.78 0.62 0.37 0.52 0.08 0.41
128 8 0.32 0.20 0.32 0.25 0.41 0.19 0.08 0.25
128 16 0.27 0.36 0.49 0.43 0.43 0.33 0.15 0.35

Table 18: Detailed performance of various MULTIALPACA finetuned LLAMA-2-7B models on MLQA (Lewis
et al., 2020).
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Models ar de en es hi vi zh avg

LLaMA-7B-Chat 0.05 0.45 0.70 0.52 0.00 0.42 0.07 0.32
LLaMA–3B-Chat 0.55 0.73 0.62 0.62 0.00 0.09 0.09 0.39
LLaMA-70B-Chat 0.04 0.42 0.56 0.34 0.01 0.27 0.05 0.24
Mistral-7B-Instruct 0.17 0.30 0.32 0.33 0.20 0.36 0.02 0.24

DV003 0.38 0.58 0.75 0.63 0.25 0.48 0.32 0.48
GPT-3.5-Turbo 0.48 0.51 0.73 0.54 0.51 0.59 0.57 0.56

GPT-4 0.59 0.65 0.80 0.70 0.57 0.72 0.67 0.67
TULRv6 0.76 0.80 0.87 0.82 0.82 0.82 0.78 0.81
XLM-R 0.67 0.70 0.83 0.74 0.71 0.74 0.62 0.72
mBERT 0.52 0.59 0.80 0.67 0.50 0.61 0.60 0.61

mT5 0.57 0.62 0.82 0.67 0.55 0.66 0.62 0.64
PALM2 0.22 0.44 0.69 0.45 0.36 0.49 0.06 0.39

rank quantisation ar de en es hi vi zh avg

64 8 0.61 0.73 0.89 0.81 0.60 0.80 0.41 0.69
64 16 0.61 0.74 0.89 0.81 0.61 0.81 0.41 0.70

128 8 0.61 0.74 0.89 0.81 0.60 0.80 0.41 0.69
128 16 0.61 0.74 0.88 0.81 0.60 0.81 0.41 0.70

Table 19: Detailed performance of various ALPACA finetuned MISTRAL-7B models on MLQA (Lewis et al., 2020).
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Model ar de en es hi vi zh avg

LLaMA-7B-Chat 0.05 0.45 0.70 0.52 0.00 0.42 0.07 0.32
LLaMA–3B-Chat 0.55 0.73 0.62 0.62 0.00 0.09 0.09 0.39
LLaMA-70B-Chat 0.04 0.42 0.56 0.34 0.01 0.27 0.05 0.24
Mistral-7B-Instruct 0.17 0.30 0.32 0.33 0.20 0.36 0.02 0.24

DV003 0.38 0.58 0.75 0.63 0.25 0.48 0.32 0.48
GPT-3.5-Turbo 0.48 0.51 0.73 0.54 0.51 0.59 0.57 0.56

GPT-4 0.59 0.65 0.80 0.70 0.57 0.72 0.67 0.67
TULRv6 0.76 0.80 0.87 0.82 0.82 0.82 0.78 0.81
XLM-R 0.67 0.70 0.83 0.74 0.71 0.74 0.62 0.72
mBERT 0.52 0.59 0.80 0.67 0.50 0.61 0.60 0.61

mT5 0.57 0.62 0.82 0.67 0.55 0.66 0.62 0.64
PALM2 0.22 0.44 0.69 0.45 0.36 0.49 0.06 0.39

rank quantisation ar de en es hi vi zh avg

8 4 0.55 0.71 0.86 0.81 0.53 0.78 0.39 0.66
8 8 0.62 0.74 0.88 0.81 0.59 0.80 0.41 0.69
8 16 0.61 0.74 0.88 0.82 0.60 0.80 0.41 0.70

16 4 0.55 0.71 0.86 0.81 0.53 0.78 0.39 0.66
16 8 0.60 0.75 0.89 0.82 0.59 0.81 0.41 0.70
16 16 0.61 0.74 0.88 0.81 0.59 0.80 0.41 0.69
32 4 0.54 0.71 0.86 0.81 0.53 0.77 0.39 0.66
32 8 0.60 0.74 0.88 0.81 0.60 0.80 0.41 0.69
32 16 0.61 0.74 0.88 0.81 0.60 0.81 0.41 0.69
64 4 0.54 0.71 0.86 0.82 0.52 0.78 0.39 0.66
64 8 0.60 0.74 0.88 0.81 0.60 0.80 0.41 0.69
64 16 0.61 0.74 0.88 0.81 0.60 0.81 0.41 0.70

128 4 0.55 0.72 0.86 0.82 0.52 0.78 0.39 0.66
128 8 0.59 0.75 0.88 0.81 0.59 0.81 0.41 0.69
128 16 0.61 0.74 0.88 0.81 0.61 0.81 0.41 0.70

Table 20: Detailed performance of various BACTRIAN-X-22 finetuned MISTRAL-7B models on MLQA (Lewis
et al., 2020).
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Model ar de en es hi vi zh avg

LLaMA-7B-Chat 0.05 0.45 0.70 0.52 0.00 0.42 0.07 0.32
LLaMA–3B-Chat 0.55 0.73 0.62 0.62 0.00 0.09 0.09 0.39
LLaMA-70B-Chat 0.04 0.42 0.56 0.34 0.01 0.27 0.05 0.24
Mistral-7B-Instruct 0.17 0.30 0.32 0.33 0.20 0.36 0.02 0.24

DV003 0.38 0.58 0.75 0.63 0.25 0.48 0.32 0.48
GPT-3.5-Turbo 0.48 0.51 0.73 0.54 0.51 0.59 0.57 0.56

GPT-4 0.59 0.65 0.80 0.70 0.57 0.72 0.67 0.67
TULRv6 0.76 0.80 0.87 0.82 0.82 0.82 0.78 0.81
XLM-R 0.67 0.70 0.83 0.74 0.71 0.74 0.62 0.72
mBERT 0.52 0.59 0.80 0.67 0.50 0.61 0.60 0.61

mT5 0.57 0.62 0.82 0.67 0.55 0.66 0.62 0.64
PALM2 0.22 0.44 0.69 0.45 0.36 0.49 0.06 0.39

rank quantisation ar de en es hi vi zh avg

8 4 0.56 0.71 0.86 0.82 0.54 0.78 0.39 0.66
8 8 0.60 0.74 0.89 0.81 0.58 0.80 0.41 0.69
8 16 0.61 0.74 0.88 0.81 0.60 0.81 0.41 0.69

16 4 0.54 0.71 0.85 0.81 0.54 0.78 0.39 0.66
16 8 0.60 0.74 0.89 0.81 0.59 0.81 0.41 0.69
16 16 0.61 0.75 0.88 0.82 0.60 0.81 0.41 0.70
32 4 0.55 0.71 0.86 0.81 0.54 0.78 0.39 0.66
32 8 0.58 0.74 0.88 0.81 0.60 0.80 0.41 0.69
32 16 0.60 0.75 0.88 0.82 0.62 0.81 0.41 0.70
64 4 0.55 0.71 0.86 0.81 0.53 0.77 0.39 0.66
64 8 0.59 0.74 0.88 0.82 0.61 0.81 0.41 0.69
64 16 0.60 0.74 0.88 0.82 0.61 0.81 0.41 0.70

128 4 0.57 0.72 0.86 0.81 0.54 0.78 0.39 0.67
128 8 0.60 0.74 0.89 0.81 0.59 0.81 0.41 0.69
128 16 0.61 0.74 0.88 0.81 0.60 0.80 0.41 0.70

Table 21: Detailed performance of various MULTIALPACA finetuned MISTRAL-7B models on MLQA (Lewis et al.,
2020).

Model et ht id it qu sw ta th tr vi zh avg

LLaMA-7B-Chat 0.51 0.51 0.59 0.71 0.50 0.51 0.50 0.52 0.53 0.58 0.59 0.55
LLaMA–3B-Chat 0.51 0.49 0.72 0.80 0.50 0.50 0.00 0.00 0.54 0.02 0.70 0.44
LLaMA-70B-Chat 0.47 0.44 0.40 0.53 0.37 0.34 0.21 0.25 0.44 0.52 0.35 0.39
Mistral-7B-Instruct 0.52 0.50 0.61 0.73 0.51 0.49 0.41 0.51 0.54 0.50 0.50 0.53

DV003 0.88 0.75 0.91 0.96 0.55 0.64 0.54 0.67 0.88 – – 0.75
GPT-3.5-Turbo 0.91 0.72 0.90 0.95 0.55 0.82 0.59 0.78 0.91 – – 0.79

GPT-4 0.99 0.93 0.98 1.00 0.59 0.94 0.80 0.88 0.97 – – 0.90
TULRv6 0.77 0.78 0.93 0.96 0.61 0.69 0.85 0.87 0.93 – – 0.82

BLOOMZ 0.48 0.55 0.86 0.74 0.50 0.60 0.67 0.50 0.54 – – 0.60
XGLM 0.66 0.59 0.69 0.69 0.47 0.63 0.56 0.62 0.58 – – 0.61

mT5 0.50 0.50 0.49 0.50 0.51 0.50 0.49 0.51 0.49 – – 0.50
PALM2 0.97 – 0.98 0.98 – 0.89 – 0.95 0.93 0.98 0.99 0.96

rank quantisation et ht id it qu sw ta th tr vi zh avg

64 8 0.47 0.52 0.66 0.71 0.52 0.51 0.54 0.57 0.55 0.63 0.70 0.58
64 16 0.47 0.52 0.66 0.70 0.52 0.51 0.54 0.57 0.55 0.64 0.70 0.58

128 8 0.48 0.53 0.66 0.71 0.52 0.51 0.54 0.56 0.55 0.64 0.69 0.58
128 16 0.48 0.52 0.66 0.70 0.52 0.51 0.54 0.58 0.55 0.64 0.70 0.58

Table 22: Detailed performance of various ALPACA finetuned LLAMA-2-7B models on XCOPA (Ponti et al.,
2020).
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Model et ht id it qu sw ta th tr vi zh avg

LLaMA-7B-Chat 0.51 0.51 0.59 0.71 0.50 0.51 0.50 0.52 0.53 0.58 0.59 0.55
LLaMA–3B-Chat 0.51 0.49 0.72 0.80 0.50 0.50 0.00 0.00 0.54 0.02 0.70 0.44
LLaMA-70B-Chat 0.47 0.44 0.40 0.53 0.37 0.34 0.21 0.25 0.44 0.52 0.35 0.39
Mistral-7B-Instruct 0.52 0.50 0.61 0.73 0.51 0.49 0.41 0.51 0.54 0.50 0.50 0.53

DV003 0.88 0.75 0.91 0.96 0.55 0.64 0.54 0.67 0.88 – – 0.75
GPT-3.5-Turbo 0.91 0.72 0.90 0.95 0.55 0.82 0.59 0.78 0.91 – – 0.79

GPT-4 0.99 0.93 0.98 1.00 0.59 0.94 0.80 0.88 0.97 – – 0.90
TULRv6 0.77 0.78 0.93 0.96 0.61 0.69 0.85 0.87 0.93 – – 0.82

BLOOMZ 0.48 0.55 0.86 0.74 0.50 0.60 0.67 0.50 0.54 – – 0.60
XGLM 0.66 0.59 0.69 0.69 0.47 0.63 0.56 0.62 0.58 – – 0.61

mT5 0.50 0.50 0.49 0.50 0.51 0.50 0.49 0.51 0.49 – – 0.50
PALM2 0.97 – 0.98 0.98 – 0.89 – 0.95 0.93 0.98 0.99 0.96

rank quantisation et ht id it qu sw ta th tr vi zh avg

8 4 0.46 0.51 0.66 0.69 0.52 0.51 0.56 0.56 0.55 0.63 0.69 0.58
8 8 0.47 0.53 0.66 0.71 0.52 0.52 0.54 0.57 0.56 0.63 0.69 0.58
8 16 0.47 0.52 0.66 0.70 0.52 0.51 0.54 0.57 0.55 0.64 0.70 0.58

16 4 0.46 0.50 0.66 0.69 0.52 0.51 0.56 0.56 0.55 0.63 0.69 0.58
16 8 0.47 0.52 0.67 0.72 0.52 0.52 0.54 0.56 0.55 0.63 0.69 0.58
16 16 0.47 0.52 0.66 0.70 0.52 0.51 0.54 0.57 0.55 0.64 0.70 0.58
32 4 0.46 0.50 0.66 0.69 0.52 0.51 0.55 0.56 0.55 0.63 0.69 0.57
32 8 0.47 0.53 0.65 0.71 0.51 0.52 0.54 0.58 0.55 0.64 0.69 0.58
32 16 0.47 0.52 0.66 0.70 0.52 0.51 0.54 0.57 0.55 0.63 0.70 0.58
64 4 0.46 0.50 0.65 0.69 0.52 0.51 0.55 0.55 0.55 0.63 0.69 0.57
64 8 0.47 0.52 0.66 0.70 0.51 0.52 0.54 0.57 0.55 0.63 0.68 0.58
64 16 0.47 0.52 0.66 0.70 0.52 0.51 0.54 0.57 0.55 0.64 0.70 0.58

128 4 0.46 0.50 0.65 0.69 0.52 0.51 0.56 0.56 0.55 0.63 0.69 0.57
128 8 0.47 0.52 0.66 0.70 0.52 0.52 0.54 0.57 0.55 0.63 0.70 0.58
128 16 0.47 0.52 0.66 0.70 0.51 0.51 0.54 0.57 0.55 0.64 0.70 0.58

Table 23: Detailed performance of various BACTRIAN-X-22 finetuned LLAMA-2-7B models on XCOPA (Ponti
et al., 2020).
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Model et ht id it qu sw ta th tr vi zh avg

LLaMA-7B-Chat 0.51 0.51 0.59 0.71 0.50 0.51 0.50 0.52 0.53 0.58 0.59 0.55
LLaMA–3B-Chat 0.51 0.49 0.72 0.80 0.50 0.50 0.00 0.00 0.54 0.02 0.70 0.44
LLaMA-70B-Chat 0.47 0.44 0.40 0.53 0.37 0.34 0.21 0.25 0.44 0.52 0.35 0.39
Mistral-7B-Instruct 0.52 0.50 0.61 0.73 0.51 0.49 0.41 0.51 0.54 0.50 0.50 0.53

DV003 0.88 0.75 0.91 0.96 0.55 0.64 0.54 0.67 0.88 – – 0.75
GPT-3.5-Turbo 0.91 0.72 0.90 0.95 0.55 0.82 0.59 0.78 0.91 – – 0.79

GPT-4 0.99 0.93 0.98 1.00 0.59 0.94 0.80 0.88 0.97 – – 0.90
TULRv6 0.77 0.78 0.93 0.96 0.61 0.69 0.85 0.87 0.93 – – 0.82

BLOOMZ 0.48 0.55 0.86 0.74 0.50 0.60 0.67 0.50 0.54 – – 0.60
XGLM 0.66 0.59 0.69 0.69 0.47 0.63 0.56 0.62 0.58 – – 0.61

mT5 0.50 0.50 0.49 0.50 0.51 0.50 0.49 0.51 0.49 – – 0.50
PALM2 0.97 – 0.98 0.98 – 0.89 – 0.95 0.93 0.98 0.99 0.96

rank quantisation et ht id it qu sw ta th tr vi zh avg

8 4 0.46 0.51 0.66 0.69 0.52 0.51 0.56 0.56 0.55 0.63 0.69 0.58
8 8 0.47 0.52 0.65 0.71 0.52 0.52 0.54 0.56 0.55 0.64 0.70 0.58
8 16 0.47 0.52 0.66 0.70 0.52 0.51 0.54 0.57 0.55 0.63 0.70 0.58

16 4 0.46 0.51 0.66 0.69 0.52 0.51 0.56 0.55 0.55 0.63 0.69 0.57
16 8 0.47 0.53 0.65 0.70 0.52 0.51 0.54 0.57 0.55 0.63 0.69 0.58
16 16 0.47 0.52 0.66 0.70 0.52 0.51 0.54 0.57 0.55 0.64 0.70 0.58
32 4 0.46 0.50 0.66 0.69 0.52 0.51 0.56 0.56 0.55 0.63 0.69 0.58
32 8 0.46 0.53 0.66 0.70 0.52 0.51 0.55 0.57 0.55 0.63 0.70 0.58
32 16 0.47 0.52 0.66 0.70 0.52 0.51 0.54 0.58 0.55 0.63 0.70 0.58
64 4 0.46 0.50 0.65 0.69 0.52 0.51 0.55 0.55 0.54 0.63 0.69 0.57
64 8 0.47 0.53 0.65 0.71 0.52 0.52 0.54 0.57 0.54 0.63 0.69 0.58
64 16 0.48 0.53 0.66 0.70 0.51 0.51 0.54 0.57 0.55 0.64 0.70 0.58

128 4 0.46 0.50 0.66 0.69 0.52 0.51 0.56 0.56 0.55 0.63 0.69 0.57
128 8 0.47 0.52 0.65 0.70 0.51 0.51 0.54 0.57 0.55 0.63 0.69 0.58
128 16 0.48 0.52 0.66 0.70 0.52 0.51 0.54 0.57 0.55 0.63 0.70 0.58

Table 24: Detailed performance of various MULTIALPACA finetuned LLAMA-2-7B models on XCOPA (Ponti
et al., 2020).

Model et ht id it qu sw ta th tr vi zh avg

LLaMA-7B-Chat 0.51 0.51 0.59 0.71 0.50 0.51 0.50 0.52 0.53 0.58 0.59 0.55
LLaMA–3B-Chat 0.51 0.49 0.72 0.80 0.50 0.50 0.00 0.00 0.54 0.02 0.70 0.44
LLaMA-70B-Chat 0.47 0.44 0.40 0.53 0.37 0.34 0.21 0.25 0.44 0.52 0.35 0.39
Mistral-7B-Instruct 0.52 0.50 0.61 0.73 0.51 0.49 0.41 0.51 0.54 0.50 0.50 0.53

DV003 0.88 0.75 0.91 0.96 0.55 0.64 0.54 0.67 0.88 – – 0.75
GPT-3.5-Turbo 0.91 0.72 0.90 0.95 0.55 0.82 0.59 0.78 0.91 – – 0.79

GPT-4 0.99 0.93 0.98 1.00 0.59 0.94 0.80 0.88 0.97 – – 0.90
TULRv6 0.77 0.78 0.93 0.96 0.61 0.69 0.85 0.87 0.93 – – 0.82

BLOOMZ 0.48 0.55 0.86 0.74 0.50 0.60 0.67 0.50 0.54 – – 0.60
XGLM 0.66 0.59 0.69 0.69 0.47 0.63 0.56 0.62 0.58 – – 0.61

mT5 0.50 0.50 0.49 0.50 0.51 0.50 0.49 0.51 0.49 – – 0.50
PALM2 0.97 – 0.98 0.98 – 0.89 – 0.95 0.93 0.98 0.99 0.96

rank quantisation et ht id it qu sw ta th tr vi zh avg

64 8 0.48 0.55 0.64 0.74 0.51 0.52 0.55 0.57 0.57 0.63 0.73 0.59
64 16 0.48 0.53 0.64 0.74 0.51 0.51 0.55 0.57 0.57 0.63 0.72 0.59

128 8 0.48 0.54 0.65 0.74 0.52 0.51 0.55 0.56 0.57 0.64 0.73 0.59
128 16 0.48 0.53 0.64 0.73 0.52 0.51 0.55 0.57 0.57 0.63 0.72 0.59

Table 25: Detailed performance of various ALPACA finetuned MISTRAL-7B models on XCOPA (Ponti et al., 2020).
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Model et ht id it qu sw ta th tr vi zh avg

LLaMA-7B-Chat 0.51 0.51 0.59 0.71 0.50 0.51 0.50 0.52 0.53 0.58 0.59 0.55
LLaMA–3B-Chat 0.51 0.49 0.72 0.80 0.50 0.50 0.00 0.00 0.54 0.02 0.70 0.44
LLaMA-70B-Chat 0.47 0.44 0.40 0.53 0.37 0.34 0.21 0.25 0.44 0.52 0.35 0.39
Mistral-7B-Instruct 0.52 0.50 0.61 0.73 0.51 0.49 0.41 0.51 0.54 0.50 0.50 0.53

DV003 0.88 0.75 0.91 0.96 0.55 0.64 0.54 0.67 0.88 – – 0.75
GPT-3.5-Turbo 0.91 0.72 0.90 0.95 0.55 0.82 0.59 0.78 0.91 – – 0.79

GPT-4 0.99 0.93 0.98 1.00 0.59 0.94 0.80 0.88 0.97 – – 0.90
TULRv6 0.77 0.78 0.93 0.96 0.61 0.69 0.85 0.87 0.93 – – 0.82

BLOOMZ 0.48 0.55 0.86 0.74 0.50 0.60 0.67 0.50 0.54 – – 0.60
XGLM 0.66 0.59 0.69 0.69 0.47 0.63 0.56 0.62 0.58 – – 0.61

mT5 0.50 0.50 0.49 0.50 0.51 0.50 0.49 0.51 0.49 – – 0.50
PALM2 0.97 – 0.98 0.98 – 0.89 – 0.95 0.93 0.98 0.99 0.96

rank quantisation et ht id it qu sw ta th tr vi zh avg

8 4 0.47 0.54 0.63 0.72 0.52 0.52 0.54 0.59 0.57 0.61 0.74 0.59
8 8 0.48 0.54 0.64 0.74 0.51 0.51 0.54 0.56 0.57 0.62 0.73 0.59
8 16 0.48 0.53 0.64 0.74 0.51 0.51 0.55 0.57 0.57 0.64 0.73 0.59

16 4 0.46 0.54 0.63 0.72 0.52 0.52 0.55 0.58 0.57 0.62 0.74 0.59
16 8 0.47 0.54 0.64 0.73 0.51 0.51 0.55 0.57 0.57 0.63 0.73 0.59
16 16 0.48 0.53 0.64 0.74 0.52 0.51 0.55 0.57 0.57 0.63 0.72 0.59
32 4 0.47 0.54 0.64 0.73 0.52 0.52 0.55 0.58 0.56 0.62 0.74 0.59
32 8 0.47 0.53 0.64 0.74 0.51 0.52 0.54 0.57 0.57 0.63 0.73 0.59
32 16 0.47 0.53 0.64 0.74 0.52 0.51 0.55 0.58 0.56 0.64 0.72 0.59
64 4 0.47 0.54 0.64 0.73 0.52 0.53 0.55 0.58 0.56 0.62 0.73 0.59
64 8 0.48 0.54 0.64 0.74 0.51 0.51 0.54 0.57 0.57 0.63 0.73 0.59
64 16 0.48 0.53 0.64 0.73 0.51 0.51 0.55 0.58 0.56 0.64 0.73 0.59

128 4 0.46 0.53 0.64 0.73 0.52 0.51 0.54 0.58 0.56 0.62 0.73 0.58
128 8 0.47 0.55 0.64 0.74 0.51 0.51 0.55 0.56 0.56 0.63 0.72 0.59
128 16 0.48 0.54 0.64 0.73 0.51 0.51 0.55 0.57 0.57 0.63 0.74 0.59

Table 26: Detailed performance of various BACTRIAN-X-22 finetuned MISTRAL-7B models on XCOPA (Ponti
et al., 2020).
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Model et ht id it qu sw ta th tr vi zh avg

LLaMA-7B-Chat 0.51 0.51 0.59 0.71 0.50 0.51 0.50 0.52 0.53 0.58 0.59 0.55
LLaMA–3B-Chat 0.51 0.49 0.72 0.80 0.50 0.50 0.00 0.00 0.54 0.02 0.70 0.44
LLaMA-70B-Chat 0.47 0.44 0.40 0.53 0.37 0.34 0.21 0.25 0.44 0.52 0.35 0.39
Mistral-7B-Instruct 0.52 0.50 0.61 0.73 0.51 0.49 0.41 0.51 0.54 0.50 0.50 0.53

DV003 0.88 0.75 0.91 0.96 0.55 0.64 0.54 0.67 0.88 – – 0.75
GPT-3.5-Turbo 0.91 0.72 0.90 0.95 0.55 0.82 0.59 0.78 0.91 – – 0.79

GPT-4 0.99 0.93 0.98 1.00 0.59 0.94 0.80 0.88 0.97 – – 0.90
TULRv6 0.77 0.78 0.93 0.96 0.61 0.69 0.85 0.87 0.93 – – 0.82

BLOOMZ 0.48 0.55 0.86 0.74 0.50 0.60 0.67 0.50 0.54 – – 0.60
XGLM 0.66 0.59 0.69 0.69 0.47 0.63 0.56 0.62 0.58 – – 0.61

mT5 0.50 0.50 0.49 0.50 0.51 0.50 0.49 0.51 0.49 – – 0.50
PALM2 0.97 – 0.98 0.98 – 0.89 – 0.95 0.93 0.98 0.99 0.96

rank quantisation et ht id it qu sw ta th tr vi zh avg

8 4 0.47 0.53 0.63 0.72 0.52 0.52 0.55 0.58 0.57 0.62 0.73 0.59
8 8 0.47 0.54 0.64 0.73 0.51 0.51 0.55 0.57 0.57 0.63 0.73 0.59
8 16 0.48 0.53 0.65 0.73 0.51 0.52 0.55 0.57 0.57 0.64 0.73 0.59

16 4 0.46 0.54 0.63 0.73 0.52 0.53 0.55 0.59 0.57 0.62 0.73 0.59
16 8 0.48 0.54 0.64 0.74 0.52 0.52 0.55 0.57 0.56 0.63 0.73 0.59
16 16 0.48 0.54 0.64 0.74 0.51 0.52 0.55 0.58 0.56 0.63 0.73 0.59
32 4 0.47 0.54 0.63 0.73 0.52 0.53 0.55 0.58 0.57 0.62 0.73 0.59
32 8 0.48 0.54 0.64 0.73 0.51 0.53 0.54 0.57 0.56 0.63 0.72 0.59
32 16 0.48 0.53 0.64 0.74 0.52 0.52 0.54 0.57 0.56 0.63 0.74 0.59
64 4 0.47 0.54 0.63 0.72 0.52 0.52 0.55 0.58 0.57 0.61 0.73 0.59
64 8 0.48 0.54 0.65 0.74 0.52 0.51 0.55 0.57 0.56 0.63 0.73 0.59
64 16 0.48 0.54 0.64 0.74 0.51 0.52 0.55 0.58 0.56 0.64 0.73 0.59

128 4 0.47 0.54 0.63 0.72 0.52 0.52 0.55 0.58 0.57 0.61 0.73 0.58
128 8 0.48 0.54 0.64 0.74 0.52 0.52 0.55 0.57 0.57 0.63 0.72 0.59
128 16 0.48 0.53 0.64 0.74 0.52 0.51 0.55 0.57 0.56 0.63 0.73 0.59

Table 27: Detailed performance of various MULTIALPACA finetuned MISTRAL-7B models on XCOPA (Ponti et al.,
2020).

Model ar bg de el en es fr hi ru sw th tr ur vi zh avg

LLaMA-7B-Chat 0.39 0.45 0.45 0.39 0.56 0.50 0.50 0.37 0.48 0.33 0.35 0.40 0.36 0.41 0.45 0.43
LLaMA–3B-Chat 0.37 0.51 0.50 0.00 0.55 0.51 0.52 0.00 0.50 0.36 0.00 0.45 0.29 0.48 0.48 0.37
LLaMA-70B-Chat 0.35 0.55 0.58 0.41 0.63 0.55 0.55 0.31 0.55 0.39 0.35 0.49 0.42 0.49 0.51 0.48
Mistral-7B-Instruct 0.35 0.40 0.38 0.35 0.43 0.41 0.41 0.35 0.43 0.34 0.33 0.40 0.34 0.33 0.40 0.38

DV003 0.52 0.62 0.66 0.60 0.80 0.71 0.66 0.48 0.62 0.50 0.51 0.58 0.50 0.56 0.58 0.59
GPT-3.5-Turbo 0.59 0.64 0.67 0.65 0.76 0.70 0.68 0.55 0.62 0.56 0.54 0.63 0.49 0.61 0.62 0.62

GPT-4 0.73 0.77 0.79 0.79 0.85 0.79 0.79 0.72 0.74 0.71 0.69 0.76 0.68 0.74 0.75 0.75
TULRv6 0.89 0.91 0.90 0.90 0.93 0.91 0.91 0.86 0.89 0.85 0.88 0.88 0.83 0.89 0.88 0.89

BLOOMZ 0.61 0.47 0.54 0.47 0.67 0.61 0.61 0.57 0.53 0.50 0.44 0.43 0.50 0.61 0.57 0.54
XLM-R 0.77 0.83 0.82 0.81 0.89 0.84 0.82 0.76 0.79 0.71 0.77 0.78 0.72 0.79 0.78 0.79
mBERT 0.64 0.68 0.70 0.65 0.81 0.73 0.73 0.59 0.68 0.50 0.54 0.61 0.57 0.69 0.68 0.65
XGLM 0.46 0.49 0.46 0.49 0.53 0.46 0.49 0.47 0.49 0.45 0.47 0.45 0.43 0.48 0.49 0.47

mT5 0.73 0.79 0.77 0.77 0.85 0.80 0.79 0.71 0.77 0.69 0.73 0.73 0.68 0.74 0.74 0.75
PALM2 0.79 0.81 0.84 0.84 0.89 0.84 0.18 0.77 0.80 0.77 0.78 0.79 – 0.79 0.80 0.76

rank quantisation ar bg de el en es fr hi ru sw th tr ur vi zh avg

64 8 0.34 0.34 0.36 0.34 0.35 0.37 0.36 0.34 0.33 0.33 0.34 0.34 0.37 0.33 0.35 0.35
64 16 0.34 0.35 0.35 0.34 0.34 0.35 0.37 0.33 0.35 0.33 0.34 0.35 0.35 0.34 0.36 0.35

128 8 0.34 0.34 0.36 0.34 0.34 0.36 0.35 0.34 0.34 0.33 0.34 0.34 0.36 0.34 0.36 0.35
128 16 0.34 0.35 0.35 0.34 0.34 0.35 0.37 0.33 0.35 0.33 0.34 0.35 0.36 0.34 0.36 0.35

Table 28: Detailed performance of various ALPACA finetuned LLAMA-2-7B models on XNLI (Conneau et al.,
2018).
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Model ar bg de el en es fr hi ru sw th tr ur vi zh avg

LLaMA-7B-Chat 0.39 0.45 0.45 0.39 0.56 0.50 0.50 0.37 0.48 0.33 0.35 0.40 0.36 0.41 0.45 0.43
LLaMA–3B-Chat 0.37 0.51 0.50 0.00 0.55 0.51 0.52 0.00 0.50 0.36 0.00 0.45 0.29 0.48 0.48 0.37
LLaMA-70B-Chat 0.35 0.55 0.58 0.41 0.63 0.55 0.55 0.31 0.55 0.39 0.35 0.49 0.42 0.49 0.51 0.48
Mistral-7B-Instruct 0.35 0.40 0.38 0.35 0.43 0.41 0.41 0.35 0.43 0.34 0.33 0.40 0.34 0.33 0.40 0.38

DV003 0.52 0.62 0.66 0.60 0.80 0.71 0.66 0.48 0.62 0.50 0.51 0.58 0.50 0.56 0.58 0.59
GPT-3.5-Turbo 0.59 0.64 0.67 0.65 0.76 0.70 0.68 0.55 0.62 0.56 0.54 0.63 0.49 0.61 0.62 0.62

GPT-4 0.73 0.77 0.79 0.79 0.85 0.79 0.79 0.72 0.74 0.71 0.69 0.76 0.68 0.74 0.75 0.75
TULRv6 0.89 0.91 0.90 0.90 0.93 0.91 0.91 0.86 0.89 0.85 0.88 0.88 0.83 0.89 0.88 0.89

BLOOMZ 0.61 0.47 0.54 0.47 0.67 0.61 0.61 0.57 0.53 0.50 0.44 0.43 0.50 0.61 0.57 0.54
XLM-R 0.77 0.83 0.82 0.81 0.89 0.84 0.82 0.76 0.79 0.71 0.77 0.78 0.72 0.79 0.78 0.79
mBERT 0.64 0.68 0.70 0.65 0.81 0.73 0.73 0.59 0.68 0.50 0.54 0.61 0.57 0.69 0.68 0.65
XGLM 0.46 0.49 0.46 0.49 0.53 0.46 0.49 0.47 0.49 0.45 0.47 0.45 0.43 0.48 0.49 0.47

mT5 0.73 0.79 0.77 0.77 0.85 0.80 0.79 0.71 0.77 0.69 0.73 0.73 0.68 0.74 0.74 0.75
PALM2 0.79 0.81 0.84 0.84 0.89 0.84 0.18 0.77 0.80 0.77 0.78 0.79 – 0.79 0.80 0.76

rank quantisation ar bg de el en es fr hi ru sw th tr ur vi zh avg

8 4 0.32 0.33 0.34 0.33 0.33 0.33 0.32 0.34 0.33 0.33 0.34 0.33 0.31 0.33 0.33 0.33
8 8 0.34 0.34 0.35 0.34 0.35 0.35 0.36 0.33 0.35 0.32 0.34 0.33 0.37 0.34 0.36 0.34
8 16 0.34 0.35 0.35 0.34 0.34 0.35 0.37 0.33 0.35 0.34 0.34 0.34 0.35 0.34 0.36 0.35

16 4 0.32 0.33 0.34 0.33 0.33 0.33 0.32 0.34 0.33 0.33 0.33 0.33 0.32 0.34 0.33 0.33
16 8 0.35 0.33 0.36 0.34 0.35 0.36 0.35 0.33 0.34 0.33 0.34 0.34 0.37 0.34 0.36 0.35
16 16 0.34 0.35 0.35 0.34 0.34 0.34 0.37 0.33 0.35 0.33 0.34 0.35 0.35 0.34 0.36 0.35
32 4 0.32 0.34 0.34 0.33 0.33 0.33 0.32 0.34 0.32 0.33 0.33 0.32 0.32 0.34 0.33 0.33
32 8 0.34 0.34 0.35 0.33 0.34 0.37 0.36 0.34 0.33 0.34 0.34 0.34 0.37 0.33 0.36 0.35
32 16 0.34 0.35 0.35 0.34 0.34 0.35 0.37 0.33 0.35 0.33 0.33 0.35 0.35 0.34 0.36 0.35
64 4 0.32 0.34 0.34 0.33 0.33 0.33 0.32 0.34 0.33 0.33 0.33 0.32 0.31 0.34 0.33 0.33
64 8 0.35 0.34 0.35 0.34 0.35 0.37 0.36 0.34 0.35 0.32 0.34 0.34 0.36 0.33 0.35 0.35
64 16 0.34 0.35 0.34 0.34 0.34 0.36 0.37 0.33 0.35 0.33 0.34 0.35 0.35 0.34 0.36 0.35

128 4 0.32 0.33 0.35 0.33 0.34 0.33 0.33 0.34 0.33 0.33 0.32 0.32 0.31 0.34 0.33 0.33
128 8 0.35 0.34 0.36 0.34 0.36 0.36 0.37 0.33 0.33 0.33 0.34 0.35 0.36 0.33 0.36 0.35
128 16 0.34 0.35 0.34 0.34 0.34 0.36 0.36 0.33 0.34 0.33 0.34 0.35 0.35 0.34 0.35 0.34

Table 29: Detailed performance of various BACTRIAN-X-22 finetuned LLAMA-2-7B models on XNLI (Conneau
et al., 2018).

Model ar bg de el en es fr hi ru sw th tr ur vi zh avg

LLaMA-7B-Chat 0.39 0.45 0.45 0.39 0.56 0.50 0.50 0.37 0.48 0.33 0.35 0.40 0.36 0.41 0.45 0.43
LLaMA–3B-Chat 0.37 0.51 0.50 0.00 0.55 0.51 0.52 0.00 0.50 0.36 0.00 0.45 0.29 0.48 0.48 0.37
LLaMA-70B-Chat 0.35 0.55 0.58 0.41 0.63 0.55 0.55 0.31 0.55 0.39 0.35 0.49 0.42 0.49 0.51 0.48
Mistral-7B-Instruct 0.35 0.40 0.38 0.35 0.43 0.41 0.41 0.35 0.43 0.34 0.33 0.40 0.34 0.33 0.40 0.38

DV003 0.52 0.62 0.66 0.60 0.80 0.71 0.66 0.48 0.62 0.50 0.51 0.58 0.50 0.56 0.58 0.59
GPT-3.5-Turbo 0.59 0.64 0.67 0.65 0.76 0.70 0.68 0.55 0.62 0.56 0.54 0.63 0.49 0.61 0.62 0.62

GPT-4 0.73 0.77 0.79 0.79 0.85 0.79 0.79 0.72 0.74 0.71 0.69 0.76 0.68 0.74 0.75 0.75
TULRv6 0.89 0.91 0.90 0.90 0.93 0.91 0.91 0.86 0.89 0.85 0.88 0.88 0.83 0.89 0.88 0.89

BLOOMZ 0.61 0.47 0.54 0.47 0.67 0.61 0.61 0.57 0.53 0.50 0.44 0.43 0.50 0.61 0.57 0.54
XLM-R 0.77 0.83 0.82 0.81 0.89 0.84 0.82 0.76 0.79 0.71 0.77 0.78 0.72 0.79 0.78 0.79
mBERT 0.64 0.68 0.70 0.65 0.81 0.73 0.73 0.59 0.68 0.50 0.54 0.61 0.57 0.69 0.68 0.65
XGLM 0.46 0.49 0.46 0.49 0.53 0.46 0.49 0.47 0.49 0.45 0.47 0.45 0.43 0.48 0.49 0.47

mT5 0.73 0.79 0.77 0.77 0.85 0.80 0.79 0.71 0.77 0.69 0.73 0.73 0.68 0.74 0.74 0.75
PALM2 0.79 0.81 0.84 0.84 0.89 0.84 0.18 0.77 0.80 0.77 0.78 0.79 – 0.79 0.80 0.76

rank quantisation ar bg de el en es fr hi ru sw th tr ur vi zh avg

8 4 0.32 0.33 0.34 0.33 0.33 0.33 0.32 0.34 0.33 0.33 0.34 0.33 0.32 0.34 0.33 0.33
8 8 0.34 0.34 0.35 0.34 0.35 0.34 0.35 0.34 0.34 0.33 0.34 0.34 0.35 0.32 0.38 0.34
8 16 0.34 0.35 0.35 0.34 0.34 0.35 0.37 0.33 0.35 0.34 0.34 0.35 0.36 0.34 0.36 0.35

16 4 0.32 0.33 0.34 0.33 0.33 0.34 0.32 0.34 0.33 0.33 0.34 0.33 0.32 0.34 0.33 0.33
16 8 0.34 0.35 0.36 0.34 0.34 0.38 0.37 0.34 0.33 0.32 0.34 0.35 0.37 0.33 0.36 0.35
16 16 0.34 0.35 0.34 0.34 0.34 0.35 0.37 0.33 0.34 0.34 0.34 0.35 0.35 0.34 0.36 0.35
32 4 0.32 0.34 0.34 0.33 0.34 0.33 0.32 0.34 0.32 0.33 0.33 0.33 0.31 0.34 0.33 0.33
32 8 0.35 0.34 0.34 0.34 0.34 0.35 0.35 0.33 0.34 0.33 0.34 0.35 0.36 0.32 0.35 0.34
32 16 0.34 0.34 0.34 0.34 0.34 0.35 0.37 0.33 0.34 0.33 0.34 0.35 0.35 0.33 0.35 0.34
64 4 0.32 0.34 0.34 0.33 0.34 0.33 0.33 0.34 0.33 0.33 0.33 0.33 0.31 0.34 0.33 0.33
64 8 0.35 0.35 0.35 0.34 0.34 0.35 0.37 0.33 0.34 0.32 0.34 0.35 0.37 0.33 0.34 0.35
64 16 0.34 0.34 0.35 0.34 0.34 0.36 0.36 0.33 0.35 0.33 0.34 0.35 0.35 0.33 0.35 0.34

128 4 0.32 0.33 0.34 0.33 0.33 0.33 0.32 0.34 0.33 0.33 0.33 0.33 0.32 0.34 0.33 0.33
128 8 0.34 0.34 0.37 0.34 0.35 0.36 0.36 0.34 0.34 0.32 0.34 0.35 0.36 0.33 0.37 0.35
128 16 0.34 0.35 0.35 0.34 0.34 0.35 0.37 0.33 0.35 0.33 0.33 0.35 0.35 0.33 0.36 0.35

Table 30: Detailed performance of various MULTIALPACA finetuned LLAMA-2-7B models on XNLI (Conneau
et al., 2018).
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Model ar bg de el en es fr hi ru sw th tr ur vi zh avg

LLaMA-7B-Chat 0.39 0.45 0.45 0.39 0.56 0.50 0.50 0.37 0.48 0.33 0.35 0.40 0.36 0.41 0.45 0.43
LLaMA–3B-Chat 0.37 0.51 0.50 0.00 0.55 0.51 0.52 0.00 0.50 0.36 0.00 0.45 0.29 0.48 0.48 0.37
LLaMA-70B-Chat 0.35 0.55 0.58 0.41 0.63 0.55 0.55 0.31 0.55 0.39 0.35 0.49 0.42 0.49 0.51 0.48
Mistral-7B-Instruct 0.35 0.40 0.38 0.35 0.43 0.41 0.41 0.35 0.43 0.34 0.33 0.40 0.34 0.33 0.40 0.38

DV003 0.52 0.62 0.66 0.60 0.80 0.71 0.66 0.48 0.62 0.50 0.51 0.58 0.50 0.56 0.58 0.59
GPT-3.5-Turbo 0.59 0.64 0.67 0.65 0.76 0.70 0.68 0.55 0.62 0.56 0.54 0.63 0.49 0.61 0.62 0.62

GPT-4 0.73 0.77 0.79 0.79 0.85 0.79 0.79 0.72 0.74 0.71 0.69 0.76 0.68 0.74 0.75 0.75
TULRv6 0.89 0.91 0.90 0.90 0.93 0.91 0.91 0.86 0.89 0.85 0.88 0.88 0.83 0.89 0.88 0.89

BLOOMZ 0.61 0.47 0.54 0.47 0.67 0.61 0.61 0.57 0.53 0.50 0.44 0.43 0.50 0.61 0.57 0.54
XLM-R 0.77 0.83 0.82 0.81 0.89 0.84 0.82 0.76 0.79 0.71 0.77 0.78 0.72 0.79 0.78 0.79
mBERT 0.64 0.68 0.70 0.65 0.81 0.73 0.73 0.59 0.68 0.50 0.54 0.61 0.57 0.69 0.68 0.65
XGLM 0.46 0.49 0.46 0.49 0.53 0.46 0.49 0.47 0.49 0.45 0.47 0.45 0.43 0.48 0.49 0.47

mT5 0.73 0.79 0.77 0.77 0.85 0.80 0.79 0.71 0.77 0.69 0.73 0.73 0.68 0.74 0.74 0.75
PALM2 0.79 0.81 0.84 0.84 0.89 0.84 0.18 0.77 0.80 0.77 0.78 0.79 – 0.79 0.80 0.76

rank quantisation ar bg de el en es fr hi ru sw th tr ur vi zh avg

64 8 0.47 0.55 0.56 0.50 0.69 0.59 0.55 0.50 0.54 0.37 0.52 0.45 0.47 0.47 0.59 0.52
64 16 0.47 0.57 0.57 0.53 0.68 0.62 0.57 0.51 0.54 0.38 0.53 0.45 0.46 0.47 0.60 0.53

128 8 0.46 0.53 0.54 0.51 0.68 0.58 0.54 0.49 0.53 0.36 0.52 0.43 0.46 0.46 0.57 0.51
128 16 0.48 0.56 0.55 0.51 0.66 0.61 0.56 0.50 0.53 0.37 0.53 0.43 0.46 0.45 0.59 0.52

Table 31: Detailed performance of various ALPACA finetuned MISTRAL-7B models on XNLI (Conneau et al.,
2018).

Model ar bg de el en es fr hi ru sw th tr ur vi zh avg

LLaMA-7B-Chat 0.39 0.45 0.45 0.39 0.56 0.50 0.50 0.37 0.48 0.33 0.35 0.40 0.36 0.41 0.45 0.43
LLaMA–3B-Chat 0.37 0.51 0.50 0.00 0.55 0.51 0.52 0.00 0.50 0.36 0.00 0.45 0.29 0.48 0.48 0.37
LLaMA-70B-Chat 0.35 0.55 0.58 0.41 0.63 0.55 0.55 0.31 0.55 0.39 0.35 0.49 0.42 0.49 0.51 0.48
Mistral-7B-Instruct 0.35 0.40 0.38 0.35 0.43 0.41 0.41 0.35 0.43 0.34 0.33 0.40 0.34 0.33 0.40 0.38

DV003 0.52 0.62 0.66 0.60 0.80 0.71 0.66 0.48 0.62 0.50 0.51 0.58 0.50 0.56 0.58 0.59
GPT-3.5-Turbo 0.59 0.64 0.67 0.65 0.76 0.70 0.68 0.55 0.62 0.56 0.54 0.63 0.49 0.61 0.62 0.62

GPT-4 0.73 0.77 0.79 0.79 0.85 0.79 0.79 0.72 0.74 0.71 0.69 0.76 0.68 0.74 0.75 0.75
TULRv6 0.89 0.91 0.90 0.90 0.93 0.91 0.91 0.86 0.89 0.85 0.88 0.88 0.83 0.89 0.88 0.89

BLOOMZ 0.61 0.47 0.54 0.47 0.67 0.61 0.61 0.57 0.53 0.50 0.44 0.43 0.50 0.61 0.57 0.54
XLM-R 0.77 0.83 0.82 0.81 0.89 0.84 0.82 0.76 0.79 0.71 0.77 0.78 0.72 0.79 0.78 0.79
mBERT 0.64 0.68 0.70 0.65 0.81 0.73 0.73 0.59 0.68 0.50 0.54 0.61 0.57 0.69 0.68 0.65
XGLM 0.46 0.49 0.46 0.49 0.53 0.46 0.49 0.47 0.49 0.45 0.47 0.45 0.43 0.48 0.49 0.47

mT5 0.73 0.79 0.77 0.77 0.85 0.80 0.79 0.71 0.77 0.69 0.73 0.73 0.68 0.74 0.74 0.75
PALM2 0.79 0.81 0.84 0.84 0.89 0.84 0.18 0.77 0.80 0.77 0.78 0.79 – 0.79 0.80 0.76

rank quantisation ar bg de el en es fr hi ru sw th tr ur vi zh avg

8 4 0.51 0.56 0.54 0.53 0.66 0.57 0.55 0.46 0.53 0.43 0.49 0.45 0.43 0.47 0.58 0.52
8 8 0.49 0.51 0.53 0.51 0.67 0.58 0.53 0.49 0.52 0.37 0.53 0.42 0.46 0.46 0.58 0.51
8 16 0.48 0.55 0.53 0.53 0.65 0.60 0.56 0.50 0.53 0.38 0.52 0.42 0.46 0.47 0.58 0.52

16 4 0.52 0.56 0.54 0.52 0.65 0.58 0.56 0.47 0.53 0.44 0.49 0.45 0.43 0.48 0.58 0.52
16 8 0.48 0.51 0.52 0.51 0.67 0.57 0.54 0.49 0.52 0.37 0.51 0.42 0.45 0.45 0.59 0.51
16 16 0.48 0.55 0.54 0.51 0.66 0.60 0.55 0.50 0.53 0.38 0.52 0.42 0.47 0.47 0.58 0.52
32 4 0.53 0.56 0.53 0.52 0.65 0.57 0.55 0.47 0.53 0.44 0.48 0.44 0.44 0.47 0.58 0.52
32 8 0.49 0.52 0.52 0.51 0.68 0.58 0.54 0.49 0.53 0.38 0.52 0.42 0.45 0.46 0.59 0.51
32 16 0.47 0.54 0.55 0.51 0.65 0.60 0.55 0.50 0.53 0.38 0.52 0.42 0.47 0.46 0.59 0.52
64 4 0.52 0.56 0.54 0.52 0.65 0.58 0.55 0.48 0.52 0.44 0.49 0.44 0.46 0.47 0.58 0.52
64 8 0.48 0.52 0.53 0.51 0.68 0.58 0.54 0.49 0.53 0.38 0.53 0.42 0.46 0.46 0.59 0.51
64 16 0.47 0.54 0.56 0.51 0.65 0.60 0.55 0.50 0.53 0.38 0.52 0.43 0.47 0.46 0.59 0.52

128 4 0.50 0.57 0.54 0.49 0.64 0.58 0.54 0.47 0.52 0.42 0.50 0.45 0.47 0.45 0.58 0.51
128 8 0.48 0.53 0.55 0.51 0.69 0.59 0.55 0.49 0.54 0.38 0.53 0.43 0.46 0.48 0.60 0.52
128 16 0.46 0.53 0.55 0.50 0.65 0.59 0.54 0.50 0.52 0.37 0.52 0.43 0.45 0.45 0.58 0.51

Table 32: Detailed performance of various BACTRIAN-X-22 finetuned MISTRAL-7B models on XNLI (Conneau
et al., 2018).
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Model ar bg de el en es fr hi ru sw th tr ur vi zh avg

LLaMA-7B-Chat 0.39 0.45 0.45 0.39 0.56 0.50 0.50 0.37 0.48 0.33 0.35 0.40 0.36 0.41 0.45 0.43
LLaMA–3B-Chat 0.37 0.51 0.50 0.00 0.55 0.51 0.52 0.00 0.50 0.36 0.00 0.45 0.29 0.48 0.48 0.37
LLaMA-70B-Chat 0.35 0.55 0.58 0.41 0.63 0.55 0.55 0.31 0.55 0.39 0.35 0.49 0.42 0.49 0.51 0.48
Mistral-7B-Instruct 0.35 0.40 0.38 0.35 0.43 0.41 0.41 0.35 0.43 0.34 0.33 0.40 0.34 0.33 0.40 0.38

DV003 0.52 0.62 0.66 0.60 0.80 0.71 0.66 0.48 0.62 0.50 0.51 0.58 0.50 0.56 0.58 0.59
GPT-3.5-Turbo 0.59 0.64 0.67 0.65 0.76 0.70 0.68 0.55 0.62 0.56 0.54 0.63 0.49 0.61 0.62 0.62

GPT-4 0.73 0.77 0.79 0.79 0.85 0.79 0.79 0.72 0.74 0.71 0.69 0.76 0.68 0.74 0.75 0.75
TULRv6 0.89 0.91 0.90 0.90 0.93 0.91 0.91 0.86 0.89 0.85 0.88 0.88 0.83 0.89 0.88 0.89

BLOOMZ 0.61 0.47 0.54 0.47 0.67 0.61 0.61 0.57 0.53 0.50 0.44 0.43 0.50 0.61 0.57 0.54
XLM-R 0.77 0.83 0.82 0.81 0.89 0.84 0.82 0.76 0.79 0.71 0.77 0.78 0.72 0.79 0.78 0.79
mBERT 0.64 0.68 0.70 0.65 0.81 0.73 0.73 0.59 0.68 0.50 0.54 0.61 0.57 0.69 0.68 0.65
XGLM 0.46 0.49 0.46 0.49 0.53 0.46 0.49 0.47 0.49 0.45 0.47 0.45 0.43 0.48 0.49 0.47

mT5 0.73 0.79 0.77 0.77 0.85 0.80 0.79 0.71 0.77 0.69 0.73 0.73 0.68 0.74 0.74 0.75
PALM2 0.79 0.81 0.84 0.84 0.89 0.84 0.18 0.77 0.80 0.77 0.78 0.79 – 0.79 0.80 0.76

rank quantisation ar bg de el en es fr hi ru sw th tr ur vi zh avg

8 4 0.52 0.56 0.54 0.52 0.66 0.58 0.56 0.47 0.53 0.43 0.49 0.45 0.44 0.47 0.60 0.52
8 8 0.49 0.53 0.51 0.51 0.67 0.58 0.53 0.49 0.53 0.37 0.52 0.42 0.46 0.46 0.59 0.51
8 16 0.48 0.55 0.55 0.51 0.65 0.59 0.55 0.51 0.53 0.38 0.53 0.43 0.46 0.46 0.58 0.52

16 4 0.52 0.56 0.54 0.52 0.66 0.57 0.55 0.48 0.53 0.44 0.50 0.45 0.45 0.48 0.58 0.52
16 8 0.49 0.52 0.54 0.51 0.68 0.58 0.54 0.49 0.53 0.37 0.53 0.42 0.46 0.46 0.60 0.51
16 16 0.48 0.54 0.54 0.51 0.65 0.60 0.56 0.51 0.53 0.38 0.52 0.43 0.46 0.47 0.58 0.52
32 4 0.53 0.57 0.54 0.52 0.65 0.58 0.55 0.48 0.54 0.44 0.49 0.45 0.45 0.49 0.59 0.52
32 8 0.49 0.51 0.53 0.50 0.68 0.58 0.54 0.51 0.53 0.38 0.52 0.43 0.46 0.45 0.61 0.51
32 16 0.47 0.53 0.55 0.49 0.65 0.60 0.55 0.51 0.53 0.38 0.52 0.43 0.46 0.46 0.58 0.51
64 4 0.51 0.57 0.54 0.52 0.65 0.57 0.55 0.48 0.53 0.44 0.51 0.45 0.46 0.49 0.60 0.53
64 8 0.48 0.49 0.53 0.50 0.67 0.57 0.55 0.49 0.51 0.37 0.52 0.42 0.46 0.45 0.58 0.51
64 16 0.46 0.52 0.55 0.51 0.65 0.59 0.54 0.50 0.52 0.38 0.51 0.43 0.47 0.45 0.57 0.51

128 4 0.48 0.54 0.51 0.47 0.60 0.55 0.53 0.46 0.49 0.41 0.52 0.41 0.46 0.45 0.56 0.50
128 8 0.48 0.51 0.54 0.50 0.68 0.58 0.54 0.50 0.54 0.37 0.53 0.42 0.47 0.46 0.60 0.51
128 16 0.48 0.54 0.55 0.51 0.65 0.60 0.55 0.51 0.53 0.39 0.53 0.42 0.46 0.46 0.58 0.52

Table 33: Detailed performance of various MULTIALPACA finetuned MISTRAL-7B models on XNLI (Conneau
et al., 2018).

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

LLaMA-7B-Chat 0.02 0.12 0.02 0.19 0.14 0.01 0.10 0.46 0.01 0.05 0.07 0.07 0.10
LLaMA–3B-Chat 0.02 0.11 0.02 0.17 0.13 0.01 0.09 0.04 0.01 0.01 0.07 0.06 0.06
LLaMA-70B-Chat 0.02 0.11 0.02 0.20 0.14 0.06 0.09 0.05 0.00 0.05 0.07 0.07 0.07
Mistral-7B-Instruct 0.18 0.28 0.11 0.34 0.31 0.18 0.32 0.27 0.12 0.23 0.31 0.14 0.23

DV003 0.37 0.55 0.32 0.77 0.62 0.20 0.58 0.29 0.12 0.45 0.42 0.36 0.42
GPT-3.5-Turbo 0.60 0.71 0.49 0.79 0.70 0.54 0.70 0.58 0.42 0.62 0.69 0.50 0.61

GPT-4 0.68 0.72 0.62 0.83 0.77 0.64 0.76 0.64 0.55 0.71 0.76 0.60 0.69
TULRv6 0.86 0.86 0.86 0.90 0.88 0.86 – 0.87 0.87 0.84 0.88 0.79 0.86

BLOOMZ 0.83 0.76 0.50 0.92 0.87 0.83 0.71 0.66 0.21 0.51 0.87 0.82 0.71
XLM-R 0.69 0.80 0.80 0.86 0.82 0.77 – 0.80 0.74 0.76 0.79 0.59 0.77
mBERT 0.61 0.71 0.63 0.83 0.76 0.59 – 0.71 0.43 0.55 0.69 0.58 0.65
PALM2 0.63 0.76 0.77 0.87 0.81 0.62 – 0.70 0.62 0.68 0.73 0.49 0.70

mT5 0.64 0.74 0.60 0.85 0.75 0.60 – 0.58 0.58 0.68 0.71 0.66 0.67

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

64 8 0.44 0.76 0.58 0.86 0.66 0.50 0.68 0.61 0.33 0.58 0.80 0.56 0.61
64 16 0.44 0.75 0.58 0.85 0.79 0.50 0.72 0.66 0.34 0.58 0.78 0.55 0.63

128 8 0.44 0.76 0.58 0.86 0.66 0.49 0.68 0.62 0.33 0.59 0.79 0.54 0.61
128 16 0.44 0.75 0.58 0.85 0.79 0.50 0.72 0.66 0.34 0.58 0.78 0.55 0.63

Table 34: Detailed performance of various ALPACA finetuned LLAMA-2-7B models on XQuAD (Artetxe et al.,
2020).
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Model ar de el en es hi ro ru th tr vi zh avg

LLaMA-7B-Chat 0.02 0.12 0.02 0.19 0.14 0.01 0.10 0.46 0.01 0.05 0.07 0.07 0.10
LLaMA–3B-Chat 0.02 0.11 0.02 0.17 0.13 0.01 0.09 0.04 0.01 0.01 0.07 0.06 0.06
LLaMA-70B-Chat 0.02 0.11 0.02 0.20 0.14 0.06 0.09 0.05 0.00 0.05 0.07 0.07 0.07
Mistral-7B-Instruct 0.18 0.28 0.11 0.34 0.31 0.18 0.32 0.27 0.12 0.23 0.31 0.14 0.23

DV003 0.37 0.55 0.32 0.77 0.62 0.20 0.58 0.29 0.12 0.45 0.42 0.36 0.42
GPT-3.5-Turbo 0.60 0.71 0.49 0.79 0.70 0.54 0.70 0.58 0.42 0.62 0.69 0.50 0.61

GPT-4 0.68 0.72 0.62 0.83 0.77 0.64 0.76 0.64 0.55 0.71 0.76 0.60 0.69
TULRv6 0.86 0.86 0.86 0.90 0.88 0.86 – 0.87 0.87 0.84 0.88 0.79 0.86

BLOOMZ 0.83 0.76 0.50 0.92 0.87 0.83 0.71 0.66 0.21 0.51 0.87 0.82 0.71
XLM-R 0.69 0.80 0.80 0.86 0.82 0.77 – 0.80 0.74 0.76 0.79 0.59 0.77
mBERT 0.61 0.71 0.63 0.83 0.76 0.59 – 0.71 0.43 0.55 0.69 0.58 0.65
PALM2 0.63 0.76 0.77 0.87 0.81 0.62 – 0.70 0.62 0.68 0.73 0.49 0.70

mT5 0.64 0.74 0.60 0.85 0.75 0.60 – 0.58 0.58 0.68 0.71 0.66 0.67

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

8 4 0.41 0.73 0.50 0.83 0.76 0.45 0.70 0.62 0.24 0.50 0.75 0.53 0.59
8 8 0.44 0.76 0.58 0.86 0.67 0.50 0.68 0.62 0.32 0.59 0.79 0.56 0.61
8 16 0.44 0.75 0.59 0.85 0.79 0.50 0.72 0.66 0.34 0.58 0.78 0.55 0.63

16 4 0.41 0.71 0.50 0.83 0.75 0.45 0.70 0.62 0.24 0.50 0.75 0.53 0.58
16 8 0.43 0.67 0.58 0.86 0.68 0.50 0.69 0.62 0.33 0.59 0.79 0.56 0.61
16 16 0.45 0.68 0.58 0.85 0.69 0.50 0.69 0.62 0.34 0.58 0.78 0.55 0.61
32 4 0.42 0.72 0.50 0.83 0.75 0.45 0.70 0.62 0.24 0.51 0.75 0.53 0.58
32 8 0.44 0.67 0.58 0.85 0.69 0.49 0.69 0.63 0.33 0.60 0.80 0.55 0.61
32 16 0.45 0.68 0.58 0.85 0.69 0.50 0.69 0.63 0.34 0.58 0.78 0.55 0.61
64 4 0.42 0.73 0.51 0.83 0.76 0.45 0.70 0.62 0.25 0.51 0.76 0.54 0.59
64 8 0.44 0.76 0.58 0.86 0.69 0.50 0.71 0.63 0.33 0.58 0.80 0.55 0.62
64 16 0.45 0.68 0.58 0.86 0.68 0.50 0.70 0.63 0.34 0.58 0.79 0.55 0.61

128 4 0.42 0.74 0.51 0.83 0.76 0.45 0.71 0.62 0.25 0.52 0.76 0.54 0.59
128 8 0.45 0.71 0.59 0.86 0.72 0.49 0.73 0.65 0.33 0.58 0.80 0.56 0.62
128 16 0.46 0.69 0.58 0.86 0.69 0.50 0.71 0.64 0.34 0.58 0.79 0.55 0.62

Table 35: Detailed performance of various BACTRIAN-X-22 finetuned LLAMA-2-7B models on XQuAD (Artetxe
et al., 2020).
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Model ar de el en es hi ro ru th tr vi zh avg

LLaMA-7B-Chat 0.02 0.12 0.02 0.19 0.14 0.01 0.10 0.46 0.01 0.05 0.07 0.07 0.10
LLaMA–3B-Chat 0.02 0.11 0.02 0.17 0.13 0.01 0.09 0.04 0.01 0.01 0.07 0.06 0.06
LLaMA-70B-Chat 0.02 0.11 0.02 0.20 0.14 0.06 0.09 0.05 0.00 0.05 0.07 0.07 0.07
Mistral-7B-Instruct 0.18 0.28 0.11 0.34 0.31 0.18 0.32 0.27 0.12 0.23 0.31 0.14 0.23

DV003 0.37 0.55 0.32 0.77 0.62 0.20 0.58 0.29 0.12 0.45 0.42 0.36 0.42
GPT-3.5-Turbo 0.60 0.71 0.49 0.79 0.70 0.54 0.70 0.58 0.42 0.62 0.69 0.50 0.61

GPT-4 0.68 0.72 0.62 0.83 0.77 0.64 0.76 0.64 0.55 0.71 0.76 0.60 0.69
TULRv6 0.86 0.86 0.86 0.90 0.88 0.86 – 0.87 0.87 0.84 0.88 0.79 0.86

BLOOMZ 0.83 0.76 0.50 0.92 0.87 0.83 0.71 0.66 0.21 0.51 0.87 0.82 0.71
XLM-R 0.69 0.80 0.80 0.86 0.82 0.77 – 0.80 0.74 0.76 0.79 0.59 0.77
mBERT 0.61 0.71 0.63 0.83 0.76 0.59 – 0.71 0.43 0.55 0.69 0.58 0.65
PALM2 0.63 0.76 0.77 0.87 0.81 0.62 – 0.70 0.62 0.68 0.73 0.49 0.70

mT5 0.64 0.74 0.60 0.85 0.75 0.60 – 0.58 0.58 0.68 0.71 0.66 0.67

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

8 4 0.41 0.73 0.50 0.83 0.76 0.45 0.70 0.62 0.24 0.50 0.75 0.53 0.59
8 8 0.45 0.76 0.58 0.86 0.69 0.50 0.69 0.63 0.33 0.59 0.80 0.55 0.62
8 16 0.45 0.75 0.58 0.86 0.79 0.50 0.72 0.67 0.34 0.58 0.78 0.55 0.63

16 4 0.41 0.73 0.50 0.83 0.76 0.45 0.70 0.62 0.24 0.50 0.75 0.53 0.59
16 8 0.44 0.76 0.58 0.86 0.70 0.49 0.70 0.63 0.33 0.59 0.80 0.55 0.62
16 16 0.44 0.75 0.58 0.85 0.79 0.50 0.72 0.67 0.34 0.58 0.78 0.55 0.63
32 4 0.41 0.74 0.50 0.83 0.76 0.45 0.70 0.62 0.24 0.51 0.75 0.53 0.59
32 8 0.44 0.77 0.58 0.85 0.68 0.51 0.68 0.62 0.33 0.59 0.79 0.54 0.61
32 16 0.45 0.75 0.58 0.86 0.79 0.50 0.73 0.67 0.34 0.58 0.79 0.55 0.63
64 4 0.41 0.74 0.51 0.83 0.76 0.45 0.71 0.62 0.24 0.51 0.76 0.53 0.59
64 8 0.45 0.77 0.58 0.86 0.77 0.51 0.74 0.65 0.35 0.58 0.80 0.56 0.63
64 16 0.45 0.75 0.58 0.86 0.80 0.50 0.74 0.67 0.34 0.58 0.78 0.56 0.64

128 4 0.41 0.74 0.50 0.83 0.76 0.45 0.70 0.62 0.24 0.50 0.75 0.53 0.59
128 8 0.43 0.76 0.59 0.86 0.69 0.49 0.70 0.62 0.33 0.59 0.80 0.55 0.62
128 16 0.45 0.75 0.58 0.86 0.79 0.50 0.73 0.67 0.34 0.58 0.78 0.55 0.63

Table 36: Detailed performance of various MULTIALPACA finetuned LLAMA-2-7B models on XQuAD (Artetxe
et al., 2020).

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

LLaMA-7B-Chat 0.02 0.12 0.02 0.19 0.14 0.01 0.10 0.46 0.01 0.05 0.07 0.07 0.10
LLaMA–3B-Chat 0.02 0.11 0.02 0.17 0.13 0.01 0.09 0.04 0.01 0.01 0.07 0.06 0.06
LLaMA-70B-Chat 0.02 0.11 0.02 0.20 0.14 0.06 0.09 0.05 0.00 0.05 0.07 0.07 0.07
Mistral-7B-Instruct 0.18 0.28 0.11 0.34 0.31 0.18 0.32 0.27 0.12 0.23 0.31 0.14 0.23

DV003 0.37 0.55 0.32 0.77 0.62 0.20 0.58 0.29 0.12 0.45 0.42 0.36 0.42
GPT-3.5-Turbo 0.60 0.71 0.49 0.79 0.70 0.54 0.70 0.58 0.42 0.62 0.69 0.50 0.61

GPT-4 0.68 0.72 0.62 0.83 0.77 0.64 0.76 0.64 0.55 0.71 0.76 0.60 0.69
TULRv6 0.86 0.86 0.86 0.90 0.88 0.86 – 0.87 0.87 0.84 0.88 0.79 0.86

BLOOMZ 0.83 0.76 0.50 0.92 0.87 0.83 0.71 0.66 0.21 0.51 0.87 0.82 0.71
XLM-R 0.69 0.80 0.80 0.86 0.82 0.77 – 0.80 0.74 0.76 0.79 0.59 0.77
mBERT 0.61 0.71 0.63 0.83 0.76 0.59 – 0.71 0.43 0.55 0.69 0.58 0.65
PALM2 0.63 0.76 0.77 0.87 0.81 0.62 – 0.70 0.62 0.68 0.73 0.49 0.70

mT5 0.64 0.74 0.60 0.85 0.75 0.60 – 0.58 0.58 0.68 0.71 0.66 0.67

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

64 8 0.72 0.84 0.76 0.91 0.89 0.69 0.86 0.77 0.62 0.72 0.87 0.73 0.78
64 16 0.72 0.84 0.76 0.91 0.88 0.70 0.86 0.77 0.64 0.72 0.88 0.73 0.78

128 8 0.71 0.83 0.76 0.91 0.88 0.69 0.86 0.77 0.62 0.71 0.88 0.72 0.78
128 16 0.72 0.84 0.77 0.91 0.89 0.70 0.86 0.77 0.63 0.71 0.88 0.73 0.78

Table 37: Detailed performance of various ALPACA finetuned MISTRAL-7B models on XQuAD (Artetxe et al.,
2020).
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Model ar de el en es hi ro ru th tr vi zh avg

LLaMA-7B-Chat 0.02 0.12 0.02 0.19 0.14 0.01 0.10 0.46 0.01 0.05 0.07 0.07 0.10
LLaMA–3B-Chat 0.02 0.11 0.02 0.17 0.13 0.01 0.09 0.04 0.01 0.01 0.07 0.06 0.06
LLaMA-70B-Chat 0.02 0.11 0.02 0.20 0.14 0.06 0.09 0.05 0.00 0.05 0.07 0.07 0.07
Mistral-7B-Instruct 0.18 0.28 0.11 0.34 0.31 0.18 0.32 0.27 0.12 0.23 0.31 0.14 0.23

DV003 0.37 0.55 0.32 0.77 0.62 0.20 0.58 0.29 0.12 0.45 0.42 0.36 0.42
GPT-3.5-Turbo 0.60 0.71 0.49 0.79 0.70 0.54 0.70 0.58 0.42 0.62 0.69 0.50 0.61

GPT-4 0.68 0.72 0.62 0.83 0.77 0.64 0.76 0.64 0.55 0.71 0.76 0.60 0.69
TULRv6 0.86 0.86 0.86 0.90 0.88 0.86 – 0.87 0.87 0.84 0.88 0.79 0.86

BLOOMZ 0.83 0.76 0.50 0.92 0.87 0.83 0.71 0.66 0.21 0.51 0.87 0.82 0.71
XLM-R 0.69 0.80 0.80 0.86 0.82 0.77 – 0.80 0.74 0.76 0.79 0.59 0.77
mBERT 0.61 0.71 0.63 0.83 0.76 0.59 – 0.71 0.43 0.55 0.69 0.58 0.65
PALM2 0.63 0.76 0.77 0.87 0.81 0.62 – 0.70 0.62 0.68 0.73 0.49 0.70

mT5 0.64 0.74 0.60 0.85 0.75 0.60 – 0.58 0.58 0.68 0.71 0.66 0.67

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

8 4 0.66 0.82 0.72 0.89 0.87 0.66 0.82 0.76 0.57 0.68 0.82 0.71 0.75
8 8 0.72 0.84 0.76 0.90 0.88 0.69 0.86 0.76 0.63 0.71 0.88 0.72 0.78
8 16 0.72 0.84 0.77 0.91 0.89 0.70 0.86 0.77 0.62 0.71 0.88 0.73 0.78

16 4 0.66 0.82 0.71 0.89 0.87 0.66 0.82 0.75 0.58 0.68 0.82 0.70 0.75
16 8 0.72 0.84 0.76 0.91 0.88 0.70 0.86 0.77 0.62 0.71 0.87 0.73 0.78
16 16 0.71 0.84 0.78 0.91 0.89 0.71 0.85 0.77 0.62 0.71 0.88 0.73 0.78
32 4 0.65 0.82 0.71 0.89 0.87 0.66 0.82 0.75 0.57 0.67 0.81 0.70 0.74
32 8 0.71 0.84 0.76 0.91 0.88 0.69 0.86 0.76 0.62 0.71 0.86 0.73 0.78
32 16 0.73 0.84 0.78 0.91 0.89 0.70 0.85 0.77 0.62 0.71 0.88 0.73 0.78
64 4 0.65 0.82 0.71 0.89 0.87 0.66 0.83 0.76 0.58 0.68 0.82 0.71 0.75
64 8 0.71 0.84 0.76 0.91 0.88 0.69 0.85 0.76 0.62 0.71 0.87 0.71 0.78
64 16 0.73 0.84 0.78 0.91 0.88 0.71 0.86 0.76 0.63 0.72 0.88 0.73 0.79

128 4 0.66 0.83 0.72 0.89 0.88 0.66 0.83 0.76 0.59 0.69 0.82 0.71 0.75
128 8 0.70 0.84 0.76 0.91 0.88 0.69 0.86 0.76 0.62 0.72 0.87 0.72 0.78
128 16 0.73 0.84 0.78 0.92 0.89 0.71 0.86 0.77 0.63 0.72 0.88 0.73 0.79

Table 38: Detailed performance of various BACTRIAN-X-22 finetuned MISTRAL-7B models on XQuAD (Artetxe
et al., 2020).
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Model ar de el en es hi ro ru th tr vi zh avg

LLaMA-7B-Chat 0.02 0.12 0.02 0.19 0.14 0.01 0.10 0.46 0.01 0.05 0.07 0.07 0.10
LLaMA–3B-Chat 0.02 0.11 0.02 0.17 0.13 0.01 0.09 0.04 0.01 0.01 0.07 0.06 0.06
LLaMA-70B-Chat 0.02 0.11 0.02 0.20 0.14 0.06 0.09 0.05 0.00 0.05 0.07 0.07 0.07
Mistral-7B-Instruct 0.18 0.28 0.11 0.34 0.31 0.18 0.32 0.27 0.12 0.23 0.31 0.14 0.23

DV003 0.37 0.55 0.32 0.77 0.62 0.20 0.58 0.29 0.12 0.45 0.42 0.36 0.42
GPT-3.5-Turbo 0.60 0.71 0.49 0.79 0.70 0.54 0.70 0.58 0.42 0.62 0.69 0.50 0.61

GPT-4 0.68 0.72 0.62 0.83 0.77 0.64 0.76 0.64 0.55 0.71 0.76 0.60 0.69
TULRv6 0.86 0.86 0.86 0.90 0.88 0.86 – 0.87 0.87 0.84 0.88 0.79 0.86

BLOOMZ 0.83 0.76 0.50 0.92 0.87 0.83 0.71 0.66 0.21 0.51 0.87 0.82 0.71
XLM-R 0.69 0.80 0.80 0.86 0.82 0.77 – 0.80 0.74 0.76 0.79 0.59 0.77
mBERT 0.61 0.71 0.63 0.83 0.76 0.59 – 0.71 0.43 0.55 0.69 0.58 0.65
PALM2 0.63 0.76 0.77 0.87 0.81 0.62 – 0.70 0.62 0.68 0.73 0.49 0.70

mT5 0.64 0.74 0.60 0.85 0.75 0.60 – 0.58 0.58 0.68 0.71 0.66 0.67

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

8 4 0.66 0.82 0.72 0.89 0.87 0.66 0.82 0.74 0.57 0.67 0.82 0.71 0.75
8 8 0.71 0.83 0.76 0.91 0.88 0.70 0.86 0.76 0.62 0.70 0.88 0.72 0.78
8 16 0.73 0.84 0.77 0.91 0.89 0.70 0.86 0.76 0.62 0.71 0.88 0.73 0.78

16 4 0.66 0.82 0.72 0.89 0.87 0.66 0.83 0.75 0.57 0.67 0.82 0.71 0.75
16 8 0.71 0.84 0.76 0.91 0.88 0.69 0.86 0.76 0.62 0.70 0.87 0.73 0.78
16 16 0.73 0.84 0.77 0.91 0.88 0.70 0.86 0.77 0.63 0.71 0.88 0.73 0.78
32 4 0.66 0.82 0.72 0.89 0.87 0.67 0.82 0.75 0.58 0.67 0.83 0.71 0.75
32 8 0.72 0.84 0.76 0.91 0.89 0.70 0.86 0.76 0.62 0.72 0.88 0.72 0.78
32 16 0.72 0.84 0.77 0.91 0.88 0.71 0.85 0.76 0.63 0.72 0.88 0.72 0.78
64 4 0.66 0.82 0.71 0.89 0.88 0.68 0.83 0.74 0.58 0.67 0.83 0.71 0.75
64 8 0.72 0.84 0.76 0.91 0.88 0.70 0.86 0.76 0.62 0.71 0.87 0.73 0.78
64 16 0.71 0.84 0.77 0.92 0.89 0.71 0.86 0.76 0.63 0.72 0.88 0.73 0.78

128 4 0.69 0.82 0.73 0.89 0.88 0.68 0.83 0.75 0.58 0.68 0.84 0.71 0.76
128 8 0.72 0.84 0.76 0.91 0.88 0.70 0.86 0.76 0.63 0.70 0.87 0.73 0.78
128 16 0.72 0.84 0.77 0.91 0.89 0.71 0.86 0.76 0.62 0.71 0.87 0.72 0.78

Table 39: Detailed performance of various MULTIALPACA finetuned MISTRAL-7B models on XQuAD (Artetxe
et al., 2020).

Model ar en es fr hi jp zh avg

LLaMA-70B-Chat 0.35 0.00 0.00 0.00 0.00 0.00 0.20 0.08
GPT-3.5-Turbo 0.25 0.26 0.21 0.26 0.24 0.26 0.22 0.24

GPT-4 0.23 0.27 0.20 0.23 0.24 0.29 0.31 0.25
mT5 0.31 0.35 0.27 0.23 0.34 0.39 0.40 0.33

PALM2 0.06 0.00 0.00 0.31 0.03 0.00 – 0.07

rank quantisation ar en es fr hi jp zh avg

64 8 0.00 0.03 0.14 0.05 0.01 0.08 0.05 0.05
64 16 0.02 0.07 0.15 0.09 0.02 0.10 0.06 0.07

128 8 0.01 0.04 0.15 0.06 0.02 0.09 0.06 0.06
128 16 0.02 0.07 0.14 0.09 0.02 0.10 0.06 0.07

Table 40: Detailed performance of various ALPACA finetuned LLAMA-2-7B models on XLSum (Hasan et al.,
2021).
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Model ar en es fr hi jp zh avg

LLaMA-70B-Chat 0.35 0.00 0.00 0.00 0.00 0.00 0.20 0.08
GPT-3.5-Turbo 0.25 0.26 0.21 0.26 0.24 0.26 0.22 0.24

GPT-4 0.23 0.27 0.20 0.23 0.24 0.29 0.31 0.25
mT5 0.31 0.35 0.27 0.23 0.34 0.39 0.40 0.33

PALM2 0.06 0.00 0.00 0.31 0.03 0.00 – 0.07

rank quantisation ar en es fr hi jp zh avg

8 4 0.00 0.03 0.15 0.05 0.00 0.13 0.05 0.06
8 8 0.02 0.04 0.15 0.06 0.02 0.09 0.06 0.06
8 16 0.02 0.26 0.14 0.08 0.02 0.10 0.06 0.10

16 4 0.00 0.03 0.15 0.05 0.00 0.13 0.05 0.06
16 8 0.02 0.04 0.15 0.06 0.02 0.09 0.05 0.06
16 16 0.02 0.26 0.14 0.08 0.02 0.10 0.06 0.10
32 4 0.00 0.03 0.15 0.05 0.00 0.11 0.05 0.06
32 8 0.01 0.04 0.15 0.06 0.01 0.10 0.06 0.06
32 16 0.02 0.26 0.14 0.08 0.02 0.10 0.06 0.10
64 4 0.00 0.04 0.15 0.05 0.00 0.12 0.05 0.06
64 8 0.01 0.04 0.15 0.06 0.01 0.09 0.06 0.06
64 16 0.02 0.26 0.14 0.07 0.02 0.11 0.06 0.10

128 4 0.00 0.03 0.15 0.05 0.00 0.13 0.05 0.06
128 8 0.01 0.04 0.15 0.06 0.02 0.08 0.06 0.06
128 16 0.02 0.26 0.14 0.08 0.02 0.10 0.06 0.10

Table 41: Detailed performance of various MULTIALPACA finetuned LLAMA-2-7B models on XLSum (Hasan
et al., 2021).
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Model ar en es fr hi jp zh avg

LLaMA-70B-Chat 0.35 0.00 0.00 0.00 0.00 0.00 0.20 0.08
GPT-3.5-Turbo 0.25 0.26 0.21 0.26 0.24 0.26 0.22 0.24

GPT-4 0.23 0.27 0.20 0.23 0.24 0.29 0.31 0.25
mT5 0.31 0.35 0.27 0.23 0.34 0.39 0.40 0.33

PALM2 0.06 0.00 0.00 0.31 0.03 0.00 – 0.07

rank quantisation ar en es fr hi jp zh avg

8 4 0.00 0.03 0.15 0.05 0.00 0.13 0.05 0.06
8 8 0.02 0.04 0.15 0.05 0.01 0.09 0.06 0.06
8 16 0.02 0.07 0.14 0.09 0.02 0.10 0.06 0.07

16 4 0.00 0.03 0.15 0.05 0.00 0.13 0.05 0.06
16 8 0.01 0.04 0.15 0.05 0.02 0.10 0.06 0.06
16 16 0.02 0.07 0.14 0.09 0.02 0.10 0.06 0.07
32 4 0.00 0.03 0.15 0.05 0.00 0.11 0.05 0.06
32 8 0.02 0.04 0.15 0.06 0.01 0.09 0.06 0.06
32 16 0.02 0.07 0.15 0.09 0.02 0.10 0.06 0.07
64 4 0.00 0.04 0.15 0.05 0.00 0.12 0.05 0.06
64 8 0.02 0.04 0.15 0.05 0.01 0.09 0.07 0.06
64 16 0.02 0.07 0.14 0.10 0.02 0.10 0.06 0.07

128 4 0.00 0.04 0.15 0.05 0.00 0.13 0.05 0.06
128 8 0.02 0.04 0.15 0.06 0.01 0.10 0.07 0.06
128 16 0.02 0.07 0.14 0.10 0.02 0.10 0.06 0.07

Table 42: Detailed performance of various BACTRIAN-X-22 finetuned LLAMA-2-7B models on XLSum (Hasan
et al., 2021).

Model ar en es fr hi jp zh avg

LLaMA-70B-Chat 0.35 0.00 0.00 0.00 0.00 0.00 0.20 0.08
GPT-3.5-Turbo 0.25 0.26 0.21 0.26 0.24 0.26 0.22 0.24

GPT-4 0.23 0.27 0.20 0.23 0.24 0.29 0.31 0.25
mT5 0.31 0.35 0.27 0.23 0.34 0.39 0.40 0.33

PALM2 0.06 0.00 0.00 0.31 0.03 0.00 – 0.07

rank quantisation ar en es fr hi jp zh avg

64 8 0.01 0.29 0.10 0.24 0.00 0.02 0.05 0.10
64 16 0.01 0.29 0.10 0.25 0.00 0.01 0.05 0.10

128 8 0.01 0.29 0.09 0.25 0.00 0.02 0.05 0.10
128 16 0.00 0.29 0.11 0.25 0.00 0.01 0.05 0.10

Table 43: Detailed performance of various ALPACA finetuned MISTRAL-7B models on XLSum (Hasan et al., 2021).
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Model ar en es fr hi jp zh avg

LLaMA-70B-Chat 0.35 0.00 0.00 0.00 0.00 0.00 0.20 0.08
GPT-3.5-Turbo 0.25 0.26 0.21 0.26 0.24 0.26 0.22 0.24

GPT-4 0.23 0.27 0.20 0.23 0.24 0.29 0.31 0.25
mT5 0.31 0.35 0.27 0.23 0.34 0.39 0.40 0.33

PALM2 0.06 0.00 0.00 0.31 0.03 0.00 – 0.07

rank quantisation ar en es fr hi jp zh avg

8 4 0.00 0.30 0.08 0.24 0.00 0.00 0.06 0.10
8 8 0.00 0.29 0.08 0.25 0.00 0.02 0.06 0.10
8 16 0.00 0.29 0.09 0.25 0.00 0.02 0.05 0.10

16 4 0.00 0.30 0.07 0.24 0.00 0.00 0.06 0.10
16 8 0.00 0.29 0.08 0.24 0.00 0.02 0.06 0.10
16 16 0.00 0.29 0.08 0.25 0.00 0.02 0.05 0.10
32 4 0.00 0.30 0.08 0.23 0.00 0.00 0.06 0.10
32 8 0.00 0.29 0.08 0.26 0.00 0.01 0.05 0.10
32 16 0.00 0.29 0.09 0.25 0.00 0.02 0.05 0.10
64 4 0.00 0.30 0.08 0.23 0.00 0.00 0.06 0.10
64 8 0.00 0.30 0.08 0.25 0.00 0.02 0.05 0.10
64 16 0.00 0.28 0.10 0.25 0.00 0.02 0.05 0.10

128 4 0.00 0.30 0.08 0.23 0.00 0.01 0.06 0.10
128 8 0.00 0.29 0.09 0.25 0.00 0.01 0.06 0.10
128 16 0.00 0.29 0.08 0.25 0.00 0.02 0.05 0.10

Table 44: Detailed performance of various MULTIALPACA finetuned MISTRAL-7B models on XLSum (Hasan et al.,
2021).
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Model ar en es fr hi jp zh avg

LLaMA-70B-Chat 0.35 0.00 0.00 0.00 0.00 0.00 0.20 0.08
GPT-3.5-Turbo 0.25 0.26 0.21 0.26 0.24 0.26 0.22 0.24

GPT-4 0.23 0.27 0.20 0.23 0.24 0.29 0.31 0.25
mT5 0.31 0.35 0.27 0.23 0.34 0.39 0.40 0.33

PALM2 0.06 0.00 0.00 0.31 0.03 0.00 – 0.07

rank quantisation ar en es fr hi jp zh avg

8 4 0.00 0.30 0.07 0.24 0.00 0.00 0.06 0.10
8 8 0.00 0.29 0.09 0.24 0.00 0.02 0.05 0.10
8 16 0.00 0.29 0.09 0.25 0.00 0.02 0.05 0.10

16 4 0.00 0.29 0.07 0.24 0.00 0.00 0.06 0.10
16 8 0.00 0.29 0.09 0.24 0.00 0.02 0.05 0.10
16 16 0.00 0.29 0.09 0.25 0.00 0.02 0.05 0.10
32 4 0.00 0.30 0.07 0.23 0.00 0.00 0.06 0.10
32 8 0.00 0.29 0.09 0.24 0.00 0.01 0.05 0.10
32 16 0.00 0.29 0.09 0.25 0.00 0.02 0.05 0.10
64 4 0.00 0.30 0.07 0.24 0.00 0.01 0.06 0.10
64 8 0.00 0.29 0.08 0.25 0.00 0.02 0.06 0.10
64 16 0.00 0.29 0.09 0.25 0.00 0.02 0.05 0.10

128 4 0.00 0.30 0.08 0.23 0.00 0.01 0.05 0.10
128 8 0.01 0.29 0.09 0.25 0.00 0.02 0.05 0.10
128 16 0.00 0.29 0.10 0.25 0.00 0.02 0.05 0.10

Table 45: Detailed performance of various BACTRIAN-X-22 finetuned MISTRAL-7B models on XLSum (Hasan
et al., 2021).
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