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Abstract

The development of state-of-the-art generative001
large language models (LLMs) disproportion-002
ately relies on English-centric tokenizers, vo-003
cabulary and pre-training data. Despite the fact004
that some LLMs have multilingual capabilities,005
recent studies have shown that their inference006
efficiency deteriorates when generating text in007
languages other than English. This results in in-008
creased inference time and costs. Cross-lingual009
vocabulary adaptation methods have been pro-010
posed for adapting models to a target language011
aiming to improve downstream performance.012
However, the effectiveness of these methods013
on increasing inference efficiency of generative014
LLMs has yet to be explored. In this paper, we015
perform an empirical study of various cross-016
lingual vocabulary adaptation methods on five017
generative LLMs (including monolingual and018
multilingual models) across four typologically-019
diverse languages and four natural language020
understanding tasks. We find that cross-lingual021
vocabulary adaptation substantially contributes022
to LLM inference speedups of up to 271.5%.023
We also show that adapting LLMs that have024
been pre-trained on more balanced multilin-025
gual data results in downstream performance026
comparable to the original models.1027

1 Introduction028

Generative large language models (LLMs) ob-029

tain strong generalization performance in many030

downstream natural language processing (NLP)031

tasks (OpenAI, 2023; Touvron et al., 2023a; Jiang032

et al., 2023) across various languages. For example,033

BLOOM (Scao et al., 2022) supports 46 languages034

while Open AI’s ChatGPT reportedly supports 90035

languages (Ahuja et al., 2023).036

Despite the multilingual capabilities of state-of-037

the-art LLMs, their development disproportionately038

relies on English-oriented tokenizers, vocabulary039

1Our code and models will be made publicly available on
GitHub and Hugging Face Hub.
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Figure 1: Example of overfragmentation when applying
the Mistral-7B tokenizer to non-English text.

and pre-training data. For example, around 30% 040

of the training data in BLOOM (i.e. a multilin- 041

gual LLM) is English. This negatively affects the 042

efficiency and downstream performance of LLMs 043

in other languages. It has been demonstrated that 044

LLMs overfragment text in underrepresented lan- 045

guages with different writing systems (Rust et al., 046

2021; Muller et al., 2021), resulting to increased 047

processing time, latency and costs for non-English 048

speakers (Ahia et al., 2023; Petrov et al., 2023). 049

Moreover, recent studies (Lin et al., 2022; Ahuja 050

et al., 2023; Muennighoff et al., 2023) found that 051

LLMs often perform better in a given language 052

other than English when prompted in English in- 053

stead of prompting directly in the other language. 054

This is an unrealistic setting for non-English speak- 055

ers that introduces extra disadvantages. Figure 1 056

shows an illustrative example of overfragmentation 057

in non-English text generation. 058

Cross-lingual vocabulary adaptation (Tran, 2019; 059

Wang et al., 2020; Chau et al., 2020) is a resource- 060

efficient method for cross-lingual transfer. The 061

vocabulary of a source model is first updated (or 062

replaced) with tokens from a target language, fol- 063

lowed by fine-tuning the embedding matrix on data 064

from the target language. Previous work on cross- 065

lingual vocabulary adaptation methods primarily 066

aims to improve downstream performance such as 067

natural language inference and named-entity recog- 068
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nition (Minixhofer et al., 2022; Dobler and de Melo,069

2023). However, the effectiveness of these meth-070

ods on improving inference efficiency of genera-071

tive LLMs has yet to be explored. We hypothesize072

that LLM inference in a target language can be im-073

proved by adapting the vocabulary of the source074

model to reduce text overfragmentation.075

To test our hypothesis, we perform an empirical076

study of various cross-lingual vocabulary adapta-077

tion methods, on four generative LLMs, including078

a wide range of downstream tasks, from text clas-079

sification, and span prediction, to summarization080

in both zero-shot and few-shot settings across four081

languages (i.e. German, Japanese, Arabic, and082

Swahili). Our contributions are as follows:083

• We demonstrate that cross-lingual vocabu-084

lary adaptation accelerates inference by up085

to 271.5% in 99% of cases (§5.1).086

• We show that multilingual LLM vocabulary087

adaptation leads to comparable downstream088

performance to source models pre-trained on089

more balanced multilingual data (§5.2).090

• We conduct an analysis to shed light on dif-091

ferent design choices regarding the practical092

application of cross-lingual vocabulary adap-093

tation in generative LLMs (§6).094

2 Related Work095

2.1 Impact of Tokenization on LLMs096

Subword tokenization splits text into subword units097

and is the standard approach for tokenization in098

LLMs (Scao et al., 2022; Touvron et al., 2023a;099

Jiang et al., 2023). It includes methods such as100

WordPiece (Schuster and Nakajima, 2012), Byte101

Pair Encoding (BPE) (Sennrich et al., 2016), and102

Unigram (Kudo, 2018). Other approaches in-103

clude word- (Bengio et al., 2000; Mikolov et al.,104

2013), character- (Al-Rfou et al., 2019) and byte-105

level (Xue et al., 2022) tokenization.106

The impact of tokenization on LLMs has107

been actively studied including model perfor-108

mance (Bostrom and Durrett, 2020; Rust et al.,109

2021; Gow-Smith et al., 2022; Toraman et al., 2023;110

Fujii et al., 2023), inference speed (Hofmann et al.,111

2022; Sun et al., 2023; Petrov et al., 2023), mem-112

ory usage (Sun et al., 2023),training (Ali et al.,113

2023) and API costs (Ahia et al., 2023; Petrov114

et al., 2023). It is acknowledged that tokenizers115

lead to disproportionate fragmentation for different116

languages and scripts in multi- and cross-lingual117

settings (Rust et al., 2021; Muller et al., 2021).118

2.2 Cross-lingual Vocabulary Adaptation 119

Tran (2019) use English BERT as a source LM. 120

They initialized target language token representa- 121

tions as a weighted sum of the source embeddings 122

followed by fine-tuning both the source and target 123

models. Wang et al. (2020) and Chau et al. (2020) 124

added a fixed number of new target language tokens 125

to the source vocabulary, expanding the source em- 126

bedding matrix and output projection layers accord- 127

ingly. The embeddings of the new tokens are ran- 128

domly initialized over the expanded elements. Both 129

studies performed additional pre-training on a tar- 130

get language corpus, often called language adaptive 131

pre-training, i.e. LAPT (Chau et al., 2020), after 132

the target vocabulary initialization. LAPT enables 133

learning a target language model more efficiently 134

than training it from scratch which is prohibitive 135

with the size of current LLMs. It has become stan- 136

dard practice in more recent cross-lingual vocab- 137

ulary adaptation studies (Minixhofer et al., 2022; 138

Dobler and de Melo, 2023; Downey et al., 2023; 139

Ostendorff and Rehm, 2023). More recently, state- 140

of-the-art methods completely replace the source 141

embeddings with target language embeddings in- 142

stead of expanding the source vocabulary (Minix- 143

hofer et al., 2022; Dobler and de Melo, 2023; Os- 144

tendorff and Rehm, 2023; Downey et al., 2023). 145

The aim is to utilize overlapping tokens between 146

the source and target vocabularies for efficiency. 147

Cross-lingual vocabulary adaptation has been ex- 148

tensively used to adapt generative LLMs to specific 149

target languages (Cui et al., 2023; Balachandran, 150

2023; Larcher et al., 2023). However, the major- 151

ity of these approaches simply expand the source 152

embedding matrix followed by LAPT, while vo- 153

cabulary replacement approaches have not been 154

explored. To the best of our knowledge, this is 155

the first systematic study on the efficacy of various 156

cross-lingual vocabulary adaptation methods for 157

improving the inference efficiency of generative 158

LLMs across languages. 159

3 Cross-lingual Vocabulary Adaptation 160

3.1 Problem Setting 161

Let Ms be a source pre-trained LLM with Ts and 162

Vs its corresponding tokenizer and vocabulary. The 163

aim is to learn a model Mt with the same archi- 164

tecture as Ms for a target language that supports a 165

target vocabulary Vt given a tokenizer Tt. 166

Mt is first initialized with the weights of Ms. 167

Subsequently, its input embedding and output layer 168
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matrices are replaced such that the former is of169

dimensionality |Vt| × Ht and the latter Ht × |Vt|,170

where Ht is the hidden dimensionality of Mt. The171

weights of both matrices are tied and they can be172

initialized by applying one of the target vocabu-173

lary initialization methods in §3.2. Finally, Mt is174

adapted to the target language (i.e. with LAPT) by175

training it on target language data D using a causal176

language modeling objective.177

3.2 Target Vocabulary Initialization Methods178

Random. The simplest approach is to randomly179

initialize the embeddings of Mt (de Vries and Nis-180

sim, 2021; Downey et al., 2023).181

Cross-lingual and Progressive Initialization182

(CLP). CLP (Ostendorff and Rehm, 2023) first183

finds overlapping tokens between Vt and Vs, i.e.184

Vt ∩ Vs, and simply copies their weights from Ms185

to Mt. Each target token that does not overlap186

with any source token, i.e. Vt\(Vt ∩ Vs) is initial-187

ized by its weighted average across all embeddings188

in Vt ∩ Vs, i.e. common tokens in the source and189

target vocabularies. The weight of each embed-190

ding in Vt ∩ Vs is computed as the cosine sim-191

ilarity score between the respective overlapping192

token and the target non-overlapping token. Since193

there is no common representation between the194

non-overlapping token and the overlapping tokens,195

CLP employs vector representations from an auxil-196

iary target language-specific pre-trained LM with197

the same tokenizer and vocabulary as Mt so that198

both tokens are mapped.199

Heuristics. Downey et al. (2023) proposed a200

heuristic-based initialization that consists of the fol-201

lowing three rules according to IDENTITY, SCRIPT,202

and POSITION of a token. First, embeddings are ini-203

tialized according to their identity, in the same way204

that overlapping tokens are initialized in CLP, i.e.205

by copying them from Ms. For all the remaining206

tokens in Vt, their embeddings are initialized based207

on the type of SCRIPT identified by the Unicode208

block. Each token that belongs to a particular script209

(e.g. Hebrew) is represented by a vector sampled210

from a Normal distribution with the same mean211

and standard deviation. The mean and standard212

deviation of each group are computed using the213

embeddings of Ms that belong to the same group.214

In conjunction with SCRIPT, a group can further be215

divided into two according to the POSITION of each216

subword token in a word, i.e. whether it is placed217

at the beginning or in the middle (e.g. “_the” vs.218

“the”). Finally, the embeddings of any remaining 219

tokens are randomly initialized. 220

FOCUS. Dobler and de Melo (2023) proposed 221

fast overlapping token combinations using sparse- 222

max (FOCUS) initialization. It is an approach simi- 223

lar to CLP that reuses the embeddings of Ms in Mt 224

for tokens in Vt ∩ Vs. For non-overlapping tokens 225

Vt\(Vt ∩ Vs), FOCUS uses fastText (Bojanowski 226

et al., 2017) trained on target specific data D tok- 227

enized by Tt and computes the cosine similarities 228

between tokens in Vt ∩ Vs and Vt\(Vt ∩ Vs) in the 229

fastText model. It then applies sparsemax (Martins 230

and Astudillo, 2016), which is a sparse variant of 231

softmax that assigns zero to any low-probability 232

elements, over the similarity scores. The embed- 233

dings of tokens in Vt\(Vt∩Vs) are finally initialized 234

by taking the weighted sum of the source embed- 235

dings of tokens in Vt ∩ Vs, whose weights are the 236

similarity scores with sparsemax applied. 237

CLP+. Finally, we propose CLP+, a modifica- 238

tion to CLP motivated by the use of sparsemax in 239

FOCUS. The aim is to dynamically select semanti- 240

cally similar tokens from Vt∩Vs to initialize a target 241

embedding for a token in Vt\(Vt ∩Vs), leading to a 242

better initialization of the embeddings (Tran, 2019). 243

We follow the same process as CLP for tokens in 244

Vt∩Vs. For non-overlapping tokens in Vt\(Vt∩Vs), 245

instead of taking the weighted average of all over- 246

lapping source embeddings of Vt ∩ Vs as in CLP, 247

we use the weighted sum of embeddings whose 248

weight is calculated with sparsemax. 249

4 Experimental Setup 250

4.1 Source Models 251

We first use BLOOM-1B and BLOOM-7B (Scao 252

et al., 2022) as source models, which are trained 253

on data from 46 languages including Arabic (4.6%) 254

and Swahili (0.02%). We also use TigerBot- 255

7B (Chen et al., 2023), which is based on LLaMA 256

2 (Touvron et al., 2023b) adapted using data from 257

East Asian languages, i.e. Chinese (54%), Korean 258

(0.001%), and Japanese (0.01%). Finally, we exper- 259

iment with Mistral-7B (Jiang et al., 2023) which 260

is an English-centric model. Table 1 shows the tok- 261

enizer and vocabulary size of each source model. 262

4.2 Target Languages and Adaptation Data 263

We experiment with a typologically diverse 264

set of target languages including German 265

(Indo-European), Japanese (Japonic), Arabic 266
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Source (Ms) Tokenizer (Ts) |Vs|

BLOOM Byte-level BPE 250,680
TigerBot Byte-level BPE 60,512
Mistral Byte-level BPE 32,000

Target (Mt) Tokenizer (Tt) |Vt|

German Byte-level BPE 50,257
Japanese Unigram 32,000
Arabic Byte-level BPE 64,000
Swahili Byte-level BPE 50,257

Table 1: Tokenizers and vocabulary size for source and
target models.

(Afro–Asiatic), and Swahili (Niger–Congo). We267

opted to use these languages because of the avail-268

ability of language-specific (1) tokenizers; and (2)269

downstream task datasets with the same task for-270

mulation across languages.2271

For adapting the source models, we use the OS-272

CAR language-specific subcorpus (Jansen et al.,273

2022) for German, Arabic, and Japanese (January274

2023 version). For Swahili, we use the Swahili275

subset of CC-100 (Conneau et al., 2020) following276

Minixhofer et al. (2022). We use publicly available277

existing tokenizers and vocabularies for each target278

language. Table 1 shows the type of tokenizer and279

vocabulary size for the target models. More details280

are available in Table 3 in the Appendix.281

4.3 Tasks282

Following Ahia et al. (2023), we evaluate all283

models including baselines across four tasks in284

each target language: (1) textual entailment (NLI)285

consisting of JNLI (Kurihara et al., 2022) for286

Japanese and XNLI (Conneau et al., 2018) for287

the rest; (2) X-CSQA (Lin et al., 2021) for multi-288

ple choice question-answering (MC); (3) summa-289

rization (SUM) including MLSUM (Scialom et al.,290

2020) for German and XL-Sum (Hasan et al., 2021)291

for the rest; and (4) span prediction (SPAN) consist-292

ing of XQuAD (Kurihara et al., 2022) for Arabic293

and German, JSQuAD (Kurihara et al., 2022) for294

Japanese and KenSwQuAD (Wanjawa et al., 2023)295

for Swahili. Similarly, we use 500 random samples.296

Due to the computational constraints, we con-297

duct zero-shot experiments on SUM. For the rest of298

the tasks, we evaluate models in zero- and few-shot299

settings. We use five demonstrations for NLI and300

MC and three for SPAN in the few-shot cases.301

2Note that data for the same task across languages does
not match. Model performance is not directly comparable.

4.4 Prompt Templates 302

We use the same English prompt templates as Ahia 303

et al. (2023) for NLI and SUM. For MC and SPAN, 304

we formulate a task-specific English prompt. We 305

translate the English prompt templates into each 306

corresponding target language using a machine 307

translation API (i.e. Google Translate), follow- 308

ing Yong et al. (2023). The prompt templates can 309

be found in Appendix A.7. 310

4.5 Baselines 311

We compare the cross-lingual vocabulary adapta- 312

tion methods against two baselines: (1) we use the 313

source models directly on the target language tasks 314

without any adaptation (Source); and (2) following 315

Yong et al. (2023), we adapt the source models by 316

continuing pre-training on data from a target lan- 317

guage by keeping the source vocabulary (LAPT). 318

4.6 Evaluation Metrics 319

Inference Efficiency. We calculate the average 320

number of prompt tokens per sample for each 321

dataset and tokenizer, and use its relative ratio 322

to each source tokenizer as a proxy for inference 323

speedup following (Ahia et al., 2023; Petrov et al., 324

2023). We use the average number of prompt to- 325

kens rather than the actual inference time because 326

commercial APIs (e.g. OpenAI) often charge users 327

on the basis of the total number of prompt and 328

generated tokens. Note that inference efficiency is 329

independent of the model size. 330

Downstream Performance. For downstream 331

performance evaluation, we use standard metrics 332

for each dataset such as accuracy for NLI and MC, 333

F1 for SPAN, and ROUGE-L for SUM. 334

4.7 Implementation Details 335

Efficient LLM Adaptation. We perform our ex- 336

periments under resource-constrained settings due 337

to limited access to computational resources. For 338

computational efficiency, we use a low-rank adap- 339

tation approach with LAPT, i.e. LoRA (Hu et al., 340

2021) applied on all linear layers (setting rank 341

r = 8), following (Yong et al., 2023; Cui et al., 342

2023; Balachandran, 2023; Larcher et al., 2023). 343

We pre-train each model for a maximum of four 344

days. We use a batch size of 8 for BLOOM-1B 345

and 16 for the 7B models with gradient accumula- 346

tion steps set to 4 and a sequence length of 1,024. 347

We set the learning rate to 1e-4 and save check- 348

points every 1,000 steps. For a fair comparison, 349
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Figure 2: Relative speedup ratios to each base model/tokenizer when prompted in English and a target language.
Dotted lines denote the average speedup ratio across tasks in each setting.

we use the checkpoints with the largest number of350

steps available across all vocabulary initialization351

approaches and the LAPT baseline for the same352

source model size and language.3353

Libraries and Hardware. We implement our354

models using PyTorch (Paszke et al., 2019), HF355

Transformers (Wolf et al., 2020) and PEFT (Man-356

grulkar et al., 2022). We preprocess data with HF357

Datasets (Lhoest et al., 2021). We use a single358

NVIDIA A100 (80GB) GPU for all experiments.359

5 Results360

5.1 Inference Efficiency361

Figure 2 shows the relative inference speedup ratio362

between the target and source model prompted in363

the target language and English. Overall, the results364

confirm our hypothesis that cross-lingual vocabu-365

lary adaptation accelerates inference in 95 out of366

96 cases including zero- and few-shot settings.367

Next, we examine the efficiency of target mod-368

els in each language. We first observe that the369

models adapted in German show moderate average370

speedup ratios (25.4-43.7%) across different tasks,371

source models and prompting languages. This is372

possibly due to the close relationship between Ger-373

man and English (i.e. both Germanic and Indo-374

European languages). The Japanese target models375

also exhibit moderate but slightly greater average376

speedups compared to German of up to 60.6%377

using BLOOM and TigerBot as source models.378

In contrast, inference speedups are substantially379

greater using Mistral as the source model (66.9-380

93.2% on average). These differences can stem381

from the inclusion of Chinese pre-training data in382

3For more details, refer to Appendix A.4.

BLOOM,4 and Chinese and Japanese data in Tiger- 383

Bot. Target models in Arabic and Swahili obtain 384

smaller speedups than the other languages (i.e. up 385

to 24.0% on average) using BLOOM as the source 386

model. This is likely due to the inclusion of Ara- 387

bic and Swahili pre-training data in BLOOM. In 388

contrast, target models in both languages obtain 389

substantial gains using TigerBot and Mistral as the 390

source models, i.e. up to an impressive 271.5% 391

for Arabic and 95.0% for Swahili. We speculate 392

that this happens because the two languages are 393

not included in the training data of TigerBot and 394

Mistral5, and the different Arabic script. 395

Looking into individual tasks, we observe that 396

adapted models gain larger speedup ratios in SPAN 397

and SUM compared to the other two tasks across 398

source models and languages. In particular, we 399

record a maximum speedup of 331% in Arabic 400

SUM with in-language prompting using TigerBot 401

as the source model. In contrast, speedup ratios 402

tend to be smaller than average in NLI and MC 403

across different target and source models, except 404

for NLI with in-language prompting. Specifically, 405

the Arabic model using BLOOM as source shows 406

a slowdown of 7.63% when prompting in English. 407

Our hypothesis is that this is due to the ratio of 408

English-related words included in a prompt in each 409

task, resulting to overfragmentation of such words 410

by a target-language tokenizer, which is detrimen- 411

tal to inference speedup. Indeed, the number of 412

tokens of the NLI English prompt template6 is ten 413

when tokenized with the BLOOM source tokenizer, 414

4Note that the Japanese script includes Chinese characters.
5We do not have enough information about the training

data of the model. Mistral.ai states that it is good at English
tasks according to the blog post.

6Question: True, False, or Neither? Answer:

5

https://mistral.ai/news/announcing-mistral-7b/


German Japanese Arabic Swahili
Approach NLI MC SUM SPAN NLI MC SUM SPAN NLI MC SUM SPAN NLI MC SUM SPAN
BLOOM-1B Zero-shot
Source .33 .21 17.8 .06 .29 .20 18.2 .22 .35 .20 12.0 .15 .32 .22 12.0 .03
LAPT .36 .22 14.3 .09 .28 .20 20.7 .26 .36 .19 11.4 .13 .31 .18 7.7 .07
+ Random .356.1 .224.8 15.315.0 .14133.3 .290.0 .215.0 19.05.6 .3245.5 .350.0 .195.0 11.54.2 .146.7 .333.1 .220.0 10.215.0 .08166.7
+ Heuristics .343.0 .199.5 15.315.0 .13116.7 .290.0 .195.0 19.26.7 .3140.9 .362.9 .2210.0 11.35.8 .1313.3 .346.3 .220.0 11.90.8 .11266.7
+ CLP .343.0 .1814.3 14.618.9 .14133.3 .290.0 .2525.0 18.84.4 .3350.0 .362.9 .215.0 11.26.7 .146.7 .346.3 .220.0 11.54.2 .11266.7
+ FOCUS .343.0 .199.5 16.110.6 .13116.7 .290.0 .215.0 19.26.7 .3350.0 .350.0 .200.0 11.26.7 .146.7 .346.3 .220.0 11.26.7 .12300.0
+ CLP+ .316.1 .1528.6 15.812.2 .13116.7 .290.0 .195.0 19.47.8 .3350.0 .350.0 .1715.0 11.35.8 .150.0 .346.3 .209.1 10.413.3 .10233.3

BLOOM-7B
Source .36 .21 23.1 .15 .28 .21 19.0 .33 .38 .17 11.5 .25 .36 .22 14.3 .22
LAPT .37 .21 19.4 .14 .21 .21 21.6 .36 .36 .16 11.5 .21 .36 .20 13.0 .14
+ Heuristics .3211.1 .224.8 19.714.3 .2140.0 .307.1 .239.5 19.52.6 .3815.2 .372.6 .1911.8 10.72.7 .2116.0 .338.3 .220.0 11.617.1 .1627.3
+ CLP+ .352.8 .210.0 18.718.7 .2033.3 .293.6 .210.0 19.52.6 .4021.2 .380.0 .2123.5 11.00.0 .2116.0 .338.3 .234.5 10.922.1 .1722.7

TigerBot-7B
Source .33 .24 23.9 .26 .17 .24 19.4 .57 .33 .21 9.0 .04 .29 .22 12.4 .03
LAPT .32 .21 18.5 .18 .17 .21 21.6 .49 .33 .18 9.8 .13 .31 .21 15.9 .10
+ Heuristics .356.1 .2016.7 16.132.9 .1830.8 .2970.6 .228.3 19.63.2 .4029.8 .369.1 .1719.0 10.314.4 .08100.0 .3624.1 .220.0 8.132.5 .0566.7
+ CLP+ .330.0 .2016.7 14.141.2 .1926.9 .2970.6 .2016.7 19.84.2 .4128.1 .3815.2 .224.8 11.224.4 .16300.0 .303.4 .220.0 8.628.3 .09200.0

Mistral-7B
Source .34 .25 24.1 .35 .17 .28 23.7 .60 .33 .20 11.2 .21 .35 .22 15.4 .07
LAPT .33 .25 24.2 .28 .17 .20 23.4 .60 .33 .18 10.8 .14 .33 .22 16.2 .12
+ Heuristics .4017.6 .264.0 21.211.7 .2237.1 .2970.6 .2028.6 19.717.9 .4328.3 .3918.2 .195.0 10.72.7 .1338.1 .342.9 .220.0 10.629.3 .14100.0
+ CLP+ .352.9 .250.0 20.215.8 .2140.0 .2864.7 .2028.6 19.917.1 .4623.3 .3815.2 .1620.0 11.54.5 .210.0 .335.7 .214.5 10.232.0 .16128.6

BLOOM-1B Few-shot
Source .38 .20 - .10 .44 .19 - .32 .35 .17 - .20 .37 .23 - .02
LAPT .37 .17 - .13 .26 .21 - .34 .34 .16 - .16 .34 .19 - .02
+ Random .3410.5 .215.0 - .1660.0 .2934.1 .2110.5 - .346.3 .350.0 .2229.4 - .1620.0 .348.1 .2013.0 - .06200.0
+ Heuristics .3313.2 .2315.0 - .1770.0 .3031.8 .2215.8 - .320.0 .362.9 .2123.5 - .1525.0 .3310.8 .1917.4 - .07250.0
+ CLP .3410.5 .215.0 - .1770.0 .3031.8 .205.3 - .333.1 .350.0 .2123.5 - .1525.0 .3310.8 .1917.4 - .08300.0
+ FOCUS .3410.5 .1810.0 - .1770.0 .2738.6 .205.3 - .3612.5 .362.9 .2017.6 - .1525.0 .348.1 .1917.4 - .08300.0
+ CLP+ .3410.5 .200.0 - .1990.0 .2934.1 .2215.8 - .3612.5 .375.7 .2017.6 - .1525.0 .3018.9 .1821.7 - .08300.0

BLOOM-7B
Source .38 .23 - .29 .41 .19 - .49 .37 .18 - .29 .34 .18 - .11
LAPT .35 .24 - .23 .34 .19 - .53 .36 .18 - .23 .37 .18 - .07
+ Heuristics .3313.2 .224.3 - .283.4 .2831.7 .2110.5 - .466.1 .362.7 .2116.7 - .2417.2 .365.9 .195.6 - .1318.2
+ CLP+ .3410.5 .224.3 - .2513.8 .3026.8 .205.3 - .466.1 .362.7 .2222.2 - .2513.8 .365.9 .180.0 - .1318.2

TigerBot-7B
Source .31 .37 - .42 .16 .34 - .65 .30 .19 - .10 .36 .19 - .03
LAPT .30 .39 - .36 .16 .34 - .66 .30 .20 - .17 .36 .20 - .09
+ Heuristics .336.5 .2629.7 - .2150.0 .2981.2 .2429.4 - .4924.6 .3516.7 .205.3 - .0910.0 .352.8 .2110.5 - .0433.3
+ CLP+ .3616.1 .3116.2 - .3126.2 .3087.5 .2138.2 - .5023.1 .3723.3 .190.0 - .1990.0 .345.6 .185.3 - .06100.0

Mistral-7B
Source .33 .53 - .48 .16 .42 - .69 .30 .32 - .31 .40 .21 - .12
LAPT .33 .46 - .27 .16 .37 - .68 .30 .30 - .26 .36 .34 - .21
+ Heuristics .4536.4 .4122.6 - .2450.0 .3087.5 .2442.9 - .4929.0 .3413.3 .1843.8 - .1745.2 .3415.0 .1814.3 - .0925.0
+ CLP+ .3712.1 .4711.3 - .2547.9 .2981.2 .2540.5 - .5027.5 .3826.7 .2328.1 - .2325.8 .3317.5 .204.8 - .1416.7

Table 2: Mean performance over five runs with in-language prompting on 500 randomly selected test samples for
each dataset. The baselines are in grey . Bold indicates comparable or better results than the baselines. Green
indicates positive relative performance change over Source. Red denotes negative relative performance change.

increasing to 21 with the Arabic target tokenizer.415

Finally, we investigate the inference efficiency416

for the target models by prompting language. We417

observe that the target models show greater infer-418

ence speedup ratios with in-language prompts than419

English in all cases. The average differences be-420

tween in-language and English prompts are 12.8%,421

24.6%, and 26.8%, using BLOOM, TigerBot, and422

Mistral as source models, respectively. This sug-423

gests that the target models are susceptible to code-424

mixed text (i.e. including English prompts), lead-425

ing to overfragmentation for words not in a target426

language. Furthermore, in-language prompting is427

a more realistic scenario for non-English speakers428

to use LLMs than English prompting. Therefore,429

these differences reflect the advantage of cross-430

lingual vocabulary adaptation and confirm the dis-431

parity of using a source tokenizer, reported by Ahia432

et al. (2023) and Petrov et al. (2023).433

5.2 Downstream Performance434

We compare the downstream performance of all435

cross-lingual vocabulary adaptation methods (§3.2)436

to the baselines, i.e. Source and LAPT (§4.5) using437

BLOOM-1B as the source model. Due to computa-438

tional costs, we only evaluate the best two vocabu- 439

lary adaptation approaches (Heuristics and CLP+) 440

against the baselines with larger source models 441

(BLOOM-7B, TigerBot-7B and Mistral-7B). Table 442

2 shows the zero- and few-shot performance of all 443

models with in-language prompting. Results using 444

English prompts are included in the Appendix (Ta- 445

ble 9). We examine differences between English 446

and target language prompting in §6. 447

Overall, adapted models show comparable or 448

better performance than the baselines in the ma- 449

jority of the cases across tasks and languages us- 450

ing BLOOM-1B as source. Models adapted with 451

simple Random target vocabulary initialization are 452

competitive compared to more sophisticated ap- 453

proaches and the baselines in the majority of the 454

cases – 18 for Source and 24 for LAPT out of 28 455

cases, respectively. However, they are not as ro- 456

bust with English prompting (see Table 9 in the 457

Appendix). Models adapted with Heuristics also 458

perform competitively with the semantic similarity- 459

based methods (i.e. CLP, FOCUS and CLP+). They 460

are similar to or better than Source in 17 out of 28 461

cases and LAPT in 19 out of 28 cases without a 462

substantial drop in performance observed in Ran- 463
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Figure 3: Performance difference between English and in-language prompts. Positive and negative values indicate
better performance using in-language or English prompts respectively.

dom with English prompting. These results gener-464

ally corroborate findings by Downey et al. (2023)465

that (1) Random initialization is not robust, and466

(2) Heuristics rivals the semantic similarity-based467

methods. CLP+ outperforms CLP and FOCUS468

in the few-shot cases excluding Random, while469

Heuristics is the best zero-shot approach.470

Experimenting with larger source models, we ob-471

serve that models adapted with Heuristics perform472

competitively with CLP+ with BLOOM-7B. They473

also show competitive performance with LAPT in474

18 out of 28 cases across tasks and languages. How-475

ever, they exhibit slightly worse performance than476

Source in 15 out of 28 cases. Models adapted with477

CLP+, in contrast, perform on par with Source (14478

out of 28 cases) and slightly better than LAPT (17479

out of 28 cases). When using TigerBot and Mistral480

as source, we find that adapted models fail to per-481

form better than the baselines. The only exception482

is TigerBot, where models adapted with Heuris-483

tics and CLP+ show competitive performance with484

Source in 15 and 16 out of 28 cases across tasks and485

languages. This suggests that LLMs not as mul-486

tilingual as BLOOM (i.e. TigerBot and Mistral)487

may not perform well with cross-lingual vocabu-488

lary adaptation, possibly due to less transferable489

cross-lingual knowledge, and the small amount of490

target language data included during pre-training.491

6 Analysis492

In-language vs. English Prompting. Recent493

studies (Lin et al., 2022; Ahuja et al., 2023; Muen-494

nighoff et al., 2023) report that in-language prompt-495

ing yields lower downstream performance than496

prompting in English. Figure 3 shows the perfor-497

mance difference between English and in-language 498

prompting across models, languages and tasks for 499

the best two performing cross-lingual vocabulary 500

adaptation methods (Heuristics and CLP+). 501

Surprisingly, we observe no major performance 502

drop with in-language prompting in the majority 503

of the zero-shot settings across languages. We 504

note similar or better performance with in-language 505

prompting in 10 out of 16 settings.We also observe 506

a drop of 0.03 or larger (non-shaded areas in Fig- 507

ure 3) in only 5 out of 16 settings. The few-shot 508

settings also exhibited similar trends with substan- 509

tial performance degradation of 0.03 or more in 510

5 out of 12 settings, and similar or better perfor- 511

mance in 8 out of 12 settings. Some in-language 512

prompting cases with lower performance than En- 513

glish, such as in German across tasks and zero-shot 514

NLI in Arabic and Swahili, can be related to the 515

tokenization effects discussed in §5.1. Previous 516

studies (Rust et al., 2021; Bostrom and Durrett, 517

2020; Fujii et al., 2023) have also found a strong 518

correlation between tokenization and performance. 519

Further investigation is needed on how to mitigate 520

performance degradation, especially in few-shot 521

settings such as Japanese NLI and Arabic SPAN. 522

LAPT Steps. LAPT is an integral part of re- 523

cent cross-lingual vocabulary adaptation meth- 524

ods (Minixhofer et al., 2022; Dobler and de Melo, 525

2023; Ostendorff and Rehm, 2023; Downey et al., 526

2023). However, it is a computationally intensive 527

task that requires loading and updating models with 528

billions of parameters over a large number of train- 529

ing steps. Therefore, we investigate the relationship 530

between downstream performance and the number 531

of LAPT steps, i.e. every 2k steps starting from 532

7
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Figure 4: Kendall’s τ correlation between the number of
LAPT steps and performance (in-language prompting).

1k and every 10k after 13k. Figure 4 shows the533

Kendall’s tau (Kendall, 1938) correlation coeffi-534

cients between LAPT steps and performance.535

Overall, LAPT helps improve downstream per-536

formance in both zero- and few-shot settings in537

69.5% and 59.4% of the cases, respectively.7 In538

particular, both TigerBot and Mistral, which are539

not as multilingual as BLOOM, tend to benefit540

more from LAPT, especially in zero-shot SUM and541

SPAN across languages. This suggests that LAPT542

helps source LLMs to supplement target language543

knowledge to reach competitive performance with544

BLOOM 7B in a similar number of steps.545

Next, we examine the correlation coefficients546

by task across zero- and few-shot settings. We of-547

ten observe negative or no correlation in zero-shot548

MC across languages, zero-shot NLI in Japanese549

and Swahili, few-shot NLI in German, Japanese550

and Swahili, few-shot MC in Swahili, and few-shot551

SPAN in German and Swahili. In contrast, SPAN552

and SUM generally benefit well from LAPT in zero-553

shot settings across languages, in addition to few-554

shot SPAN in Japanese and Arabic. We hypothesize555

that because zero-shot tasks, especially SUM and556

SPAN, can be more challenging than the other text557

classification tasks (Davletov et al., 2021; Yam-558

aguchi et al., 2022), they may require better target559

language representations to perform well.560

LoRA Rank r. There is a trade-off between com-561

putational efficiency and performance when adapt-562

ing LLMs with LoRA (Hu et al., 2021). We an-563

alyze how the LoRA rank affects performance564

7We observe similar trends with English prompting (Figure
6 in the Appendix).
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Figure 5: SPAN performance changes with respect to
LoRA rank r.

in cross-lingual vocabulary adaptation. To keep 565

computational costs low, we experiment by setting 566

r = {8, 32, 64, 128} using BLOOM-1B on SPAN 567

in Japanese and Swahili where we observed large 568

performance variations (Table 2). Figure 5 shows 569

how performance changes with respect to r. 570

In general, the performance of target models 571

does not increase with r in the zero-shot setting. 572

The only exception is Heuristics in Japanese with 573

English prompting, i.e. from 0.246 (r = 8) to 0.297 574

(r = 64). We observe that performance improves 575

with r in the few-shot setting. CLP+ in Japanese 576

with English prompting is an exception, i.e. from 577

0.344 (r = 8) to 0.319 (r = 128). This suggests 578

that setting r = 8 is a good option in zero-shot set- 579

tings. Increasing r to 32, 64 or 128 can yield better 580

few-shot performance but results to higher compu- 581

tational costs. For instance, the best-performing 582

Swahili model (r = 64) results in a 14% increase 583

in the number of trainable parameters compared to 584

r = 8. Careful cost-benefit consideration is needed 585

to choose an optimal r. 586

7 Conclusion 587

We investigated the effectiveness of cross-lingual 588

vocabulary adaptation on LLM inference efficiency. 589

Our extensive experiments in four diverse lan- 590

guages demonstrated that cross-lingual vocabulary 591

adaptation substantially contributes to LLM infer- 592

ence speedups of up to 271.5% while maintaining 593

comparable downstream performance to baselines 594

when adapting multilingual LLMs. In future work, 595

we will explore various inference-aware methods 596

for cross-lingual transfer, such as cost-effective 597

subword vocabulary selection (Gee et al., 2023). 598
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Limitations599

Prompt Tuning. We use a translated version of600

in-language prompts from English. This may af-601

fect the downstream performance due to machine602

translation noise, underestimating the performance603

of in-language prompting.604

Languages. Although this study covers four lin-605

guistically diverse languages (German, Arabic,606

Japanese, and Swahili), it is an interesting study for607

future work to assess more languages.608

Model Size. This paper considers LLMs of var-609

ious sizes ranging from 1B to 7B, which are far610

larger than those tested in previous cross-lingual611

vocabulary adaptation studies. Note that infer-612

ence efficiency measured by the number of pro-613

cessed/generated tokens is not affected by the614

model size. However, investigating the perfor-615

mance of cross-lingual vocabulary adaptation ap-616

proaches with larger models would be valuable in617

future studies.618
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Appendix1187

A Implementation Details1188

A.1 Tokenizer1189

To reduce the computational costs, we utilized pub-1190

licly available existing tokenizers for each target1191

language, which means we used them as Tt. Table1192

3 lists the tokenizers used in our experiments.1193

A.2 Language-specific pre-trained LM1194

For language-specific pre-trained LMs used in CLP1195

and CLP+, we used the corresponding models to1196

Tt, which are listed in Table 3 and are all decoder-1197

based models. Note that we only used the embed-1198

ding of each language-specific pre-trained LM for1199

vocabulary adaptation, and therefore, one can also1200

use encoder and encoder-decoder based models.1201

A.3 fastText in FOCUS1202

For FOCUS, we trained a fastText model for each1203

language on a corresponding CC-100 (Conneau1204

et al., 2020) text with the same configuration as1205

Dobler and de Melo (2023).1206

A.4 Hyperparameters and Generation1207

Configurations1208

LAPT Table 4 shows the hyperparameters in1209

LAPT for each model size. Note that due to the1210

computational resource constraints and funds for1211

running experiments, we could run pre-training1212

of up to four days for each approach. Therefore,1213

we picked up checkpoints with the largest num-1214

ber of steps available across models with the same1215

base model (i.e. BLOOM-1B, BLOOM-7B, etc.)1216

and language for evaluation to make a fair com-1217

parison. We also temporarily trimmed the unused1218

embeddings of BLOOM models for LAPT, whose1219

tokens did not appear in the training corpus during1220

pre-training to save memory and for faster compu-1221

tation.81222

Generation Following Cui et al. (2023), we intro-1223

duced a verbalizer for the classification tasks: NLI1224

and MC, where we mapped the first generated token1225

into a label to compute accuracy. For mapping, we1226

simply picked up a token with the maximum log-1227

likelihood among candidate tokenized words. The1228

list of candidate label words for each task is shown1229

in Table 5. Table 6 lists the parameters used during1230

evaluation. To make a fair comparison, we did not1231

8We used the implementations by Ushio et al. (2023) and
Williams and Aletras (2023).

conduct any generation parameter tuning and used 1232

the same ones across all approaches. For SUM and 1233

few-shot SPAN in Swahili, we truncated an article 1234

whenever it exceeded the maximum prompt length 1235

of 4,096 to avoid the CUDA out-of-memory error. 1236

A.5 Checkpoints 1237

As explained in A.4, we trained all models for up 1238

to four days each due to limited computational re- 1239

sources and funds for experiments. The only excep- 1240

tion was Swahili since the dataset is small enough 1241

to complete LAPT. To make a fair comparison, we 1242

used checkpoints with the largest number of steps 1243

available across models with the same target lan- 1244

guage and base model. Table 7 shows the list of 1245

checkpoints used for evaluation. 1246

Model Language
de ja ar sw

BLOOM-1B 47k 48k 50k 9k
BLOOM-7B 8k 8k 8k 4k
TigerBot-7B 8k 8k 8k 4k
Mistral-7B 6k 6k 6k 4k

Table 7: List of checkpoints used for evaluation. We
used checkpoints with the largest number of steps avail-
able across all models with the same base model and
language.

A.6 Libraries 1247

We implement our models using PyTorch (Paszke 1248

et al., 2019), Hugging Face Transformers (Wolf 1249

et al., 2020) and PEFT (Mangrulkar et al., 1250

2022). We preprocess data with Hugging Face 1251

Datasets (Lhoest et al., 2021). For evaluation, we 1252

use Hugging Face Evaluate9 to compute down- 1253

stream performance metrics. 1254

A.7 Prompt Templates 1255

Table 8 shows the prompt templates used in our 1256

evaluation. 1257

A.7.1 Code 1258

The anonymized code is available as supplementary 1259

material in the submission for reference. 1260

B Licenses 1261

This study used various publicly available mod- 1262

els and datasets with different licenses, as detailed 1263

below, all of which permit their use for academic 1264

research. 1265

9https://github.com/huggingface/evaluate
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Language Tokenization
Algorithm Hugging Face Identifier Citation License

German Byte-level BPE malteos/gpt2-xl-wechsel-german MIT
Japanese Unigram rinna/japanese-gpt-neox-3.6b-instruction-ppo MIT
Arabic Byte-level BPE aubmindlab/aragpt2-base (Antoun et al., 2021) See here
Swahili Byte-level BPE benjamin/gpt2-wechsel-swahili (Minixhofer et al., 2022) MIT

Table 3: List of tokenizers used for each language-specific model with vocabulary adaptation.

Hyperparameters 1B 7B

Batch size 8 16
Gradient accumulation steps 4 4
Maximum number of training epochs 1 1
Maximum number of training days 4 4
Adam ϵ 1e-8 1e-8
Adam β1 0.9 0.9
Adam β2 0.999 0.999
Sequence length 1,024 1,024
Learning rate 1e-4 1e-4
Learning rate scheduler cosine cosine
Warmup steps 100 100
Weight decay 0.01 0.01
Attention dropout 0.0 0.0
Dropout 0.05 0.05
LoRA rank r 8 8
LoRA dropout 0.05 0.05
LoRA α 32 32
Training precision FP16 FP16
Model quantization int 8 int 8

Table 4: Hyperparameters for LAPT.

Task Language Label words

NLI English True, False, Neither
German Wahr, Falsch, Weder
Japanese 真, 偽, どちらでもない

Arabic iJ
m
��,


A¢

	
k, ¼@ 	X Bð @

	
Yë B

Swahili Kweli, Uongo, Wala

MC All A, B, C, D, E

Table 5: List of candidate label words for each classifi-
cation task.

B.1 Models1266

BLOOM is licensed under the BigScience RAIL1267

License.10 TigerBot and Mistral are licensed under1268

the Apache-2.0 License. The licenses of the helper1269

models are listed in Table 3.1270

B.2 Datasets1271

XNLI is distributed under CC BY-NC 4.0. JNLI,1272

XQuAD, and JSQuAD are distributed under CC1273

BY-SA 4.0. XCSQA is a derivative of Common-1274

senseQA (Talmor et al., 2019), which is licensed1275

10https://huggingface.co/spaces/bigscience/lic
ense

Parameters Values

Maximum prompt length 4,096
Temperature 0.8
Repetition penalty 1.1
Top k 40
Top p 0.9
Beam width 5
Sampling True
Early stopping True

Table 6: Parameters for generation.

under an MIT license. OSCAR and KenSwQuAD 1276

are licensed under CC0 – no rights reserved. XL- 1277

Sum is licensed under CC BY-NC-SA 4.0, while 1278

MLSUM is distributed under an MIT license. 1279

C Results 1280

C.1 Additional Results 1281

Table 9 shows the results with standard deviations 1282

when prompted in English, and Table 10 shows the 1283

results with standard deviations when prompted in 1284

a target language. 1285

C.2 English Downstream Performance 1286

Table 11 shows the results on the English datasets. 1287

Despite the entire replacement of embeddings for 1288

cross-lingual vocabulary adaptation approaches, 1289

their adapted models exhibit comparable or bet- 1290

ter results in most of the tasks for BLOOM, except 1291

for SPAN, where Source showed the best result 1292

followed by LAPT. This can be ascribed to the 1293

following reasons: First, LAPT can retain more 1294

source model knowledge than cross-lingual vocab- 1295

ulary adaptation approaches, as their embeddings 1296

have not changed. Second, SPAN can be seen as a 1297

challenging task as it requires more linguistic un- 1298

derstanding of a prompt than simply classifying a 1299

text as in NLI and MC. We, therefore, see such a 1300

huge performance difference in SPAN since cross- 1301

lingual vocabulary adaptation approaches lost more 1302
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Figure 6: Kendall’s τ correlation between the number
of LAPT steps and performance (English prompting).

source linguistic knowledge than LAPT counter-1303

parts in exchange for faster inference in a target1304

language.1305

For TigerBot and Mistral, which are not as mul-1306

tilingual as BLOOM, we see quite similar trends1307

observed in §5.2 in that (1) models with cross-1308

lingual vocabulary adaptation fail to achieve com-1309

petitive downstream performance to the baselines1310

and (2) their few-shot performances are far lower1311

than LAPT. These results suggest that there can be1312

a relationship between downstream performances1313

in a target language and those in English, and main-1314

taining competitive downstream performance to the1315

baselines in English might be a key to improving1316

models with cross-lingual vocabulary adaptation in1317

terms of their downstream performance.1318

C.3 How helpful is LAPT for LLMs with1319

cross-lingual vocabulary adaptation?1320

Figure 6 visualizes Kendall’s tau correlation coeffi-1321

cient between the number of LAPT steps and down-1322

stream performance when prompted in English.1323

Similar to Figure 4, we observe that LAPT helped1324

improve downstream performance in both zero-1325

shot and few-shot settings even when prompted in1326

a target language in 65.6% and 63.5% of the cases,1327

respectively.1328

C.4 Loss Curves1329

Figures 7 to 10 show the loss curves in LAPT for1330

each model setting.1331

Approach Japanese Swahili
English Target English Target

Zero-shot
LAPT 0.720 0.333 0.788 0.187
+ Heuristics 0.453 0.173 0.173 0.160
+ CLP+ -0.160 -0.106 -0.226 0.066

Few-shot
LAPT 0.626 1.00 0.453 0.906
+ Heuristics 0.706 0.600 0.591 0.701
+ CLP+ -0.946 0.626 0.886 0.756

Table 12: Kendall’s tau correlation coefficients corre-
sponding to Figure 5. We include LAPT results for
reference.

C.5 Kendall’s Tau Correlation Coefficient for 1332

Figure 5 1333

Table 12 lists all Kendall’s tau correlation coeffi- 1334

cients corresponding to Figure 5 in §6. Models 1335

using cross-lingual vocabulary adaptation do not 1336

exhibit a strong correlation in the zero-shot setting, 1337

ranging from -0.226 to 0.173. The only excep- 1338

tion is Heuristics in Japanese with English prompt- 1339

ing (0.45). We observe a positive correlation rang- 1340

ing (0.59-0.889) in the few-shot setting, except for 1341

CLP+ in Japanese with English prompting (-0.95). 1342
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Task Language Template

NLI

English {premise} Question: {hypothesis} True, False, or Neither? Answer:
German {premise} Frage: {hypothesis} Wahr, Falsch oder Weder? Antwort:
Japanese {premise} 質問: {hypothesis} 真、偽、どちらでもない？ 答え:

Arabic {premise} È@

ñ�: {hypothesis} �

éK. Ag. @
? ¼@

	
X Bð @

	
Yë B ð


@

A¢

	
k , iJ
m

��:

Swahili {premise} Swali: {hypothesis} Kweli, Uongo au Wala? Jibu:

MC

English
{question} A. {choice_1}, B. {choice_2}, C. {choice_3}, D. {choice_4},
E. {choice_5} Answer:

German
{question} A. {choice_1}, B. {choice_2}, C. {choice_3}, D. {choice_4},
E. {choice_5} Antwort:

Japanese
{question} A. {choice_1}, B. {choice_2}, C. {choice_3}, D. {choice_4},
E. {choice_5} 答え:

Arabic
{question} A. {choice_1}, B. {choice_2}, C. {choice_3}, D. {choice_4},
E. {choice_5} �

éK. Ag. @
:

Swahili
{question} A. {choice_1}, B. {choice_2}, C. {choice_3}, D. {choice_4},
E. {choice_5} Jibu:

SUM

English
Write a short summary of the following text in {language}.
Article: {text} Summary:

German
Schreiben Sie eine kurze Zusammenfassung des folgenden Textes auf Deutsch.
Artikel: {text} Zusammenfassung:

Japanese 次の文章の要約を日本語で書きなさい。記事: {text} 要約:
Arabic �

éËA
�
®ÖÏ @ .

�
éJ
K. QªË@

�
é
	
ªÊËAK. ú



ÍA
�
JË @ �

	
JÊË @

�Q�
�
�
¯ A

�
�

	
jÊÓ I.

�
J» @: {text} �

	
jÊÖÏ @:

Swahili
Andika muhtasari mfupi wa maandishi yafuatayo kwa Kiswahili.
Makala: {text} Muhtasari:

SPAN

English
Answer the following question. Context: {context} Question: {question}
Answer:

German
Beantworten Sie die folgende Frage. Artikel: {context} Frage: {question}
Antwort:

Japanese
次の文章の質問に答えなさい。文章: {context} 質問: {question}
答え:

Arabic �
�AJ
� . ú



ÍA
�
JË @ È@


ñ�Ë@ úÎ« I. k.


@: {context} È@


ñ�Ë@: {question} �

éK. Ag. B
@:

Swahili Jibu swali lifuatalo. Makala: {context} Swali: {question} Jibu:

Table 8: Prompt template for each task and language.
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Approach German Japanese Arabic Swahili
NLI MC SUM SPAN NLI MC SUM SPAN NLI MC SUM SPAN NLI MC SUM SPAN

BLOOM-1B Zero-shot
Source .34.00 .20.00 14.90.7 .08.00 .17.00 .25.00 3.70.1 .23.00 .35.00 .19.00 9.90.1 .17.01 .34.00 .21.00 10.60.4 .08.00
LAPT .33.00 .21.01 17.00.1 .09.01 .17.00 .20.00 17.20.3 .25.00 .34.00 .18.00 11.60.1 .14.01 .34.00 .18.00 9.70.1 .08.00
+ Random .31.00 .22.00 19.00.2 .12.00 .17.00 .20.00 17.70.2 .19.00 .36.00 .18.00 10.40.2 .09.00 .32.00 .22.00 9.80.1 .05.00
+ Heuristics .32.00 .22.00 17.70.4 .11.00 .17.00 .20.00 17.90.1 .25.00 .39.00 .18.00 10.90.1 .13.00 .35.00 .22.00 11.90.1 .10.00
+ CLP .34.00 .23.00 18.70.2 .12.01 .17.00 .21.00 17.60.1 .27.01 .36.00 .18.00 11.20.1 .14.00 .38.00 .22.00 11.60.1 .11.00
+ FOCUS .34.00 .22.00 17.40.4 .11.00 .17.00 .21.00 16.50.1 .28.00 .36.00 .18.00 11.20.1 .13.00 .34.00 .22.00 12.00.1 .11.00
+ CLP+ .32.00 .22.00 19.20.2 .12.00 .17.00 .20.00 18.60.1 .30.00 .40.01 .18.00 11.20.1 .14.00 .38.01 .22.00 11.40.1 .10.00

BLOOM-7B
Source .33.00 .22.00 6.30.1 .15.01 .17.00 .20.00 8.10.1 .36.00 .33.00 .18.00 2.80.1 .21.00 .34.00 .22.00 7.30.2 .21.00
LAPT .34.00 .19.01 18.70.5 .17.01 .17.00 .19.01 18.20.2 .36.01 .35.00 .17.00 9.70.2 .22.00 .33.00 .20.00 13.20.1 .14.00
+ Heuristics .35.00 .20.00 17.60.3 .24.00 .17.00 .21.00 16.70.1 .38.00 .33.00 .19.00 10.50.1 .19.00 .36.00 .23.00 12.30.1 .16.00
+ CLP+ .35.00 .21.00 18.00.3 .22.00 .17.00 .20.00 16.90.1 .37.01 .32.00 .21.00 10.10.1 .21.00 .39.01 .22.00 12.00.2 .18.00

TigerBot-7B
Source .42.00 .22.00 5.40.2 .32.03 .29.00 .28.01 1.90.1 .51.01 .36.00 .20.00 2.40.1 .05.00 .33.00 .22.00 9.00.2 .06.00
LAPT .37.00 .21.01 19.50.3 .20.00 .32.01 .21.00 14.80.2 .50.00 .41.00 .18.01 9.40.1 .12.00 .43.00 .20.01 15.90.1 .15.00
+ Heuristics .35.00 .20.01 18.80.2 .17.00 .17.00 .24.00 17.10.2 .38.00 .34.00 .19.00 6.60.1 .09.00 .31.00 .22.00 8.20.1 .04.00
+ CLP+ .35.00 .22.00 20.20.1 .19.00 .17.00 .21.00 18.90.1 .40.00 .37.00 .23.00 9.10.2 .16.01 .32.00 .22.00 7.70.1 .05.00

Mistral-7B
Source .36.00 .28.00 8.30.2 .35.00 .21.00 .30.00 8.40.3 .56.00 .41.00 .24.00 2.40.1 .22.00 .34.00 .20.00 5.70.2 .12.00
LAPT .35.01 .25.01 25.20.3 .30.00 .19.00 .21.01 23.10.1 .48.00 .34.00 .18.00 10.90.1 .12.00 .36.00 .22.01 16.50.1 .18.00
+ Heuristics .32.00 .22.00 20.80.3 .21.00 .27.00 .20.00 17.20.2 .37.00 .33.00 .20.00 11.20.2 .17.00 .30.00 .22.00 11.90.2 .12.00
+ CLP+ .36.00 .22.00 20.20.2 .23.00 .29.00 .23.00 15.90.2 .38.00 .38.00 .20.00 10.80.1 .24.00 .31.01 .21.00 12.60.1 .17.00

BLOOM-1B Few-shot
Source .35.00 .19.00 - .11.00 .28.00 .18.00 - .24.00 .34.00 .18.00 - .21.01 .35.00 .22.00 - .03.00
LAPT .34.01 .18.01 - .14.00 .30.01 .21.01 - .27.00 .32.01 .17.01 - .18.00 .36.00 .20.01 - .02.00
+ Random .35.00 .21.00 - .16.00 .28.00 .19.00 - .24.00 .35.00 .19.01 - .18.00 .34.00 .18.00 - .03.00
+ Heuristics .35.00 .22.00 - .18.01 .34.00 .16.00 - .29.00 .33.00 .21.00 - .19.00 .33.00 .18.00 - .06.00
+ CLP .36.00 .20.00 - .18.00 .37.00 .19.00 - .33.00 .35.00 .20.01 - .20.00 .35.00 .19.00 - .07.00
+ FOCUS .34.00 .19.00 - .19.01 .54.00 .21.00 - .33.00 .34.00 .19.01 - .20.00 .33.01 .20.00 - .07.00
+ CLP+ .34.00 .19.00 - .22.00 .51.00 .20.00 - .34.00 .35.01 .20.01 - .19.00 .35.01 .18.00 - .07.00

BLOOM-7B
Source .42.00 .20.01 - .28.00 .23.00 .18.00 - .33.00 .43.00 .20.01 - .30.00 .38.00 .18.00 - .11.00
LAPT .34.01 .21.01 - .28.00 .34.01 .20.01 - .36.01 .38.01 .18.01 - .28.00 .38.01 .20.01 - .09.00
+ Heuristics .36.00 .20.00 - .31.00 .26.00 .21.00 - .43.00 .37.00 .20.00 - .32.00 .33.00 .20.00 - .12.00
+ CLP+ .37.00 .22.00 - .29.00 .37.01 .20.00 - .43.00 .32.00 .21.00 - .35.00 .35.00 .20.00 - .13.00

TigerBot-7B
Source .43.00 .38.01 - .38.00 .42.01 .33.00 - .45.00 .39.00 .18.00 - .13.00 .36.00 .23.00 - .04.00
LAPT .46.01 .39.00 - .37.00 .29.00 .31.00 - .47.00 .43.01 .19.01 - .20.01 .44.01 .21.00 - .15.00
+ Heuristics .35.00 .27.00 - .24.01 .47.00 .24.00 - .42.00 .33.00 .20.00 - .11.00 .36.00 .22.00 - .02.00
+ CLP+ .36.00 .32.00 - .34.00 .32.00 .21.00 - .43.00 .35.00 .20.00 - .25.00 .34.00 .19.00 - .04.00

Mistral-7B
Source .54.00 .55.00 - .45.00 .49.00 .42.00 - .56.00 .46.00 .35.00 - .32.00 .38.00 .21.00 - .20.00
LAPT .51.01 .47.00 - .28.00 .43.01 .37.01 - .55.00 .44.01 .30.01 - .22.00 .47.01 .34.01 - .25.00
+ Heuristics .40.00 .40.00 - .24.00 .39.00 .24.00 - .44.00 .35.00 .18.00 - .24.00 .33.00 .17.00 - .13.00
+ CLP+ .37.00 .48.00 - .30.00 .31.00 .26.00 - .44.00 .34.00 .23.00 - .33.00 .32.00 .19.00 - .14.00

Table 9: Mean performances over five runs with standard deviations when prompted in English on 500 randomly
selected test samples for each dataset. The baselines are in grey . Bold indicates comparable or better results than
the baselines.
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Approach German Japanese Arabic Swahili
NLI MC SUM SPAN NLI MC SUM SPAN NLI MC SUM SPAN NLI MC SUM SPAN

BLOOM-1B Zero-shot
Source .33.00 .21.00 17.80.3 .06.00 .29.00 .20.00 18.20.3 .22.00 .35.00 .20.00 12.00.2 .15.01 .32.00 .22.00 12.00.3 .03.00
LAPT .36.01 .22.01 14.30.2 .09.00 .28.00 .20.00 20.70.2 .26.00 .36.00 .19.01 11.40.1 .13.01 .31.01 .18.00 7.70.1 .07.00
+ Random .35.00 .22.00 15.30.2 .14.00 .29.00 .21.00 19.00.0 .32.00 .35.00 .19.00 11.50.0 .14.01 .33.00 .22.00 10.20.1 .08.01
+ Heuristics .34.00 .19.00 15.30.2 .13.00 .29.00 .19.00 19.20.0 .31.00 .36.00 .22.02 11.30.1 .13.00 .34.00 .22.00 11.90.2 .11.00
+ CLP .34.00 .18.00 14.60.7 .14.00 .29.00 .25.00 18.80.1 .33.00 .36.00 .21.00 11.20.2 .14.00 .34.00 .22.00 11.50.2 .11.00
+ FOCUS .34.00 .19.00 16.10.8 .13.01 .29.00 .21.00 19.20.0 .33.00 .35.00 .20.01 11.20.1 .14.00 .34.00 .22.00 11.20.1 .12.00
+ CLP+ .31.00 .15.00 15.80.6 .13.00 .29.00 .19.00 19.40.0 .33.00 .35.00 .17.00 11.30.1 .15.01 .34.00 .20.00 10.40.1 .10.00

BLOOM-7B
Source .36.00 .21.00 23.10.2 .15.01 .28.00 .21.00 19.00.2 .33.00 .38.00 .17.00 11.50.1 .25.00 .36.01 .22.00 14.30.1 .22.01
LAPT .37.01 .21.01 19.40.3 .14.00 .21.00 .21.00 21.60.1 .36.00 .36.00 .16.00 11.50.2 .21.00 .36.01 .20.00 13.00.1 .14.00
+ Heuristics .32.00 .22.00 19.70.3 .21.00 .30.00 .23.00 19.50.1 .38.00 .37.00 .19.00 10.70.2 .21.00 .33.00 .22.00 11.60.1 .16.00
+ CLP+ .35.00 .21.00 18.70.7 .20.01 .29.00 .21.00 19.50.1 .40.00 .38.00 .21.00 11.00.1 .21.00 .33.00 .23.00 10.90.1 .17.00

TigerBot-7B
Source .33.00 .24.00 23.90.2 .26.01 .17.00 .24.00 19.40.3 .57.01 .33.00 .21.00 9.00.1 .04.00 .29.01 .22.00 12.40.2 .03.00
LAPT .32.00 .21.00 18.50.2 .18.00 .17.00 .21.01 21.60.1 .49.01 .33.00 .18.00 9.80.2 .13.00 .31.00 .21.01 15.90.1 .10.00
+ Heuristics .35.00 .20.00 16.10.3 .18.00 .29.00 .22.00 19.60.1 .40.00 .36.00 .17.00 10.30.3 .08.00 .36.00 .22.00 8.10.1 .05.00
+ CLP+ .33.00 .20.01 14.10.3 .19.00 .29.00 .20.00 19.80.0 .41.00 .38.00 .22.00 11.20.3 .16.00 .30.01 .22.00 8.60.1 .09.00

Mistral-7B
Source .34.00 .25.00 24.10.2 .35.01 .17.00 .28.00 23.70.1 .60.00 .33.00 .20.00 11.20.1 .21.00 .35.00 .22.00 15.40.1 .07.00
LAPT .33.01 .25.02 24.20.2 .28.01 .17.00 .20.01 23.40.1 .60.00 .33.00 .18.00 10.80.1 .14.01 .33.01 .22.01 16.20.2 .12.00
+ Heuristics .40.00 .26.00 21.20.1 .22.00 .29.00 .20.00 19.70.1 .43.00 .39.00 .19.00 10.70.1 .13.00 .34.00 .22.00 10.60.1 .14.00
+ CLP+ .35.00 .25.00 20.20.3 .21.00 .28.00 .20.00 19.90.0 .46.00 .38.00 .16.00 11.50.2 .21.00 .33.00 .21.00 10.20.1 .16.00

BLOOM-1B Few-shot
Source .38.00 .20.00 - .10.00 .44.00 .19.00 - .32.00 .35.00 .17.00 - .20.01 .37.00 .23.00 - .02.00
LAPT .37.01 .17.01 - .13.01 .26.01 .21.01 - .34.01 .34.00 .16.00 - .16.00 .34.01 .19.01 - .02.00
+ Random .34.00 .21.00 - .16.00 .29.00 .21.00 - .34.00 .35.00 .22.00 - .16.01 .34.00 .20.00 - .06.00
+ Heuristics .33.00 .23.00 - .17.00 .30.00 .22.00 - .32.00 .36.00 .21.01 - .15.01 .33.00 .19.00 - .07.00
+ CLP .34.00 .21.00 - .17.01 .30.00 .20.00 - .33.00 .35.00 .21.00 - .15.01 .33.00 .19.00 - .08.00
+ FOCUS .34.00 .18.00 - .17.01 .27.00 .20.00 - .36.00 .36.00 .20.00 - .15.00 .34.00 .19.00 - .08.00
+ CLP+ .34.00 .20.00 - .19.00 .29.00 .22.00 - .36.00 .37.01 .20.01 - .15.01 .30.00 .18.00 - .08.00

BLOOM-7B
Source .38.00 .23.00 - .29.00 .41.01 .19.00 - .49.01 .37.00 .18.00 - .29.00 .34.00 .18.00 - .11.00
LAPT .35.00 .24.00 - .23.00 .34.01 .19.01 - .53.01 .36.01 .18.01 - .23.00 .37.00 .18.01 - .07.00
+ Heuristics .33.00 .22.00 - .28.00 .28.00 .21.00 - .46.00 .36.00 .21.00 - .24.00 .36.00 .19.00 - .13.00
+ CLP+ .34.00 .22.00 - .25.00 .30.00 .20.00 - .46.00 .36.00 .22.00 - .25.00 .36.00 .18.00 - .13.00

TigerBot-7B
Source .31.00 .37.00 - .42.00 .16.00 .34.00 - .65.00 .30.00 .19.00 - .10.00 .36.00 .19.01 - .03.00
LAPT .30.00 .39.01 - .36.02 .16.00 .34.01 - .66.00 .30.00 .20.01 - .17.00 .36.00 .20.00 - .09.00
+ Heuristics .33.00 .26.01 - .21.00 .29.00 .24.00 - .49.00 .35.00 .20.00 - .09.00 .35.00 .21.00 - .04.00
+ CLP+ .36.01 .31.00 - .31.00 .30.00 .21.00 - .50.00 .37.01 .19.00 - .19.00 .34.00 .18.00 - .06.00

Mistral-7B
Source .33.00 .53.00 - .48.00 .16.00 .42.00 - .69.00 .30.00 .32.00 - .31.00 .40.00 .21.00 - .12.00
LAPT .33.00 .46.00 - .27.00 .16.00 .37.01 - .68.00 .30.00 .30.01 - .26.00 .36.01 .34.00 - .21.00
+ Heuristics .45.00 .41.00 - .24.00 .30.00 .24.00 - .49.00 .34.00 .18.00 - .17.00 .34.00 .18.00 - .09.00
+ CLP+ .37.00 .47.00 - .25.00 .29.00 .25.00 - .50.00 .38.00 .23.00 - .23.00 .33.00 .20.00 - .14.00

Table 10: Mean performances over five runs with standard deviations when prompted in a target language on 500
randomly selected test samples for each dataset. The baselines are in grey . Bold indicates comparable or better
results than the baselines.
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Approach NLI MC SUM SPAN
de ja ar sw de ja ar sw de ja ar sw de ja ar sw

BLOOM-1B Zero-shot
Source .34.00 .18.00 11.20.1 .21.01
LAPT .35.01 .33.00 .33.00 .33.00 .21.01 .20.00 .17.01 .18.01 9.70.1 10.40.0 10.60.1 10.10.0 .15.01 .18.00 .17.00 .15.01
+ Heuristics .35.00 .34.00 .35.00 .36.00 .20.00 .20.00 .21.00 .20.00 11.20.1 11.70.1 12.30.1 10.10.2 .10.01 .06.01 .07.00 .09.01
+ CLP+ .35.00 .34.00 .32.00 .37.01 .19.00 .20.00 .20.00 .20.00 10.80.1 12.10.1 12.40.1 10.40.2 .12.00 .11.00 .07.00 .08.00

BLOOM-7B
Source .36.00 .17.00 11.10.1 .31.00
LAPT .34.00 .34.00 .34.00 .36.00 .20.01 .20.01 .20.01 .18.01 10.80.0 11.00.0 10.90.0 10.60.1 .25.00 .27.01 .28.00 .23.00
+ Heuristics .36.00 .34.00 .33.00 .36.00 .20.00 .20.00 .20.00 .19.00 11.20.1 11.10.1 12.20.1 10.50.0 .24.01 .19.00 .17.00 .17.00
+ CLP+ .36.00 .34.00 .33.00 .38.00 .20.00 .20.00 .20.00 .20.00 10.50.1 11.80.1 12.40.0 11.10.1 .21.00 .10.01 .22.00 .19.00

TigerBot-7B
Source .48.00 .29.00 12.70.1 .42.01
LAPT .39.00 .49.01 .45.01 .45.01 .23.00 .25.00 .25.00 .28.01 11.60.1 11.90.1 12.20.1 11.00.1 .31.00 .34.01 .27.00 .35.01
+ Heuristics .37.00 .34.00 .35.00 .31.00 .21.00 .24.00 .20.00 .20.00 10.20.1 12.10.1 9.80.1 4.80.1 .15.00 .24.01 .03.00 .02.00
+ CLP+ .39.00 .36.00 .36.00 .31.00 .24.00 .24.00 .21.00 .20.00 10.40.1 12.50.1 11.30.1 6.30.1 .20.00 .30.00 .20.00 .03.00

Mistral-7B
Source .42.00 .46.00 12.40.2 .44.00
LAPT .36.01 .49.01 .45.01 .42.00 .34.01 .32.01 .28.01 .38.01 11.60.0 11.30.1 8.10.2 10.60.1 .39.00 .40.01 .28.00 .36.00
+ Heuristics .33.00 .39.00 .36.00 .33.00 .21.00 .21.00 .20.00 .20.00 12.50.1 12.90.1 11.50.2 8.50.2 .23.00 .30.00 .19.00 .06.00
+ CLP+ .36.00 .37.00 .34.00 .31.01 .21.00 .25.00 .19.00 .22.00 12.20.1 13.10.1 12.90.1 10.60.1 .26.00 .27.01 .31.00 .18.00

BLOOM-1B Few-shot
Source .33.00 .20.00 - .28.00
LAPT .34.01 .31.00 .32.01 .33.00 .17.01 .18.01 .19.01 .20.01 - - - - .20.01 .23.01 .25.00 .20.01
LoRA + Heuristics .33.00 .34.00 .32.00 .34.00 .19.00 .20.00 .21.00 .19.00 - - - - .16.00 .11.00 .14.00 .17.01
LoRA + CLP+ .37.00 .34.00 .35.00 .35.00 .19.00 .21.00 .22.00 .20.00 - - - - .17.00 .10.01 .13.00 .18.00

BLOOM-7B
Source .43.00 .21.00 - .39.00
LAPT .36.01 .38.01 .40.00 .39.01 .20.01 .21.01 .21.00 .19.00 - - - - .36.00 .38.00 .38.00 .37.00
+ Heuristics .36.00 .35.00 .31.00 .32.00 .20.00 .19.00 .22.00 .21.00 - - - - .37.00 .33.00 .36.00 .34.00
+ CLP+ .36.00 .33.00 .33.00 .34.00 .18.00 .21.00 .20.00 .20.00 - - - - .35.00 .34.00 .36.03 .36.00

TigerBot-7B
Source .49.00 .58.00 - .47.00
LAPT .47.01 .56.01 .45.00 .56.01 .57.00 .58.00 .52.00 .52.01 - - - - .47.00 .46.00 .44.00 .47.00
+ Heuristics .36.00 .35.00 .37.00 .34.00 .20.00 .31.00 .23.00 .19.00 - - - - .24.00 .41.01 .03.00 .01.00
+ CLP+ .42.00 .34.00 .37.00 .36.00 .32.00 .24.00 .19.00 .19.00 - - - - .37.00 .43.00 .29.00 .02.00

Mistral-7B
Source .60.00 .66.00 - .51.00
LAPT .55.00 .53.01 .49.01 .56.01 .62.00 .59.01 .57.01 .63.01 - - - - .38.00 .49.00 .31.00 .49.00
+ Heuristics .43.00 .35.00 .36.00 .33.00 .33.00 .31.00 .20.00 .19.00 - - - - .27.00 .47.00 .32.00 .05.00
+ CLP+ .38.00 .34.00 .38.00 .37.00 .45.00 .31.00 .26.00 .21.00 - - - - .34.00 .45.00 .44.00 .28.01

Table 11: Mean performances over five runs with standard deviations on 500 randomly selected test samples for
each English dataset. The baselines are in grey . Bold indicates comparable or better results than the baselines.
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Figure 7: LAPT loss curves for BLOOM-1B
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Figure 9: LAPT loss curves for TigerBot-7B
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Figure 10: LAPT loss curves for Mistral-7B
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