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Abstract
Large language models (LLMs) have demon-001
strated remarkable potential in handling mul-002
tilingual machine translation (MMT). In this003
paper, we systematically investigate the advan-004
tages and challenges of LLMs for MMT by an-005
swering two questions: 1) How well do LLMs006
perform in translating massive languages? 2)007
Which factors affect LLMs’ performance in008
translation? We thoroughly evaluate eight pop-009
ular LLMs, including ChatGPT and GPT-4.010
Our empirical results show that translation ca-011
pabilities of LLMs are continually involving.012
GPT-4 has beat the strong supervised baseline013
NLLB in 40.91% of translation directions but014
still faces a large gap towards the commercial015
translation system like Google Translate, es-016
pecially on low-resource languages. Through017
further analysis, we discover that LLMs exhibit018
new working patterns when used for MMT.019
First, LLM can acquire translation ability in020
a resource-efficient way and generate moder-021
ate translation even on zero-resource languages.022
Second, instruction semantics can surprisingly023
be ignored when given in-context exemplars.024
Third, cross-lingual exemplars can provide bet-025
ter task guidance for low-resource translation026
than exemplars in the same language pairs.027

1 Introduction028

With the increasing scale of parameters and training029

corpus, large language models (LLMs) have gained030

a universal ability to handle a variety of tasks via031

in-context learning (ICL, Brown et al. 2020), which032

allows language models to perform tasks with a few033

given exemplars and human-written instructions as034

context. One particular area where LLMs have035

shown outstanding potential is machine translation036

(MT). Previous studies have shown the surprising037

performance of LLMs on high-resource bilingual038

translation, such as English-German translation (Vi-039

lar et al., 2022; Zhang et al., 2022), even if these040

models are not particularly optimized on multilin-041

gual data.042

Figure 1: Multilingual translation performance (trans-
lating from English to non-English) of some popular
LLMs and traditional supervised systems. LLMs have
demonstrated great potential in multilingual machine
translation.

However, the multilingual translation ability of 043

LLMs remains under-explored. MMT is a challeng- 044

ing task that involves translating text among dif- 045

ferent languages and requires semantic alignment 046

between languages (Fan et al., 2021; Costa-jussà 047

et al., 2022; Yuan et al., 2023). It is also unclear that 048

how LLM acquires translation ability and which 049

factors affect LLM’s translation ability. 050

In this paper, we follow ICL paradigm and focus 051

on studying LLMs in multilingual machine trans- 052

lation by answering two questions: 1) How LLMs 053

perform MMT over massive languages? 2) Which 054

factors affect the performance of LLMs? 055

For the first question, we evaluate several pop- 056

ular LLMs: English-centric LLMs, including 057

OPT (Zhang et al., 2022), LLaMA2 (Touvron 058

et al., 2023), Falcon (Almazrouei et al., 2023) 059

and multilingual LLMs, including XGLM (Lin 060

et al., 2022), BLOOMZ (Scao et al., 2022), Chat- 061

GPT (OpenAI, 2022), GPT-4 (OpenAI, 2023). We 062

consider 102 languages and 606 translation direc- 063

tions (202 English-centric directions, 202 French- 064

centric directions and 202 Chinese-centric direc- 065
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tions). Results show that the multilingual transla-066

tion capabilities of LLMs are continually involv-067

ing and GPT-4 reaches new performance height.068

Compared with the widely-used supervised MMT069

system NLLB (Costa-jussà et al., 2022), GPT-4070

achieves higher performance on 40.91% English-071

centric translation directions. But compared with072

the commercial translation system (Google Trans-073

late), LLMs still have a long way to go, particularly074

when it comes to low-resource languages. French-075

centric and Chinese-centric translation are also076

more challenging for GPT-4 than English-centric077

translation, which further indicates its unbalanced078

capability across languages.079

For the second question, we find some new work-080

ing patterns. First, we discover that LLM can ac-081

quire translation ability in a resource-efficient way082

and generate moderate translation even on zero-083

resource languages. Second, LLMs are able to084

perform translation even with unreasonable instruc-085

tions if in-context learning exemplars are given.086

However, if given mismatched translation pairs as087

in-context exemplars, LLMs fail to translate, which088

is similar to observations from concurrent stud-089

ies (Wei et al., 2023). This shows the importance090

of exemplars in ICL for machine translation. Third,091

we find that cross-lingual translation pairs can be092

surprisingly good exemplars for low-resource trans-093

lation, even better than exemplars in the same lan-094

guage.095

The main contribution of this paper can be sum-096

marized below:097

• We benchmark popular LLMs on MMT in098

102 languages and 606 translation directions,099

covering English-centric, French-centric and100

Chinese-centric translation.101

• We systematically compare the results of102

LLMs and three strong supervised base-103

lines (M2M-100, NLLB, Google Translator)104

and reveal the gap between two translation105

paradigms.106

• We find some new ICL working patterns of107

LLMs for MMT and discuss corresponding108

advantages and challenges.109

2 Background110

2.1 Large Language Models111

Language modeling is a long-standing task in nat-112

ural language processing (Bengio et al., 2000;113

Mikolov et al., 2010; Khandelwal et al., 2020),114

which is a task to predict the probability of the 115

next token. Transformer (Vaswani et al., 2017) 116

basically is the backbone of existing LLMs. 117

LLMs show great potential as a universal multi- 118

task learner. Recently, Radford et al. (2019) find 119

that a casual decoder-only language model can be a 120

multi-task learner with merely unsupervised train- 121

ing corpus. Later, Kaplan et al. (2020) reveal the 122

scaling law of LLM, indicating that when the scale 123

of neural parameters and training data keeps in- 124

creasing, LLM can be further strengthened. Wei 125

et al. (2022b) show that scaling the language model 126

also brings astonishing emergent abilities, e.g., in- 127

context learning, which is only present in large 128

models. Consequently, more and more efforts have 129

been put into scaling-up language models (Brown 130

et al., 2020; Hoffmann et al., 2022; Scao et al., 131

2022; Vilar et al., 2022; Ren et al., 2023). Among 132

them, GPT-4 (OpenAI, 2023) and ChatGPT (Ope- 133

nAI, 2022) are the most representative systems, 134

which shows impressive results in various NLP 135

tasks. 136

2.2 Emergent Ability: In-context Learning 137

In-context learning is one of the well-known emer- 138

gent abilities (Brown et al., 2020; Dong et al., 139

2022), which enables LLM to learn target tasks 140

according to the prompt without updating any pa- 141

rameters. 142

Specifically, the prompt is made up of in-context 143

exemplars {(Xi,Yi)}ki=1 and in-context template 144

T . Exemplars are often picked from supervised 145

data, where Yi is the ground truth corresponding 146

to the input sentence Xi. Template T is usually a 147

human-written instruction related to the target task. 148

Wrapping exemplars with the template and concate- 149

nating them together produce the final prompt: 150

P = T (X1,Y1)⊕ T (X2,Y2)⊕ · · · ⊕ T (Xk,Yk) 151

where ⊕ denotes the concatenation symbol, e.g., 152

whitespace, line-break. During inference, LLM is 153

able to generate the corresponding output Y of the 154

test sample X under the guidance of the prompt: 155

argmax
Y

p(P ⊕ T (X ,Y)) (1) 156

For label prediction tasks, the prediction Y can be 157

obtained in one-step generation. For sequence gen- 158

eration tasks, e.g., machine translation, the predic- 159

tion Y can be obtained through sampling strategies 160

like greedy search and beam search. 161
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Language Family Direction
Translation Performance (BLEU / COMET)

XGLM-7.5B OPT-175B Falcon-7B LLaMA2-7B LLaMA2-7B-Chat ChatGPT GPT-4 M2M-12B NLLB-1.3B Google

Indo-Euro-Germanic (8)
X⇒Eng 18.54 / 70.09 34.65 / 83.71 27.37 / 67.40 37.28 / 84.73 34.82 / 84.25 45.83 / 89.05 48.51 / 89.48 42.72 / 87.74 46.54 / 88.18 51.16 / 89.36
Eng⇒X 9.16 / 50.21 18.89 / 71.97 13.19 / 52.93 22.78 / 76.05 19.44 / 73.63 36.34 / 87.83 40.64 / 88.50 37.30 / 86.47 38.47 / 87.31 45.27 / 89.05

Indo-Euro-Romance (8)
X⇒Eng 31.11 / 79.67 38.93 / 87.75 34.06 / 84.40 41.10 / 88.10 37.84 / 87.80 45.68 / 89.61 47.29 / 89.74 42.33 / 88.31 46.33 / 88.99 35.69 / 89.66
Eng⇒X 21.95 / 69.08 24.30 / 79.07 20.02 / 70.36 27.81 / 82.05 25.50 / 79.67 41.35 / 89.00 44.47 / 88.94 42.98 / 87.56 43.48 / 88.12 37.10 / 88.77

Indo-Euro-Slavic (12)
X⇒Eng 13.20 / 64.24 20.83 / 74.80 13.15 / 57.34 34.00 / 84.90 30.94 / 83.90 39.27 / 87.74 41.19 / 88.15 35.87 / 85.97 39.23 / 87.08 43.61 / 88.18
Eng⇒X 6.40 / 43.28 8.18 / 54.45 4.34 / 35.73 20.24 / 76.30 16.14 / 69.75 32.61 / 87.90 36.06 / 89.15 35.01 / 86.43 36.56 / 88.74 42.75 / 90.05

Indo-Euro-Indo-Aryan (10)
X⇒Eng 8.68 / 63.93 1.20 / 49.37 1.40 / 45.22 6.68 / 62.63 4.29 / 60.29 25.32 / 84.14 37.30 / 87.79 17.53 / 69.66 40.75 / 88.80 45.66 / 89.43
Eng⇒X 4.76 / 40.99 0.14 / 31.85 0.13 / 25.84 1.61 / 35.92 1.24 / 34.74 16.50 / 68.43 21.35 / 73.75 14.44 / 65.32 34.04 / 82.55 39.04 / 82.78

Indo-Euro-Other (11)
X⇒Eng 7.32 / 55.29 7.80 / 59.60 7.04 / 51.59 14.27 / 69.87 11.46 / 67.64 29.54 / 84.52 37.29 / 86.76 22.38 / 77.47 36.16 / 86.81 41.68 / 88.29
Eng⇒X 4.51 / 40.60 3.10 / 40.04 3.38 / 34.64 5.00 / 44.09 4.83 / 43.73 22.81 / 77.33 28.45 / 80.94 19.71 / 74.90 31.65 / 85.82 38.54 / 87.44

Austronesian (6)
X⇒Eng 16.19 / 78.80 25.60 / 78.03 18.62 / 75.36 26.70 / 80.21 24.39 / 80.39 39.95 / 87.29 46.81 / 88.65 31.84 / 84.76 45.41 / 87.85 50.68 / 88.89
Eng⇒X 10.01 / 73.14 10.68 / 64.97 8.56 / 60.89 14.59 / 74.80 13.29 / 74.88 30.17 / 86.36 34.66 / 87.68 27.03 / 86.83 37.17 / 88.82 40.74 / 89.34

Atlantic-Congo (14)
X⇒Eng 6.67 / 62.00 9.17 / 57.59 6.98 / 0.56 8.76 / 57.72 9.01 / 57.86 19.86 / 79.63 28.27 / 83.42 10.55 / 76.43 32.20 / 84.00 23.55 / 85.44
Eng⇒X 2.52 / 54.93 1.60 / 34.15 1.89 / 0.34 2.45 / 34.17 3.09 / 38.13 8.91 / 75.26 13.70 / 77.79 6.53 / 75.79 21.99 / 79.95 16.77 / 80.89

Afro-Asiatic (6)
X⇒Eng 6.70 / 54.51 5.93 / 52.90 4.87 / 38.62 10.41 / 57.72 8.65 / 58.27 20.84 / 70.39 30.48 / 78.76 10.00 / 66.98 32.69 / 82.99 36.14 / 84.47
Eng⇒X 2.07 / 41.48 1.40 / 41.86 1.40 / 27.64 3.22 / 43.04 3.07 / 43.39 13.57 / 67.60 19.36 / 75.56 7.83 / 68.86 26.08 / 82.84 31.00 / 83.78

Turkic (5)
X⇒Eng 7.43 / 61.69 7.89 / 62.47 4.15 / 33.11 9.51 / 65.95 8.88 / 66.15 24.64 / 84.04 31.73 / 86.90 10.25 / 58.52 32.92 / 87.51 37.78 / 88.53
Eng⇒X 3.48 / 40.32 2.58 / 44.80 1.75 / 20.00 3.28 / 39.65 3.09 / 41.97 17.13 / 74.77 20.96 / 78.50 10.87 / 68.21 30.17 / 88.47 36.54 / 89.38

Dravidian (4)
X⇒Eng 8.04 / 61.95 0.89 / 44.01 1.18 / 24.29 2.65 / 53.17 1.52 / 52.95 20.26 / 82.00 33.10 / 86.91 10.26 / 63.77 39.07 / 88.42 43.17 / 89.10
Eng⇒X 5.30 / 48.15 0.02 / 32.51 0.03 / 15.31 0.56 / 34.03 0.58 / 35.65 12.34 / 64.74 18.60 / 75.15 6.85 / 62.25 37.33 / 86.32 44.16 / 87.75

Sino-Tibetan (3)
X⇒Eng 9.35 / 58.60 9.32 / 65.32 16.59 / 72.34 18.35 / 74.45 16.88 / 74.20 21.36 / 78.52 27.74 / 84.48 11.09 / 71.35 30.88 / 86.50 35.68 / 87.66
Eng⇒X 10.14 / 74.16 2.57 / 54.73 10.74 / 66.74 12.24 / 65.99 9.06 / 65.07 19.92 / 76.04 22.81 / 81.11 10.42 / 73.82 16.85 / 80.74 32.40 / 88.52

Other (14)
X⇒Eng 9.71 / 60.43 10.10 / 60.78 5.37 / 47.38 16.00 / 71.15 14.25 / 70.35 25.59 / 82.48 32.62 / 86.21 25.53 / 81.53 35.06 / 86.86 36.95 / 87.93
Eng⇒X 8.42 / 51.57 3.82 / 46.85 1.73 / 29.73 8.19 / 53.20 7.14 / 52.12 20.26 / 74.31 24.04 / 79.59 23.29 / 77.80 28.54 / 85.84 34.34 / 87.82

Table 1: Average translation performance of LLMs on different language families. The number in the bracket
indicates the number of evaluated languages in the specific language family. Bold text denotes the highest BLEU or
COMET score across models. Underlined text denotes the highest BLEU or COMET score across LLMs.

3 Experiment Setup162

Dataset We benchmark multilingual translation163

on FLORES-101 (Goyal et al., 2022) dataset1,164

which enables an assessment of model quality on a165

wide range of languages.166

LLMs We evaluate translation performance of167

eight popular LLMs: XGLM-7.5B (Lin et al.,168

2022), OPT-175B (Zhang et al., 2022), BLOOMZ-169

7.1B (Scao et al., 2022), Falcon-7B (Almazrouei170

et al., 2023), LLaMA2-7B (Touvron et al., 2023),171

LLaMA2-7B-chat (Touvron et al., 2023), Chat-172

GPT (OpenAI, 2022) and GPT-4 (OpenAI, 2023).173

ICL strategy For each model, we report its trans-174

lation performance with eight randomly-picked175

translation pairs from the corresponding develop-176

ment set as in-context exemplars and “<X>=<Y>”177

as in-context template. “<X>” and “<Y>” are the178

placeholder for the source and target sentence. We179

use line-break as the concatenation symbol. Ac-180

cording to our experiment analysis, this ICL strat-181

egy serves as a simple but strong recipe. All imple-182

mentation is based on OpenICL2 (Wu et al., 2023).183

1We evaluate LLMs on the first 100 sentences of each
direction’s test set in benchmarking experiment, considering
the prohibitive API cost of evaluating massive languages. In
analysis experiment, we use full test set.

2https://github.com/Shark-NLP/OpenICL

Supervised baselines We report the performance 184

of the supervised model M2M-100-12B (Fan et al., 185

2021) and NLLB-1.3B (Costa-jussà et al., 2022) 186

(distillation version), which are widely-used many- 187

to-many MMT models. We also report the per- 188

formance of the powerful commercial translation 189

system, Google Translate3. 190

Metric Following Goyal et al. (2022), we use 191

SentencePiece BLEU4 (spBLEU) as evaluation 192

metric, which enables an evaluation of all lan- 193

guages. In addition, we also consider emerg- 194

ing metrics, COMET5 (Rei et al., 2020) and 195

SEScore6 (Xu et al., 2022b), which have been 196

shown to correlate well with human judgements. 197

4 Benchmarking LLMs for Massively 198

Multilingual Machine Translation 199

In this section, we report results on multilingual 200

machine translation and introduce our main find- 201

ings about LLMs’ translation ability. 202

The multilingual translation capabilities of 203

LLMs are continually involving Table 1 204

presents evaluation results7 grouped by language 205

3https://translate.google.com/
4https://github.com/mjpost/sacrebleu
5We compute the score with wmt22-comet-da model.
6We compute the score with SEScore-2 (Xu et al., 2022a).
7Evaluating with SEScore leads to similar findings, thus

we report those results in Appendix A. Detailed results for

3

https://github.com/Shark-NLP/OpenICL
https://translate.google.com/
https://github.com/mjpost/sacrebleu
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Figure 2: Translation performance (BLEU) of GPT-4, ChatGPT, NLLB and Google Translate on our evaluated
languages. “X->Eng” and “Eng->X” denote translating to English and translating from English respectively. In
each subfigure, languages are sorted according to BLEU scores of GPT-4.

family. Monolingual pre-trained LLMs present im-206

pressive multilingual translation ability, indicating207

the possibility of aligning multiple languages even208

with unsupervised data (Garcia et al., 2023). More209

encouragingly, the multilingual translation capa-210

bilities of LLMs are continually improving. The211

most recent LLMs are reaching new performance212

heights; for example, LLaMA2-7B outperforms213

previously released open-source LLMs, and GPT-214

4 surpasses ChatGPT. Overall, GPT-4 is the best215

translator among evaluated LLMs and it achieves216

the highest average BLEU and COMET score on217

most directions.218

Language Family X⇒Eng X⇒Fra X⇒Zho Eng⇒X Fra⇒X Zho⇒X

Indo-Euro-Germanic (8) 48.51 44.23 27.97 40.64 32.34 24.13

Indo-Euro-Romance (8) 47.29 45.16 27.31 44.47 36.05 27.12

Indo-Euro-Slavic (12) 41.19 40.32 25.67 36.06 30.88 23.33

Indo-Euro-Indo-Aryan (10) 37.30 32.81 21.81 21.35 17.26 13.55

Indo-Euro-Other (11) 37.29 35.36 22.70 28.45 22.57 17.50

Austronesian (6) 46.81 39.98 24.40 34.66 25.64 19.52

Atlantic-Congo (14) 28.27 25.02 15.72 13.70 10.42 7.60

Afro-Asiatic (6) 30.48 27.00 17.81 19.36 14.43 10.53

Turkic (5) 31.73 30.90 19.96 20.96 17.80 14.02

Dravidian (4) 33.10 30.61 20.63 18.60 14.47 11.37

Sino-Tibetan (3) 27.74 27.93 20.88 22.81 19.21 16.30

Other (14) 32.62 31.26 21.25 24.04 20.03 16.37

Table 2: Translation performance (BLEU) of GPT-4
on English-centric, French-centric and Chinese-centric
translation.

each translation direction are listed in Appendix B.

LLM’s capability is unbalanced across lan- 219

guages In Table 1, we observe a similar trend 220

for all evaluated LLMs: they perform better at 221

translating into English than translating into non- 222

English. LLM’s capability on non-English lan- 223

guages is also unbalanced. For languages that are 224

similar to English, e.g, Indo-European-Germanic 225

languages, LLMs achieve impressive results. For 226

languages that are dissimilar to English, e.g., Sino- 227

Tibetan languages, LLMs often produce less decent 228

results. 229

Table 2 presents another clue, where we evaluate 230

GPT-4 on French-centric and Chinese-centric trans- 231

lation. Compared to English-centric translation, 232

GPT-4 faces greater challenge when it comes to 233

non-English-centric translation, which again indi- 234

cates LLM’s unbalanced translation ability across 235

languages. 236

LLMs still lag behind the strong supervised 237

baseline, especially on low-resource languages 238

Figure 2 shows the translation performance of 239

the supervised systems and GPT-4 on each lan- 240

guage. In 40.91% translation directions, GPT-4 241

has achieved higher BLEU scores than NLLB, indi- 242

cating the promising future of this new translation 243

paradigm. But on long-tail low-resource languages, 244

GPT-4 still lags behind NLLB, let alone Google 245

Translate. 246
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Figure 3: Translation performance (BLEU) of XGLM on evaluated languages and the corpus size of each language
relative to English pre-training corpus. In each subfigure, languages are sorted according to BLEU scores of XGLM.

Figure 4: Translation performance of different models
on FLORES-101 test set and our annotated no-leakage
evaluation set NEWS2023.

Data leakage issue should be considered before247

evaluating LLMs on public datasets. We do248

not include BLOOMZ’s performance on FLORES-249

101 in our report because BLOOMZ is instruction-250

tuned with XP3 dataset (Scao et al., 2022), which251

includes FLORES-200 dataset. Thus BLOOMZ252

may have been exposed to test cases from FLORES-253

101 during training. If so, the evaluation results254

can not precisely reflect its translation ability (Elan-255

govan et al., 2021).256

To illustrate this concern, we take 1000 English257

sentences from the most recent news spanning258

August 2023 to October 20238, and ask human259

experts to translate them into Chinese and con-260

struct a bilingual no-leakage evaluation set, named261

NEWS2023. Figure 4 shows that BLOOMZ’s per-262

formance significantly deteriorates on this no leak-263

age set, whereas other models maintain a consistent264

8The news were collected from BBC news, Fox news,
ABC news and Yahoo news.

performance across both datasets. Through this ex- 265

ample, we wish to draw the community’s attention 266

to the potential data leakage issue when evaluating 267

large language models. 268

5 Analyzing Factors That Influence 269

LLM’s Translation Performance 270

To better understand how LLM acquires transla- 271

tion ability and which factors have influence on its 272

performance, we conduct in-depth analysis. For 273

analysis, we choose XGLM-7.5B as an example9. 274

Note that, when studying a certain factor, we keep 275

the remaining factors unchanged. 276

5.1 Findings on Pre-training Corpus Size 277

LLM can acquire translation ability in a 278

resource-efficient way. As XGLM authors re- 279

port data distribution of their pre-training corpus, 280

we can investigate the relationship between trans- 281

lation performance and corpus size (Figure 3). We 282

find that for low-resource languages, e.g., Catalan 283

(cat) and Swahili (swh), XGLM can generate mod- 284

erate translation, showing that LLM can build bilin- 285

gual mapping between non-English and English 286

with a few non-English monolingual resources (less 287

than 1% of English resources). Even on unseen 288

9We choose XGLM for three reasons: (1) XGLM has a
multilingual focus and covers many languages, which can be
seen as a representative of multilingual LLM. (2) XGLM-7.5B
is an open-source medium-sized LLM. It is more affordable
to run experiments with it than large-sized LLM or close-
source LLM. (3) The composition of the XGLM’s pre-training
corpus is clear, allowing us to analyze the relationship between
translation ability and corpus size.
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In-context Template Deu-Eng Eng-Deu Rus-Eng Eng-Rus Rus-Deu Deu-Rus Average

reasonable instructions:
<X>=<Y> 37.37 26.49 29.66 22.25 17.66 17.31 25.12

<X> \n Translate from [SRC] to [TGT]: \n <Y> 37.95 26.29 29.83 20.61 17.56 15.93 24.70
<X> \n Translate to [TGT]: \n <Y> 37.69 25.84 29.96 19.61 17.44 16.48 24.50

<X> \n [TGT]: <Y> 29.94 17.99 25.22 16.29 12.28 11.71 18.91
<X> is equivalent to <Y> 23.00 4.21 17.76 9.44 8.14 9.84 12.07

<X>\n can be translated to\n <Y> 37.55 26.49 29.82 22.14 17.48 16.40 24.98
[SRC]: <X> \n [TGT]: <Y> 16.95 8.90 14.48 6.88 7.86 4.01 9.85

unreasonable instructions:
<X>$<Y> 37.77 26.43 29.53 20.99 17.72 17.27 24.95

<X> \n Translate from [TGT] to [SRC]: \n <Y> 38.18 26.21 29.85 20.35 17.75 16.63 24.83
<X> \n Compile to [TGT]: \n <Y> 37.39 26.35 29.68 19.91 17.52 16.15 24.50

<X> \n [SRC]: <Y> 27.86 16.69 24.41 18.16 11.98 12.60 18.62
<X> is not equivalent to <Y> 23.50 3.92 16.90 7.80 8.06 9.23 11.57

<X> \n can be summarized as \n <Y> 37.46 26.24 29.42 22.62 17.68 17.15 25.10
[SRC]: <X> \n [SRC]: <Y> 19.03 8.21 15.96 6.37 7.57 4.40 10.26

Table 3: Translation performance (BLEU) of using different templates for in-context learning. The number of
in-context exemplars is fixed at eight in this experiment. “<X>” and “<Y>” denote the placeholder for source and
target sentence respectively. “[SRC]” and “[TGT]” represent the placeholder for source and target language name in
English. Bold text denotes the highest score along the column.

languages, e.g., Occitan (oci) and Asturian (ast),289

XGLM can translate through ICL. These observa-290

tions indicate a potential advantage of the novel291

translation paradigm: LLM can learn to translate292

in a resource-efficient way.293

5.2 Findings on In-context Template294

The good performance of LLMs relies on295

carefully-designed template The initial step of296

applying in-context learning for translation is de-297

termining the template. We find that the trans-298

lation performance varies greatly with different299

templates (Table 3), where the largest gap in300

the average performance is up to 16 BLEU. The301

best template for each direction is also different.302

Among these templates, “<X>=<Y>” achieves303

the highest average BLEU score. “[SRC]: <X>304

\n [TGT]: <Y>” achieves the lowest score, al-305

though it is a commonly-used template for prompt-306

ing other LLMs, e.g., PaLM (Vilar et al., 2022),307

GLM (Zhang et al., 2023). Such phenomena indi-308

cate that the template plays a vital role in ICL and309

it may be challenging to design a universally op-310

timal template for different LLMs and translation311

directions.312

Even unreasonable template can instruct LLM313

to generate decent translation A common intu-314

ition of ICL is that the template instructs LLMs315

to do the target task (Brown et al., 2020), e.g.,316

the template “<X> can be translated to <Y>” in-317

structs the LLM to perform translation task. How-318

ever, we find that wrapping translation exemplars319

with task-unrelated template can also serve as320

Figure 5: Effects of using cross-lingual exemplars.

an effective prompt. For example, the template 321

like “<X> can be summarized as <Y>” can also in- 322

struct LLM to generate translation, rather than guid- 323

ing it to generate summarization. Given the fact 324

that these unreasonable template are also effective, 325

the community may not fully understand the role 326

of in-context-template. 327

5.3 Findings on In-context Exemplar 328

Cross-lingual exemplars help for certain trans- 329

lation directions Translation direction of the ex- 330

emplar is a unique factor in machine translation. 331

We find that using cross-lingual exemplars does not 332

always causes worse performance and show two 333

cases in Figure 5. When using cross-lingual exem- 334

plars for German-English translation, the transla- 335

tion performance degenerates. But when using 336

cross-lingual exemplars for low-resource Chinese- 337

English translation (illustrated in Appendix D), 338

XGLM’s translation performance usually improves 339
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In-context Exemplars Consistency Granularity Diversity Deu-Eng Eng-Deu

Mismatched Translation % ! ! 0.00 0.00
Word-level Translation ! % ! 25.10 5.84
Doc-level Translation ! % ! 8.01 2.05
Duplicated Translation ! ! % 35.12 19.66

Sent-level Translation ! ! ! 37.37 26.49

Table 4: Translation performance (BLEU) of XGLM when using different contents as in-context exemplars.
“Consistency” column denotes whether source and target sentence are semantically consistent. “Granularity” column
denotes whether the exemplar is a sentence-level pair. “Diversity” column denotes whether exemplars in the context
are different from each other.

Figure 6: Effects of selecting varying number of in-
context exemplars according to different strategies.

significantly, even when both source and target340

language is changed. This phenomenon indicates341

the potential usage of cross-lingual exemplars in a342

broader range of tasks (Lin et al., 2022), and we343

will explore more about this in the future.344

Semantically-related exemplars does not brings345

more benefits than randomly-picked exemplars346

In this paper, we use development set for exemplar347

selection, which has been found to be a high-quality348

candidate pool (Vilar et al., 2022), and we com-349

pare four ways of selecting in-context exemplars,350

namely Random10, BM2511, TopK12 and Oracle13.351

10Random: picking exemplars on a random basis.
11BM25: selecting exemplars whose source sentences are

similar to the test case’s source sentence according to BM25.
12TopK: selecting exemplars whose source sentences are

similar to the test case’s source sentence according to the
similarity of sentence embedding.

13Oracle: selecting exemplars whose target sentences are
similar to the test case’s according to sentence embedding,

Rev Deu-Eng Eng-Deu
ratio Head Tail Head Tail

0 / 8 37.37 37.37 26.49 26.49
1 / 8 37.74 36.05 26.75 23.96
2 / 8 37.29 36.79 26.89 24.66
3 / 8 36.82 35.67 26.44 24.34
4 / 8 36.60 35.18 26.23 22.17
5 / 8 35.61 31.93 25.58 17.47
6 / 8 30.49 20.71 22.42 8.73
7 / 8 14.60 5.36 12.51 3.19
8 / 8 3.42 3.42 3.10 3.10

Table 5: Effects of reversing in-context examples’ trans-
lation direction. “Rev ratio” means the number of exem-
plars that are reversed. “Head” and “Tail” represents re-
versing the exemplars in the head and tail of the prompt
respectively.

Effects of selecting varying number of in-context 352

exemplars with different approaches are shown in 353

Figure 6. The general trend in all dataset is simi- 354

lar. As the number of examples grows from 1 to 8, 355

the BLEU score increases rapidly. Afterwards, the 356

translation performance plateaus regardless of se- 357

lection strategy. When more exemplars are added, 358

e.g., 32 exemplars, the BLEU score usually starts 359

to decline, shows an opposite phenomenon against 360

the observation in natural language understanding 361

tasks (Li et al., 2023). 362

Compared to semantically-related exemplars, 363

randomly-picked exemplars gives comparable 364

translation performance. Even the performance 365

of oracle selection is on par with random selection. 366

Based on these observations, we suggest that trans- 367

lation exemplars can teach LLM to translate but 368

LLM may struggle to acquire helpful translation 369

knowledge from semantically-related exemplars. 370

Exemplars teach LLM the core feature of trans- 371

lation task To better understand how ICL exem- 372

plars influence LLM to understand the translation 373

task, we observe LLM’s translation behaviour un- 374

der abnormal in-context exemplars (Table 4). 375

which can be seen as the upper bound of selection strategy.
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We can see that LLM completely fails when376

mismatched translation is used as exemplars, indi-377

cating that LLM needs to learn from the context to378

keep source and target sentence semantically con-379

sistent. Word-level14 and document-level15 transla-380

tion exemplar degenerates LLM’s translation per-381

formance, which demonstrates that the translation382

granularity of exemplar matters as well. Another in-383

teresting phenomenon is that LLM performs worse384

when duplicated translation is used as the exem-385

plar, indicating that keeping in-context exemplars386

diverse is also important. In general, these compar-387

ison results show that LLM learns the core feature388

of translation task through in-context learning.389

The exemplar in the tail of the prompt has more390

impact on the LLM’s behaviour During our391

analysis, we find that reversing the translation direc-392

tion of exemplars will cause LLM to fail. Based on393

this observation, we conduct experiments to investi-394

gate the importance of different parts of the prompt395

(Table 5). We find that reversing exemplars in the396

tail of the prompt consistently produced worse re-397

sults compared to reversing exemplars in the head,398

which suggests that exemplars in the tail of the399

prompt have larger influence on LLM’s behavior.400

6 Related Work401

In-context learning for machine translation402

Using LLMs for multilingual machine translation is403

attracting more and more attention. Lin et al. (2022)404

evaluate GPT-3 and XGLM-7.5B on 182 directions.405

Bawden and Yvon (2023) evaluates BLOOM on406

30 directions. Bang et al. (2023), Jiao et al. (2023)407

and Hendy et al. (2023) evaluate ChatGPT on 6 to408

18 directions. In this paper, we thoroughly evalu-409

ate multilingual translation performance of popular410

LLMs on 102 languages and 606 directions and411

compare them with state-of-the-art translation en-412

gines, such as NLLB and Google Translate, which413

provides a more comprehensive benchmark result414

and highlights the challenges involved in optimiz-415

ing this emerging translation paradigm.416

To find better ICL recipe for machine transla-417

tion, many efforts have been put into designing418

exemplars selection strategy (Agrawal et al., 2022;419

Zhang et al., 2023; Moslem et al., 2023). Similar420

to the findings of Zhang et al. (2023), we find that421

random selection is a simple but effective strategy.422

14We select word pairs from open-source fasttext dictionary.
15We select document translation from Europarl dataset.

We also find that even oracle selection can not re- 423

sult in consistently better performance. Wei et al. 424

(2022a) shows few-shot exemplars improve trans- 425

lation performance. And we further demonstrate 426

the dynamic variations of translation performance 427

with the number of in-context exemplars and the 428

usage of cross-lingual exemplars. Besides, Vilar 429

et al. (2022) find that using a high-quality pool, 430

e.g., development set, for ICL example selection 431

is better and Zhang et al. (2023) analyze why the 432

quality of translation exemplars matters. In this 433

paper, we reveal how in-context exemplars teach 434

LLM to translate by analyzing LLM’s behaviour 435

under different kinds of exemplars. 436

Multilingual machine translation Developing 437

a bilingual translation system for each direction be- 438

comes impossible when the number of supporting 439

languages increases. Therefore, multilingual ma- 440

chine translation is proposed (Johnson et al., 2017). 441

But how to build a high-quality yet efficient MMT 442

system remains an on-going challenge (Costa-jussà 443

et al., 2022; Yuan et al., 2023; Guerreiro et al., 444

2023). In this paper, we focus on LLM and reveal 445

its potential in MMT. 446

7 Conclusion 447

In this paper, we evaluate the multilingual transla- 448

tion ability of popular LLMs, including ChatGPT 449

and GPT-4, on 102 languages and 606 directions, 450

which presents the advantages and challenges of 451

LLMs for MMT. We find that translation capabili- 452

ties of LLMs are continually involving and GPT-4 453

reaches new performance height. However, even 454

for GPT-4, it still face challenge on low-resource 455

languages. In our analysis, we find that LLMs ex- 456

hibit new working patterns when used for MMT. 457

For example, instruction semantics can be ignored 458

during in-context learning and cross-lingual exem- 459

plars can provide better task instruction for low- 460

resource translation. More importantly, we find that 461

LLM can acquire translation ability in a resource- 462

efficient way, which indicates the promising future 463

of LLM in multilingual machine translation. 464

Limitations 465

In this paper, we mainly evaluate LLM’s English- 466

centric, French-centric and Chinese-centric trans- 467

lation ability. In the future, we would like 468

to investigate more translation directions, e.g., 469

Russian-centric translation, Arabic-centric trans- 470
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lation, which could bring more findings concerning471

with LLM’s translation ability.472
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Černockỳ, and Sanjeev Khudanpur. 2010. Recurrent593
neural network based language model. Interspeech.594

Yasmin Moslem, Rejwanul Haque, and Andy Way. 2023.595
Adaptive machine translation with large language596
models. arXiv preprint arXiv:2301.13294.597

OpenAI. 2022. https://openai.com/blog/chatgpt.598

OpenAI. 2023. Gpt-4 technical report.599

Alec Radford, Jeffrey Wu, Rewon Child, David Luan,600
Dario Amodei, and Ilya Sutskever. 2019. Language601
models are unsupervised multitask learners.602

Ricardo Rei, Craig Stewart, Ana C Farinha, and Alon603
Lavie. 2020. COMET: A neural framework for MT604
evaluation. In Proceedings of Conference on Em-605
pirical Methods in Natural Language Processing606
(EMNLP).607

Xiaozhe Ren, Pingyi Zhou, Xinfan Meng, Xinjing608
Huang, Yadao Wang, Weichao Wang, Pengfei Li,609
Xiaoda Zhang, Alexander Podolskiy, Grigory Arshi-610
nov, Andrey Bout, Irina Piontkovskaya, Jiansheng611
Wei, Xin Jiang, Teng Su, Qun Liu, and Jun Yao. 2023.612
Pangu-sigma: Towards trillion parameter language613
model with sparse heterogeneous computing. arXiv614
preprint arXiv:2303.10845.615

Teven Le Scao, Angela Fan, Christopher Akiki, El-616
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A Evaluating LLM’s translation678

performance with SEScore679

Table 6 presents average SEScore of LLMs on680

different language families. Currently, SEScore681

mainly supports evaluating English translation.682

Thus we evaluate LLM’s performance on trans-683

lating other languages to English.684

B Detailed Results on Each Language685

We report detailed results of our evaluated mod-686

els in Table 7 (BLEU), Table 8 (COMET), Table687

9 (SEScore) and Figure 8. One thing that needs688

to be mentioned is that BLEU supports all transla-689

tion directions, whereas COMET and SEScore only690

support a subset of these translation directions.691

C Lists of Language692

We evaluate 102 languages in this paper. Table 10693

lists the name, ISO code and language family of694

these languages.695

D Cross-lingual Exemplars696

In Figure 7, we show an example of using cross-697

lingual in-context exemplars (Russian-English ex-698

emplars for Chinese-English translation).699
年终总结

[Input] 

Этот фильм с участием Райана Гослинга и Эммы Стоун 
получил номинации во всех главных категориях.=The 
movie, featuring Ryan Gosling and Emma Stone, received 
nominations in all major categories.
"Теперь у нас есть четырёхмесячные мыши, у которых 
больше нет диабета", — добавил он.="We now have 4-
month-old mice that are non-diabetic that used to be diabetic," 
he added.
Гослинг и Стоун получили номинации на лучшего актера и 
актрису соответственно.=Gosling and Stone received 
nominations for Best Actor and Actress respectively.
Находка также позволяет ознакомиться с эволюцией перьев 
у птиц.=The find also grants insight into the evolution of 
feathers in birds.
Канцелярия губернатора сообщила, что 19 из раненных 
были офицерами полиции.=The governor's office said 
nineteen of the injured were police officers.
Стандарт 802.11n работает на обоих частотах – 2.4 ГГц и 
5.0 ГГц.=The 802.11n standard operates on both the 2.4Ghz 
and 5.0Ghz frequencies.

Он сказал, что создал дверной звонок, работающий от 
WiFi.=He built a WiFi door bell, he said.

В конце 2017 года Симинофф появился на торговом 
телеканале QVC.=In late 2017, Siminoff appeared on 
shopping television channel QVC.

伊拉克研究⼩组于格林尼治时间 (GMT) 今天 12 点提交了
报告。=

[Output]  

The Iraqi research team submitted a report at Greenwich time 
(GMT) today at 12 noon.

Figure 7: An example of using cross-lingual in-context
exemplars

E Used Scientific Artifacts 700

Below lists scientific artifacts that are used in our 701

work. For the sake of ethic, our use of these arti- 702

facts is consistent with their intended use. 703

• OpenICL (Apache-2.0 license), a framework 704

that provides an easy interface for in-context 705

learning. 706

• Transformers (Apache-2.0 license), a frame- 707

work that provides thousands of pretrained 708

models to perform tasks on different modali- 709

ties such as text, vision, and audio. 710
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Language Family Direction Translation Performance (SEScore)
XGLM-7.5B OPT-175B Falcon-7B LLaMA-7B LLaMA-7B-Chat ChatGPT GPT4 M2M-12B NLLB-1.3B Google

Indo-Euro-Germanic (8) X⇒Eng -11.78 -6.00 -8.34 -5.41 -5.90 -2.52 -2.16 -3.15 -2.78 -1.85
Indo-Euro-Romance (8) X⇒Eng -6.54 -4.01 -5.57 -3.72 -4.14 -2.30 -2.08 -3.08 -2.54 -2.12
Indo-Euro-Slavic (12) X⇒Eng -14.29 -10.31 -13.46 -5.11 -5.75 -3.55 -3.17 -4.21 -3.70 -2.80

Indo-Euro-Indo-Aryan (10) X⇒Eng -16.45 -22.15 -21.65 -17.15 -19.46 -7.64 -4.69 -11.77 -3.53 -2.80
Indo-Euro-Other (11) X⇒Eng -18.36 -17.81 -18.09 -13.61 -15.42 -6.74 -4.62 -7.57 -3.75 -4.40

Austronesian (6) X⇒Eng -14.06 -10.08 -12.30 -9.61 -10.48 -4.48 -3.03 -5.37 -3.47 -2.56
Atlantic-Congo (14) X⇒Eng -19.42 -17.61 -18.44 -17.59 -18.48 -12.38 -9.34 -14.16 -6.88 -5.75

Afro-Asiatic (6) X⇒Eng -18.85 -18.91 -19.17 -16.61 -17.66 -12.16 -8.28 -14.41 -4.46 -3.49
Turkic (5) X⇒Eng -17.15 -16.99 -18.66 -15.50 -16.47 -7.63 -5.50 -15.29 -4.89 -3.93

Dravidian (4) X⇒Eng -16.52 -22.58 -21.91 -20.18 -21.96 -9.26 -5.35 -13.69 -3.76 -3.07
Sino-Tibetan (3) X⇒Eng -19.41 -15.20 -12.37 -11.33 -12.01 -10.43 -6.79 -11.93 -5.50 -4.30

Other (14) X⇒Eng -16.74 -16.56 -18.70 -13.05 -14.17 -8.51 -6.07 -6.91 -4.94 -3.80

Table 6: Average SEScore of LLMs on different language families. The number in the bracket indicates the number
of evaluated languages in the specific language family. Bold text denotes the highest SEScore across models.
Underlined text denotes the highest SEScore across LLMs.

Language Family Language X⇒Eng (BLEU) Eng⇒X (BLEU)
XGLM-7.5B OPT-175B Falcon-7B LLaMA2-7B LLaMA2-7B-Chat ChatGPT GPT4 M2M-12B NLLB-1.3B Google XGLM-7.5B OPT-175B Falcon-7B LLaMA2-7B LLaMA2-7B-Chat ChatGPT GPT4 M2M-12B NLLB-1.3B Google

Indo-European-Germanic (8)

afr 16.34 48.49 34.73 47.89 42.89 59.28 62.65 52.86 57.76 63.15 5.56 20.75 14.45 22.98 20.42 42.18 48.02 41.41 43.39 47.83
dan 20.65 43.54 35.31 48.33 45.83 51.23 53.18 48.32 52.35 56.44 7.91 26.81 14.80 32.79 28.19 45.49 47.46 45.12 43.81 53.99
nld 17.78 31.25 26.87 34.46 33.03 38.10 38.60 34.52 38.68 39.66 7.64 21.38 16.69 24.89 20.80 32.57 34.66 31.79 32.93 37.05
deu 34.03 39.15 34.60 41.94 39.44 43.56 47.04 42.79 44.79 48.52 25.44 23.38 20.65 30.46 26.01 41.02 44.69 40.18 40.20 49.32
isl 5.65 12.68 8.18 15.41 12.28 32.98 37.58 29.47 35.07 43.19 1.40 3.10 2.77 5.13 5.53 21.26 27.89 27.80 31.04 41.80
ltz 14.13 17.96 13.60 21.87 18.36 44.57 49.20 40.04 50.37 52.52 4.74 5.54 5.10 6.32 5.72 24.65 33.89 28.04 35.08 36.80

nob 17.19 39.45 28.38 41.91 42.08 46.62 48.51 45.38 43.76 49.94 8.55 23.18 12.90 26.01 20.35 35.44 39.10 37.09 36.33 41.40
swe 22.54 44.67 37.30 46.47 44.62 50.32 51.34 48.37 49.50 55.86 12.04 27.00 18.12 33.69 28.49 48.09 49.39 47.02 45.00 53.96

Average 18.54 34.65 27.37 37.28 34.82 45.83 48.51 42.72 46.54 51.16 9.16 18.89 13.19 22.78 19.44 36.34 40.64 37.30 38.47 45.27

Indo-European-Romance (8)

ast 27.65 32.20 28.84 33.88 30.90 43.18 46.41 39.06 41.65 -1.00 12.70 13.11 10.96 12.89 11.24 28.24 35.45 33.43 34.01 -1.00
cat 38.33 41.45 27.52 44.48 40.97 47.04 49.10 44.21 48.72 52.46 34.10 23.49 13.95 36.18 35.31 46.33 48.34 48.49 48.79 53.23
fra 36.81 43.02 41.62 44.11 41.15 46.13 48.81 43.99 46.23 50.68 36.49 37.97 43.87 42.86 39.60 55.71 56.80 53.59 55.73 59.73
glg 29.93 36.57 29.30 37.98 35.43 43.33 42.18 38.13 45.12 44.18 12.60 18.53 12.30 16.07 14.38 38.07 39.54 38.29 37.11 41.49
oci 35.27 41.41 36.11 42.89 37.45 51.86 57.73 48.03 56.93 -1.00 13.20 8.90 7.60 12.76 11.62 30.33 40.20 39.40 44.45 -1.00
por 41.67 44.64 44.49 48.14 45.47 53.09 52.81 48.76 51.20 52.68 36.83 37.72 34.62 42.85 38.70 53.95 55.89 53.75 52.29 57.85
ron 11.27 41.33 34.49 44.24 40.83 47.31 47.53 45.87 47.85 53.18 5.85 31.35 14.97 33.08 28.31 45.87 47.62 47.99 43.42 52.76
spa 27.98 30.81 30.13 33.09 30.51 33.48 33.76 30.63 32.91 34.36 23.82 23.35 21.93 25.83 24.84 32.31 31.88 28.93 32.08 33.76

Average 24.83 36.79 30.72 39.19 36.33 45.76 47.90 42.53 46.43 43.43 15.55 21.60 16.61 25.30 22.47 38.84 42.55 40.14 40.98 41.19

Indo-European-Slavic (12)

bel 1.98 4.48 1.88 12.85 9.48 23.71 25.12 15.62 26.00 27.03 0.31 0.35 0.39 3.39 1.89 16.95 20.13 13.59 24.55 29.34
bos 7.88 34.37 21.26 39.24 37.13 44.86 48.34 41.24 44.47 49.75 1.97 18.05 7.41 23.37 18.71 34.44 37.52 33.78 37.77 43.67
bul 34.48 11.48 8.07 38.18 34.32 41.65 44.97 40.50 41.60 48.32 31.53 2.83 3.11 26.38 20.13 40.78 42.02 49.44 46.38 53.32
hrv 6.66 33.37 19.48 36.35 34.68 40.02 40.42 36.28 37.62 42.60 1.44 15.71 6.19 21.96 17.66 31.90 37.84 32.54 34.94 41.63
ces 8.84 32.26 22.03 39.44 35.74 43.25 42.08 41.87 41.42 47.00 2.54 15.47 8.09 27.30 21.73 35.22 39.72 37.21 38.62 44.11

mkd 21.00 8.32 5.63 33.36 27.81 41.76 44.36 39.59 44.34 49.21 5.97 1.52 2.06 12.80 8.58 34.94 36.69 42.38 42.31 46.31
pol 7.46 28.63 23.95 33.02 31.44 34.31 38.12 32.65 34.27 37.74 2.02 14.15 7.96 20.79 17.93 30.16 32.27 29.26 29.67 35.29
rus 27.83 18.80 14.26 33.44 31.92 38.04 38.75 32.73 38.60 40.09 23.18 6.48 3.49 25.54 21.50 36.45 37.71 39.69 37.86 43.10
srp 11.56 6.57 4.70 36.97 33.34 40.71 44.09 37.56 41.40 46.75 1.55 0.86 1.30 24.58 19.85 30.39 36.18 30.00 35.35 43.56
slk 7.15 30.21 16.86 31.50 29.03 40.92 43.13 38.57 41.28 45.71 2.54 10.24 5.80 13.66 10.30 32.48 38.78 37.84 38.73 48.36
slv 6.67 25.64 13.08 33.26 29.52 39.04 39.70 35.88 37.73 41.69 1.71 9.10 4.78 17.98 16.37 32.04 36.03 36.89 34.77 40.58
ukr 16.95 15.80 6.63 40.37 36.89 42.95 45.16 37.89 41.97 47.44 2.04 3.38 1.49 25.17 19.08 35.53 37.87 37.54 37.80 43.74

Average 19.84 29.95 23.19 36.97 34.02 42.97 45.02 39.67 43.34 43.51 11.63 15.85 11.35 23.13 19.76 36.17 39.77 37.94 39.09 41.86

Indo-European-Indo-Aryan (10)

asm 4.18 1.11 1.17 3.82 1.27 18.58 27.47 -1.00 32.32 35.35 0.42 0.05 0.05 0.21 0.07 9.08 12.74 -1.00 26.02 29.77
ben 19.84 1.12 1.66 6.72 2.71 24.63 34.23 30.60 36.97 43.37 11.27 0.03 0.11 2.09 0.78 18.65 24.74 28.39 34.31 37.66
guj 0.21 1.06 1.65 1.49 1.61 22.78 36.44 0.90 41.76 45.97 0.03 0.02 0.04 0.21 0.11 18.05 20.65 7.32 38.37 40.99
hin 26.99 1.17 1.26 21.04 14.89 38.15 45.88 40.72 45.83 53.17 18.81 0.42 0.27 5.84 5.18 32.44 35.30 40.54 44.97 52.86
mar 5.63 0.87 1.00 7.37 4.78 26.94 37.08 27.29 39.25 46.02 1.58 0.06 0.07 2.17 1.83 12.22 17.13 18.27 27.66 34.71
npi 8.47 2.31 3.17 9.88 6.62 28.83 45.25 19.00 44.01 51.91 1.63 0.12 0.14 2.14 1.65 16.16 22.73 4.08 30.96 35.39
ory 0.31 0.82 1.14 1.35 1.33 17.83 33.07 0.64 39.02 42.00 0.01 0.06 0.02 0.05 0.02 10.70 18.12 0.60 32.57 41.71
pan 0.13 1.09 1.17 2.09 1.46 28.65 42.28 24.92 44.34 49.86 0.06 0.06 0.01 0.21 0.17 21.38 25.73 14.85 41.57 45.16
snd 1.70 1.72 0.65 4.27 3.25 17.29 31.53 8.31 43.32 46.23 0.20 0.39 0.31 0.82 0.60 8.75 14.97 13.15 34.34 38.15
urd 19.31 0.74 1.09 8.76 4.95 29.53 39.72 23.94 40.67 42.69 13.63 0.20 0.29 2.37 2.03 17.58 21.43 18.17 29.65 34.04

Average 16.91 22.38 17.45 29.00 26.20 38.33 42.99 33.85 42.66 44.07 9.82 11.71 8.40 17.47 14.89 30.99 34.92 31.76 37.76 41.12

Indo-European-Other (11)

hye 0.15 0.32 0.74 3.83 2.05 15.30 32.20 20.70 39.99 45.84 0.02 0.05 0.01 1.19 1.53 9.02 20.47 9.89 37.54 40.91
ell 27.54 9.42 5.70 24.18 17.56 38.39 42.36 35.74 40.41 44.84 21.79 1.07 0.51 2.88 2.37 31.12 32.90 36.02 34.35 37.27
gle 4.02 10.49 8.63 17.98 13.61 37.74 47.94 3.24 46.48 54.95 0.50 1.46 2.18 4.34 4.72 28.01 34.93 0.23 42.37 49.89
cym 4.27 10.74 8.46 18.99 12.89 49.92 60.07 29.28 53.33 63.77 0.74 2.66 3.37 5.31 5.20 44.97 52.37 21.91 47.44 63.00
ita 31.17 32.71 33.41 36.30 35.60 37.32 38.85 34.85 38.69 39.15 25.14 23.95 25.79 27.18 26.06 36.39 37.66 34.86 36.01 40.12
lav 2.69 7.00 4.73 13.27 8.75 33.54 37.92 34.06 35.79 44.38 0.19 1.76 1.76 2.92 2.24 29.39 34.34 35.58 27.75 46.01
lit 2.90 7.97 7.60 12.66 11.60 34.34 37.41 33.45 33.80 41.07 0.50 2.08 2.24 4.35 3.48 25.20 32.60 36.08 32.23 41.55

pus 1.56 1.82 3.05 5.03 4.78 14.30 21.46 24.52 37.97 40.35 0.09 0.20 0.18 0.80 1.16 3.92 6.13 14.14 22.66 25.58
fas 3.79 2.01 2.58 16.97 12.42 35.30 38.60 32.29 37.16 43.12 0.45 0.12 0.50 3.90 3.70 25.92 32.98 30.11 32.92 39.16
ckb 0.34 1.48 0.84 2.94 2.34 13.39 24.40 -1.00 -1.00 2.17 0.03 0.11 0.05 0.73 1.07 5.64 11.19 -1.00 -1.00 0.59
tgk 2.06 1.83 1.65 4.84 4.45 15.41 29.01 -1.00 35.09 38.88 0.18 0.63 0.63 1.39 1.57 11.33 17.37 -1.00 35.83 39.89

Average 14.75 19.11 15.12 25.69 22.89 36.36 41.71 31.27 41.20 43.54 8.63 9.78 7.27 14.67 12.63 29.16 33.47 29.05 36.39 40.54

Austronesian (6)

ceb 7.18 29.10 16.81 23.15 20.83 40.33 51.12 32.93 48.93 57.74 1.86 8.63 6.63 9.49 9.68 26.81 31.65 24.07 33.96 41.87
tgl 9.61 35.32 22.90 32.40 28.09 49.30 53.09 36.16 51.78 57.79 1.97 15.27 9.80 14.25 12.39 31.58 36.43 27.83 37.46 41.83
ind 35.82 33.73 27.85 41.10 38.97 45.33 47.54 43.08 46.10 48.65 32.49 20.28 14.82 30.36 26.12 45.80 47.97 43.89 46.40 52.34
jav 12.17 12.69 9.39 13.80 13.61 34.84 45.14 34.50 45.21 50.08 3.04 3.58 4.22 7.89 7.41 18.62 24.78 26.07 33.54 35.80
msa 29.11 33.27 28.05 37.03 35.28 46.52 51.61 45.37 47.62 54.68 19.15 14.40 12.62 21.17 17.87 40.13 43.49 41.31 43.61 49.89
mri 3.29 9.48 6.71 12.73 9.54 23.39 32.34 -1.00 32.84 35.13 1.54 1.92 3.26 4.39 6.26 18.06 23.67 -1.00 28.05 22.69

Average 14.91 19.82 15.50 25.80 23.05 36.75 42.27 31.33 41.66 44.31 8.78 9.88 7.41 14.66 12.70 29.27 33.60 28.83 36.47 40.56

Atlantic-Congo (14)

lug 3.33 8.12 6.18 7.52 7.75 14.11 23.40 7.19 27.17 29.91 0.53 0.54 1.11 1.77 2.56 4.61 5.94 1.62 15.55 16.82
ibo 1.92 5.21 5.36 7.05 7.33 12.99 19.79 16.28 31.05 34.50 0.51 1.09 2.32 1.82 2.54 6.27 9.99 13.53 25.60 25.47
kea 13.65 26.18 14.53 21.66 21.07 44.40 53.06 -1.00 49.77 -1.00 4.27 5.94 4.97 6.46 5.38 14.34 25.99 -1.00 27.85 -1.00
kam 6.66 9.85 7.63 8.40 10.84 14.87 16.02 -1.00 19.23 -1.00 1.05 1.26 1.61 1.85 3.45 5.37 6.07 -1.00 8.58 -1.00
lin 5.56 8.54 7.11 7.07 8.49 13.51 17.88 8.88 28.61 29.85 1.14 1.36 1.54 1.94 3.36 7.18 9.67 1.14 25.93 24.88
nso 5.05 8.73 7.92 9.25 7.84 18.61 35.60 11.39 42.65 -1.00 0.76 1.32 1.08 2.35 2.66 8.20 20.14 5.54 26.54 -1.00
nya 5.98 8.88 7.27 8.05 9.29 20.21 28.84 -1.00 31.37 33.87 0.80 1.60 1.45 2.69 3.45 6.87 11.61 -1.00 23.95 27.64
sna 3.85 9.05 6.76 8.74 8.69 14.27 25.25 -1.00 31.16 31.69 0.73 1.14 1.48 1.61 3.31 7.09 9.82 -1.00 23.32 24.41
swh 31.78 11.86 8.19 11.79 9.41 49.29 53.27 42.13 47.58 56.98 21.03 2.27 2.30 3.31 4.39 37.19 44.01 38.05 40.43 48.25
umb 2.36 4.94 3.68 4.32 4.86 8.44 11.83 -1.00 14.87 -1.00 0.23 0.68 0.69 0.98 1.52 2.32 3.83 -1.00 4.46 -1.00
wol 5.35 7.92 6.42 8.80 7.64 12.47 15.82 10.16 22.82 -1.00 0.92 1.67 1.78 3.36 3.59 4.95 6.57 1.21 10.73 -1.00
xho 2.56 7.49 6.06 7.72 8.66 20.69 36.15 26.94 39.66 45.45 1.37 1.37 2.89 2.61 2.59 7.56 13.11 16.61 28.65 33.60
yor 3.21 6.05 6.15 5.84 7.15 12.35 22.08 6.27 25.39 26.23 0.78 1.05 1.48 2.04 2.52 5.16 8.63 3.82 14.41 4.78
zul 2.10 5.61 4.43 6.50 7.10 21.89 36.77 23.45 39.49 46.21 1.13 1.10 1.75 1.55 1.90 7.66 16.36 14.85 31.87 33.94

Average 13.24 17.66 13.77 22.34 20.20 33.32 39.43 27.12 39.74 40.10 7.51 8.20 6.29 12.18 10.75 25.14 29.56 24.31 33.53 35.73

Afro-Asiatic (6)

amh 0.29 0.45 0.93 0.94 1.63 2.97 24.14 15.75 32.98 38.99 0.02 0.04 0.02 0.02 0.07 2.22 12.35 12.38 29.12 32.55
ara 26.06 1.03 1.81 22.35 13.99 38.94 43.29 35.24 42.05 46.87 9.42 0.27 0.27 4.81 3.73 32.64 36.91 31.10 37.81 45.89
ful 4.28 7.21 6.47 6.69 8.25 10.02 13.33 6.25 -1.00 -1.00 0.72 1.62 1.61 2.61 2.69 3.11 3.89 0.42 -1.00 -1.00
mlt 4.90 14.75 11.83 21.92 17.68 48.08 58.72 -1.00 62.54 65.03 1.52 3.79 4.33 8.28 7.57 34.42 49.04 -1.00 58.40 70.95
orm 1.14 2.85 2.47 3.51 3.32 7.32 13.41 -1.00 26.83 30.10 0.05 0.29 0.78 0.95 1.43 1.72 2.71 -1.00 12.69 17.38
som 3.55 9.30 5.71 7.07 7.06 17.72 29.99 4.76 32.76 36.85 0.70 2.38 1.39 2.68 2.94 7.31 11.25 5.06 19.45 20.23

Average 12.72 16.72 13.06 21.39 19.28 32.32 38.71 25.75 39.18 39.78 7.08 7.65 5.90 11.47 10.14 24.21 28.75 22.99 32.94 35.35

Turkic (5)

azj 4.61 7.01 3.40 8.63 6.56 24.64 27.80 9.33 28.45 31.77 1.12 1.30 1.67 2.24 2.41 12.97 15.79 10.28 21.23 25.92
kaz 3.62 1.46 1.63 6.55 6.83 21.74 30.65 3.81 34.85 41.16 0.23 0.26 0.48 1.26 1.45 11.92 15.62 13.30 31.42 39.55
kir 2.37 1.40 1.65 4.83 5.89 14.49 21.31 -1.00 26.00 30.85 0.24 0.27 0.71 2.21 1.74 8.17 12.09 -1.00 30.39 33.87
tur 23.91 24.39 10.05 21.75 19.93 38.14 43.43 36.76 39.42 43.49 14.90 10.11 4.56 8.82 7.82 35.05 37.05 29.67 35.58 44.29
uzb 2.66 5.17 4.00 5.77 5.17 24.21 35.45 2.37 35.89 41.63 0.90 0.96 1.31 1.88 2.03 17.54 24.26 2.07 32.25 39.07

Average 12.39 16.17 12.50 20.65 18.63 31.84 38.27 24.78 38.79 39.66 6.85 7.34 5.64 10.96 9.70 23.77 28.26 22.23 32.76 35.43

Dravidian (4)

kan 0.14 0.79 0.84 1.83 0.79 23.13 33.48 1.65 36.89 39.33 0.02 0.03 0.02 0.35 0.25 14.95 19.35 3.34 37.47 43.46
mal 0.15 0.35 0.74 3.01 1.38 20.79 34.78 26.20 42.02 46.09 0.04 0.01 0.01 0.97 1.04 11.17 18.23 19.89 36.18 45.78
tam 14.66 0.77 1.33 3.26 1.88 16.14 29.12 14.19 36.59 40.74 8.91 0.01 0.00 0.70 0.81 9.86 16.16 5.17 33.95 39.09
tel 17.22 1.66 1.81 2.51 2.02 20.97 35.02 -1.00 40.79 46.50 12.25 0.01 0.07 0.22 0.23 13.40 20.67 -1.00 41.74 48.33

Average 12.18 15.44 11.96 19.79 17.81 31.29 38.03 24.09 38.80 39.83 6.78 6.99 5.37 10.46 9.26 23.23 27.80 21.50 32.98 35.84

Sino-Tibetan (3)
mya 15.07 0.18 0.84 0.80 1.18 3.50 16.01 8.02 30.90 34.06 9.60 0.02 0.06 0.03 0.07 2.57 8.30 7.28 18.66 27.10

zho_simpl 6.91 15.44 26.14 27.99 25.32 30.52 34.37 26.24 31.07 37.80 15.21 3.46 20.38 20.40 15.08 33.19 33.64 24.98 20.93 39.93
zho_trad 6.06 12.36 22.78 26.26 24.14 30.05 32.83 -1.00 30.67 35.18 5.63 4.22 11.78 16.30 12.02 24.01 26.49 -1.00 10.97 30.16

Average 12.08 15.23 12.12 19.74 17.78 30.95 37.67 23.64 38.53 39.68 6.89 6.84 5.56 10.52 9.25 23.11 27.63 21.12 32.43 35.73

Other (14)

est 28.08 24.01 6.78 14.74 12.30 40.66 42.21 35.47 36.78 44.49 20.18 8.33 2.71 5.45 4.99 33.71 38.24 35.68 32.73 41.82
fin 25.78 29.83 8.01 32.24 29.70 35.90 40.17 33.75 35.45 38.99 23.45 11.54 2.86 18.57 14.70 33.38 35.33 33.27 29.97 37.32
hun 2.32 22.52 8.17 32.46 28.57 36.44 38.58 35.36 35.78 40.86 0.77 6.97 4.34 16.98 13.27 27.37 32.10 35.89 32.27 39.18
kat 0.32 0.84 1.28 7.15 3.48 12.65 23.78 14.25 29.94 33.96 0.04 0.03 0.01 2.22 3.64 11.13 16.82 3.20 30.67 36.06
hau 2.91 8.02 6.18 6.33 7.61 16.85 32.20 20.06 39.62 40.67 0.38 1.23 2.05 2.06 3.25 7.87 15.44 13.19 31.79 34.20
heb 0.40 1.99 1.13 16.29 9.36 38.51 43.97 37.19 41.95 48.88 0.11 0.16 0.09 4.62 4.62 29.04 34.82 37.14 37.57 44.60
jpn 6.22 19.38 14.18 25.65 23.45 30.57 32.65 26.85 31.67 36.68 17.09 13.84 5.38 21.79 18.95 34.61 35.23 33.27 23.98 42.90

khm 1.36 0.91 2.71 5.21 5.26 16.03 31.15 21.48 38.68 35.33 0.20 0.04 0.03 0.01 0.12 4.06 7.70 14.44 15.81 25.56
vie 28.19 18.20 10.63 37.33 32.96 38.93 44.83 38.15 42.16 46.09 27.56 9.45 4.63 26.38 21.71 41.11 41.34 43.24 42.37 48.20
kor 17.65 4.11 2.59 22.84 22.03 28.56 33.93 27.05 30.55 35.85 9.61 0.19 0.30 11.39 9.06 24.41 26.73 24.42 28.08 31.96
lao 1.30 2.07 3.53 3.75 3.63 8.81 21.84 19.75 37.49 43.33 0.05 0.08 0.04 0.00 0.00 3.86 11.07 16.83 32.10 30.20
tha 15.30 1.31 2.93 9.24 8.15 27.49 33.17 27.86 33.84 34.81 16.90 0.03 0.02 1.40 1.83 21.88 25.26 25.47 22.25 38.00
luo 4.18 7.18 5.84 7.46 8.58 13.08 15.36 -1.00 27.48 -1.00 1.48 1.45 1.56 2.59 2.75 5.61 6.78 -1.00 18.64 -1.00

mon 1.98 1.05 1.20 3.36 4.41 13.73 22.87 21.13 29.47 38.39 0.11 0.11 0.20 1.25 1.12 5.55 9.69 11.07 21.34 31.72

Average 11.75 14.52 11.18 19.22 17.29 30.21 36.97 23.90 38.05 39.30 7.11 6.42 5.03 10.20 8.96 22.72 27.13 21.42 31.89 35.53

Table 7: Detailed results (BLEU) of our evaluated models on 102 languages.
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Language Family Language X⇒Eng (COMET) Eng⇒X (COMET)
XGLM-7.5B OPT-175B Falcon-7B LLaMA2-7B LLaMA2-7B-Chat ChatGPT GPT4 M2M-12B NLLB-1.3B Google XGLM-7.5B OPT-175B Falcon-7B LLaMA2-7B LLaMA2-7B-Chat ChatGPT GPT4 M2M-12B NLLB-1.3B Google

Indo-European-Germanic (7)

afr 62.96 86.21 80.54 84.93 83.45 89.87 90.33 87.24 88.36 89.73 44.67 69.54 61.85 72.62 68.30 87.00 87.48 85.64 86.56 86.94
dan 72.74 88.46 84.15 89.10 89.04 90.54 90.67 89.74 90.03 90.76 45.95 80.09 62.31 84.14 79.85 90.79 90.45 88.89 88.92 91.02
nld 73.32 86.41 83.69 87.42 87.27 88.62 88.64 87.42 88.04 88.39 47.82 81.52 72.40 85.26 82.11 88.87 89.03 87.43 88.39 88.97
deu 86.13 87.75 86.71 88.08 88.30 89.39 89.61 88.48 88.98 89.50 80.23 78.06 76.54 82.88 79.99 87.95 88.51 85.61 86.26 89.13
isl 50.24 62.09 54.35 66.68 64.91 85.35 87.13 83.43 85.25 87.50 29.53 32.46 32.01 37.53 42.71 79.22 83.28 81.51 82.92 87.16

nob 69.85 86.82 81.47 87.55 87.55 89.25 89.47 88.08 86.94 89.07 48.40 81.45 64.72 83.68 80.21 89.86 89.86 87.58 88.37 89.67
swe 75.42 88.26 0.87 89.32 89.22 90.32 90.50 89.78 89.67 90.54 54.84 80.67 0.69 86.26 82.20 91.09 90.90 88.61 89.74 90.46

Average 70.09 83.71 67.40 84.73 84.25 89.05 89.48 87.74 88.18 89.36 50.21 71.97 52.93 76.05 73.63 87.83 88.50 86.47 87.31 89.05

Indo-European-Romance (4)

cat 86.13 86.73 81.35 88.21 87.86 89.53 89.77 87.86 88.91 89.73 83.64 72.95 61.49 83.44 81.46 88.46 88.33 86.96 87.71 88.31
fra 86.60 88.73 88.09 88.89 88.67 89.68 89.92 88.61 89.16 89.69 81.81 82.83 84.83 83.97 83.31 88.61 88.39 86.71 87.66 88.39
glg 82.41 87.06 83.89 86.19 85.90 89.02 88.92 87.42 88.80 88.70 71.62 76.01 71.58 76.02 75.54 87.99 87.92 86.82 87.31 87.52
ron 63.53 88.49 84.28 89.10 88.75 90.22 90.35 89.34 89.08 90.52 39.24 84.51 63.52 84.76 78.37 90.94 91.11 89.75 89.79 90.83

Average 73.58 85.18 73.58 85.95 85.54 89.25 89.57 87.95 88.47 89.47 57.07 74.55 59.27 78.23 75.82 88.25 88.66 86.87 87.60 88.95

Indo-European-Slavic (12)

bel 48.56 60.07 50.69 70.78 66.92 83.19 84.09 75.99 83.73 84.42 31.23 33.97 31.81 42.44 44.57 79.07 82.53 71.62 85.61 87.53
bos 57.24 85.93 74.98 87.71 87.66 89.48 89.69 87.83 88.76 89.77 30.09 77.04 45.68 83.56 75.99 89.32 90.69 88.62 90.09 90.53
bul 85.87 67.92 65.12 87.27 86.11 88.34 88.95 87.89 87.61 88.78 84.67 42.27 38.19 82.37 74.36 89.00 89.98 89.53 89.85 91.32
hrv 55.20 85.84 74.71 86.48 85.38 88.03 88.27 86.93 86.76 88.55 28.41 78.03 43.08 83.55 73.81 89.41 90.54 87.98 89.08 90.70
ces 59.62 84.95 79.26 87.53 86.66 88.97 89.17 87.79 88.03 89.63 29.94 65.99 50.67 82.80 75.16 90.57 91.27 88.71 90.18 90.57

mkd 74.16 64.07 59.09 83.56 81.27 88.06 88.73 87.17 87.59 89.08 59.72 35.44 35.24 68.26 57.43 86.85 87.12 88.96 88.86 89.64
pol 56.44 84.42 80.90 86.10 85.97 87.26 87.55 86.13 86.63 87.42 31.42 74.55 62.60 83.39 77.50 89.16 89.85 86.65 88.56 90.13
rus 84.02 73.03 72.87 86.11 86.06 87.36 87.49 86.12 86.88 87.53 81.30 58.53 46.24 83.73 78.29 89.64 89.76 87.65 88.20 89.62
srp 65.14 59.20 57.21 86.46 86.03 87.91 88.51 86.59 87.24 88.15 43.18 32.69 32.46 82.08 73.98 86.57 89.03 84.72 87.75 89.38
slk 56.65 82.74 71.95 84.68 83.62 88.40 88.65 86.94 87.56 88.42 30.19 54.34 42.07 62.71 56.39 89.26 89.75 88.06 89.71 90.85
slv 56.46 80.35 0.70 85.41 85.30 88.11 88.45 86.25 87.07 88.53 28.92 52.41 0.39 77.55 73.24 87.58 89.48 86.88 88.39 90.02
ukr 71.47 69.11 0.61 86.68 85.81 87.75 88.22 86.00 87.13 87.84 40.25 48.07 0.37 83.14 76.28 88.41 89.78 87.71 88.57 90.26

Average 68.70 79.77 65.11 85.40 84.68 88.46 88.83 86.91 87.75 88.79 49.87 64.06 46.99 77.22 72.66 88.07 88.92 86.64 88.19 89.52

Indo-European-Indo-Aryan (10)

asm 64.09 48.51 48.71 57.33 55.02 79.55 84.57 - 86.19 86.94 30.33 33.47 31.49 34.05 28.06 66.34 72.13 - 82.67 82.90
ben 83.47 48.51 48.99 66.59 60.13 86.55 88.38 86.22 88.88 89.71 73.13 32.46 29.99 36.90 31.03 75.85 81.77 84.03 86.36 86.30
guj 47.25 49.48 51.09 52.61 53.72 85.19 89.27 38.57 89.95 90.83 23.10 36.95 34.06 38.91 38.29 73.62 78.90 62.98 87.86 88.33
hin 85.88 51.18 50.17 80.11 77.50 89.20 90.64 88.76 90.37 90.79 70.40 25.92 26.39 44.57 41.04 76.72 78.61 79.05 81.60 82.40
mar 62.11 49.64 48.68 65.73 62.18 83.99 87.06 82.09 88.24 88.84 34.50 26.60 22.67 34.53 33.37 59.24 66.22 67.98 74.35 75.59
npi 73.64 53.66 55.26 74.31 70.13 87.31 90.88 75.24 91.22 91.84 39.40 30.51 24.37 37.98 36.34 70.87 77.36 53.47 81.33 83.59
ory 47.95 45.52 50.42 52.09 52.18 81.20 87.24 44.71 88.79 89.09 19.94 35.21 32.98 32.16 34.95 60.85 70.37 40.70 83.72 80.50
pan 47.09 50.42 49.91 52.22 53.45 86.27 89.35 78.38 89.35 89.84 20.70 31.70 29.26 33.02 33.58 70.62 77.34 59.40 84.32 84.69
snd 46.69 50.29 48.52 57.19 55.35 76.01 81.96 51.82 87.15 87.91 23.50 35.43 26.87 29.17 33.65 53.11 56.16 66.01 80.44 80.30
urd 81.11 46.53 0.48 68.14 63.22 86.08 88.54 81.15 87.88 88.53 74.95 30.25 0.28 37.90 37.12 77.07 78.66 74.31 82.83 83.20

Average 67.26 70.56 59.08 78.50 77.29 87.15 88.51 82.06 88.07 88.99 47.18 54.30 40.58 64.71 61.17 82.12 84.32 80.64 86.48 87.48

Indo-European-Other (9)

hye 39.23 45.76 45.65 55.59 54.10 76.40 85.17 75.72 88.41 89.26 24.05 35.48 32.49 33.90 34.59 52.00 69.40 66.22 89.80 89.72
ell 84.35 65.85 60.60 79.99 76.96 87.76 88.33 86.92 87.48 88.26 85.01 46.81 36.63 46.75 43.10 88.13 88.73 88.48 88.31 89.00
gle 45.61 56.53 55.41 67.80 64.88 84.67 87.30 37.70 84.79 87.84 33.91 34.20 34.79 39.83 42.27 74.21 77.68 33.84 80.53 81.99
cym 47.05 59.34 0.57 67.67 63.40 87.82 89.58 70.57 87.30 90.02 30.67 32.98 0.36 39.23 38.69 84.59 86.46 70.27 85.56 88.78
ita 85.44 86.66 87.07 87.65 87.48 88.52 89.02 87.27 88.31 88.82 82.89 82.61 84.83 84.62 82.76 88.56 88.91 87.24 88.05 88.67
lav 51.23 61.86 56.54 68.26 65.59 87.24 88.14 86.98 86.45 88.50 28.88 34.48 31.68 37.82 38.59 87.26 87.64 87.21 85.79 90.77
lit 50.67 61.28 59.07 66.68 66.03 87.26 87.54 86.52 85.84 87.43 26.84 33.25 34.31 40.70 40.16 88.09 89.82 87.86 88.62 90.59

pus 38.23 49.79 49.46 57.78 58.45 73.69 77.52 79.36 85.55 85.99 22.74 32.01 28.86 30.35 33.93 48.69 53.48 68.49 79.48 80.31
fas 55.82 49.28 49.94 77.43 71.82 87.28 88.21 86.21 87.16 88.50 30.37 28.53 27.85 43.62 39.45 84.42 86.33 84.45 86.24 87.13

Average 64.69 68.21 57.48 76.65 75.22 86.59 88.14 81.05 87.80 88.84 45.77 51.24 39.31 60.29 57.43 81.09 83.60 79.38 86.34 87.47

Austronesian (3)
ind 86.76 84.82 82.85 87.95 87.72 89.74 90.14 88.37 89.21 89.62 85.86 77.45 71.69 85.54 82.96 91.42 91.58 89.34 90.47 91.93
jav 67.78 66.26 61.53 66.81 67.84 82.77 85.53 77.56 85.71 87.10 52.22 45.55 43.42 57.62 63.86 78.23 81.82 83.30 86.65 86.24
msa 81.85 83.00 81.69 85.87 85.61 89.36 90.27 88.36 88.62 89.96 81.34 71.91 67.57 81.25 77.82 89.43 89.64 87.84 89.34 89.84

Average 65.63 68.86 58.67 76.89 75.57 86.63 88.17 81.31 87.80 88.84 47.60 52.16 40.75 61.26 58.59 81.44 83.87 79.89 86.51 87.59

Atlantic-Congo (2) swh 81.12 61.01 0.58 61.34 60.51 87.71 88.25 83.77 86.24 88.16 77.72 33.58 0.32 34.28 39.07 85.51 86.04 83.43 85.65 85.74
xho 42.89 54.17 0.53 54.10 55.21 71.55 78.59 69.09 81.76 82.72 32.13 34.72 0.37 34.05 37.20 65.00 69.53 68.15 74.26 76.04

Average 65.48 68.38 56.20 76.07 74.81 86.34 87.97 81.09 87.64 88.70 47.91 51.39 39.03 60.10 57.72 81.18 83.61 79.71 86.23 87.31

Afro-Asiatic (4)

amh 44.46 49.38 49.59 49.66 53.22 60.66 81.86 70.20 86.24 88.17 27.68 45.18 34.54 35.00 40.46 52.12 71.50 67.68 85.83 86.34
ara 81.55 52.45 54.55 78.26 73.84 87.74 88.10 85.66 87.38 88.06 69.71 35.39 35.53 55.73 47.25 86.80 87.05 84.11 86.73 87.92
orm 44.83 51.23 49.82 49.41 51.21 60.41 65.69 - 77.05 78.82 32.88 42.15 40.13 41.67 44.97 65.94 69.20 - 77.78 80.42
som 47.21 58.55 0.53 53.54 54.80 72.77 79.40 45.08 81.27 82.84 35.67 44.71 0.37 39.77 40.91 65.52 74.50 54.80 81.03 80.43

Average 64.62 67.17 54.82 74.63 73.52 85.09 87.25 80.23 87.27 88.37 47.40 50.65 38.13 58.77 56.60 80.11 82.98 79.05 85.96 87.03

Turkic (5)

azj 60.35 67.69 57.84 67.91 66.10 86.59 87.48 61.04 87.30 88.04 38.01 32.40 32.36 40.51 43.85 81.78 83.37 78.26 87.09 87.71
kaz 56.44 51.68 53.62 61.98 63.24 81.67 86.05 42.15 87.40 88.91 27.24 41.62 33.37 32.24 35.51 66.34 71.74 64.63 88.95 90.43
kir 53.59 50.36 52.88 59.64 61.46 78.36 82.67 - 85.99 86.77 24.41 40.42 33.53 34.66 36.22 58.30 63.59 - 87.96 88.10
tur 84.23 83.41 0.66 80.46 79.76 89.85 90.33 87.89 88.90 89.91 74.73 69.49 0.37 54.42 53.06 88.64 89.53 86.10 88.81 90.40
uzb 53.87 59.24 0.57 59.77 60.19 83.75 87.96 43.01 87.97 89.03 37.21 40.09 0.35 36.44 41.21 78.79 84.27 43.84 89.52 90.27

Average 64.36 66.75 52.88 73.86 72.86 84.99 87.22 78.59 87.30 88.38 46.77 50.12 36.51 57.06 55.29 79.64 82.58 78.23 86.19 87.24

Dravidian (4)

kan 44.69 43.02 48.00 50.82 50.97 82.92 87.07 39.28 88.09 88.20 19.74 33.61 29.90 33.98 34.83 69.49 76.68 54.48 84.95 85.55
mal 44.84 44.51 48.20 54.08 53.89 83.74 88.05 83.55 89.91 90.74 25.76 31.41 30.71 33.47 36.21 60.57 73.01 77.38 86.68 88.98
tam 79.12 41.05 0.47 56.12 54.10 79.64 85.59 68.48 87.24 88.07 76.92 32.42 0.32 34.02 36.85 63.35 76.50 54.90 88.45 89.03
tel 79.16 47.46 0.50 51.66 52.87 81.71 86.93 - 88.44 89.39 70.17 32.60 0.31 34.64 34.70 65.56 74.40 - 85.19 87.43

Average 64.20 65.23 50.97 72.48 71.53 84.79 87.20 77.80 87.37 88.43 46.86 48.95 35.10 55.52 53.98 78.64 82.08 77.37 86.19 87.28

Sino-Tibetan (3)
mya 79.89 41.28 48.84 51.91 52.20 61.03 77.98 57.30 86.86 87.42 80.82 41.01 36.02 29.51 37.45 50.43 65.73 64.16 84.68 87.38

zho_simpl 49.06 78.34 84.94 85.94 85.69 87.31 87.88 85.40 86.16 88.11 74.82 59.17 83.28 83.94 78.04 88.88 88.73 83.49 78.56 89.05
zho_trad 46.85 76.33 83.26 85.50 84.73 87.21 87.58 - 86.47 87.46 66.84 64.03 80.92 84.54 79.73 88.82 88.89 - 78.98 89.12

Average 63.93 65.24 51.99 72.57 71.66 84.49 87.07 77.58 87.33 88.39 48.16 49.23 36.61 56.02 54.51 78.52 82.04 77.25 85.93 87.33

Other (13)

est 86.04 81.09 58.12 70.45 68.72 89.64 89.72 87.81 87.98 89.94 82.72 57.08 33.17 41.19 43.79 90.88 92.05 88.69 89.80 91.21
fin 86.66 86.74 63.92 88.33 87.23 90.24 90.33 89.11 89.16 90.04 86.71 71.23 37.15 83.95 75.89 92.05 92.42 89.46 89.95 91.45
hun 42.14 80.15 60.25 86.13 85.86 88.52 88.96 87.14 87.24 88.79 25.15 55.31 33.98 79.78 74.66 87.77 89.50 87.72 88.59 89.95
kat 43.25 41.69 46.15 63.34 60.86 76.21 83.55 71.85 86.46 87.93 25.02 32.74 27.44 34.01 37.20 50.80 65.45 40.66 83.36 87.34
hau 48.82 56.00 54.60 53.67 55.26 69.81 79.33 66.06 83.02 83.18 36.01 38.35 35.84 34.99 38.42 58.87 70.78 63.83 80.89 81.31
heb 40.58 49.75 46.81 70.79 65.39 87.35 88.85 86.68 87.65 89.22 22.30 31.75 27.66 41.54 40.40 82.26 84.68 86.70 87.04 88.61
jpn 53.32 82.82 79.06 86.41 86.47 88.33 88.86 87.19 88.04 88.55 81.81 78.90 61.42 84.84 82.02 91.24 90.88 88.02 88.70 92.37

khm 45.09 39.56 50.21 56.63 57.10 77.48 85.48 72.07 87.13 85.77 23.92 37.39 34.14 28.23 32.00 48.38 58.96 71.75 79.20 82.19
vie 83.91 71.02 0.67 86.61 85.51 88.01 89.02 86.74 87.33 88.49 84.30 58.57 0.41 80.27 74.81 88.37 89.14 87.85 88.06 89.79
kor 82.74 57.11 54.95 85.39 84.83 88.17 88.69 86.35 87.13 88.66 72.09 35.99 30.50 75.21 68.76 88.48 89.21 86.21 87.94 89.01
lao 48.13 46.72 51.74 53.14 54.60 67.62 78.00 73.99 86.31 88.28 28.63 38.31 32.85 31.09 31.31 43.60 54.32 64.97 83.50 81.58
tha 75.17 49.20 0.55 69.76 66.38 86.70 88.47 85.58 86.97 86.85 78.17 31.91 0.29 42.34 42.78 82.92 84.65 82.47 83.03 88.12

mon 49.71 48.31 48.88 54.32 56.34 74.20 81.49 79.36 84.82 87.39 23.58 41.57 31.63 34.10 35.55 60.45 72.59 73.11 85.84 88.76

Average 63.33 64.48 51.20 72.33 71.43 84.15 86.92 78.30 87.25 88.31 48.75 48.82 35.43 55.54 54.10 77.80 81.62 77.35 85.92 87.42

Table 8: Detailed results (COMET) of our evaluated models.
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Language Family Language X⇒Eng (SEScore)
XGLM-7.5B OPT-175B Falcon-7B LLaMA2-7B LLaMA2-7B-Chat ChatGPT GPT4 M2M-12B NLLB-1.3B Google

Indo-European-Germanic (8)

afr -13.42 -3.14 -6.72 -3.59 -4.30 -0.48 -0.19 -1.77 -1.67 -0.24
dan -10.98 -3.18 -5.76 -2.66 -2.68 -1.35 -1.15 -1.98 -1.65 -0.93
nld -10.66 -4.76 -6.31 -4.25 -4.53 -3.66 -3.59 -4.17 -3.59 -3.41
deu -4.44 -3.41 -4.56 -3.17 -3.23 -2.21 -2.04 -2.74 -2.37 -1.93
isl -20.12 -15.12 -18.05 -13.19 -14.49 -4.99 -4.09 -5.59 -5.04 -3.16
ltz -12.83 -11.46 -13.68 -10.39 -11.89 -3.14 -2.12 -4.06 -2.01 -1.52

nob -12.37 -3.96 -7.10 -3.60 -3.54 -2.52 -2.33 -2.85 -3.58 -2.24
swe -9.42 -2.96 -4.52 -2.40 -2.57 -1.78 -1.80 -2.02 -2.33 -1.34

Average -11.78 -6.00 -8.34 -5.41 -5.90 -2.52 -2.16 -3.15 -2.78 -1.85

Indo-European-Romance (8)

ast -6.71 -5.74 -6.92 -5.61 -5.95 -2.82 -2.42 -4.02 -3.47 -
cat -4.07 -3.69 -7.42 -2.93 -3.18 -2.00 -1.77 -2.66 -2.14 -1.34
fra -4.30 -2.97 -3.39 -2.87 -3.04 -2.08 -1.82 -2.62 -2.61 -1.84
glg -6.40 -4.17 -6.25 -4.36 -4.80 -2.64 -2.68 -3.32 -2.48 -2.67
oci -5.89 -4.70 -6.00 -4.11 -5.23 -1.48 -0.51 -2.58 -0.88 -
por -3.53 -2.66 -3.39 -2.35 -2.76 -1.17 -1.39 -2.18 -1.82 -1.40
ron -15.54 -3.15 -5.78 -2.76 -3.06 -2.10 -1.92 -2.35 -2.31 -1.30
spa -5.88 -5.02 -5.41 -4.78 -5.13 -4.14 -4.12 -4.92 -4.57 -4.18

Average -9.16 -5.01 -6.95 -4.56 -5.02 -2.41 -2.12 -3.11 -2.66 -1.96

Indo-European-Slavic (12)

bel -20.43 -17.35 -19.92 -12.05 -13.99 -6.79 -6.12 -9.50 -6.25 -5.86
bos -17.40 -4.83 -10.39 -3.74 -4.31 -2.46 -2.28 -3.29 -2.98 -1.86
bul -4.33 -13.68 -15.29 -3.58 -4.49 -2.80 -2.25 -2.78 -2.93 -1.67
hrv -18.09 -5.29 -10.96 -4.60 -4.81 -3.73 -3.60 -3.96 -4.18 -3.24
ces -17.19 -5.39 -9.01 -3.88 -4.55 -2.80 -2.77 -3.54 -3.42 -2.18

mkd -9.69 -16.10 -17.54 -5.61 -6.86 -3.02 -2.34 -3.28 -3.04 -1.83
pol -17.76 -5.89 -7.88 -4.94 -5.09 -4.32 -3.91 -4.62 -4.24 -3.59
rus -5.97 -11.16 -11.51 -4.64 -4.76 -3.83 -3.61 -4.47 -3.68 -3.17
srp -13.95 -17.28 -18.10 -3.88 -4.43 -3.05 -2.56 -3.70 -3.24 -2.36
slk -17.84 -6.57 -11.48 -5.78 -6.38 -3.32 -2.93 -3.67 -3.54 -2.75
slv -17.77 -7.74 -12.92 -5.21 -5.41 -3.45 -3.31 -4.17 -3.90 -3.10
ukr -11.07 -12.44 -16.56 -3.39 -3.94 -3.01 -2.40 -3.57 -2.97 -1.98

Average -11.36 -7.28 -9.74 -4.80 -5.34 -2.90 -2.57 -3.59 -3.10 -2.35

Indo-European-Indo-Aryan (10)

asm -17.62 -22.44 -21.75 -19.23 -21.61 -10.07 -7.23 - -5.46 -5.02
ben -8.64 -22.29 -21.85 -16.07 -19.59 -6.90 -4.90 -5.50 -4.06 -3.18
guj -22.60 -22.48 -21.66 -21.04 -22.00 -7.84 -4.68 -23.21 -3.36 -2.52
hin -6.78 -21.75 -21.65 -9.46 -11.55 -4.05 -2.65 -3.56 -2.54 -1.69
mar -17.74 -22.28 -21.98 -16.22 -19.49 -7.44 -4.84 -6.94 -3.60 -2.75
npi -15.26 -21.15 -20.97 -14.08 -17.05 -6.54 -2.94 -10.52 -2.58 -1.41
ory -22.89 -22.85 -21.75 -21.22 -22.60 -10.30 -5.71 -22.74 -3.91 -3.52
pan -22.96 -22.04 -21.63 -20.72 -22.01 -6.20 -3.30 -8.54 -3.01 -2.27
snd -21.45 -21.71 -21.57 -18.93 -21.03 -11.57 -7.19 -17.98 -3.25 -2.66
urd -8.52 -22.49 -21.67 -14.55 -17.63 -5.52 -3.43 -6.98 -3.56 -2.99

Average -12.70 -11.19 -12.88 -8.05 -9.05 -4.15 -3.13 -5.58 -3.22 -2.47

Indo-European-Other (11)

hye -23.28 -22.38 -22.07 -18.87 -21.02 -11.09 -5.55 -8.90 -3.47 -2.53
ell -5.76 -14.88 -16.79 -7.61 -9.70 -3.66 -3.29 -4.15 -3.57 -2.77
gle -20.94 -17.48 -17.96 -12.56 -14.43 -4.07 -2.30 -21.85 -3.03 -1.36
cym -20.63 -17.06 -17.53 -12.22 -15.38 -1.95 -0.45 -8.77 -1.78 0.24
ita -5.34 -4.82 -4.90 -4.12 -3.92 -3.60 -3.34 -4.02 -3.53 -3.07
lav -19.87 -16.43 -17.88 -13.19 -15.73 -4.44 -3.61 -4.12 -4.38 -2.79
lit -20.00 -16.62 -17.12 -13.55 -14.81 -4.49 -3.96 -4.27 -4.67 -3.27

pus -23.23 -21.32 -21.25 -18.69 -20.25 -12.83 -10.00 -7.44 -4.25 -4.08
fas -19.32 -21.16 -20.69 -10.03 -12.97 -4.29 -3.54 -4.59 -4.17 -2.77
ckb -22.58 -22.60 -21.94 -20.09 -21.42 -13.33 -8.76 - - -22.36
tgk -21.03 -21.16 -20.90 -18.74 -20.04 -10.41 -6.04 - -4.64 -3.64

Average -13.97 -12.68 -14.05 -9.30 -10.48 -4.73 -3.46 -5.97 -3.33 -2.93

Austronesian (6)

ceb -18.67 -9.30 -13.22 -11.12 -12.24 -4.20 -2.08 -8.10 -2.67 -1.09
tgl -18.04 -5.94 -10.11 -7.18 -8.10 -2.25 -1.53 -5.82 -2.43 -1.53
ind -4.84 -6.02 -8.15 -4.01 -4.23 -2.56 -2.33 -3.13 -2.90 -2.28
jav -14.95 -14.93 -16.14 -14.04 -14.98 -6.25 -3.94 -6.97 -3.56 -2.83
msa -6.84 -6.73 -7.99 -4.95 -5.24 -2.75 -1.68 -2.82 -2.74 -1.53
mri -21.00 -17.56 -18.19 -16.36 -18.08 -8.88 -6.64 - -6.51 -6.09

Average -13.98 -12.39 -13.86 -9.33 -10.48 -4.70 -3.42 -5.91 -3.34 -2.88

Atlantic-Congo (14)

lug -20.90 -18.15 -18.81 -18.11 -18.81 -14.28 -10.65 -19.72 -8.06 -7.53
ibo -21.95 -19.14 -19.17 -18.70 -19.60 -15.44 -11.98 -12.60 -6.29 -6.56
kea -14.56 -9.88 -13.84 -10.94 -11.97 -3.44 -1.64 - -2.92 -
kam -19.35 -17.92 -19.02 -18.11 -18.57 -15.87 -14.95 - -10.85 -
lin -19.99 -17.51 -18.27 -17.44 -18.70 -14.65 -11.86 -17.78 -6.37 -6.55
nso -20.19 -17.77 -18.22 -17.61 -19.05 -13.09 -7.08 -17.27 -4.41 -
nya -20.06 -17.96 -18.32 -18.05 -18.51 -11.50 -8.07 - -6.96 -6.49
sna -21.21 -18.09 -18.80 -18.03 -19.02 -12.83 -8.95 - -7.00 -7.08
swh -6.38 -16.24 -17.33 -15.75 -17.27 -2.42 -1.59 -4.08 -2.85 -1.36
umb -21.73 -19.15 -19.69 -19.03 -20.22 -17.99 -17.05 - -12.75 -
wol -20.21 -17.34 -18.81 -17.96 -18.85 -16.39 -13.95 -18.38 -10.07 -
xho -22.28 -18.37 -19.12 -18.18 -18.82 -10.39 -6.29 -8.70 -4.49 -3.58
yor -20.94 -19.45 -19.33 -19.56 -20.00 -14.89 -11.11 -19.97 -8.74 -8.86
zul -22.18 -19.63 -19.41 -18.74 -19.36 -10.17 -5.55 -8.98 -4.50 -3.72

Average -15.08 -13.45 -14.79 -11.01 -12.11 -6.26 -4.62 -7.15 -4.07 -3.30

Afro-Asiatic (6)

amh -22.90 -22.15 -21.98 -21.75 -21.78 -19.81 -8.12 -12.19 -5.34 -3.84
ara -7.46 -20.31 -18.95 -8.72 -11.46 -3.72 -3.02 -4.33 -3.21 -2.36
ful -19.87 -18.57 -18.88 -18.57 -19.21 -17.33 -16.43 -21.80 - -
mlt -19.57 -14.71 -15.96 -11.51 -12.84 -2.64 -0.69 - -0.36 0.17
orm -22.10 -20.04 -19.91 -19.80 -20.86 -17.83 -14.09 - -7.58 -6.36
som -21.21 -17.68 -19.32 -19.31 -19.78 -11.63 -7.32 -19.33 -5.79 -5.08

Average -15.38 -13.89 -15.14 -11.45 -12.55 -6.73 -4.91 -7.60 -4.10 -3.31

Turkic (5)

azj -18.08 -16.01 -18.91 -15.32 -17.02 -7.13 -6.08 -15.70 -5.94 -5.26
kaz -19.54 -20.68 -20.30 -17.39 -17.92 -8.76 -5.99 -20.87 -4.75 -3.48
kir -20.36 -21.28 -20.15 -17.95 -18.49 -11.35 -8.38 - -5.96 -5.36
tur -7.45 -8.08 -15.06 -9.06 -10.21 -3.59 -2.74 -4.05 -3.84 -2.72
uzb -20.32 -18.90 -18.89 -17.79 -18.70 -7.34 -4.32 -20.52 -3.94 -2.85

Average -15.50 -14.08 -15.36 -11.71 -12.79 -6.79 -4.95 -8.05 -4.15 -3.36

Dravidian (4)

kan -22.74 -22.73 -22.14 -21.22 -22.52 -8.51 -5.29 -22.71 -4.08 -3.73
mal -22.96 -22.72 -21.88 -19.81 -22.07 -9.12 -4.77 -6.48 -3.15 -2.41
tam -10.36 -22.89 -22.09 -18.83 -21.50 -10.17 -6.08 -11.87 -4.31 -3.49
tel -10.00 -21.96 -21.55 -20.87 -21.75 -9.24 -5.25 - -3.49 -2.65

Average -15.54 -14.49 -15.67 -12.11 -13.23 -6.91 -4.97 -8.29 -4.13 -3.34

Sino-Tibetan (3)
mya -11.16 -22.86 -22.11 -21.43 -22.57 -21.11 -11.22 -17.98 -5.48 -4.77

zho_simpl -23.28 -10.92 -7.05 -6.14 -6.41 -5.14 -4.53 -5.88 -5.58 -3.80
zho_trad -23.78 -11.81 -7.94 -6.41 -7.04 -5.03 -4.62 - -5.44 -4.34

Average -15.68 -14.51 -15.56 -12.08 -13.19 -7.03 -5.03 -8.39 -4.18 -3.38

Other (14)

est -5.69 -8.04 -17.97 -13.04 -14.73 -3.16 -3.14 -3.99 -4.34 -2.54
fin -6.27 -5.99 -16.63 -4.99 -5.39 -3.81 -3.30 -4.53 -4.55 -3.41
hun -21.72 -8.73 -17.42 -5.54 -5.94 -4.10 -3.74 -4.60 -4.86 -3.72
kat -22.75 -22.83 -22.02 -17.02 -19.63 -11.63 -7.29 -11.45 -5.48 -4.62
hau -20.67 -18.03 -18.60 -18.46 -18.69 -12.65 -6.87 -11.24 -4.75 -4.49
heb -22.76 -20.91 -21.15 -11.53 -15.08 -3.69 -2.51 -3.52 -3.12 -1.98
jpn -21.76 -8.96 -11.29 -6.90 -6.86 -4.93 -4.55 -5.42 -4.89 -4.20

khm -22.43 -22.92 -21.48 -19.24 -20.46 -12.80 -6.40 -10.90 -4.58 -4.83
vie -6.51 -12.47 -14.21 -4.70 -5.90 -3.77 -2.90 -4.06 -3.72 -2.62
kor -8.77 -19.08 -19.67 -7.17 -7.83 -5.60 -4.82 -5.87 -5.24 -4.54
lao -21.93 -21.41 -20.84 -20.81 -21.52 -17.31 -10.60 -10.21 -4.79 -3.66
tha -11.91 -21.89 -19.89 -14.48 -17.15 -5.99 -4.44 -5.98 -4.86 -4.85
luo -20.23 -18.64 -18.92 -18.85 -19.16 -17.27 -16.27 - -7.91 -

mon -20.93 -21.89 -21.66 -20.03 -20.07 -12.41 -8.19 -8.04 -6.03 -3.92

Average -15.82 -14.80 -15.99 -12.22 -13.32 -7.23 -5.17 -8.17 -4.28 -3.44

Table 9: Detailed results (SEScore) of our evaluated models.
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Figure 8: Comparison results between our evalutated LLMs on different language families.
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Language ISO 639-1 ISO 639-2/T Language family Language ISO 639-1 ISO 639-2/T Language family

Afrikaans af afr Indo-European-Germanic Latvian lv lav Indo-European-Other
Amharic am amh Afro-Asiatic Lingala ln lin Atlantic-Congo
Arabic ar ara Afro-Asiatic Lithuanian lt lit Indo-European-Other

Armenian hy hye Indo-European-Other Luo luo luo Other
Assamese as asm Indo-European-Indo-Aryan Luxembourgish lb ltz Indo-European-Germanic
Asturian ast ast Indo-European-Romance Macedonian mk mkd Indo-European-Slavic

Azerbaijani az azj Turkic Malay ms msa Austronesian
Belarusian be bel Indo-European-Slavic Malayalam ml mal Dravidian

Bengali bn ben Indo-European-Indo-Aryan Maltese mt mlt Afro-Asiatic
Bosnian bs bos Indo-European-Slavic Maori mi mri Austronesian

Bulgarian bg bul Indo-European-Slavic Marathi mr mar Indo-European-Indo-Aryan
Burmese my mya Sino-Tibetan Mongolian mn mon Other
Catalan ca cat Indo-European-Romance Nepali ne npi Indo-European-Indo-Aryan
Cebuano ceb ceb Austronesian Northern Sotho ns nso Atlantic-Congo

Chinese (Simpl) zh zho_simpl Sino-Tibetan Norwegian no nob Indo-European-Germanic
Chinese (Trad) zhtrad zho_trad Sino-Tibetan Nyanja ny nya Atlantic-Congo

Croatian hr hrv Indo-European-Slavic Occitan oc oci Indo-European-Romance
Czech cs ces Indo-European-Slavic Oriya or ory Indo-European-Indo-Aryan
Danish da dan Indo-European-Germanic Oromo om orm Afro-Asiatic
Dutch nl nld Indo-European-Germanic Pashto ps pus Indo-European-Other

English en eng Indo-European-Germanic Persian fa fas Indo-European-Other
Estonian et est Other Polish pl pol Indo-European-Slavic
Tagalog tl tgl Austronesian Portuguese pt por Indo-European-Romance
Finnish fi fin Other Punjabi pa pan Indo-European-Indo-Aryan
French fr fra Indo-European-Romance Romanian ro ron Indo-European-Romance
Fulah ff ful Afro-Asiatic Russian ru rus Indo-European-Slavic

Galician gl glg Indo-European-Romance Serbian sr srp Indo-European-Slavic
Luganda lg lug Atlantic-Congo Shona sn sna Atlantic-Congo
Georgian ka kat Other Sindhi sd snd Indo-European-Indo-Aryan
German de deu Indo-European-Germanic Slovak sk slk Indo-European-Slavic
Greek el ell Indo-European-Other Slovenian sl slv Indo-European-Slavic

Gujarati gu guj Indo-European-Indo-Aryan Somali so som Afro-Asiatic
Hausa ha hau Other Kurdish ku ckb Indo-European-Other

Hebrew he heb Other Spanish es spa Indo-European-Romance
Hindi hi hin Indo-European-Indo-Aryan Swahili sw swh Atlantic-Congo

Hungarian hu hun Other Swedish sv swe Indo-European-Germanic
Icelandic is isl Indo-European-Germanic Tajik tg tgk Indo-European-Other

Igbo ig ibo Atlantic-Congo Tamil ta tam Dravidian
Indonesian id ind Austronesian Telugu te tel Dravidian

Irish ga gle Indo-European-Other Thai th tha Other
Italian it ita Indo-European-Other Turkish tr tur Turkic

Japanese ja jpn Other Ukrainian uk ukr Indo-European-Slavic
Javanese jv jav Austronesian Umbundu umb umb Atlantic-Congo

Kabuverdianu kea kea Atlantic-Congo Urdu ur urd Indo-European-Indo-Aryan
Kamba kam kam Atlantic-Congo Uzbek uz uzb Turkic

Kannada kn kan Dravidian Vietnamese vi vie Other
Kazakh kk kaz Turkic Welsh cy cym Indo-European-Other
Khmer km khm Other Wolof wo wol Atlantic-Congo
Korean ko kor Other Xhosa xh xho Atlantic-Congo
Kyrgyz ky kir Turkic Yoruba yo yor Atlantic-Congo

Lao lo lao Other Zulu zu zul Atlantic-Congo

Table 10: For each language, we list its language name, ISO code and language family.

16


