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Abstract

Despite the growing variety of languages sup-001
ported by existing multilingual neural ma-002
chine translation (MNMT) models, most of the003
world’s languages are still being left behind.004
We aim to extend large-scale MNMT models005
to a new language, allowing for translation be-006
tween the newly added and all of the already007
supported languages in a challenging scenario:008
using only a parallel corpus between the new009
language and English. Previous approaches,010
such as continued training on parallel data in-011
cluding the new language, suffer from catas-012
trophic forgetting (i.e., performance on other013
languages is reduced). Our novel approach014
Imit-MNMT treats the task as an imitation015
learning process, which mimicks the behavior016
of an expert, a technique widely used in the017
computer vision area, but not well explored in018
NLP. More specifically, we construct a pseudo019
multi-parallel corpus of the new and the origi-020
nal languages by pivoting through English, and021
imitate the output distribution of the original022
MNMT model. Extensive experiments show023
that our approach significantly improves the024
translation performance between the new and025
the original languages, without severe catas-026
trophic forgetting. We also demonstrate that027
our approach is capable of solving the copy and028
off-target problems, which are two common is-029
sues in current large-scale MNMT models.030

1 Introduction031

Recent advancements in multilingual machine032

translation (MNMT) have marked a significant leap033

towards supporting a large number of languages034

in a single model. For example, the m2m_100035

model (Fan et al., 2021) supports the translation036

between 100 languages and the nllb model (Costa-037

jussà et al., 2022) even supports translation for038

over 200 languages. However, there are currently039

around 7,000 languages spoken in the world1 and040

1https://www.ethnologue.com
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Figure 1: Our proposed framework for extending
MNMT models using only a parallel dataset between
the new language and English. Given an expert MNMT
model (i.e., standard MNMT model which we down-
load and it does not know the new language), we treat
the extension task as a process of imitation learning, by
cloning the behavior of the expert model on a pseudo
multi-parallel corpus.

the majority of language pairs suffer from a scarcity 041

of resources required for training machine transla- 042

tion models. How to extend the existing MNMT 043

models is a significant problem. Thus motivated, 044

we raise the following two research questions: 045

Q1: Can we extend the existing MNMT models to 046

a new language using only parallel data between 047

the new language and English? 048

Q2: If yes, can the extended MNMT model achieve 049

performance improvements in the new language 050

pairs, while preserving the performance of the orig- 051

inal pairs? 052

Existing methods for extending MNMT models 053

can be divided into three groups. i) Continuing the 054

training process with as much of the available cor- 055

pus as possible (Costa-jussà et al., 2022; Ebrahimi 056

and Kann, 2021; Berard, 2021). ii) Extending (Ko 057
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et al., 2021) or substituting the vocabulary (Garcia058

et al., 2021) from the new languages. iii) Intro-059

ducing additional small layers in existing MNMT060

models to train additional parameters that adapt061

to new languages (Marchisio et al., 2022; Pfeif-062

fer et al., 2021; Artetxe et al., 2020). Although063

promising, i) and ii) improve the performance of064

the new language at the expense of the performance065

of the original language pairs, while iii) increases066

the number of model parameters with each lan-067

guage added, which limits its applicability.068

To address the aforementioned challenges and069

tackle the two research questions, we aim to lever-070

age imitation learning to extend an MNMT model071

in a challenging scenario, i.e., using only a paral-072

lel corpus between the new language and English.073

Imitation learning, also known as "learning from074

demonstrations" (Hussein et al., 2017), aims to075

mimic the behavior of an expert from its demonstra-076

tions, and has been shown to be effective in various077

research areas, including robot learning (Fang et al.,078

2019) and computer vision (Qin et al., 2022). How-079

ever, there is less work applying it to NLP tasks080

directly (Shi et al., 2022; Yao et al., 2020) due081

to its reliance on large vocabularies, which poses082

challenges for large-scale models. As depicted in083

Figure 1, the framework we propose can be intu-084

itively divided into two distinct parts. a) Given an085

expert MNMT model (i.e., standard MNMT model086

which we download and it does not know the new087

language), we randomly select k languages that are088

already supported by the expert MNMT model. We089

then translate the English side of the parallel corpus090

to the k languages using the expert model and beam091

search (Freitag and Al-Onaizan, 2017), resulting in092

a pseudo multi-parallel corpus including the new093

language. b) The learner model is trained to mimic094

the translation behavior of the expert between En-095

glish and the k languages, however we use the new096

language side of the gold parallel data instead of097

English, thus learning translation between the new098

language and the k selected languages. Addition-099

ally, we weight the importance of the k languages100

based on the expert’s performance on them. Note101

that our approach differs from other machine trans-102

lation models that use a pseudo-corpus in that our103

approach uses separate expert and learner models104

for pseudo-corpus generation and model parameter105

updating. Our experiments show that the use of sep-106

arate expert and learner models is crucial to avoid107

catastrophic forgetting and achieve good learning108

performance on the new languages.109

In summary, we make the following contribu- 110

tions: i) We present a novel framework Imit- 111

MNMT which allows large-scale MNMT mod- 112

els to be extended to a new language. ii) Experi- 113

ments on 8 new languages show that our method 114

improve the performance of the new languages, 115

while maintaining the performance of the origi- 116

nal language pairs. iii) We demonstrate that our 117

proposed method can be seen as a promising solu- 118

tion for addressing the common copy problem (Liu 119

et al., 2021) and off-target problem (Zhang et al., 120

2020) in MNMT models. iv) To the best of our 121

knowledge, this is the first work that extends the 122

MNMT model using imitation learning. 123

2 Background and Related Work 124

2.1 Multilingual Machine Translation 125

MNMT learns a many-to-many mapping function 126

to translate from one language to another (Johnson 127

et al., 2017). With the rapid advancement of compu- 128

tational resources, the development of MNMT has 129

experienced significant leaps and bounds across 130

three distinct levels. Firstly, there has been a 131

gradual shift from English-centric models (John- 132

son et al., 2017) to models that prioritize non- 133

English languages (Fan et al., 2021). Secondly, 134

MNMT has progressed from supporting translation 135

of dozens (Liu et al., 2020) to enabling translation 136

of hundreds of languages (Fan et al., 2021; Costa- 137

jussà et al., 2022). Lastly, the number of model pa- 138

rameters employed in MNMT has expanded from 139

millions (Liu et al., 2020) to billions (Fan et al., 140

2021; Costa-jussà et al., 2022), indicating a sub- 141

stantial increase in capacity and capability. 142

Given L languages, a MNMT model supports 143

translation between L × (L − 1) language pairs. 144

Our goal is to extend the MNMT model to a new 145

language, so that it supports the translation between 146

(L+ 1)× L language pairs. Furthermore, current 147

approaches aimed at expanding MNMT suffer from 148

severe catastrophic forgetting. Hence, another goal 149

of our method is to maintain the performance of 150

the original L× (L− 1) language pairs. 151

2.2 Imitation Learning 152

Imitation learning (i.e., learning from expert 153

demonstrations), is a method that allows a learner 154

to make decisions as intelligently as an expert. Be- 155

havior cloning (BAIN, 1995) and inverse reinforce- 156

ment learning (NG, 2000), as the two representa- 157

tive approaches of imitation learning, have proved 158
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to be effective in several areas. The former at-159

tempts to minimize the action differences between160

the learner and the expert, while the latter mimics161

the expert behavior by constructing and maximiz-162

ing an adversarial reward function. Various vari-163

ants of imitation learning were developed based164

on the ideas of these two algorithms (Ho and Er-165

mon, 2016; Brantley et al., 2020). While imita-166

tion learning and knowledge distillation (Gou et al.,167

2021) share similarities, they are fundamentally168

distinct concepts. The former focuses on learning169

from observed behavior, while the latter focuses on170

transferring knowledge from a well-trained model171

to a smaller model. We opt for imitation learning172

over knowledge distillation because our goal is to173

extend the MNMT model while maintaining the174

translation performance of the original language175

pairs, which aligns with the objective of imitation176

learning.177

2.3 Improving NMT using Synthetic Data178

The use of synthetic data to enhance machine trans-179

lation performance has been widely used, espe-180

cially in low-resource language scenarios. Among181

them, back translation (Sennrich et al., 2016) is182

the earliest and most successful approach. Subse-183

quently, more and more approaches investigate how184

to utilize synthetic data more effectively to enhance185

machine translation performance, such as unsuper-186

vised machine translation (Lample et al., 2018) and187

more efficient back translation (Niu et al., 2018;188

Xu et al., 2022). Although effective, these methods189

typically perform the generation of pseudo-data190

and the enhancement of NMT models jointly with191

a single model, in an On-the-Fly manner. This192

makes it difficult to ensure the quality of pseudo-193

data generated by the model with updated param-194

eters, and can easily cause interference with the195

original model. In contrast, our method separates196

the generation of pseudo-corpora and the updating197

of model parameters into separate expert models198

and learner models and integrates them into the im-199

itation learning process, effectively blocking noise200

in the pseudo-corpora from damaging the learner201

model.202

3 Method203

Imit-MNMT contains two parts which are applied204

iteratively: pseudo multi-parallel data construction205

(Section 3.1) and imitation learning (Section 3.2).206

The imitation learning process can further be di-207

Algorithm 1 Imit-MNMT
Input: Expert MNMT model πE; original lan-
guages L; Parallel data Dℓeng

ℓnew

1: initialize π = πE

2: while not converged do
3: Lk−lang =uniform(|L|)
4: Construct pseudo detaset D̂Lk−lang

ℓnew
(1)

5: Minimize Ltotal (5)
6: end while
7: return Learner model π

vided into language weighting (Section 3.2.1) and 208

translation behavior imitation (Section 3.2.2), re- 209

spectively. Algorithm 1 shows the complete algo- 210

rithm of Imit-MNMT. 211

3.1 Online Pseudo Multi-Parallel Data 212

Construction 213

English, as the most resourceful language in the 214

world, often has an easily accessible parallel corpus 215

with other languages. Therefore, our scenario is to 216

extend the MNMT model using only the parallel 217

corpus between the new language and English. As 218

a foundation for imitation learning, we first con- 219

struct multi-parallel data between the new language 220

and the original languages in an online mode. 221

Given a parallel corpus Dℓeng

ℓnew
between a new 222

language ℓnew and English ℓeng, we randomly se- 223

lect k languages (Lk−lang) already supported by 224

the expert MNMT model to construct a pseudo 225

k-way parallel dataset D̂Lk−lang

ℓnew
= {D̂ℓk

ℓnew
: k ∈ 226

Lk−lang} between the new language and the k lan- 227

guages, utilizing beam search from the MNMT 228

model. More specifically, for a parallel sentence 229

pair (Xℓnew , Xℓeng) ∈ Dℓeng

ℓnew
, we generate pseudo 230

parallel sentences by using the English sentences 231

and the expert model. The construction process of 232

D̂ℓk
ℓnew

can be formulated as: 233⋃
xℓnew |xℓeng∈Dℓeng

ℓnew

gen
(
πE ,xℓeng , ℓk

)
(1) 234

where gen(·) is the beam search function and πE 235

denotes the parameters of the expert model. Note 236

that the parameters of πE are not updated during 237

the generation process. The k languages are resam- 238

pled in each batch. 239

3.2 Extending MNMT as an Imitation Game 240

After constructing the pseudo k-way parallel data, 241

an intuitive idea is to use this data to update the 242
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parameters of the expert MNMT model. This is243

known as the On-the-Fly approach, which involves244

using the same model to construct the pseudo-245

corpus and updating the parameters. However, this246

approach faces the following challenges: i) The247

pseudo corpus introduces noise that has a signif-248

icant impact on the training process, particularly249

when dealing with low-resource languages. Re-250

lated experiments can be found in Figure 2 and251

the results will be discussed in Section 5. ii) Sim-252

ilarly, the introduction of noisy data directly af-253

fects the representation of the selected k original254

languages in the MNMT model, leading to a sub-255

stantial impact on the performance of the original256

language pairs. Our results regarding this aspect257

can be found in Figure 3 and will also be discussed258

in Section 5. To mitigate these challenges, we treat259

the original MNMT model as an expert and keep260

it frozen, while we train a separate learner model261

with the ultimate objective of acquiring the capa-262

bility to translate between the new language and263

the original languages2 by weighting the language264

(Section 3.2.1) and mimicking translation behavior265

(Section 3.2.2) of the expert model.266

3.2.1 Language Weighting267

The expert MNMT model is trained on a set of268

parallel corpora consisting of multiple language269

pairs. However, the sizes of these corpora are270

imbalanced, which leads to poor performance on271

some languages. To account for this in the learner272

model, we reduce the importance of low perform-273

ing languages during imitation learning.274

In general, we assume the importance of a given275

language during training is closely aligned with the276

performance of the expert model on it. We assume277

that language pairs demonstrating exceptional per-278

formance in the expert MNMT model also yield279

good quality pseudo data when the source or target280

side is replaced with the new language that is being281

added to the MNMT model (and vice versa for low282

performing language pairs). To accomplish this,283

we compute the BLEU score of the expert model284

for each original language paired with English us-285

ing the FLORES-101 devtest dataset (Goyal et al.,286

2022). Subsequently, we assign a higher weight287

to those original languages which have superior288

BLEU score, thereby emulating their data distribu-289

tion in the expert model during the training process290

2We consider two directions: either train the extended
model from the new to the original languages or train the ex-
tended model from the original languages to the new language.

of the learner. 291

More specifically, the weight of a non-English 292

language ℓt can be calculated as: 293

W (ℓt) =
B (ℓeng, ℓt)
k∑

i=1

B (ℓeng, ℓi)

· k (2) 294

where B (ℓs, ℓt) is the BLEU score for language 295

pair from ℓs to ℓt. The weight distribution is used 296

in the next step. 297

3.2.2 Translation Behavior Imitation 298

Given an expert MNMT model πE that supports 299

translation between L languages, our goal is to 300

imitate its behaviour and train a new learner model 301

π that supports translation between a new language 302

ℓnew and the L original languages. Our training 303

objective consists of two parts: i) training π on 304

the gold Dℓeng

ℓnew
and ii) imitating πE on the pseudo 305

D̂Lk−lang

ℓnew
, thus we define two cross-entropy loss 306

functions Lgold (ℓ1, ℓ2) as: 307

E
y|x∼Dℓ2

ℓ1

[
T∑
t=1

− log π (yt | y<t,x, ℓ1, ℓ2)

]
(3) 308

and Limit (ℓ1, ℓ2) as: 309

E
ŷ|x∼D̂ℓ2

ℓ1

[
T∑
t=1

− log π (ŷt | ŷ<t,x, ℓ1, ℓ2)

]
(4) 310

respectively. Where t indicates a time-step during 311

imitation learning. 312

Given parallel data with a new language and 313

English, we define the overall training objective for 314

extended model trained from new language to the 315

original languages as: 316

Ltotal =Lgold (ℓnew, ℓeng)+

k∑
i=1

W (ℓk) · Limit (ℓnew, ℓk)
(5) 317

The objective function when trained in the reverse 318

direction can be defined similarly. 319

4 Experiments 320

Datasets. We experiment with the following new 321

languages3: Akan (aka), Dinka (dik), Bambara 322

(bam), Chokwe (cjk), Dyula (dyu), Balinese (ban), 323

3We use ISO 639-2 language codes: https://en.
wikipedia.org/wiki/List_of_ISO_639-2_codes

4

https://en.wikipedia.org/wiki/List_of_ISO_639-2_codes
https://en.wikipedia.org/wiki/List_of_ISO_639-2_codes


Bemba (bem) and Banjar (bjn). All training data324

is taken from the mined nllb dataset4 provided325

by AllenNLP. We filter out sentences longer than326

120 tokens and preprocess all data using sentence-327

piece (Kudo and Richardson, 2018). More details328

of the data can be found in Appendix A.329

Baselines. We compare our method to the fol-330

lowing baselines. i) m2m_100: Using the origi-331

nal m2m_100 model (Fan et al., 2021). ii) Fine-332

tune: Fine-tuning m2m_100 model on the parallel333

data between new language and English. iii) Ex-334

tend_Vocab: Extending the vocabulary of the orig-335

inal m2m_100 model with tokens of the new lan-336

guage, then continue training using the same data337

as for Finetune (Wang et al., 2020). iv) Adapter:338

Train an additional language-specific layer for the339

new language (Philip et al., 2020). v) On-the-340

Fly: We use the same pseudo parallel data as our341

method to implement an On-the-Fly finetuning on342

the m2m_100 model. Compared to our method,343

it uses a single model as both expert and learner,344

while our method uses two separate models (keep-345

ing the expert fixed).346

Implementation. We use the m2m_100 model347

as the basis of the baselines and Imit-MNMT, re-348

leased in the HuggingFace repository (Wolf et al.,349

2020). For Adapter training, we use the implemen-350

tation from (Lai et al., 2022). We implemented351

Extend_Vocab based on Wang et al. (2020); To en-352

sure a fair comparison, we maintained a consistent353

vocabulary size of 23,288 and the extended model354

size of 507.75 MB for each new language. This355

size is 23.53 MB larger than the original m2m_100356

model. For On-the-Fly method, we use the same357

setting (k = 5 and k = 10) as our proposed method.358

It is worth to highlight that both the Adapter and359

Extend_Vocab baselines introduce additional pa-360

rameters to the original m2m_100 model. More361

details of the model configuration can be found in362

Appendix B.363

Evaluation. We measure case-sensitive detok-364

enized BLEU with SacreBLEU5 (Post, 2018). Re-365

cently, the BLEU score was criticized as an unre-366

liable automatic metric (Kocmi et al., 2021; Zerva367

et al., 2022). Therefore, we also evaluate our ap-368

proach using chrF++ (Popović, 2017). The corre-369

sponding chrF++ scores are shown in Appendix E.370

Inspired by Mohammadshahi et al. (2022), we split371

the languages based on the amount of available372

4https://huggingface.co/datasets/allenai/nllb
5https://github.com/mjpost/sacrebleu

training sentences aligned with English into 3 dif- 373

ferent categories: Low(L), Mid(M) and High(H). 374

All results are evaluated on the FLORES-200 375

benchmark6. 376

5 Results 377

Figure 2 and 3 present the corresponding answers 378

to the two research questions defined in Section 1. 379

For the results of all language pairs used in the 380

experiments, please refer to Table 6 and 7, Table 8 381

and 9 in the Appendix E. 382

Q1: successfully extending to a new language 383

Baselines. Finetune, Adapter and On-the-Fly 384

methods demonstrate certain improvements over 385

the original m2m_100 model, but extend_vocab sig- 386

nificantly underperforms in comparison to the orig- 387

inal m2m_100 model. This discrepancy arises due 388

to the insufficient integration of the newly extended 389

vocabulary into the original tokenizer, a conclusion 390

also highlighted in (Ebrahimi and Kann, 2021). In- 391

terestingly, we observe that On-the-Fly exhibited 392

inferior performance compared to both Finetune 393

and Adapter. We hypothesize that this discrepancy 394

arises from the fact that when the performance of 395

the selected language pair is poor, the quality of 396

the corresponding generated pseudo-corpus also 397

suffers. Consequently, updating both the already 398

trained parameters and the pseudo-corpus adversely 399

impacts the overall performance. Our approach 400

outperforms all baselines in both translation direc- 401

tions, achieving the best performance. For instance, 402

when compared to the strongest baseline, Adapter, 403

our extended model trained from the new language 404

to the original languages exhibited an average im- 405

provement of 3.28. The improvement was 2.12 in 406

the reverse direction. 407

Training directions. Comparing (a) and (b) in 408

Figure 2, we find that the translation performance 409

when training from the new language to the origi- 410

nal language is better than in the opposite direction. 411

There are two reasons for this phenomenon: Firstly, 412

decoding the new language does not perform as 413

well as decoding the original language. Secondly, 414

the new language is not well represented in the 415

subword vocabulary, leading to a high frequency 416

of unknown tokens (UNKs) when the fine-grained 417

subword model is used for generating the new lan- 418

guage (Pfeiffer et al., 2021). We believe that the 419

first reason is the main factor. He et al. (2019) 420

6https://github.com/facebookresearch/flores/
tree/main/flores200
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(a) Translation from new languages to original languages
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(b) Translation from original languages to new languages

Figure 2: Main Results (the answer of Q1): Average BLEU scores for different categories in two directions on
the FLORES-200 benchmark. The original languages in (a) and (b) indicates the languages already supported in
m2m_100. We do not include the results of m2m_100 method in (b), because the original m2m_100 model does not
support the translation from original languages to new languages.
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(a) Extended model trained from aka to original languages
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(b) Extended model trained from ban to original languages
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(c) Extended model trained from original languages to aka
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(d) Extended model trained from original languages to ban

Figure 3: Main Results (the answer of Q2): chrF++ scores of the extended model on 9 original language pairs
grouped by available resources on both source and target sizes (Low, Mid, High). In each language pair classification,
we random select two example pairs and we show the average chrF++ scores. (a) and (b) evaluate the extended
model trained from the new language to the original languages. (c) and (d) evaluate the extended model trained
from the original languages to the new language.

discovered that the decoder of machine translation421

is more sensitive to noisy inputs than the encoder.422

Compared to the original language, the new lan-423

guage has less data available, making it difficult424

to train a proper decoder from scratch. This can425

introduce additional noise into the decoder during426

machine translation, negatively impacting overall427

translation performance. This problem is further428

illustrated in Table 1. However, translation from429

the new language to the original language does430

not suffer from these issues, because the new lan-431

guage can share some vocabulary with the original432

language on the source-side.433

Corpora sizes. Our investigation reveals that434

our method demonstrates enhanced effectiveness435

when applied to larger corpora. Notably, the trans-436

lation performance in the bjn language exhibits437

the most significant improvement in both transla- 438

tion directions, outperforming other baselines by a 439

considerable margin. The reason behind this obser- 440

vation is that with a larger corpus, the model can 441

be trained more extensively, allowing it to reach a 442

sufficient level of proficiency. On the other hand, 443

when the corpus is small, the model may converge 444

prematurely, leading to suboptimal performance. 445

Different language categories. We observe that 446

our approach achieves better performance in lan- 447

guage pairs where the original language is a high- 448

resource language, compared to language pairs in- 449

volving low- and mid-resource languages. This 450

discrepancy can be attributed to the superior per- 451

formance of the original m2m_100 model when 452

translating between high-resource languages and 453

English. As a result, our approach can effectively 454
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imitate high-quality translations between high-455

resource languages and new languages. Conversely,456

the original m2m_100 model exhibits poor per-457

formance when translating between low-resource458

languages and English, with BLEU scores mostly459

below 5. Consequently, when attempting to im-460

itate translations to a new language using these461

low-resource languages, the presence of significant462

noise leads to even worse translation quality.463

Q2: avoiding catastrophic forgetting464

Baselines. Figure 3 shows that all baselines suf-465

fered from severe catastrophic forgetting, wherein466

the training process prioritized adaptation to the467

new language at the expense of the original lan-468

guage pair. Consequently, the performance on the469

original language pairs deteriorated significantly.470

Impact of extended model performance. As471

depicted in Table 6 and 7, the performance of the472

model extended with the ban language outperforms473

the performance of the model extended with aka.474

By comparing (a) and (b) as well as (c) and (d) in475

Figure 3, we find that the extended model for the476

ban language has a smaller impact on the original477

language pairs compared to the extended model478

for the aka language. For instance, when com-479

paring (a) and (b) in the eng2srp language pair,480

the aka extended model performs −1.92 lower,481

whereas it achieves an increase of +0.37 in case482

of ban (Please refer to Table 8 and 9 for detailed483

scores). This observation can be attributed to lan-484

guage transfer in the MNMT model. When the485

extended model demonstrates good performance, it486

indicates a stronger integration of the new language487

into the MNMT model and an enhanced ability to488

transfer between the original languages. As a result,489

the extended model with improved performance490

has a smaller impact on the original language pair.491

For instance, as shown in Figure 3, (b) performs492

significantly better than (a), and similarly, (d) out-493

performs (c).494

Training directions. Comparing (a) and (c), as495

well as (b) and (d) in Figure 3, it becomes apparent496

that extending the source side yields better results497

compared to extending the target side. For example,498

in the case of the eng2deu language pair, the ex-499

tended model trained from the new language to the500

original language has a smaller impact compared to501

the extended model trained in the reverse direction.502

This is evident from the differences observed be-503

tween our method and the original m2m_100 model504

when comparing (a) and (c) as well as (b) and (d)505

in Figure 3. Specifically, the differences are −3.77506

versus −5.96 and +0.27 versus −4.85 (Please re- 507

fer to Table 8 and 9 for detailed scores). This phe- 508

nomenon is similar to the conclusion drawn in Fig- 509

ure 2, i.e., the performance of the extended model 510

trained from the new language to the original lan- 511

guage surpasses that of the model trained in the 512

opposite direction, reinforcing the consistency of 513

the findings. 514

Different language categories. Our findings in- 515

dicate that language pairs including high-resource 516

target languages (e.g., L2H, M2H, and H2H) con- 517

sistently exhibit better performance compared to 518

the other six translation categories. Notably, the 519

H2H direction stands out as particularly strong in 520

terms of translation quality. The reason behind 521

this observation is that the H2H language pairs al- 522

ready demonstrate strong performance in the origi- 523

nal m2m_100 model, due to abundant training data. 524

As a result, the imitation process assigns higher 525

weights to these language pairs, as indicated by 526

Eq. 2, further enhancing their overall performance. 527

6 Analysis 528

6.1 Ablation Study 529

To investigate the importance of the dynamic lan- 530

guage weight allocation proposed in Section 3.2.1 531

and the superiority of our designed imitation learn- 532

ing framework (i.e., separating the expert model 533

and the learning model instead of the on-the-fly in a 534

mixing mode), we conduct a detailed ablation anal- 535

ysis and the results are shown in Table 2. By com- 536

paring #2 with #3, and #4 with #5, we find that LW 537

demonstrate its advantages in both Imit-MNMT 538

and On-the-Fly methods, with the advantage be- 539

ing particularly in Imit-MNMT. Furthermore, the 540

comparison between #3 and #5 highlights the ad- 541

vantage of our imitation learning, i.e., separating 542

the expert model from the learning model and in- 543

stead updating the weights individually within the 544

learner model. 545

6.2 Copy and Off-Target Problems 546

Our analysis focuses on two common problems 547

in large-scale MNMT models. The copying prob- 548

lem (Liu et al., 2021) refers to the phenomenon 549

where certain words are excessively copied by the 550

models from the source side to the target side in- 551

stead of being accurately translated. On the other 552

hand, the off-target problem (Zhang et al., 2020) 553

arises when the MNMT model translates the text 554

into an incorrect language. 555
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CR_from_aka CR_to_aka OTR_from_aka OTR_to_aka

aka ban aka ban aka ban aka ban

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 0.38 0.31 0.48 0.44 0.47 0.50 - - - - - - 0.44 0.52 0.46 0.70 0.84 0.90 - - - - - -
Finetune 0.24 0.27 0.24 0.25 0.25 0.24 0.29 0.27 0.25 0.40 0.41 0.38 0.93 0.84 0.78 0.99 0.99 0.85 0.29 0.21 0.23 0.16 0.12 0.12
Extend_Vocab 0.47 0.39 0.50 0.31 0.30 0.30 0.33 0.32 0.28 0.34 0.36 0.31 0.95 0.93 0.83 0.99 0.99 0.85 0.33 0.30 0.31 0.33 0.22 0.17
Adapter 0.38 0.33 0.37 0.25 0.16 0.19 0.27 0.26 0.29 0.37 0.34 0.28 0.31 0.28 0.13 0.36 0.25 0.10 0.15 0.18 0.20 0.27 0.24 0.23

On-the-Fly (k=5) 0.46 0.37 0.42 0.31 0.20 0.23 0.30 0.29 0.32 0.38 0.36 0.31 0.43 0.35 0.37 0.42 0.37 0.26 0.21 0.25 0.28 0.30 0.25 0.25
On-the-Fly (k=10) 0.48 0.46 0.47 0.37 0.22 0.25 0.32 0.31 0.35 0.41 0.37 0.34 0.56 0.47 0.42 0.50 0.43 0.33 0.25 0.33 0.30 0.31 0.28 0.27

Our (k=5) 0.31 0.20 0.25 0.25 0.07 0.11 0.15 0.25 0.23 0.24 0.17 0.11 0.26 0.05 0.02 0.28 0.33 0.00 0.11 0.16 0.16 0.04 0.04 0.04
Our (k=10) 0.29 0.18 0.15 0.22 0.05 0.05 0.15 0.23 0.23 0.23 0.17 0.10 0.26 0.05 0.02 0.23 0.02 0.00 0.08 0.12 0.13 0.03 0.04 0.03

Table 1: Copy and Off-Target Problem: results of copy ratio (CR) and off-target ratio (OTR). A lower value
indicates better performance of the model. The ‘A_B_C’ in header indicates ‘A’ (CR and OTR) problem for extended
model translate from (to) aka to (from) the original languages. Bold and underlined numbers indicates the best and
second-best results respectively.

New→Original Original→New

low mid high low mid high

#1 m2m 1.20 1.94 2.47 - - -

#2
On-the-Fly (k=5) 1.11 2.37 4.39 1.84 2.75 3.81
On-the-Fly (k=10) 1.06 2.18 4.21 1.78 2.64 3.70

#3
On-the-Fly with LW (k=5) 1.87 2.65 5.14 1.88 2.86 3.89
On-the-Fly with LW (k=10) 2.02 2.83 5.36 2.06 2.93 3.26

#4
Imit-MNMT w/o LW (k=5) 2.15 3.14 5.47 2.08 2.91 4.05
Imit-MNMT w/o LW (k=10) 2.47 3.62 5.88 2.27 2.84 2.97

#5
Imit-MNMT(k=5) 3.71 9.26 13.99 2.99 5.81 7.11
Imit-MNMT(k=10) 4.16 9.45 14.04 3.60 6.52 7.94

Table 2: Ablation study of Imit-MNMT with/without
using language weighting (LW) on extending the
m2m_100 model on ‘bjn’.

In contrast to (Liu et al., 2021), we consider two556

distinct types of copying behaviors: i) the propor-557

tion of tokens copied from the source sentence; ii)558

the ratio of consecutively repeated words in the559

generated target sentences. The total copying ratio560

(CR) can be formulated as follows:561

CR =

∑T
i=1 cs(i)∑T

i=1 count(i)
+

∑T
i=1 rt(i)∑T

i=1 count(i)
(6)562

where cs(·) is number of tokens copied from the563

source sentence (i), rt(·) is the number of con-564

secutive repeated tokens in the generated target565

sentences and count(·) is the number of tokens in566

the generated target sentence. T is the number of567

sentences in the test set.568

To quantify the extent of off-target behaviors,569

we compute the ratio of off-target sentences in the570

translation outputs using the following formula:571

OTR =

∑T
i=1 ot(i)

T
(7)572

where ot(·) is a function that judges whether a573

sentence belongs to an incorrect language7.574

7We use language identification from NLLB: https://dl.
fbaipublicfiles.com/nllb/lid/lid218e.bin

We conducted experiments to demonstrate the ef- 575

fectiveness of our proposed methods in addressing 576

these two challenges in Table 1. We observe the fol- 577

lowing findings: i) Our approach has demonstrated 578

effectiveness in tackling both of these challenges, 579

which shows a reduction in CR and OTR. ii) All our 580

findings align with the four comparisons presented 581

in Figure 2 and 3. These two figures show that our 582

method exhibits superior performance in extend- 583

ing the new language compared to other baselines. 584

This suggests that the representation information 585

of the new language is more effectively integrated 586

into the MNMT model, resulting in a decrease in 587

both CR and OTR. We show the complete results 588

for the copy and off target problems in Appendix C. 589

6.3 Further Investigation 590

In addition, we conducted an evaluation of the do- 591

main transfer ability of our approach. We find that 592

our method outperforms other baseline methods in 593

zero-shot scenarios. For additional detailed results, 594

please refer to the Appendix D. 595

7 Conclusion 596

We introduce Imit-MNMT, an innovative ap- 597

proach that extends MNMT to new languages with- 598

out compromising the translation performance of 599

the original language pairs. More specifically, we 600

present a novel perspective on extending a MNMT 601

model by framing it as an imitation game. Remark- 602

ably, our approach leverages only a parallel corpus 603

between the new language and English. Our ap- 604

proach outperforms several robust baseline systems, 605

showcasing its superior performance. Furthermore, 606

it exhibits zero-shot domain transfer capabilities 607

and provides notable advantages in addressing the 608

copy and off-target problems. 609
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8 Limitations610

This work has two limitations. i) We conducted611

evaluations solely on the m2m_100 model. How-612

ever, our approach is expected to be applicable to613

other models such as mt5, mbart, etc., and can614

be extended to various other NLP tasks, including615

question answering and text generation. ii) We616

specifically focused on the scenario of utilizing a617

parallel corpus only from the new language to En-618

glish. However, it is worth noting that there might619

exist parallel sentence pairs between the new lan-620

guage and other languages as well. We believe621

that incorporating additional corpora from other622

languages has the potential to further enhance the623

overall performance.624
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A Datasets878

All the corpora used in our experiments are pub-879

licly available through the NLLB corpus, which880

was mined by AllenAI. We conducted the follow-881

ing cleaning and filtering prepossessing steps on882

the corpus: i) elimination of duplicated sentences;883

ii) exclusion of sentences exceeding 120 tokens884

in length; iii) removal of sentences identified as885

incorrect language using a langid model. Table 3886

shows the detailed statistics of the corpus after pre-887

processing. Our approach is evaluated using the888

FLORES-200 dataset.889

Language #Size Language #Size
Akan (aka) 133,151 Dyula (dyu) 286,391
Dinka (dik) 159,128 Balinese (ban) 324,936
Bambara (bam) 180,936 Bemba (bem) 427,159
Chokwe (cjk) 214,973 Banjar (bjn) 766,894

Table 3: Data statistics (number of sentences) of parallel
data between new languages and English.

B Model Configuration890

Our training process consists of two steps. In each891

batch, we initially generate a pseudo-parallel cor-892

pus online, using an expert model, between the893

new language and the selected k languages. Sub-894

sequently, we employ imitation learning to mimic895

the translation between the new language and the896

original all-language pair. To maintain consistency897

with other baseline systems, we set our batch size898

to 16, learning rate to 5e-5, and dropout to 0.1. Fur-899

thermore, we tune the number of iterations on the900

dev set and update the numbers later.901

C Full Results for Copy and Off-Target902

Problem903

We show the complete results for the copy and904

off-target problems in Table 5.905

D Zero-Shot Domain Transfer906

To explore the zero-shot domain transfer capac-907

ity of our models, we utilize the extended model908

for the dyu language in different domains. All909

experiments are conducted on the FLORES-200910

multi-domain dataset. The corresponding results911

can be found in Table 4. Our approach yielded the912

following findings: i) Our approach demonstrates913

strong domain transfer capabilities, surpassing the914

baseline systems, even when applied to the orig-915

inal language pairs such as eng-rus and eng-wol.916

ii) Our approach exhibits superior transfer capabil- 917

ities in eng-dyu language pair compared to other 918

baselines. This observation, to a certain extent, sug- 919

gests the extendability of our MNMT model to new 920

languages. One possible explanation is that our 921

approach possesses stronger general multilingual 922

properties, which is helpful for domain transfer. 923

This observation aligns with the findings of Lai 924

et al. (2022), who demonstrated that MNMT mod- 925

els can be transferred across different domains in 926

the same language. 927

E Detailed Results 928

In addition to BLEU, we also use chrF++ (Popović, 929

2017) as an evaluation metric. The results in Ta- 930

bles 7 and 9 correspond to Tables 6 and 8, respec- 931

tively. We show that Imit-MNMT is more effective 932

than all baseline systems in terms of chrF++, which 933

is consistent with the BLEU scores. 934
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eng-dyu eng-rus eng-wol
chat health news chat health news chat health news

m2m_100 - - - 18.97 31.46 22.69 0.23 0.84 0.65
Finetune 0.68 0.19 0.34 0.04 0.04 0.02 0.04 0.05 0.08
Extend_Vocab 0.79 0.09 0.24 0.05 0.02 0.03 0.05 0.03 0.08
Adapter 0.30 1.23 2.81 10.55 26.40 17.90 0.43 0.83 1.19

On-the-Fly (k = 5) 0.25 0.86 2.47 8.82 22.06 15.25 0.33 0.75 0.92
On-the-Fly (k = 10) 0.14 0.72 2.09 8.30 21.73 14.77 0.28 0.62 0.81

Our (k = 5) 1.29 1.54 2.75 18.02 31.05 23.02 1.01 1.34 1.45
Our (k = 10) 1.50 1.87 3.28 18.63 31.84 23.41 1.34 1.63 1.76

Table 4: Domain Transfer: evaluate the zero-shot domain transfer on the extended model for the dyu language.

aka dik bam cjk dyu ban bem bjn

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 0.38 0.31 0.48 0.38 0.42 0.49 0.34 0.38 0.45 0.40 0.42 0.47 0.37 0.41 0.35 0.44 0.47 0.50 0.40 0.45 0.54 0.43 0.45 0.45
Finetune 0.24 0.27 0.24 0.34 0.32 0.35 0.26 0.31 0.31 0.36 0.12 0.14 0.42 0.40 0.42 0.25 0.25 0.24 0.23 0.24 0.21 0.10 0.13 0.19
Extend_Vocab 0.47 0.39 0.50 0.39 0.41 0.35 0.38 0.40 0.35 0.34 0.34 0.35 0.48 0.48 0.57 0.31 0.30 0.30 0.27 0.26 0.23 0.10 0.13 0.16
Adapter 0.38 0.33 0.37 0.31 0.36 0.40 0.29 0.27 0.36 0.25 0.14 0.13 0.32 0.31 0.41 0.25 0.16 0.19 0.34 0.27 0.22 0.31 0.24 0.21

On-the-Fly (k=5) 0.46 0.37 0.42 0.38 0.42 0.42 0.35 0.32 0.37 0.28 0.27 0.17 0.37 0.36 0.45 0.32 0.20 0.23 0.36 0.31 0.28 0.35 0.25 0.24
On-the-Fly (k=10) 0.48 0.46 0.47 0.41 0.48 0.46 0.39 0.37 0.40 0.31 0.29 0.20 0.41 0.42 0.48 0.37 0.22 0.25 0.39 0.34 0.31 0.38 0.29 0.28

Our (k=5) 0.31 0.20 0.25 0.34 0.34 0.33 0.33 0.30 0.31 0.25 0.12 0.05 0.38 0.24 0.37 0.25 0.07 0.11 0.20 0.17 0.17 0.05 0.09 0.09
Our (k=10) 0.29 0.18 0.15 0.33 0.30 0.31 0.30 0.22 0.25 0.20 0.08 0.01 0.32 0.20 0.33 0.22 0.05 0.05 0.15 0.11 0.13 0.05 0.08 0.06

(a) Copy Ratio: Extended model translate from aka to original languages

aka dik bam cjk dyu ban bem bjn

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 - - - - - - - - - - - - - - - - - - - - - - -
Finetune 0.29 0.27 0.25 0.34 0.38 0.40 0.39 0.36 0.38 0.37 0.33 0.35 0.35 0.31 0.29 0.40 0.41 0.38 0.34 0.38 0.39 0.21 0.23 0.13
Extend_Vocab 0.33 0.32 0.28 0.42 0.44 0.43 0.40 0.38 0.37 0.29 0.24 0.14 0.33 0.32 0.35 0.34 0.36 0.31 0.38 0.40 0.43 0.28 0.31 0.30
Adapter 0.27 0.26 0.29 0.36 0.41 0.40 0.42 0.38 0.35 0.33 0.28 0.28 0.30 0.29 0.30 0.37 0.34 0.28 0.35 0.33 0.32 0.26 0.27 0.28

On-the-Fly (k=5) 0.30 0.29 0.32 0.38 0.43 0.41 0.45 0.40 0.36 0.35 0.30 0.30 0.32 0.31 0.31 0.38 0.36 0.31 0.35 0.37 0.37 0.28 0.29 0.30
On-the-Fly (k=10) 0.32 0.31 0.35 0.40 0.44 0.45 0.46 0.41 0.39 0.36 0.32 0.31 0.33 0.35 0.33 0.41 0.37 0.34 0.38 0.39 0.39 0.30 0.35 0.34

Our (k=5) 0.15 0.25 0.23 0.29 0.28 0.25 0.29 0.26 0.21 0.14 0.18 0.19 0.16 0.17 0.22 0.24 0.17 0.11 0.17 0.19 0.16 0.15 0.12 0.14
Our (k=10) 0.15 0.23 0.23 0.26 0.28 0.22 0.27 0.21 0.15 0.13 0.14 0.14 0.14 0.12 0.14 0.23 0.17 0.10 0.14 0.15 0.12 0.10 0.09 0.09

(b) Copy Ratio: Extended model translate from original languages to aka
aka dik bam cjk dyu ban bem bjn

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 0.44 0.52 0.46 0.42 0.54 0.47 0.38 0.47 0.39 0.64 0.8 0.82 0.57 0.73 0.78 0.70 0.84 0.90 0.66 0.81 0.86 0.70 0.85 0.90
Finetune 0.93 0.84 0.78 0.95 0.91 0.81 0.98 0.96 0.85 0.98 0.95 0.84 0.99 0.96 0.85 0.99 0.99 0.85 0.99 0.99 0.85 0.99 0.99 0.85
Extend_Vocab 0.95 0.93 0.83 0.98 0.96 0.84 0.99 0.97 0.86 0.99 0.97 0.86 0.99 0.98 0.86 0.99 0.99 0.85 0.99 0.99 0.85 0.99 0.99 0.85
Adapter 0.31 0.28 0.13 0.33 0.20 0.14 0.42 0.28 0.22 0.43 0.20 0.23 0.36 0.25 0.16 0.36 0.25 0.10 0.36 0.20 0.13 0.48 0.19 0.12

On-the-Fly (k=5) 0.43 0.35 0.37 0.44 0.37 0.28 0.45 0.35 0.30 0.48 0.34 0.35 0.43 0.28 0.27 0.42 0.37 0.26 0.49 0.38 0.25 0.52 0.28 0.22
On-the-Fly (k=10) 0.56 0.47 0.42 0.51 0.40 0.32 0.57 0.44 0.38 0.52 0.39 0.42 0.49 0.32 0.30 0.50 0.43 0.33 0.54 0.42 0.31 0.55 0.34 0.29

Our (k=5) 0.26 0.05 0.02 0.28 0.05 0.02 0.29 0.04 0.02 0.28 0.06 0.03 0.29 0.08 0.06 0.28 0.03 0.00 0.19 0.04 0.01 0.26 0.03 0.00
Our (k=10) 0.26 0.05 0.02 0.24 0.05 0.02 0.25 0.04 0.02 0.26 0.05 0.02 0.26 0.08 0.05 0.23 0.02 0.00 0.13 0.03 0.01 0.23 0.03 0.00

(c) Off-Target Ratio: Extended model translate from aka to original languages

aka dik bam cjk dyu ban bem bjn

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 - - - - - - - - - - - - - - - - - - - - - - - -
Finetune 0.29 0.21 0.23 0.23 0.21 0.19 0.16 0.15 0.14 0.34 0.23 0.22 0.25 0.21 0.19 0.16 0.12 0.12 0.24 0.19 0.16 0.22 0.17 0.17
Extend_Vocab 0.33 0.30 0.31 0.40 0.27 0.21 0.29 0.18 0.17 0.58 0.50 0.50 0.31 0.22 0.20 0.33 0.22 0.17 0.31 0.29 0.28 0.60 0.50 0.46
Adapter 0.15 0.18 0.20 0.18 0.15 0.16 0.23 0.14 0.16 0.30 0.27 0.25 0.25 0.20 0.20 0.27 0.24 0.23 0.28 0.26 0.24 0.31 0.26 0.24

On-the-Fly (k=5) 0.21 0.25 0.28 0.24 0.18 0.20 0.28 0.19 0.20 0.35 0.30 0.28 0.28 0.27 0.22 0.30 0.25 0.25 0.31 0.28 0.25 0.33 0.29 0.27
On-the-Fly (k=10) 0.25 0.33 0.30 0.28 0.24 0.23 0.30 0.25 0.23 0.39 0.33 0.31 0.30 0.29 0.26 0.31 0.28 0.27 0.34 0.31 0.27 0.35 0.31 0.31

Our (k=5) 0.11 0.16 0.16 0.08 0.07 0.06 0.06 0.05 0.05 0.12 0.15 0.16 0.09 0.16 0.14 0.01 0.01 0.01 0.04 0.04 0.04 0.12 0.10 0.11
Our (k=10) 0.08 0.12 0.13 0.07 0.05 0.05 0.04 0.05 0.04 0.10 0.14 0.14 0.09 0.13 0.10 0.01 0.01 0.01 0.03 0.04 0.03 0.10 0.07 0.08

(d) Off-Target Ratio: Extended model translate from original languages to aka

Table 5: Copy and Off-Target Problem: results of copy ratio (CR) and off-target ratio (OTR). A lower value
indicates better performance of the model.
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aka dik bam cjk dyu ban bem bjn

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 0.67 0.78 1.20 0.55 0.76 1.08 0.45 0.55 0.70 0.69 0.88 1.27 0.41 0.56 0.85 1.07 1.82 2.41 0.97 1.26 1.95 1.20 1.94 2.47
Finetune 0.83 0.88 2.01 0.76 0.78 1.97 0.76 0.76 1.97 0.47 0.49 1.13 0.21 0.18 0.49 1.12 1.12 4.35 1.07 1.00 3.08 1.23 1.18 4.50
Extend_Vocab 0.33 0.34 0.83 0.39 0.38 0.94 0.38 0.34 0.83 0.22 0.21 0.47 0.09 0.09 0.20 0.74 0.74 2.48 0.61 0.52 1.45 0.93 0.85 3.00
Adapter 0.95 1.24 2.40 0.97 1.05 2.32 1.00 1.38 2.85 0.58 1.33 2.19 0.41 0.86 1.40 2.40 3.56 4.69 1.13 2.40 3.23 1.41 2.75 4.77

On-the-Fly (k=5) 0.91 1.03 2.14 0.84 0.95 2.15 0.87 1.17 2.33 0.57 1.02 1.94 0.37 0.75 1.26 2.16 3.25 4.17 0.94 2.05 3.09 1.11 2.37 4.39
On-the-Fly (k=10) 0.82 0.96 1.91 0.79 0.87 2.06 0.75 1.03 2.15 0.41 0.89 1.82 0.28 0.66 1.10 2.03 3.07 4.02 0.81 1.93 2.91 1.06 2.18 4.21

Our (k=5) 1.97 2.94 4.80 1.91 3.48 4.94 1.86 3.88 5.87 1.45 2.49 3.87 1.83 2.37 3.74 3.88 8.62 12.93 3.56 5.41 8.29 3.71 9.26 13.99
Our (k=10) 2.37 3.11 5.17 2.26 3.87 5.37 2.04 4.12 6.27 1.94 2.84 4.25 2.30 2.82 4.18 4.63 9.06 13.53 4.02 5.66 8.63 4.16 9.45 14.04

(a) Translation from new languages to original languages

aka dik bam cjk dyu ban bem bjn

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 - - - - - - - - - - - - - - - - - - - - - - -
Finetune 0.33 0.59 0.82 0.47 0.77 1.12 0.87 1.80 2.31 0.27 0.35 0.48 0.31 0.57 0.82 1.51 2.33 3.94 0.69 1.09 1.75 1.75 2.69 3.72
Extend_Vocab 0.16 0.24 0.33 0.17 0.34 0.50 0.35 0.73 0.90 0.11 0.24 0.36 0.17 0.34 0.53 0.49 1.32 1.85 0.41 0.85 1.04 0.61 1.61 2.48
Adapter 0.53 0.68 0.95 0.61 0.89 1.37 0.98 1.93 2.37 0.63 0.82 0.95 0.72 0.93 1.16 1.74 2.79 4.26 0.94 1.45 2.67 1.87 2.93 3.86

On-the-Fly (k=5) 0.41 0.58 0.87 0.57 0.82 1.28 0.91 1.85 2.24 0.56 0.63 0.87 0.68 0.82 1.07 1.53 2.51 4.02 0.85 1.39 2.36 1.84 2.75 3.81
On-the-Fly (k=10) 0.35 0.46 0.75 0.51 0.73 1.11 0.82 1.71 2.16 0.47 0.59 0.76 0.61 0.74 0.93 1.41 2.46 3.83 0.72 1.26 2.25 1.78 2.64 3.70

Our (k=5) 1.54 1.88 2.66 1.98 2.37 3.73 2.21 2.93 3.57 1.15 1.79 2.35 1.35 2.27 3.29 2.96 5.57 7.15 1.69 2.47 3.46 2.99 5.81 7.11
Our (k=10) 2.15 2.47 3.34 2.24 2.79 4.16 2.54 3.41 4.21 1.84 2.47 3.17 1.86 2.68 4.13 3.62 6.09 8.18 2.17 2.96 4.35 3.60 6.52 7.94

(b) Translation from original languages to new languages

Table 6: Main Results (the answer of Q1): Average BLEU scores for different categories in two directions on
the FLORES-200 benchmark. The original languages in (a) and (b) indicates the languages already supported in
m2m_100. k indicates the number of expert language pairs described in Section 3.2.1. Results in bold are significant
over original m2m_100 model at 0.01, evaluated by booststrap resampling (Koehn, 2004).

aka dik bam cjk dyu ban bem bjn

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 15.25 15.97 18.20 14.36 15.85 17.63 13.52 14.36 15.46 15.39 16.57 18.52 13.14 14.44 16.39 17.58 20.66 22.50 17.07 18.48 21.10 18.20 21.06 22.67
Finetune 16.28 16.57 21.29 15.85 15.97 21.16 15.85 15.85 21.16 13.70 13.87 17.88 10.72 10.23 13.87 17.83 17.83 26.92 17.58 17.22 24.24 18.34 18.11 27.20
Extend_Vocab 12.30 12.41 16.28 12.94 12.84 16.90 12.84 12.41 16.28 10.88 10.72 13.70 8.29 8.29 10.57 15.72 15.72 22.70 14.82 14.12 19.28 16.85 16.39 24.05
Adapter 16.96 18.39 22.47 17.07 17.48 22.24 17.22 18.99 23.67 14.60 18.78 21.85 13.14 16.45 19.08 22.47 25.33 27.54 17.88 22.47 24.59 19.12 23.42 27.68

On-the-Fly (k=5) 16.74 17.38 21.70 16.34 16.96 21.73 16.51 18.07 22.27 14.52 17.33 21.06 12.74 15.78 18.48 21.76 24.64 26.57 16.90 21.42 24.26 17.78 22.38 26.99
On-the-Fly (k=10) 16.22 17.01 20.96 16.03 16.51 21.45 15.78 17.38 21.73 13.14 16.63 20.66 11.70 15.18 17.73 21.36 24.21 26.28 16.16 21.03 23.82 17.53 21.82 26.65

Our (k=5) 21.16 23.90 27.73 20.96 25.15 27.98 20.80 26.00 29.48 19.28 22.72 25.98 20.69 22.38 25.71 26.00 33.13 37.47 25.33 28.76 32.74 25.65 33.86 38.38
Our (k=10) 22.38 24.31 28.37 22.06 25.98 28.70 21.39 26.48 30.08 21.06 23.65 26.73 22.18 23.60 26.59 27.43 33.64 37.99 26.28 29.16 33.14 26.56 34.07 38.42

(a) Translation from new languages to original languages

aka dik bam cjk dyu ban bem bjn

low mid high low mid high low mid high low mid high low mid high low mid high low mid high low mid high
m2m_100 - - - - - - - - - - - - - - - - - - - - - - -
Finetune 12.30 14.67 16.22 13.70 15.91 17.83 16.51 20.59 22.21 11.57 12.52 13.78 12.07 14.52 16.22 19.52 22.27 26.12 15.39 17.68 20.42 20.42 23.26 25.67
Extend_Vocab 9.87 11.17 12.30 10.06 12.41 13.95 12.52 15.65 16.68 8.81 11.17 12.63 10.06 12.41 14.20 13.87 18.74 20.76 13.14 16.39 17.43 14.82 19.90 22.70
Adapter 14.20 15.32 16.96 14.82 16.63 18.95 17.12 21.03 22.38 14.97 16.22 16.96 15.59 16.85 18.02 20.38 23.52 26.75 16.90 19.28 23.21 20.83 23.87 25.96

On-the-Fly (k=5) 13.14 14.60 16.51 14.52 16.22 18.57 16.74 20.76 22.00 14.44 14.97 16.51 15.32 16.22 17.58 19.60 22.78 26.28 16.39 19.04 22.36 20.73 23.42 25.86
On-the-Fly (k=10) 12.52 13.61 15.78 14.04 15.65 17.78 16.22 20.27 21.76 13.70 14.67 15.85 14.82 15.72 16.85 19.12 22.64 25.90 15.59 18.48 22.03 20.52 23.13 25.63

Our (k=5) 19.64 20.86 23.18 21.20 22.38 25.69 21.91 23.87 25.35 17.97 20.56 22.33 18.87 22.09 24.73 23.95 29.02 31.30 20.20 22.67 25.11 24.02 29.39 31.25
Our (k=10) 21.73 22.67 24.84 22.00 23.52 26.56 22.86 25.00 26.65 20.73 22.67 24.45 20.80 23.24 26.50 25.46 29.81 32.61 21.79 23.95 26.92 25.41 30.44 32.32

(b) Translation from original languages to new languages

Table 7: Main Results (the answer of Q1): Average chrF++ scores for different categories in two directions on the
FLORES-200 benchmark.
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L2L L2M L2H M2L M2M M2H H2L H2M H2H

afr2tam ibo2pan guj2slk pan2kor tgk2eng gle2spa hin2msa fas2mon dan2est fas2hun ara2eng fas2spa eng2tam fra2hau eng2srp deu2mkd eng2deu fra2deu
m2m_100 1.46 0.60 0.47 1.82 7.99 0.83 20.51 1.45 16.63 13.77 29.21 16.28 2.28 1.67 25.45 20.84 22.79 22.85
Finetune 0.68 0.21 0.06 0.03 3.69 0.34 1.53 0.36 1.50 1.72 17.47 1.50 0.83 1.59 2.86 1.21 2.31 2.02
Extend_Vocab 0.31 0.09 0.02 0.02 1.64 0.29 0.72 0.19 0.45 0.76 7.46 0.98 0.49 0.61 0.54 0.45 1.03 0.76
Adapter - - - - - - - - - - - - - - - - - -

On-the-Fly (k=5) 0.84 0.35 0.34 1.23 4.25 1.25 15.28 1.26 11.54 10.59 20.41 12.75 1.23 1.74 18.53 15.93 18.54 18.35
On-the-Fly (k=10) 0.73 0.27 0.31 1.05 3.87 1.07 13.71 1.03 10.93 8.84 18.43 10.34 1.05 1.41 16.29 12.72 16.31 15.73

Our (k=5) 1.14 1.07 1.08 1.62 6.54 1.71 17.64 1.27 14.61 12.29 27.74 14.79 1.57 2.21 23.15 18.49 18.73 20.78
Our (k=10) 1.21 1.19 1.13 1.68 6.78 1.90 18.75 1.34 15.28 12.62 28.08 15.02 1.69 2.37 23.53 18.87 19.02 21.36

∆ -0.25 +0.59 +0.66 -0.14 -1.21 +1.07 -1.76 -0.11 -1.35 -1.15 -1.13 -1.26 -0.59 +0.70 -1.92 -1.97 -3.77 -1.49

(a) Extended model trained from aka to original languages

L2L L2M L2H M2L M2M M2H H2L H2M H2H

afr2tam ibo2pan guj2slk pan2kor tgk2eng gle2spa hin2msa fas2mon dan2est fas2hun ara2eng fas2spa eng2tam fra2hau eng2srp deu2mkd eng2deu fra2deu
m2m_100 1.46 0.60 0.47 1.82 7.99 0.83 20.51 1.45 16.63 13.77 29.21 16.28 2.28 1.67 25.45 20.84 22.79 22.85
Finetune 0.64 0.23 0.02 0.13 3.93 0.50 1.43 0.41 1.33 0.95 20.87 1.00 0.99 1.69 0.94 0.75 2.36 1.93
Extend_Vocab 0.44 0.13 0.01 0.17 2.08 0.50 1.01 0.30 0.88 0.71 13.91 0.85 0.80 1.15 0.76 0.58 1.71 1.34
Adapter - - - - - - - - - - - - - - - - - -

On-the-Fly (k=5) 0.93 0.32 0.42 1.37 4.95 1.04 16.37 0.93 12.93 11.46 25.47 13.75 1.04 1.28 17.33 16.22 19.94 18.44
On-the-Fly (k=10) 0.81 0.25 0.36 1.14 3.86 0.92 15.71 0.75 11.04 10.08 23.09 12.47 0.85 1.07 15.91 14.85 17.31 16.39

Our (k=5) 1.34 1.14 1.22 1.79 7.92 1.64 20.95 1.46 16.55 13.53 28.89 16.19 2.23 2.10 25.41 20.85 22.43 22.76
Our (k=10) 1.57 1.23 1.27 2.05 7.45 2.15 21.27 1.71 16.84 13.83 29.62 16.46 2.56 2.35 25.82 21.08 23.06 23.01

∆ +0.11 +0.63 +0.80 +0.23 -0.54 +1.32 +0.76 +0.26 +0.21 +0.06 +0.41 +0.18 +0.28 +0.68 +0.37 +0.24 +0.27 +0.16

(b) Extended model trained from ban to original languages

L2L L2M L2H M2L M2M M2H H2L H2M H2H

afr2tam ibo2pan guj2slk pan2kor tgk2eng gle2spa hin2msa fas2mon dan2est fas2hun ara2eng fas2spa eng2tam fra2hau eng2srp deu2mkd eng2deu fra2deu
m2m_100 1.46 0.60 0.47 1.82 7.99 0.83 20.51 1.45 16.63 13.77 29.21 16.28 2.28 1.67 25.45 20.84 22.79 22.85
Finetune 0.23 0.08 0.09 0.06 0.46 0.04 0.62 0.07 0.71 0.65 3.10 1.14 0.45 0.49 4.42 3.98 1.64 1.33
Extend_Vocab 0.11 0.03 0.01 0.03 0.24 0.09 0.13 0.02 0.20 0.13 0.72 0.24 0.13 0.13 0.16 0.17 0.29 0.21
Adapter - - - - - - - - - - - - - - - - - -

On-the-Fly (k=5) 0.42 0.47 0.12 0.52 2.03 0.51 4.24 0.59 4.57 4.81 6.61 5.44 0.73 0.64 6.57 6.91 4.69 5.80
On-the-Fly (k=10) 0.37 0.31 0.08 0.36 1.88 0.44 3.86 0.46 4.22 4.50 6.03 5.03 0.58 0.51 6.19 6.47 4.25 5.36

Our (k=5) 0.88 0.82 0.84 1.24 5.01 0.70 15.16 1.08 12.85 10.2 25.86 13.26 1.22 1.19 20.59 16.30 16.49 17.63
Our (k=10) 1.03 0.97 0.94 1.37 5.25 0.73 15.47 1.25 13.35 10.82 26.05 13.86 1.69 1.29 21.04 16.97 16.83 18.54

∆ -0.43 +0.37 +0.47 -0.45 -2.74 -0.10 -5.04 -0.20 -3.28 -2.95 -3.16 -2.42 -0.59 -0.38 -4.41 -3.87 -5.96 -4.31

(c) Extended model trained from original languages to aka

L2L L2M L2H M2L M2M M2H H2L H2M H2H

afr2tam ibo2pan guj2slk pan2kor tgk2eng gle2spa hin2msa fas2mon dan2est fas2hun ara2eng fas2spa eng2tam fra2hau eng2srp deu2mkd eng2deu fra2deu
m2m_100 1.46 0.60 0.47 1.82 7.99 0.83 20.51 1.45 16.63 13.77 29.21 16.28 2.28 1.67 25.45 20.84 22.79 22.85
Finetune 0.29 0.12 0.03 0.00 0.30 0.24 1.54 0.17 0.87 0.31 0.78 0.55 0.47 1.25 0.84 0.50 1.23 0.96
Extend_Vocab 0.13 0.02 0.01 0.01 0.16 0.23 0.53 0.07 0.47 0.17 0.46 0.27 0.26 0.46 0.41 0.22 0.67 0.50
Adapter - - - - - - - - - - - - - - - - - -

On-the-Fly (k=5) 0.76 0.44 0.62 0.83 3.25 0.43 6.28 0.81 6.22 5.51 8.83 7.31 1.17 1.21 9.74 7.70 9.84 9.37
On-the-Fly (k=10) 0.62 0.38 0.51 0.61 2.84 0.37 5.52 0.75 5.85 5.27 7.36 6.29 0.87 1.04 8.20 6.62 7.73 8.52

Our (k=5) 0.96 0.85 1.01 1.31 5.71 1.03 15.73 1.12 13.10 10.68 26.15 13.61 1.41 1.38 21.74 16.61 17.60 18.20
Our (k=10) 1.16 1.04 1.20 1.44 5.88 1.17 15.89 1.36 13.67 10.90 26.59 14.16 1.77 1.44 22.36 17.26 17.94 18.49

∆ -0.30 +0.44 +0.73 -0.38 -2.11 +0.34 -4.62 -0.09 -2.96 -2.87 -2.62 -2.12 -0.51 -0.23 -3.09 -3.58 -4.85 -4.36

(d) Extended model trained from original languages to ban

Table 8: Main Results (the answer of Q2): BLEU scores of the extended model on 9 original language pairs
grouped by available resources on both source and target sizes (Low, Mid, High). In each language pair classification,
we random select two example pairs. (a) and (b) evaluate the extended model trained from the new language to the
original languages. (c) and (d) evaluate the extended model trained from the original languages to the new language.
∆ indicates the difference between m2m_100 and our approach. Bold and underlined numbers indicates the best
and second-best results respectively. We do not include the results of Adapter method, because the results are the
same as in (Fan et al., 2021).
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L2L L2M L2H M2L M2M M2H H2L H2M H2H

afr2tam ibo2pan guj2slk pan2kor tgk2eng gle2spa hin2msa fas2mon dan2est fas2hun ara2eng fas2spa eng2tam fra2hau eng2srp deu2mkd eng2deu fra2deu
m2m_100 19.32 14.75 13.70 20.66 32.38 16.28 43.11 19.28 40.45 38.20 48.00 40.19 22.12 20.13 46.03 43.32 44.51 44.55
Finetune 15.32 10.72 7.33 5.94 25.61 12.41 19.60 12.63 19.48 20.31 41.06 19.48 16.28 19.83 23.70 18.25 22.21 21.32
Extend_Vocab 12.07 8.29 5.25 5.25 20.02 11.83 15.59 10.40 13.52 15.85 31.71 17.12 13.87 14.82 14.28 13.52 17.38 15.85
Adapter - - - - - - - - - - - - - - - - - -

On-the-Fly (k=5) 16.34 12.52 12.41 18.34 26.73 18.43 39.42 18.48 36.20 35.27 43.05 37.31 18.34 20.38 41.80 39.92 41.81 41.68
On-the-Fly (k=10) 15.65 11.57 12.07 17.48 25.98 17.58 38.15 17.38 35.61 33.39 41.73 35.01 17.48 19.12 40.20 37.29 40.21 39.77

Our (k=5) 17.92 17.58 17.63 19.94 30.47 20.27 41.18 18.52 38.89 36.90 47.25 39.03 19.75 21.91 44.72 41.77 41.94 43.28
Our (k=10) 18.25 18.16 17.88 20.16 30.80 20.93 41.95 18.83 39.42 37.20 47.42 39.22 20.20 22.38 44.95 42.03 42.13 43.64

∆ -1.07 +3.41 +4.18 -0.50 -1.58 +4.65 -1.16 -0.46 -1.03 -1.00 -0.57 -0.97 -1.92 +2.26 -1.08 -1.29 -2.38 -0.90

(a) Extended model trained from aka to original languages

L2L L2M L2H M2L M2M M2H H2L H2M H2H

afr2tam ibo2pan guj2slk pan2kor tgk2eng gle2spa hin2msa fas2mon dan2est fas2hun ara2eng fas2spa eng2tam fra2hau eng2srp deu2mkd eng2deu fra2deu
m2m_100 19.32 14.75 13.70 20.66 32.38 16.28 43.11 19.28 40.45 38.20 48.00 40.19 22.12 20.13 46.03 43.32 44.51 44.55
Finetune 15.04 11.02 5.25 9.27 26.10 13.95 19.20 13.14 18.78 16.96 43.34 17.22 17.17 20.20 16.90 15.78 22.36 21.03
Extend_Vocab 13.42 9.27 4.25 10.06 21.51 13.95 17.28 11.95 16.57 15.52 38.31 16.39 16.10 17.97 15.85 14.60 20.27 18.83
Adapter - - - - - - - - - - - - - - - - - -

On-the-Fly (k=5) 16.85 12.19 13.24 18.95 28.00 17.43 40.26 16.85 37.47 36.12 46.04 38.18 17.43 18.57 40.96 40.14 42.74 41.74
On-the-Fly (k=10) 16.16 11.31 12.63 17.92 25.96 16.79 39.76 15.78 35.72 34.74 44.69 37.06 16.39 17.58 39.91 39.08 40.94 40.27

Our (k=5) 18.83 17.92 18.30 20.56 32.29 20.02 43.39 19.32 40.39 37.99 47.84 40.12 21.97 21.58 46.01 43.32 44.30 44.49
Our (k=10) 19.75 18.34 18.52 21.42 31.70 21.73 43.59 20.27 40.60 38.25 48.20 40.32 22.91 22.33 46.23 43.47 44.67 44.64

∆ +0.43 +3.59 +4.83 +0.76 -0.68 +5.46 +0.48 +0.99 +0.15 +0.05 +0.20 +0.13 +0.79 +2.20 +0.20 +0.15 +0.16 +0.09

(b) Extended model trained from ban to original languages

L2L L2M L2H M2L M2M M2H H2L H2M H2H

afr2tam ibo2pan guj2slk pan2kor tgk2eng gle2spa hin2msa fas2mon dan2est fas2hun ara2eng fas2spa eng2tam fra2hau eng2srp deu2mkd eng2deu fra2deu
m2m_100 19.32 14.75 13.70 20.66 32.38 16.28 43.11 19.28 40.45 38.20 48.00 40.19 22.12 20.13 46.03 43.32 44.51 44.55
Finetune 11.02 8.00 8.29 7.33 13.61 6.48 14.90 7.68 15.52 15.11 24.29 17.92 13.52 13.87 27.05 26.20 20.02 18.78
Extend_Vocab 8.81 5.94 4.25 5.94 11.17 8.29 9.27 5.25 10.57 9.27 15.59 11.17 9.27 9.27 9.87 10.06 11.83 10.72
Adapter - - - - - - - - - - - - - - - - - -

On-the-Fly (k=5) 13.24 13.70 9.05 14.12 21.36 14.04 26.71 14.67 27.32 27.75 30.57 28.81 15.65 15.04 30.51 30.98 27.54 29.38
On-the-Fly (k=10) 12.74 12.07 8.00 12.63 20.86 13.42 25.96 13.61 26.67 27.20 29.72 28.13 14.60 14.04 29.96 30.37 26.73 28.68

Our (k=5) 16.57 16.22 16.34 18.39 28.10 15.46 39.33 17.63 37.40 34.87 46.25 37.76 18.30 18.16 43.16 40.20 40.35 41.17
Our (k=10) 17.38 17.07 16.90 18.95 28.50 15.65 39.57 18.43 37.84 35.50 46.36 38.27 20.20 18.61 43.44 40.70 40.60 41.81

∆ -1.94 +2.32 +3.21 -1.71 -3.88 -0.62 -3.54 -0.85 -2.61 -2.70 -1.64 -1.92 -1.92 -1.52 -2.58 -2.62 -3.91 -2.74

(c) Extended model trained from original languages to aka

L2L L2M L2H M2L M2M M2H H2L H2M H2H

afr2tam ibo2pan guj2slk pan2kor tgk2eng gle2spa hin2msa fas2mon dan2est fas2hun ara2eng fas2spa eng2tam fra2hau eng2srp deu2mkd eng2deu fra2deu
m2m_100 19.32 14.75 13.70 20.66 32.38 16.28 43.11 19.28 40.45 38.20 48.00 40.19 22.12 20.13 46.03 43.32 44.51 44.55
Finetune 11.83 9.05 5.94 0.00 11.95 11.17 19.64 10.06 16.51 12.07 15.97 14.36 13.70 18.43 16.34 13.95 18.34 17.01
Extend_Vocab 9.27 5.25 4.25 4.25 9.87 11.02 14.20 7.68 13.70 10.06 13.61 11.57 11.44 13.61 13.14 10.88 15.25 13.95
Adapter - - - - - - - - - - - - - - - - - -

On-the-Fly (k=5) 15.85 13.42 14.90 16.28 24.64 13.33 30.09 16.16 30.01 28.92 33.37 31.51 18.07 18.25 34.38 32.02 34.49 33.98
On-the-Fly (k=10) 14.90 12.84 14.04 14.82 23.65 12.74 28.94 15.78 29.45 28.53 31.58 30.11 16.51 17.43 32.63 30.58 32.05 33.01

Our (k=5) 17.01 16.39 17.28 18.70 29.24 17.38 39.77 17.83 37.62 35.36 46.41 38.06 19.12 18.99 43.88 40.43 41.15 41.57
Our (k=10) 18.02 17.43 18.20 19.24 29.50 18.07 39.89 18.91 38.11 35.58 46.65 38.52 20.49 19.24 44.25 40.91 41.39 41.77

∆ -1.30 +2.68 +4.51 -1.42 -2.88 +1.79 -3.22 -0.37 -2.34 -2.62 -1.35 -1.67 -1.64 -0.89 -1.77 -2.41 -3.12 -2.77

(d) Extended model trained from original languages to ban

Table 9: Main Results (the answer of Q2): ChrF++ scores of the extended model on 9 original language pairs
grouped by available resources on both source and target sizes (Low, Mid, High).
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