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Abstract

LLMs have become a go-to solution not just for001
text generation, but also for natural language002
understanding (NLU) tasks. Acquiring exten-003
sive knowledge through language modeling on004
web-scale corpora, they excel on English NLU,005
yet struggle to extend their NLU capabilities to006
underrepresented languages. In contrast, ma-007
chine translation models (MT) produce excel-008
lent multilingual representations, resulting in009
strong translation performance even for low-010
resource languages. MT encoders, however,011
lack the knowledge necessary for comprehen-012
sive NLU that LLMs obtain through language013
modeling training on immense corpora. In this014
work, we get the best both worlds by integrat-015
ing MT encoders directly into LLM backbones016
via sample-efficient self-distillation. The result-017
ing MT-LLMs preserve the inherent multilin-018
gual representational alignment from the MT019
encoder, allowing lower-resource languages020
to tap into the rich knowledge embedded in021
English-centric LLMs. Merging the MT en-022
coder and LLM in a single model, we miti-023
gate the propagation of translation errors and024
inference overhead of MT decoding inherent to025
discrete translation-based cross-lingual trans-026
fer (e.g., translate-test). Evaluation spanning027
three prominent NLU tasks and 127 predom-028
inantly low-resource languages renders MT-029
LLMs highly effective in cross-lingual transfer.030
MT-LLMs substantially and consistently out-031
perform translation-test based on the same MT032
model, showing that we truly unlock multilin-033
gual language understanding for LLMs.034

1 Introduction035

Large Language Models (LLMs) have become the036

swiss-army knife for natural language understand-037

ing (NLU) in English. When pretrained with lan-038

guage modelling on trillions of tokens, LLMs ex-039

cel at complex NLU tasks with minimal or no la-040

beled data (Brown et al., 2020; Touvron et al., 2023;041

AI@Meta, 2024). Although these models are pre-042

dominantly trained on English texts, typically com- 043

prising more than 80% of their training data (Tou- 044

vron et al., 2023; AI@Meta, 2024; Aryabumi et al., 045

2024), they show strong NLU capabilities also in 046

other high-resource languages (Blevins and Zettle- 047

moyer, 2022; Zhu et al., 2023).1 However, LLM 048

performance degrades in cross-lingual transfer to 049

languages that are typologically distant from En- 050

glish or virtually unseen at pretraining (Ojo et al., 051

2024; Holtermann et al., 2024; Razumovskaia et al., 052

2024). This performance degradation restricts the 053

effectiveness of LLMs primarily to English and 054

a tiny subset of high-resource languages and un- 055

derscores shortcomings in their adaptability to un- 056

derrepresented low-resource languages, thereby 057

amplifying the cross-lingual language technology 058

gap (Joshi et al., 2020). 059

In contrast, publicly available machine transla- 060

tion models like NLLB (Team et al., 2022) and 061

MADLAD-400 (Kudugunta et al., 2023) are by 062

design oriented towards and showcase ever more 063

inclusiveness; they provide some machine transla- 064

tion capabilities between more than 200 and 400 065

languages, respectively, in any language direction. 066

Unlike LLMs, machine translation (MT) models, 067

and specifically MT encoders, are designed to se- 068

mantically align textual representations in a unified 069

embedding space, as demonstrated by their sen- 070

tence retrieval performance on the FLORES200 071

dataset (cf. Figure 1). 072

However, the MT models lack various types 073

of knowledge (e.g., world knowledge, common- 074

sense knowledge), commonly acquired through 075

large-scale language modeling pre-training. Con- 076

sequently, in multilingual NLU tasks and respec- 077

tive cross-lingual transfer they underperform even 078

smaller multilingual encoders like XLM-R (Con- 079

neau et al., 2020) (see Appendix A.2 for an em- 080

1For instance, 5% of the 15T pretraining dataset of Llama
3 comprise non-English data spanning over 30 languages. Aya
is tailored for NLU across 23 high-resource languages.
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Figure 1: Mean & std. dev. of sentence translation
retrieval accuracy with BERTScore for NLLB encoder
outputs on pooled dev & devtest sets of FLORES200
by layer (Team et al., 2022).

pirical comparison). Because of this, MT mod-081

els are typically used fully downstream, to trans-082

late training and/or test data from the source to083

the target languages, extending the wide availabil-084

ity of task-annotated English corpora to the tar-085

get languages (Ruder et al., 2021; Artetxe et al.,086

2023; Ebing and Glavaš, 2023). Translating train-087

ing data (TTRAIN) involves substantial computa-088

tional resources but yields strong XLT performance.089

TTRAIN nevertheless requires LLMs to support090

the target languages, which does not hold true for091

low-resource languages (Ojo et al., 2024). Trans-092

lating test data, on the other hand, enables ZS-XLT093

with monolingual LMs, but it incurs an additional094

inference overhead from MT and generally offers095

performance that is slightly inferior to TTRAIN.096

Both TTRAIN and TTEST aim to align the input to097

accommodate the shortcomings of the LLM repre-098

sentation space, resorting for this to discrete natural099

language translations coming from the MT decoder.100

These methods fail to preserve the rich latent rep-101

resentations from the MT encoder and propagate102

translation errors to LLMs, thereby reducing down-103

stream performance (Ponti et al., 2021).104

In this work, we thus propose to merge MT en-105

coders directly with LLMs, creating a unified mul-106

tilingual LLM for enhanced cross-lingual NLU,107

termed MT-LLM. The merger of the two models108

unlocks the potential to combine 1) the general109

knowledge available in the original LLM for En-110

glish and a handful of high-resource languages and111

2) powerful multilingual representations and their112

cross-lingual semantic alignment available in the113

MT encoder (see Figure 1). The key idea involves114

enabling the LLM to directly integrate the output115

representations from MT encoders, this way extend-116

ing its NLU performance to virtually all languages117

supported by the MT encoder.118

We align MT encoders with LLMs via self-119

distillation in two steps. The objective in the first, 120

self-supervised adaptation step is sequence-level 121

alignment between the original LLM and the MT- 122

equipped LLM (MT-LLM). Second, we then ad- 123

dress the distributional shifts inherent to adaptation 124

from general-purpose data to downstream task data 125

through task-specific self-distillation. We fine-tune 126

the LLM on labeled task data, then transfer this 127

task knowledge to the MT-LLM by aligning the 128

task-specific output representations. 129

Contributions. 1) To the best of our knowledge, 130

we are the first to successfully integrate MT en- 131

coders into language model backbones for XLT, 132

thereby enabling ZS-XLT to all languages supported 133

by the MT encoder. This integration yields two 134

key benefits: ZS-XLT performance consistently im- 135

proves over TTEST, while simultaneously reducing 136

inference cost by eliminating the need to translate 137

test instances. In turn, we show that the integra- 138

tion is highly efficient and only requires a few self- 139

supervised adaptation steps to yield performance 140

improvements over the LLM backbone. 2) We 141

empirically show that our approach is agnostic to 142

different types of LLM backbones, i.e., it improves 143

the ZS-XLT capabilities of both decoder-only or 144

encoder-only models. 3) We compare ZS-XLT and 145

TTEST extensively and fairly across all supported 146

language on a range of tasks and a wide spectrum 147

of languages.2 Unlike existing work, we make sure 148

that both cross-lingual transfer approaches—latent 149

with MT-LLM and discrete with TTEST—are eval- 150

uated on an equal footing. Our results demonstrate 151

that ZS-XLT with MT-LLM surpasses TTEST on 152

NLU tasks when both rely on the same MT model. 153

2 Related Work 154

Translation-based XLT is a strong XLT baseline 155

(Ruder et al., 2021; Ebrahimi et al., 2022; Aggar- 156

wal et al., 2022). Previous studies have explored 157

various techniques for leveraging translated train- 158

ing data in XLT (TTRAIN): these include train- 159

ing on translated data in a single target language 160

(Ebrahimi et al., 2022), using concatenated data 161

from all target languages (Ruder et al., 2021), se- 162

quential training starting with the source language 163

followed by the translated target language (Aggar- 164

2Our unified MT-LLM approach integrates additional MT
encoder parameters, while TTEST utilizes both the MT en-
coder and decoder for translating test instances into English.
Additionally, ZS-XLT is commonly evaluated on languages
unsupported by the LLM, where MT models are employed to
bridge this gap in both TTEST and TTRAIN.
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wal et al., 2022), and jointly training on both com-165

bined (Chen et al., 2023). Recent studies have166

also benchmarked translating test data (TTEST)167

(Hu et al., 2020; Isbister et al., 2021), which en-168

ables ZS-XLT without the need for extensive fine-169

tuning for each target language, as in the case of170

TTRAIN. Moreover, both paradigms can be com-171

bined by training on round-trip translated noisy172

source data (translating source-language data to the173

target language and back) and evaluating on tar-174

get language test data translated to the source (Oh175

et al., 2022; Artetxe et al., 2023; Ebing and Glavaš,176

2023). Translating training or test data is essen-177

tially a discrete approach for adjusting the input178

(i.e., its language) to the LLM (i.e., language that179

the LLM is proficient in). In contrast, we propose180

to align latent representation of input, produced by181

the MT encoders, to the representation space of182

the LLM backbone via self-distillation, effectively183

bypassing translation errors that arise from the dis-184

crete translation, output of the MT decoder. By185

retaining continuous MT encoder representations186

and avoiding their discretization in the MT decoder,187

our approach also reduces the time and cost of in-188

ference vis-a-vis TTEST. This also means that the189

MT-LLMs (unlike English-centric LLMs) can also190

reap further gains from TTRAIN, particularly for191

low-resource languages unseen during pretraining.192

While few studies investigated the integration193

of rich MT representations into LMs, these efforts194

have generally focused on task-specific integration,195

without achieving a global representation align-196

ment between the MT encoder and the (large) lan-197

guage model (Ponti et al., 2021; Unanue et al.,198

2023). Our approach addresses this limitation by199

achieving task-agnostic representation alignment200

between MT and LM before task specialization.201

Cross-lingual Transfer with LLMs. Widely202

used LLMs are predominantly trained on English203

data with English text accounting for 80-90% of204

their pretraining corpora (Touvron et al., 2023;205

AI@Meta, 2024). Despite this imbalance, LLMs206

demonstrate a surprisingly strong performance207

in (high-resource) languages, which account for208

only a small fraction of their pretraining corpora209

(Blevins and Zettlemoyer, 2022). The pretraining210

focus on English limits the NLU capabilities of211

LLMs in many low(er)-resource languages, and212

languages linguistically distant from English (Ojo213

et al., 2024). Various methods adapt LLMs to lan-214

guages not covered during pretraining, including215

continued pretraining (Shliazhko et al., 2023; Fujii 216

et al., 2024), self-instruction (Wei et al., 2023), and 217

vocabulary extension (Zhao et al., 2024). These 218

methods yield gains in model’s target language gen- 219

eration capabilities; however, recent work shows 220

that better generation does not translate to stronger 221

NLU performance (Razumovskaia et al., 2024). 222

3 Methodology 223

Idea in a Nutshell. Moving beyond translation- 224

based XLT at the discrete (input data) level, we 225

propose a method that merges a base LLM and 226

an MT encoder into a massively multilingual ‘MT- 227

LLM’. This integration enables the MT-LLM model 228

to perform ZS-XLT to any language supported by 229

the MT encoder by leveraging its multilingual lan- 230

guage alignment capabilities that substantially ex- 231

tend those of the base LLM (see again Figure 1). 232

More concretely, we hypothesize that by fine- 233

tuning additional modular parameters on top of 234

the base LLM, we can align the output represen- 235

tations of the merged MT-LLM with the original 236

output representations of the base LLM. In other 237

words, we learn the MT-LLM alignment via dis- 238

tillation with the LLM itself as the teacher. As 239

a result, the MT encoder representations, which 240

are of high-quality for many languages, act as in- 241

put for the merged MT-LLM. The MT-LLM merge 242

happens in two stages: 1) self-supervised (general, 243

task-agnostic) adaptation and 2) task-specific dis- 244

tillation; we describe both in what follows. 245

Stage 1: Self-Supervised General Adaptation. 246

Figure 2 illustrates the approach in the first stage. 247

We ‘vertically’ fuse a multilingual MT encoder 248

E and an LLM M into a multilingual MT-LLM 249

E × M . To this end, we introduce two sets of 250

new, trainable parameters Θ: We first initialize 251

a projection U ∈ RdE×dM that maps the output 252

representation space RdE of the MT encoder E 253

into the input embedding space RdM of the LLM 254

M . We then insert low-rank adapters (LoRAs) (Hu 255

et al., 2022) ∆W
|W |
i=1 into the linear layers W of the 256

LLM M . All other parameters of the MT encoder 257

E and the LLM M are frozen. 258

The principal idea is to train the new modu- 259

lar parameters Θ = {U,∆W
|W |
i=1 } to enable the 260

LLM backbone M to ‘understand’ output token 261

embeddings of the massively multilingual MT en- 262

coder. To this end, we utilize the original LLM as 263

a teacher, which guides the self-supervised training 264

process of our stacked MT-LLM. In the initial pass, 265
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Figure 2: Overview of Stage 1: we merge an MT encoder (NLLB, as a representative MT model) with an LLM
(obtaining MT-LLM). We train, in a self-supervised distillation setup, the up-projection and LoRA adapters of the
MT-LLM by forcing its output to match (via mean-squared error) the output of the LLM itself.

Figure 3: Overview of the architecture in Stage 2: task-
specific distillation (again assuming the use of NLLB).

we feed the input sequence S through the origi-266

nal LLM M (i.e., without U and ∆W
|W |
i=1 ), and267

pool the output representations {xt1 , ...,x|TM |} of268

tokens {t1, ..., t|TM |} to a sequence embedding269

ϕ
(
{xt}TM

t=1

)
= x̄S . In the subsequent step, we270

first re-embed the sequence S with the MT en-271

coder E. We then input the MT encoder output em-272

beddings into the LLM M , now including U and273

∆WL
i=1, and again pool the resulting output repre-274

sentations {z1, ..., z|TE |} of tokens {t1, ..., t|TE |}275

to a sequence embedding ϕ
(
{zt}TE

t=1

)
= z̄S .276

The appropriate pooling function ϕ depends on277

the prior training regime of the LLM. Common278

choices include BOS-pooling ϕ
(
{xt}Tt=1

)
= x1 or279

mean-pooling ϕ
(
{xt}Tt=1

)
= 1

T

∑T
i=1 xi for en-280

coders, as well as EOS-pooling ϕ
(
{xt}Tt=1

)
= xT281

for decoders. We train the parameters Θ (i.e, U282

and ∆WL
i=1) to minimize the mean-squared error283

MSE(x̄S , z̄S).284

Stage 2: Task-Specific Distillation. The second285

stage is designed to bridge the remaining misalign-286

ment between the MT encoder and LLM in our287

fused MT-LLM E×M in task-specific fine-tuning.288

We hypothesize that optimizing MT-LLM’s repre- 289

sentation alignment on general-purpose data is less 290

sample-efficient than task-specific alignment. Fig- 291

ure 3 depicts the task-specific distillation process. 292

We first fine-tune the base LLM with a classifica- 293

tion head H ∈ Rdm×|C| on the labeled task training 294

data. Task fine-tuning reduces the complexity of 295

the LLM’s output representations, reducing them 296

to encoding only task-specific features: this, in 297

turn, facilitates task-specific representational align- 298

ment for our MT-LLM. Similar to the previous, 299

adaptation stage, we then again fine-tune only the 300

parameters of the LoRA adapters Θ: we continue 301

training the LoRA adapters obtained in Stage 1 302

(i.e., task-agnostic adaptation).3 We again mini- 303

mize the mean-squared error MSE(x̄S , z̄S). During 304

inference, we classify instances with the task head 305

H as trained in the initial LLM task fine-tuning. 306

This way we improve the model’s ability to general- 307

ize on the task, as the MT-LLM is trained to match 308

the output of the knowledge-rich task-specific rep- 309

resentations of the fine-tuned LLM. 310

Both alignment steps together ensure that the 311

latent translations from the MT encoder seamlessly 312

integrate as input representations into the LLM 313

backbone. And this integration extends the access 314

to the knowledge embedded in the LLM to all lan- 315

guages supported by the MT model. 316

4 Experimental Setup 317

4.1 Tasks and Languages 318

We evaluate on two established classification tasks 319

and one multiple-choice machine reading compre- 320

3In our preliminary experiments, merging the LoRAs of
the adaptation phase with new, fine-tuning LoRA adapters
led to numerical instabilities of weights due to quantization,
which severely degraded final task performance.
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hension (MRC) task, which all require nuanced321

NLU capabilities. For each task-dataset combina-322

tion, we evaluate on all languages supported by the323

selected underlying MT model.4324

Natural Language Inference (NLI). We evaluate325

on XNLI (Conneau et al., 2018), AmericasNLI326

(AmNLI) (Ebrahimi et al., 2022), and the NLI data327

of Kardeş-NLU (Senel et al., 2024). We fine-tune328

models on the training portion of MNLI (Williams329

et al., 2018). We feed the mean-pooled token rep-330

resentations of the jointly embedded hypothesis-331

premise sentence-pair into the classifier.332

Sentiment Classification is evaluated on NusaX333

(Winata et al., 2023), which encompasses 10 In-334

donesian languages.5 We use the English training,335

and validation splits with 500 and 100 instances,336

respectively, as source-language data. We feed the337

mean-pooled token embeddings of the input text338

into the classifier.339

Multiple-Choice MRC. Belebele is a multiple-340

choice MRC benchmark encompassing 122 ty-341

pologically diverse language variants (Bandarkar342

et al., 2023). We train models on the English train-343

ing data provided by Bandarkar et al. (2023). We344

jointly embed the paragraph, question, and answers.345

For each choice ci ∈ C, we then average the token346

embeddings and regress the resulting representa-347

tion via head HdM×1 to a logit lci . We then mini-348

mize the cross-entropy between the concatenated349

choice logits {lci}
|C|
i=1 and the true label.350

4.2 Cross-Lingual Transfer Setups351

We evaluate XLT abilities of LLMs in two standard352

setups, ZS-XLT and TTEST. Both paradigms enable353

XLT without requiring further annotation or pro-354

longed training for any target language. We do not355

evaluate TTRAIN or involved strategies based on356

back-translations of source-language training data357

(Artetxe et al., 2023; Ebing and Glavaš, 2023) as358

they require computationally intensive task-specific359

fine-tuning, independently for each target language;360

these variants also require sufficient target language361

‘understanding’ ability from the LLM, which is not362

there for low-resource languages.6363

4Appendix A.4 lists the full details.
5In our experiments on Buginese, as the only outlier, ZS-

XLT performance progressively deteriorated with more distil-
lation (cf. Table 12). This is in line with unusual behavior
for Buginese reported in other work using NLLB (Ebing and
Glavaš, 2023). We thus exclude Buginese results from the
main discussion.

6Unlike the standalone LLM, our MT-LLM supports
TTRAIN to any target language supported by the MT encoder.

ZS-XLT. In ZS-XLT, the model is first trained on 364

source-language training data. Since the model 365

is multilingual, XLT is inherently supported: we 366

simply run inference on target-language instances. 367

Since LLMs are not sufficiently pretrained multi- 368

lingually, we align them with an MT encoder with 369

our self-distillation procedure (cf. Stage 1 in §3). 370

TTEST. In TTEST, the model is initially trained 371

on labeled source-language instances. During infer- 372

ence, the target-language instances are translated 373

to the source language prior to prediction with a 374

dedicated MT model. This enables XLT with mono- 375

lingual (L)LM backbones. 376

4.3 Models and Training Setup 377

Translation Models. We use the NLLB 600M 378

parameter model as our primary MT encoder back- 379

bone (Team et al., 2022) for MT-LLM distillation. 380

For TTEST, we translate validation and test datasets 381

with both the 600M NLLB model as well as with 382

the larger, 3.3B parameter variant. We use greedy 383

decoding as Ebing and Glavaš (2023) showed that 384

more sophisticated decoding strategies yield no 385

downstream improvements in XLT. 386

LLMs. We base our experiments on the Llama 387

3-8B variant (AI@Meta, 2024) that underwent the 388

‘LLM2Vec process’ (BehnamGhader et al., 2024). 389

LLM2Vec is a recipe that converts decoder-only 390

LLMs into powerful sequence encoders by (i) en- 391

abling bidirectional attention and continuing train- 392

ing on both (ii) self-supervised masked next-token 393

prediction, and (iii) SimCSE (Gao et al., 2021).7 394

We refer to the model that fuses the NLLB 600M 395

encoder with LLM2Vec as NLLB-LLM2Vec. We 396

then adapt to downstream tasks by performing ei- 397

ther direct fine-tuning on labeled instances or task- 398

specific self-distillation (cf. Stage 2 in §3). 399

Training Details. We train all models using LoRAs 400

with rank r=16, alpha α=32, and LoRA dropout 401

of 0.05 inserted into all linear layers. We further 402

train models with the 8-bit AdamW (Loshchilov 403

and Hutter, 2019; Dettmers et al., 2021), 4-bit 404

QLoRA-style quantization (Dettmers et al., 2023), 405

weight decay of 0.01, and with 10% linear warm- 406

up and then linear decay. Experimental results are 407

averaged across three random seeds.8 408

Stage 1: Setup. We train for 10K steps on the 409

7We refer the reader to the original LLM2Vec work for
further technical details.

8For NusaX, we repeat experiments with 5 random seeds
due to the smaller dataset size.
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10B tokens subsampled from the FineWeb cor-410

pus (Penedo et al., 2024). While our approach411

supports simultaneous adaptation on all languages412

supported by both the MT model and the LLM, we413

adapt the LLM only on English text.9 We set the414

effective batch size to 256. Learning rate is 2e−4.415

Baselines and Stage 2: Setup. We set the learning416

rate to 1e−4 for downstream task experiments. We417

fine-tune models with an effective batch size of 32,418

for 3 epochs on NLI, for 5 epochs on Belebele, and419

for 20 epochs on NusaX. We validate models at420

every 10% of total training steps. We validate and421

test on all languages that are supported by our MT422

model. We start task-specific self-distillation from423

model snapshots that performed best on source-424

language validation instances.425

5 Results and Discussion426

Table 1 summarizes the results for each task,427

dataset, and model configuration. We then analyze428

the results per each of these dimensions.429

ZS-XLT. Following prior work (Schmidt et al.,430

2023), we report final XLT test performance for431

model checkpoints that maximize performance on432

the source-language (S-DEV) and target-language433

(T-DEV) validation splits, respectively, in order to434

estimate the bounds of both expected (S-DEV) and435

ideal ZS-XLT performance (T-DEV). T-DEV also ab-436

sorbs fluctuation in transfer performance stemming437

from sub-optimal hyperparameters (Keung et al.,438

2020; Schmidt et al., 2023).439

LLM2Vec. Despite its strong English performance440

(as demonstrated in Table 2), the English-centric441

LLM2Vec model based on Llama 3 8B underper-442

forms all other models in ZS-XLT. For instance,443

the considerably smaller NLLB-Encoder (413M444

parameters) alone outperforms LLM2Vec on both445

the NLI and NusaX tasks. This confirms that446

LLMs generally underperform in NLU tasks for447

languages other than English. Notably, TTEST sig-448

nificantly improves upon the ZS-XLT performance449

of LLM2Vec, especially on datasets that predomi-450

nantly feature lower-resource languages (AmNLI,451

Kardeş-NLU). Expectedly, and consistent with find-452

ings from related work (Ansell et al., 2023), the453

larger MT model (NLLB 3B) improves the TTEST454

performance on all tasks.455

9By unlocking ZS-XLT via self-supervised distillation on
English text alone, we demonstrate that any monolingual lan-
guage model can be equipped with an MT encoder.

NLLB-LLM2Vec. The NLLB encoder alone shows 456

strong ZS-XLT performance on sentiment clas- 457

sification (NusaX) but performs worse on NLI 458

and degrades on MRC (Belebele), as the more 459

intricate NLU task. This suggests that MT en- 460

coders indeed lack language understanding abil- 461

ities and knowledge typically acquired with LM 462

objectives on large-scale corpora. Our integrated 463

NLLB-LLM2Vec variants substantially outperform 464

both LLM2Vec and NLLB-Encoder on all NLU 465

tasks, with performance gains on Belebele of 466

12% and 30%, respectively. Specifically, fine- 467

tuning the NLLB-LLM2Vec adapted only in the task- 468

agnostic manner (S1+FT) is already competitive 469

with the more computationally involved TTEST. 470

Our secondary task-specific distillation, i.e., NLLB- 471

LLM2Vec S1+S2, further substantially and consis- 472

tently improves the performance compared to direct 473

fine-tuning (NLLB-LLM2Vec S1+FT). The gains 474

are particularly prominent on NusaX (+9.4%), 475

which has the smallest training set. Our full NLLB- 476

LLM2Vec S1+S2 consistently beats TTEST based 477

on the same NLLB 600M model by sizable mar- 478

gins (3 − 11%). What is more, NLLB-LLM2Vec 479

S1+S2 frequently performs on par or better than 480

TTEST that uses higher-quality translations from 481

the larger NLLB 3B: MT improvements do prop- 482

agate to ZS-XLT because of favorable model se- 483

lection on T-DEV. These results show that NLLB- 484

LLM2Vec (S1+S2) boosts ZS-XLT by allowing the 485

NLU abilities of the LLM to propagate to many 486

languages via the high-quality multilingual repre- 487

sentation space of the NLLB encoder. 488

In sum, our alignment procedure effectively 489

merges NLLB into LLM2Vec to enable ZS-XLT that 490

both outperforms TTEST and reduces inference 491

cost by avoiding decoding in the MT model. Con- 492

sistent improvements of TTEST with NLLB 3B 493

over NLLB 600M suggests that further ZS-XLT 494

gains can be seized by integrating larger MT mod- 495

els into LLM2Vec. Moreover, since NLLB-LLM2Vec 496

is inherently multilingual, NLLB-LLM2Vec can fur- 497

ther benefit from training on translated training 498

data (i.e., TTRAIN): NLLB-LLM2Vec is poised to 499

robustly encode noisily translated training data, as 500

it was trained both on MT and denoising autoen- 501

coding (Team et al., 2022). 502

English. Table 2 shows the in-language (i.e., no 503

XLT) English performance by task for our models. 504

LLM2Vec. Pre-trained on English-dominated web- 505

scale corpora, LLM2Vec demonstrates strong perfor- 506
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XNLI AMNLI KARDEŞ-NLU NUSAX BELEBELE

S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV

Zero-Shot Cross-Lingual Transfer: Fine-tune multilingual model on English training set
LLM2Vec 68.9±2.0 71.1±2.4 40.9±2.0 43.2±1.6 46.7±1.7 51.1±13.2 54.5±13.7 58.9±10.9 48.2±3.2

NLLB-Encoder 71.6±0.2 71.8±0.3 55.3±0.6 56.4±0.3 74.9±0.5 75.2±0.6 80.7±0.2 81.7±0.1 30.4±0.4

NLLB-LLM2Vec S1+FT 80.0±0.9 80.4±0.4 63.0±1.9 64.3±1.2 81.5±1.3 81.3±0.4 72.7±4.4 77.5±2.4 60.2±0.5

NLLB-LLM2Vec S1+S2 81.4±0.6 81.7±0.5 64.0±0.3 64.6±0.7 82.2±0.5 82.1±0.5 82.1±2.6 82.6±2.4 62.6±0.5

Translate-Test: Translate test data to English
LLM2Vec NLLB-600M 78.7±0.7 78.6±0.9 52.0±0.7 52.7±0.6 78.8±0.8 78.4±1.0 78.3±0.9 78.8±1.2 60.7±0.7

LLM2Vec NLLB-3B 80.2±0.6 80.2±0.8 50.9±0.4 51.2±1.7 79.9±0.9 79.9±1.0 82.4±0.6 82.6±0.5 64.2±0.7

Table 1: ZS-XLT vs. TTEST. We benchmark models on ZS-XLT against TTEST on non-English NLU test sets (cf.
§4). S1 and S2 refer to self-supervised and task-specific stages of aligning NLLB with LLM2Vec (cf. §3). FT denotes
supervised fine-tuning. Reported performance is averaged over three seeds on model checkpoints that maximize
performance on source-language (S-DEV) and per target-language (T-DEV) validation splits. Subscripts denote std.
deviation. Metrics: accuracy for NLI and Belebele, macro-F1 for NusaX. Best model per column is in bold.

XNLI NUSAX BELEBELE

LLM2Vec 92.5±0.3 91.3±0.5 94.0±0.4

NLLB-Encoder 80.4±0.2 86.9±0.2 33.6±0.1

NLLB-LLM2Vec S1+FT 90.0±0.7 90.8±0.6 91.0±1.0

NLLB-LLM2Vec S1+S2 91.4±0.2 92.2±0.5 92.4±0.7

Table 2: English performance. We benchmark
LLM2Vec, the NLLB encoder, and our fused NLLB-
LLM2Vec on English test sets of various NLU bench-
marks (cf. §4). See Table 1 for further details.

mance on all tasks. The comparison of in-language507

performance in Table 2 with ZS-XLT performance508

in Table 1 shows the scale of performance drop for509

LLM2Vec in XLT. This means that LLMs require ei-510

ther extensive multilingual pre-training or post-hoc511

language adaptations for effective XLT.512

NLLB-LLM2Vec. The results for NLLB variants,513

the NLLB encoder alone and our NLLB-LLM2Vec,514

provide more context for the ZS-XLT results from515

Table 1. We observe that ZS-XLT performance of516

NLLB variants is correlated with their in-language517

English performance. While the NLLB Encoder518

performs fairly on NusaX (and to some extent also519

on NLI), it lacks language understanding abilities520

to that match more complex NLU tasks like Bele-521

bele. Our NLLB-LLM2Vec variants, on the other522

hand, successfully exploit the knowledge of Llama523

to materially increase English performance over524

the NLLB Encoder (+58% on Belebele). Our task-525

agnostic NLLB-LLM2Vec alignment (S1+FT) still526

lags somewhat behind LLM2Vec after fine-tuning527

on labeled task data. We manage to narrow this528

gap for Belebele and NLI with task-specific dis-529

tillation (S1+S2) (cf. §3) and even surpass the530

English performance of the LLM for NusaX. This531

suggests that the task-specific distillation guides532

NLLB-LLM2Vec to better leverage the knowledge 533

embedded in the weights of LLM2Vec, and shape it 534

specifically for the task. 535

The results indicate that compositional align- 536

ment on the word- or span-level, as introduced in 537

the task-distillation on the Belebele dataset, further 538

improves representational alignment in the MT- 539

LLM. As evident from the comparison of English 540

results in Table 2 and XLT results in Table 1, better 541

global (i.e., task-agnostic) alignment, in turn, di- 542

rectly transfers to closing the ‘English knowledge 543

gap’, i.e., to better ZS-XLT performance. 544

5.1 Further Analyses and Discussion 545

Importance of Adaptation. Figure 4 shows both 546

English and ZS-XLT performance by task for task- 547

specific self-distillation, NLLB-LLM2Vec (S1+S2), 548

after K ∈ {0, 3, 6, 10} steps of task-agnostic align- 549

ment (see §3), respectively. The figure points to 550

the importance of task-agnostic adaptation both 551

for English and ZS-XLT performance. The results 552

furthermore highlight that Stage 1 of our align- 553

ment is sample-efficient: the largest relative ZS- 554

XLT gains are obtained after only 3K training steps 555

(e.g., +10.5% for Belebele) and then marginalize 556

with further training. We observe the same trends 557

for the English performance (e.g., +15% on Bele- 558

bele from 3K steps of alignment). These results 559

show that we can effectively tie LLMs and MT 560

encoders into a unified multilingual MT-LLM at 561

computational cost that is negligible w.r.t. both 562

LLM and MT (pre-)training. On NusaX, we ob- 563

serve that while prolonged task-agnostic adaptation 564

benefits the in-language English performance, it 565

does not improve ZS-XLT results. The explanation, 566

we believe, is in the simplicity of the task: ZS-XLT 567
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Δ

Figure 4: Impact of Adaptation. We evaluate our
2-step alignment procedure by {0, 3, 6, 10}K general
adaptation steps (Stage 1) (cf. §3) on English (ENG)
and non-English (ZS-XLT) test portions of various NLU
benchmarks. Model selection on S-DEV.

XNLI AMNLI KNLU

GPT-2 ENG S-D T-D S-D T-D S-D T-D

Zero-Shot Cross-Lingual Transfer
NLLB Enc. 80.4 71.6 71.8 55.3 56.4 74.9 75.2
NLLB FT 82.2 74.7 74.8 62.4 63.2 76.2 76.5

Translate-Test
NLLB-600M 85.0 73.6 74.0 54.1 55.2 74.7 75.3
NLLB-3B 85.0 75.1 75.4 52.6 54.5 75.4 75.9

Table 3: Adaptation on GPT-2. We perform adapta-
tion (stage 1) with GPT-2 and benchmark NLLB-GPT-2
against GPT-2 in English and non-English test portions
of NLI benchmarks. We repeat NLLB Encoder results
in gray as a reference. See Table 1 for further details.

performance on NusaX saturates quickly because568

the NLLB encoder already solves the task well (see569

Table 1) and thus requires little additional knowl-570

edge from LLM2Vec, to which it gets access through571

the alignment.572

The results indicate that the gap in English per-573

formance between LLM2Vec and NLLB-LLM2Vec574

(cf. Table 2) can eventually be closed with longer575

alignment. We also hypothesize that explicit token576

or span alignment objectives would improve the577

generalization: this would be facilitated by the sig-578

nificant overlap between the vocabularies of Llama579

3 and NLLB tokenizers.580

Fusing Decoder Models with MT Encoders. We581

additionally test the integration of MT encoders582

into a decoder LM: we align the NLLB 600M en-583

coder to the GPT-2 medium (354M parameters) and584

evaluate on NLI.10 Due to the absence of the EOS585

token in the pretraining of GPT-2, we perform task-586

10We exclude NusaX and Belebele for this ablation: (1) the
NLLB encoder performs better than LLM2Vec in the TTEST
setting on NusaX; (2) For Belebele, the limited context length
of GPT-2 hinders a fair comparison.

agnostic self-distillation (Stage 1, on the FineWeb 587

corpus) using mean-pooled token representations 588

(cf. §3). Subsequently, we fine-tune the NLLB- 589

GPT-2 directly on MNLI, feeding the EOS-pooled 590

representations into the classifier.11 We increase 591

the learning rate to 3e−4 and leave other hyper- 592

parameters unchanged. Like in our main experi- 593

ments, we compare NLLB-GPT-2 against TTEST 594

with NLLB-600M and NLLB-3.3B, respectively. 595

The results in Table 3 show that NLLB-GPT-2 596

successfully taps into GPT-2’s ‘knowledge’ to out- 597

perform both the standalone NLLB encoder and the 598

fair TTEST baseline using the same NLLB-600M 599

model in ZS-XLT across all datasets. Moreover, 600

NLLB-GPT-2 even surpasses TTEST on GPT-2 601

with the larger NLLB-3.3B model on AMNLI and 602

KARDEŞ-NLU. These results hold despite the sub- 603

optimal alignment, as indicated by the notable gap 604

in performance to the fine-tuned GPT-2 on the En- 605

glish test portion of XNLI. The discrepancy likely 606

stems from challenges in converting encoders into 607

decoders, as observed in prior work (Wang et al., 608

2022). We believe that prolonged adaptation and 609

explicit token-level alignment objectives would fur- 610

ther improve both sample-efficiency and quality of 611

alignment, reducing the ‘knowledge’ gap. 612

6 Conclusion 613

LLMs quickly emerged as the catch-all solution 614

to NLU in English. However, LLMs still cannot 615

extend their NLU abilities to languages typolog- 616

ically distant from English or virtually unseen at 617

pretraining. In this work, we propose a novel ap- 618

proach to fuse MT encoders with LLM backbones 619

via self-distillation to compile a massively multi- 620

lingual MT-LLM. The MT-LLM not only strongly 621

improves ZS-XLT performance over TTEST but 622

also removes the overhead of MT decoding at in- 623

ference. We demonstrate that our distillation proce- 624

dure is highly efficient and requires only a few thou- 625

sand steps to convert LLMs into multilingual MT- 626

LLMs, enabling NLU in all languages supported 627

by the MT encoder. We further show that our MT- 628

LLM alignment benefits both encoder and decoder 629

LLMs. In future work we will seek to (1) further 630

improve generalization of MT-LLM by incorporat- 631

ing token-level alignment objectives and (2) extend 632

the MT-LLM to support further languages by post- 633

hoc adaptation of the MT encoder. 634

11We omit task-specific distillation because it performed
slightly worse on English in XNLI compared to directly fine-
tuning of NLLB-GPT-2 with larger learning rates.
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7 Limitations635

Our experimental results are based on using Llama636

3 and GPT-2 as the LLM backbones and NLLB-637

600M as the MT encoder in our MT-LLM approach.638

Expanding our experimental setup to include a639

wider range of MT encoders and additional LLM640

backbones would not only validate its applicability641

across various model families and architectures but642

also enrich our findings. The Llama 3 backbone of643

LLM2Vec underwent instruction tuning. This means644

that LLM2Vec might have seen labelled data for645

tasks we experiment on in our work. We strongly646

believe this does not constitute an issue to evaluate647

cross-lingual transfer of our model configurations.648

If there was serious leakage of labelled instances,649

TTEST variants should benefit more strongly as650

the data is presented in the language Llama was651

trained on. Our method would gain further support,652

if our approach extended to generative language653

modelling. However, sequence-level alignment ob-654

jectives do not sufficiently align the MT and LLM655

backbones. The MT and LLM backbones therefore656

would require either matching or largely overlap-657

ping vocabularies to appropriately learn how to658

fuse the models on the token level (cf. §3). An-659

other non-negligible consideration in our evalua-660

tions is that our limited compute budget does not661

allow for is hyperparameter tuning. We neverthe-662

less believe our main evaluations put model vari-663

ants on equal footing and hence reliably measure664

expected ZS-XLT. We further counteract this issue665

in two ways. First, prior work shows that LoRAs666

are generally more robust to varying hyperparame-667

ters. Second, we report transfer performance both668

on when selecting models on source-language and669

per target-language validation. The latter remedies670

oscillation in ZS-XLT performance (Keung et al.,671

2020; Schmidt et al., 2023).672
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A Appendix976

A.1 Reproducibility details977

Compute Requirements. We perform general-978

purpose adaptation (i.e., stage 1, cf. §3) on 8979

A100 80GB, which requires about 22 hours of980

runtime. All downstream experiments were ex-981

ecuted on A100 40GB. Downstream fine-tuning982

and distillation required for each one of three seeds983

ca. 20 hours of runtime for NLI, ca. 30 hours of984

runtime of Belebele, and ca. 20 minutes of run-985

time per NusaX. We execute these experiments for986

LLM2Vec fine-tuning, NLLB-LLM2Vec S1+FT, and987

NLLB-LLM2Vec S1+S2 (cf. §3). The compute re-988

quired for downstream fine-tuning therefore sums989

roughly to 450 GPU hours. Subsequent evaluations990

required, per each of ten evaluated checkpoints,991

about 3 hours on XNLI, AmNLI, and Kardeş-NLU992

combined, 5 hours on Belebele, and 10 minutes993

on NusaX. We estimate that inference therefore994

requires 725 hours of GPU runtime. In conclusion,995

our experiments in total required between 50 to 60996

days of A100 runtime.997

Code. We will make the code publicly available998

at github.com/$USER/$PROJECT. For the preprint999

under review, the code is available as an attachment1000

to the submission.1001

Translations. We will make the translated datasets1002

for all tasks available. For the preprint under review,1003

we have attached the translations of validation and1004

tests splits for AmNLI, Kardeş-NLU, NusaX, and1005

Belebele.1006

Additional Details on Experimental Setup.1007

Please refer to Table A.3 for details on the num-1008

ber of languages and instances by dataset and split.1009

In what follows, we outline how we accessed the1010

datasets.1011

MNLI. We access the training portion of the1012

MNLI dataset via Hugging Face at https://1013

huggingface.co/datasets/nyu-mll/glue.1014

XNLI. We access the training portion of the1015

MNLI dataset via Hugging Face at https://1016

huggingface.co/datasets/nyu-mll/glue.1017

AmNLI. We access the training portion1018

of the MNLI dataset via Hugging Face1019

at https://huggingface.co/datasets/1020

nala-cub/americas_nli.1021

Kardeş-NLU. Our code includes a script to ac-1022

cess the dataset via the Hugging Face datasets1023

A.2 NLLB vs. XLM-R on XNLI

Figure 5: Performance on XNLI English and non-
English test portions when selecting the model on En-
glish validation instances (cf. §4) for XLM-R-Base,
XLM-R-Large, and the NLLB-Encoder (Conneau et al.,
2020; Team et al., 2022)

.

framework. The original dataset is available at: 1024

https://github.com/lksenel/Kardes-NLU. 1025

NusaX. We access the dataset via Hugging 1026

Face at https://huggingface.co/datasets/ 1027

indonlp/NusaX-senti. 1028

Belebele. The training dataset is available at https: 1029

//github.com/facebookresearch/belebele. 1030

We access the dataset via Hugging Face 1031

at https://huggingface.co/datasets/ 1032

facebook/belebele. 1033

LLM2Vec. We use LLM2Vec that has been trained 1034

without supervision which is available on the Hug- 1035

ging Face hub: here. 1036

NLLB. The distilled 600M parameters variant of 1037

NLLB is available at https://huggingface.co/ 1038

facebook/nllb-200-distilled-600M. NLLB 1039

3B can be accessed via https://huggingface. 1040

co/facebook/nllb-200-3.3B. 1041
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A.3 Datasets

MNLI XNLI AMNLI KARDEŞ-NLU NUSAX BELEBELE
No. of Languages 1 15 3 4 9 117
Training 392, 702 −− −− −− 500 67, 541
Validation −− 2, 490 743 1, 000 100 3, 773
Test −− 5, 010 750 2, 000 400 900

Table 4: Number of instances by split per dataset. For NLI, we train on the training split of MNLI (Williams et al.,
2018). Number of languages denominates the number of languages supported by NLLB. For Belebele, we construct
training and validation datasets with the scripts provided by (Bandarkar et al., 2023) (cf. Appendix A).

A.4 Full results

Main Results.

EN AR BG DE EL ES FR HI RU SW TH TR UR VI ZH AVG
Zero-Shot Cross-Lingual Transfer: Fine-tune multilingual model on English training set

LLM2Vec 92.5±0.3 63.6±5.1 68.5±3.8 79.8±1.3 73.0±1.2 84.5±0.8 83.0±0.9 55.8±8.3 78.0±1.4 43.0±3.6 66.6±0.9 67.3±2.4 45.2±4.1 78.0±1.3 78.7±0.9 68.9±2.0

NLLB-Encoder 80.4±0.2 71.3±0.8 75.2±0.1 74.9±0.4 74.5±0.0 75.5±0.4 75.3±0.4 68.6±0.8 72.7±0.2 69.5±0.3 65.7±1.0 72.6±0.4 65.1±0.7 72.8±0.2 69.1±0.6 71.6±0.2

NLLB-LLM2Vec S1+FT 90.7±0.4 80.9±1.2 85.6±0.9 84.9±0.8 73.8±2.0 86.2±0.8 85.8±0.5 75.1±1.6 82.8±0.6 79.3±1.1 76.0±1.7 78.8±1.5 70.7±1.8 82.1±0.7 78.6±1.4 80.0±0.9

NLLB-LLM2Vec S1+S2 91.4±0.2 81.9±0.4 86.5±0.5 85.8±0.3 79.3±6.4 87.4±0.3 86.7±0.4 76.8±0.6 83.6±0.5 79.6±0.4 77.4±0.7 80.0±0.3 72.1±0.5 83.2±0.3 80.0±0.9 81.4±0.6

Translate-Test: Translate test data to English
LLM2Vec NLLB-600M 92.5±0.3 78.2±0.7 83.3±0.5 83.8±0.8 82.8±0.8 85.8±0.8 84.1±0.9 75.7±0.6 78.9±0.5 73.2±0.9 72.7±0.7 79.2±0.7 69.5±0.8 79.7±0.5 74.9±0.5 78.7±0.7

LLM2Vec NLLB-3B 92.5±0.3 80.0±0.8 85.1±0.5 85.3±0.7 83.9±0.5 86.5±0.8 85.0±0.6 76.9±0.6 81.2±0.4 74.4±1.0 74.5±0.9 81.2±0.7 70.0±0.4 81.3±0.6 77.7±0.4 80.2±0.6

Table 5: XNLI (1/2). We benchmark models on test portions of XNLI (cf. §4). S1 and S2 refer to self-supervised
and task-specific stages of aligning NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-tuning. Reported
performance is averaged over three seeds on model checkpoints that maximize performance on source-language
(S-DEV) validation splits. Subscripts denote std. deviation. Metric: accuracy.

EN AR BG DE EL ES FR HI RU SW TH TR UR VI ZH AVG
Zero-Shot Cross-Lingual Transfer: Fine-tune multilingual model on English training set

LLM2Vec 92.5±0.3 66.3±5.1 70.8±3.5 81.4±3.0 73.8±3.5 84.8±1.2 83.5±1.2 61.8±8.0 78.3±2.4 48.5±3.9 67.1±2.9 70.2±1.2 51.4±5.6 78.0±1.3 79.0±1.3 71.1±2.4

NLLB-Encoder 80.4±0.2 71.3±0.8 75.6±0.5 75.0±0.4 74.7±0.1 75.6±0.6 75.6±0.1 68.7±0.8 72.8±0.2 69.5±0.2 66.0±0.6 72.9±0.3 65.2±0.8 72.8±0.2 69.2±0.6 71.8±0.3

NLLB-LLM2Vec S1+FT 90.7±0.4 81.2±0.6 85.5±0.9 85.0±0.7 75.0±2.2 86.5±0.5 85.8±0.5 75.8±0.9 82.8±0.6 79.4±0.9 77.0±0.6 79.1±1.4 71.1±1.6 82.4±0.4 79.5±0.4 80.4±0.4

NLLB-LLM2Vec S1+S2 91.4±0.2 82.2±0.8 86.2±0.4 85.9±0.4 79.8±5.8 87.5±0.7 86.8±0.6 76.9±0.7 84.0±0.3 79.9±1.0 77.8±1.0 80.0±0.4 72.2±1.1 83.4±0.4 80.8±0.4 81.7±0.5

Translate-Test: Translate test data to English
LLM2Vec NLLB-600M 92.5±0.3 77.9±1.5 82.1±0.4 83.6±0.9 82.2±0.4 86.2±0.5 84.2±1.0 74.9±0.7 78.7±1.5 73.7±1.8 72.8±0.8 79.2±1.6 69.9±2.2 79.7±0.5 75.1±0.5 78.6±0.9

LLM2Vec NLLB-3B 92.5±0.3 79.9±1.4 84.0±0.1 85.1±1.1 83.5±0.5 87.0±0.9 85.3±1.1 76.3±0.2 80.9±1.5 75.0±2.0 74.6±0.9 81.7±1.5 70.0±1.7 81.3±0.6 77.7±0.3 80.2±0.8

Table 6: XNLI (2/2). We benchmark models on test portions of XNLI (cf. §4). S1 and S2 refer to self-supervised
and task-specific stages of aligning NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-tuning. Reported
performance is averaged over three seeds on model checkpoints that maximize performance on per target-language
(T-DEV) validation splits. Subscripts denote std. deviation. Metric: accuracy.

AYM GN QUY AVG AZ KK KY UZ AVG

S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV

Zero-Shot Cross-Lingual Transfer: Fine-tune multilingual model on English training set
LLM2Vec 40.9±3.2 41.8±2.0 42.3±1.7 44.8±1.8 39.6±1.4 42.8±1.0 40.9±2.0 43.2±1.6 54.0±0.4 61.1±0.9 43.5±2.3 46.3±1.4 41.8±1.4 43.1±0.1 47.5±3.3 55.9±2.0 46.7±1.7 51.6±0.3

NLLB-Encoder 62.3±0.5 63.4±0.1 62.8±0.9 64.2±0.2 40.8±1.0 41.5±1.0 55.3±0.6 56.4±0.3 75.8±0.4 76.1±0.2 74.2±0.5 74.3±0.6 74.8±0.5 75.2±0.5 74.8±0.8 75.1±1.0 74.9±0.5 75.2±0.6

NLLB-LLM2Vec S1+FT 60.4±2.2 62.5±1.6 68.8±2.4 69.2±1.4 59.9±1.9 61.2±1.4 63.0±1.9 64.3±1.2 82.8±1.0 82.3±0.8 81.1±1.2 80.0±0.8 80.3±1.9 81.3±0.7 81.9±1.4 81.5±0.7 81.5±1.3 81.3±0.4

NLLB-LLM2Vec S1+S2 61.0±0.6 61.8±1.0 69.6±1.3 69.8±1.4 61.4±1.8 62.3±1.1 64.0±0.3 64.6±0.7 83.4±1.2 83.0±0.9 81.9±0.5 81.7±0.7 81.2±0.4 81.6±0.9 82.1±0.2 82.3±0.5 82.5±0.5 82.1±0.5

Translate-Test: Translate test data to English
LLM2Vec NLLB-600M 50.7±1.9 51.2±1.9 55.0±0.2 56.8±1.7 50.5±0.3 50.0±1.3 52.0±0.7 52.7±0.6 82.2±1.2 81.7±1.1 77.2±0.4 77.1±0.4 76.5±1.0 75.8±1.9 79.2±0.8 79.1±0.8 78.8±0.8 78.4±1.0

LLM2Vec NLLB-3B 45.2±0.4 45.0±3.3 58.0±0.9 59.3±2.1 49.6±1.0 49.3±0.5 50.9±0.4 51.2±0.7 84.9±0.8 84.9±0.9 78.5±1.1 78.9±0.9 75.8±0.5 75.1±1.2 80.4±1.1 80.8±1.1 79.9±0.9 79.9±1.0

Table 7: AmNLI & Kardeş-NLU. We benchmark models on test portions of AmNLI and Kardeş-NLU (cf. §4).
S1 and S2 refer to self-supervised and task-specific stages of aligning NLLB with LLM2Vec (cf. §3). FT denotes
supervised fine-tuning. Reported performance is averaged over three seeds on model checkpoints that maximize
performance on source-language (S-DEV) and per target-language (T-DEV) validation splits. Subscripts denote std.
deviation. Metric: accuracy.
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ENG ACE BAN BJN BUG IND JAV MIN SUN AVG
Zero-Shot Cross-Lingual Transfer: Fine-tune multilingual model on English training set

LLM2Vec 91.3±0.5 41.6±14.5 45.1±17.6 56.9±13.9 30.5±16.7 83.3±2.4 54.4±14.8 56.5±16.8 43.6±17.9 51.5±14.0

NLLB-Encoder 86.9±2.1 80.3±0.8 76.9±2.0 83.8±1.0 67.4±2.7 86.4±0.7 83.6±0.8 80.1±0.5 80.7±0.4 79.9±0.3

NLLB-LLM2Vec S1+FT 90.8±0.6 73.9±4.3 70.6±2.4 79.1±2.5 53.9±9.3 86.7±2.3 81.0±2.4 72.6±6.3 78.4±2.7 74.5±3.2

NLLB-LLM2Vec S1+S2 92.2±0.5 81.5±2.5 74.8±4.1 82.3±2.6 67.1±1.7 89.3±0.6 86.4±1.8 80.6±3.3 83.1±3.1 80.6±2.3

Translate-Test: Translate test data to English
LLM2Vec NLLB-600M 91.3±0.5 74.2±2.2 72.1±1.6 79.1±1.8 71.3±3.7 86.7±1.2 79.4±1.9 78.7±1.6 81.8±1.2 77.9±1.4

LLM2Vec NLLB-3B 91.3±0.5 77.7±1.4 75.6±1.3 83.8±1.5 71.5±4.3 88.7±0.6 84.3±1.3 82.1±0.4 86.1±1.0 81.2±0.8

Table 8: NusaX We benchmark models on test portions of NusaX (cf. §4). S1 and S2 refer to self-supervised
and task-specific stages of aligning NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-tuning. Reported
performance is averaged over three seeds on model checkpoints that maximize performance on per target-language
(T-DEV) validation splits. Subscripts denote std. deviation. Metric: macro-F1.
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ZERO-SHOT CROSS-LINGUAL TRANSFER TRANSLATE-TEST

LLM2Vec NLLB-Encoder NLLB-LLM2Vec S1+FT NLLB-LLM2Vec S1+S2 LLM2Vec NLLB-600M LLM2Vec NLLB-3B
eng_Latn 92.5±0.3 80.4±0.2 90.0±0.7 91.4±0.2 92.5±0.3 92.5±0.3

AVG 48.2±3.2 30.4±0.4 60.2±0.5 62.6±0.5 60.7±0.8 64.2±0.7

acm_Arab 52.3±4.1 30.1±0.2 55.8±1.2 56.7±0.6 62.9±0.6 60.2±0.3

afr_Latn 66.9±8.5 33.3±0.2 76.3±1.4 80.1±1.1 79.4±0.5 79.8±0.2

als_Latn 47.2±7.5 28.9±0.4 70.8±2.5 72.9±1.0 71.1±1.0 75.7±1.3

amh_Ethi 27.7±0.9 30.8±1.1 50.0±0.6 50.4±1.5 50.9±1.4 59.0±1.0

apc_Arab 52.1±2.6 30.6±1.6 58.8±0.9 60.7±0.6 66.3±0.8 65.1±0.6

arb_Arab 68.5±6.3 28.5±1.1 65.7±0.9 68.1±1.5 75.2±1.0 75.9±0.6

ars_Arab 55.2±4.8 29.9±1.6 58.4±0.5 59.6±1.1 66.9±1.3 61.3±0.2

ary_Arab 45.2±3.2 31.0±0.5 46.5±1.1 48.3±0.8 51.4±2.3 54.9±0.8

arz_Arab 50.1±6.5 31.2±1.6 56.8±0.7 59.7±0.8 68.6±1.4 67.4±0.4

asm_Beng 29.1±1.8 29.1±0.5 50.9±2.5 54.0±1.1 52.5±1.3 60.3±0.2

azj_Latn 44.5±7.0 29.7±0.6 53.7±0.3 56.7±0.8 64.2±0.8 66.7±1.0

bam_Latn 32.1±1.4 29.3±0.2 41.1±0.9 39.5±1.2 36.0±0.8 37.3±1.3

ben_Beng 31.9±0.8 28.5±0.8 58.1±2.4 62.5±0.8 63.5±0.8 65.9±0.7

ben_Latn 34.9±0.7 27.7±0.1 27.0±0.9 28.2±1.2 29.6±0.7 25.5±1.5

bod_Tibt 26.7±1.9 28.0±1.5 33.5±1.3 33.9±1.1 29.7±1.7 35.9±1.9

bul_Cyrl 73.4±7.5 30.8±1.2 75.3±1.2 77.9±0.1 70.0±1.7 77.9±0.5

cat_Latn 77.6±6.0 33.7±1.0 79.1±1.4 82.3±0.9 74.3±1.5 79.5±0.8

ceb_Latn 43.8±3.7 29.1±1.2 67.0±1.6 70.7±0.7 66.9±1.9 73.2±1.5

ces_Latn 73.7±7.6 30.2±1.4 71.3±0.6 75.9±1.5 70.8±0.9 76.8±1.0

ckb_Arab 33.2±0.9 28.7±0.6 58.3±0.5 59.8±1.2 62.7±1.3 65.1±1.0

dan_Latn 73.0±7.3 32.2±0.7 81.0±0.8 83.5±0.7 73.8±1.7 79.2±1.3

deu_Latn 85.1±2.6 33.8±0.7 76.0±0.7 78.1±0.9 76.1±1.0 80.1±0.2

ell_Grek 74.8±6.7 28.7±0.9 62.2±1.6 67.5±0.2 70.7±0.3 76.5±0.8

est_Latn 46.1±8.0 30.6±0.3 66.0±2.0 70.1±1.0 64.2±1.4 71.4±1.1

eus_Latn 45.4±6.4 31.0±1.2 63.1±0.6 66.7±1.1 72.6±0.6 75.9±0.7

fin_Latn 55.1±9.7 31.1±1.1 69.0±0.7 73.0±0.7 67.3±1.5 77.7±0.4

fra_Latn 88.0±1.5 31.6±0.5 79.1±0.5 82.4±1.0 80.0±1.3 82.6±0.6

fuv_Latn 28.5±0.4 28.0±1.2 29.5±0.8 28.1±0.6 27.9±0.5 26.9±1.5

gaz_Latn 31.4±0.6 29.4±0.3 41.6±1.7 42.8±0.7 45.0±0.3 48.6±0.6

grn_Latn 37.2±0.9 31.0±1.2 52.1±0.4 52.5±0.9 47.3±1.4 54.1±0.8

guj_Gujr 27.9±0.4 30.5±1.3 52.9±0.7 55.9±1.7 62.6±1.0 64.7±0.6

hat_Latn 38.2±2.5 29.1±1.1 63.3±1.3 67.4±0.9 65.9±0.9 71.5±0.7

hau_Latn 32.0±0.8 28.4±0.6 58.3±1.5 62.1±0.4 59.4±2.2 59.9±1.1

heb_Hebr 39.8±6.8 32.8±0.4 64.0±1.7 66.6±0.3 68.8±1.6 71.7±0.7

hin_Deva 55.1±5.7 28.6±1.0 62.4±1.6 65.7±1.0 70.6±0.6 73.0±1.5

hrv_Latn 63.4±9.5 31.5±1.1 73.1±1.0 77.4±0.5 69.7±1.2 73.3±0.5

hun_Latn 62.4±2.6 30.9±1.0 67.8±0.7 71.6±0.5 66.9±0.5 72.7±1.5

hye_Armn 27.8±0.6 28.4±0.8 56.6±1.5 58.6±0.6 52.0±1.3 61.5±1.7

ibo_Latn 31.0±0.9 30.2±1.2 48.8±1.1 49.2±0.3 47.0±1.6 51.7±1.8

ilo_Latn 38.6±1.2 29.6±1.9 62.6±0.9 66.7±1.3 61.9±0.8 67.7±0.7

ind_Latn 73.3±6.7 30.6±0.6 79.4±1.3 82.5±0.6 74.7±0.7 76.5±0.4

isl_Latn 44.2±5.4 28.3±1.5 61.6±0.3 65.0±1.2 56.3±0.8 57.9±1.1

ita_Latn 85.9±1.5 31.9±1.7 79.8±0.0 82.4±0.5 74.0±1.6 78.2±1.4

jav_Latn 45.2±5.3 29.4±0.9 71.4±1.0 74.2±0.5 56.6±1.0 58.1±0.8

jpn_Jpan 77.3±2.4 30.4±1.1 65.5±2.2 67.1±0.9 60.7±0.8 65.1±0.7

kac_Latn 32.7±0.5 29.6±0.6 39.1±0.4 40.9±1.2 37.0±0.3 39.7±1.3

kan_Knda 28.6±0.4 30.3±1.0 55.7±1.4 56.9±1.3 62.4±1.3 65.6±1.0

kat_Geor 27.1±1.6 27.4±0.4 50.4±1.9 51.1±0.5 50.3±2.0 56.7±2.0

kaz_Cyrl 40.7±4.7 29.6±0.6 55.9±1.3 59.3±0.7 65.3±0.5 69.1±0.4

kea_Latn 43.8±1.3 31.0±0.3 61.2±1.3 65.6±1.5 59.7±0.8 62.8±0.5

khk_Cyrl 33.9±2.0 28.4±0.5 44.4±1.5 44.8±1.2 48.1±0.5 52.5±1.7

khm_Khmr 29.6±2.2 29.8±0.2 47.3±0.8 51.6±0.8 44.4±0.8 47.7±1.6

kin_Latn 36.2±1.0 29.3±0.2 55.3±0.7 57.1±0.8 55.0±1.0 58.3±0.8

kir_Cyrl 40.7±3.0 30.6±0.9 56.6±1.5 58.7±0.8 62.9±1.3 66.5±1.7

kor_Hang 77.5±3.1 32.3±0.8 61.6±2.1 62.3±0.7 67.9±2.0 69.0±0.7

lao_Laoo 28.4±2.2 30.2±0.8 54.8±2.0 58.4±1.5 51.0±0.8 51.6±1.0

lin_Latn 33.2±1.3 28.4±0.9 53.8±1.6 57.0±0.8 52.1±0.6 57.3±1.1

lit_Latn 49.3±5.3 31.2±1.6 68.7±1.3 72.3±0.5 62.1±0.8 68.1±0.9

lug_Latn 31.1±1.6 28.3±0.6 44.6±1.3 47.2±0.3 42.6±1.0 45.6±0.9

luo_Latn 31.6±1.8 28.6±0.6 45.2±0.6 45.4±0.9 37.6±0.8 42.6±0.2

lvs_Latn 46.7±3.9 29.6±1.6 68.3±0.4 70.6±1.3 59.0±1.2 68.6±2.1

Table 9: Belebele (1/2). We benchmark models on test portions of Belebele (cf. §4). S1 and S2 refer to self-
supervised and task-specific stages of aligning NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-tuning.
Reported performance is averaged over three seeds on model checkpoints that maximize performance on source-
language (S-DEV) validation splits. Subscripts denote std. deviation. Metric: accuracy.
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ZERO-SHOT CROSS-LINGUAL TRANSFER TRANSLATE-TEST

LLM2Vec NLLB-Encoder NLLB-LLM2Vec S1+FT NLLB-LLM2Vec S1+S2 LLM2Vec NLLB-600M LLM2Vec NLLB-3B
eng_Latn 92.5±0.3 80.4±0.2 90.0±0.7 91.4±0.2 92.5±0.3 92.5±0.3

AVG 48.2±3.2 30.4±0.4 60.2±0.5 62.6±0.5 60.7±0.8 64.2±0.7

mal_Mlym 28.7±0.4 30.0±0.9 49.5±2.4 49.9±0.4 66.9±1.2 65.1±0.8

mar_Deva 42.8±5.7 32.4±1.5 59.1±1.7 60.8±0.5 64.3±0.8 63.7±0.7

mkd_Cyrl 64.4±6.7 29.3±1.1 72.6±0.3 74.3±0.6 68.4±0.9 72.6±0.6

mlt_Latn 41.1±5.8 30.0±0.6 62.8±0.6 67.7±1.7 67.9±0.4 67.9±1.2

mri_Latn 31.7±1.6 26.8±1.0 46.2±0.7 47.2±1.4 49.3±1.2 52.1±0.3

mya_Mymr 28.1±0.9 28.9±0.4 44.8±0.8 47.4±0.5 41.8±0.8 46.1±0.8

nld_Latn 79.1±5.2 31.1±0.8 78.1±1.4 81.0±0.6 74.8±0.3 78.6±0.9

nob_Latn 73.7±7.5 32.5±0.3 81.7±1.0 84.6±0.2 75.8±0.5 79.5±1.1

npi_Deva 42.1±2.8 28.1±0.6 59.4±1.7 60.8±1.6 55.8±0.4 56.8±1.8

nso_Latn 32.3±0.7 29.3±2.2 57.6±0.1 60.0±1.5 60.0±1.4 63.6±1.6

nya_Latn 30.6±1.2 27.0±0.6 52.2±1.0 54.5±1.4 48.4±1.4 53.2±0.4

ory_Orya 27.7±1.7 30.4±0.9 56.0±1.2 57.1±1.2 66.5±1.3 71.3±0.8

pan_Guru 28.6±0.7 29.9±0.6 55.4±2.5 56.5±2.1 64.8±1.1 66.0±1.1

pbt_Arab 35.7±4.3 30.3±0.8 48.9±1.1 49.9±1.4 60.3±0.6 61.9±1.5

pes_Arab 71.3±4.7 31.6±1.1 69.9±1.0 71.4±0.3 67.4±0.4 70.7±0.8

plt_Latn 34.4±1.0 29.0±0.5 61.9±1.2 64.9±0.7 63.9±0.8 66.9±1.5

pol_Latn 69.4±7.0 30.8±1.0 67.6±0.9 71.0±0.8 69.3±1.5 75.4±1.4

por_Latn 87.0±1.5 32.9±1.0 82.1±1.7 84.1±0.7 77.7±1.1 79.7±1.5

ron_Latn 74.7±7.5 31.4±1.2 76.2±1.1 79.1±1.0 72.1±1.7 76.1±0.7

rus_Cyrl 85.9±1.9 32.6±0.3 75.4±0.3 79.1±1.2 71.8±1.2 80.7±0.6

shn_Mymr 26.7±0.7 25.9±1.2 34.9±2.7 37.3±0.5 34.8±1.4 36.1±0.6

sin_Sinh 29.6±0.3 28.1±1.1 42.0±1.8 43.8±1.6 55.9±0.5 58.7±1.4

slk_Latn 62.5±7.8 31.7±0.5 72.4±1.1 76.0±0.8 69.2±1.2 75.1±0.6

slv_Latn 54.4±7.4 31.4±0.6 72.7±1.3 76.0±0.6 68.3±1.4 75.0±1.7

sna_Latn 34.4±1.6 29.5±1.1 59.6±1.1 61.1±0.9 55.0±0.3 61.3±0.4

snd_Arab 36.4±1.1 30.1±1.7 54.5±0.7 56.6±0.3 63.8±0.6 60.3±1.5

som_Latn 31.2±0.8 26.8±0.9 48.4±0.9 51.2±1.1 54.3±0.7 55.4±0.9

sot_Latn 31.4±1.6 27.4±1.4 54.8±1.3 57.9±1.4 61.0±0.4 64.4±1.2

spa_Latn 87.4±1.7 30.8±0.9 82.3±1.8 85.6±0.4 74.0±0.7 79.5±1.1

srp_Cyrl 65.4±0.3 30.9±1.0 72.9±1.2 75.5±1.0 66.7±1.4 69.4±1.4

ssw_Latn 31.5±1.4 29.3±1.0 50.2±0.8 52.4±2.1 50.9±1.4 57.9±1.2

sun_Latn 39.6±2.7 30.2±1.5 66.3±0.8 70.1±0.6 58.7±1.4 61.1±1.3

swe_Latn 76.9±6.2 31.4±1.3 79.7±1.1 82.8±0.4 71.7±1.3 78.1±0.3

swh_Latn 42.5±2.5 30.4±1.1 73.4±0.7 75.5±0.9 69.0±1.6 75.7±1.1

tam_Taml 28.6±0.7 32.2±0.5 51.7±2.0 54.8±0.9 62.0±1.4 60.5±0.2

tel_Telu 28.2±1.3 30.6±1.1 52.0±0.9 54.6±1.0 59.6±1.0 61.6±1.0

tgk_Cyrl 40.6±3.6 29.2±1.0 53.5±0.7 54.7±0.6 58.0±1.5 63.9±1.1

tgl_Latn 52.7±8.5 29.1±0.4 68.9±1.3 72.2±1.3 71.4±1.7 71.1±1.4

tha_Thai 69.4±5.0 31.5±1.1 56.3±1.3 58.8±0.6 58.2±1.5 61.7±0.4

tir_Ethi 27.1±1.7 28.7±0.7 42.4±1.0 44.6±1.8 42.1±2.7 47.7±0.9

tsn_Latn 33.0±1.2 27.7±1.7 54.3±0.3 56.6±0.6 54.6±1.8 61.1±1.7

tso_Latn 36.0±0.5 29.1±0.3 62.6±0.7 64.5±1.7 55.8±2.6 64.3±0.8

tur_Latn 66.7±8.6 30.9±1.0 61.3±1.0 64.0±1.1 68.6±1.5 75.7±1.2

ukr_Cyrl 77.9±3.1 30.9±0.9 71.5±0.6 74.1±0.8 70.6±0.8 73.4±0.8

urd_Arab 44.4±6.3 31.4±0.8 62.1±1.2 63.6±1.6 66.0±0.5 67.4±1.1

uzn_Latn 44.9±5.6 30.0±0.9 58.6±0.7 61.0±0.8 70.0±1.1 75.0±1.7

vie_Latn 82.1±1.1 28.2±0.5 72.4±1.9 76.4±0.3 71.7±0.1 73.4±0.6

war_Latn 48.2±3.8 29.8±0.4 66.6±0.4 68.6±1.1 69.4±1.2 73.0±0.2

wol_Latn 31.1±0.6 27.7±0.6 36.1±0.9 36.9±0.7 35.2±1.2 33.7±1.3

xho_Latn 32.4±0.7 28.3±0.5 59.6±0.5 61.2±0.8 59.1±0.9 64.9±1.4

yor_Latn 29.4±0.6 29.1±1.6 40.6±1.3 41.4±0.7 38.8±1.2 42.0±0.8

zho_Hans 86.4±2.3 30.9±1.6 78.2±0.6 79.6±0.9 70.0±1.1 69.6±0.9

zho_Hant 85.0±2.2 33.2±1.3 75.5±1.1 76.8±0.5 51.5±0.3 57.9±0.5

zsm_Latn 68.6±9.2 29.0±0.5 79.7±1.4 81.5±0.8 73.4±0.4 73.9±1.1

zul_Latn 31.1±0.4 30.0±1.5 54.4±0.6 58.1±1.6 56.6±1.0 62.4±0.2

Table 10: Belebele (2/2). We benchmark models on test portions of Belebele (cf. §4). S1 and S2 refer to
self-supervised and task-specific stages of aligning NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-
tuning. Reported performance is averaged over three seeds on model checkpoints that maximize performance on
source-language (S-DEV) validation splits. Subscripts denote std. deviation. Metric: accuracy.
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Results by No. of Adaptation Steps.

0 3000 6000 10000
XNLI-EN 82.6±0.6 90.6±0.3 91.2±0.3 91.4±0.2

AMNLI-AYM 60.0±0.7 62.8±2.4 62k0±1.2 61.3±0.8

AMNLI-GN 65.7±0.4 68.5±0.5 69.5±0.8 69.7±1.3

AMNLI-QUY 60.7±1.5 61.8±0.8 61.4±2.4 61.5±1.9

KARDEŞ-NLU-AZ 79.3±0.9 84.1±0.1 83.7±1.1 83.1±0.7

KARDEŞ-NLU-KK 77.8±0.9 82.1±0.4 82.2±0.9 81.8±0.2

KARDEŞ-NLU-KY 77.9±0.6 81.9±0.1 81.6±0.3 81.4±0.6

KARDEŞ-NLU-UZ 78.9±0.4 83.3±0.3 82.9±0.8 82.3±0.4

XNLI-AR 75.6±0.5 81.1±0.5 82.1±0.8 82.0±0.2

XNLI-BG 79.5±0.5 86.0±0.2 86.2±0.6 86.6±0.4

XNLI-DE 79.1±0.2 85.6±0.4 85.8±0.4 85.8±0.2

XNLI-EL 78.1±0.4 79.1±6.1 75.2±3.8 79.6±6.2

XNLI-ES 79.8±0.4 86.9±0.3 87.3±0.3 87.5±0.3

XNLI-FR 78.8±0.5 86.2±0.4 86.6±0.3 86.8±0.3

XNLI-HI 72.7±0.3 76.4±0.5 76.6±1.0 76.9±0.6

XNLI-RU 76.9±0.2 83.4±0.7 83.7±0.6 83.9±0.1

XNLI-SW 73.5±0.2 79.5±0.4 79.6±0.4 79.6±0.4

XNLI-TH 71.6±0.5 77.0±1.0 77.5±1.3 77.5±0.5

XNLI-TR 76.4±0.6 79.6±0.3 79.6±0.4 80.0±0.3

XNLI-UR 68.5±0.2 71.8±0.5 71.9±0.7 72.1±0.4

XNLI-VI 77.7±0.3 83.0±0.4 83.5±0.3 83.3±0.3

XNLI-ZH 73.6±0.2 79.8±0.7 80.2±0.7 80.2±0.7

AVG 74.4±0.3 79.1±0.2 79.0±0.4 79.2±0.2

Table 11: NLI by No. of Adaptation Steps. We benchmark NLLB-LLM2Vec S1+S2 on test portions of NLI
benchmarks (cf. §4) by number of adaptation steps in S1. S1 and S2 refer to self-supervised and task-specific stages
of aligning NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-tuning. Reported performance is averaged
over three seeds on model checkpoints that maximize performance on source-language (S-DEV) validation splits.
Subscripts denote std. deviation. Metric: accuracy.

0 3000 6000 10000
ENG 86.4±0.8 91.5±1.1 91.7±0.5 92.2±0.5

ACE 78.3±2.3 82.2±1.2 81.0±2.8 80.6±3.8

BAN 75.2±1.9 75.0±2.2 72.4±3.1 72.9±3.7

BJN 82.3±1.7 82.7±0.7 82.7±1.3 82.6±2.0

BUG 72.7±2.3 66.5±5.3 62.7±5.9 61.1±6.9

IND 85.5±1.6 88.6±0.8 89.3±1.1 89.3±0.7

JAV 81.1±0.7 85.6±2.5 84.1±2.1 85.3±2.4

MIN 76.2±3.1 80.5±3.3 78.3±3.0 80.4±3.3

SUN 80.8±1.9 83.9±2.0 82.6±3.1 83.2±3.1

AVG 79.0±4.2 80.8±6.9 79.2±8.2 79.4±8.8

Table 12: NusaX by No. of Adaptation Steps. We benchmark NLLB-LLM2Vec S1+S2 on test portions of NusaX
(cf. §4) by number of adaptation steps in S1. S1 and S2 refer to self-supervised and task-specific stages of aligning
NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-tuning. Reported performance is averaged over three
seeds on model checkpoints that maximize performance on source-language (S-DEV) validation splits. Subscripts
denote std. deviation. Metric: accuracy.
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0 3000 6000 10000
eng_Latn 74.9±5.5 90.0±0.8 91.7±0.4 99.4±0.7

AVG 51.3±2.8 61.8±0.2 62.2±0.2 62.6±0.5

acm_Arab 45.4±1.6 54.0±0.2 55.8±1.3 56.7±0.6

afr_Latn 62.2±4.7 77.3±1.1 79.7±1.2 80.1±1.1

als_Latn 54.3±5.3 71.0±0.9 71.7±0.4 72.9±1.0

amh_Ethi 43.8±3.3 51.1±2.1 49.9±0.5 50.4±1.5

apc_Arab 47.5±3.5 59.9±0.9 60.3±0.4 60.7±0.6

arb_Arab 53.3±3.4 65.3±1.2 67.9±1.1 68.1±1.5

ars_Arab 48.0±1.9 59.1±0.2 59.9±1.5 59.6±1.1

ary_Arab 40.2±1.6 49.1±1.1 48.1±0.6 48.3±0.8

arz_Arab 46.4±1.9 58.1±1.3 60.2±1.6 59.7±0.8

asm_Beng 45.6±1.2 52.6±0.5 53.0±0.2 54.0±1.1

azj_Latn 46.6±1.5 55.1±0.1 55.0±0.4 56.7±0.8

bam_Latn 38.6±0.4 40.3±0.6 39.3±0.8 39.5±1.2

ben_Beng 52.0±2.3 62.5±1.3 63.0±1.0 62.5±0.8

ben_Latn 30.6±0.8 31.7±1.1 27.6±1.7 28.2±1.2

bod_Tibt 30.5±0.1 34.5±0.3 33.5±0.7 33.9±1.1

bul_Cyrl 61.0±3.8 76.5±0.3 76.3±0.4 77.9±0.1

cat_Latn 63.7±3.4 78.9±0.6 80.9±0.5 82.3±0.9

ceb_Latn 55.4±2.8 67.9±0.9 69.3±1.4 70.7±0.7

ces_Latn 61.1±3.7 74.1±0.6 75.5±0.4 75.9±1.5

ckb_Arab 48.9±0.8 58.4±1.0 58.7±1.0 59.8±1.2

dan_Latn 66.2±4.0 80.8±1.4 82.8±0.4 83.5±0.7

deu_Latn 64.4±4.7 78.4±0.7 79.1±0.0 78.1±0.9

ell_Grek 51.7±3.2 64.6±1.2 67.3±0.8 67.5±0.2

est_Latn 54.4±4.5 67.5±0.4 68.9±0.2 70.1±1.0

eus_Latn 57.0±2.0 66.7±0.9 67.3±0.6 66.7±1.1

fin_Latn 58.5±4.3 72.1±0.5 72.0±0.6 73.0±0.7

fra_Latn 66.0±4.3 81.7±0.7 82.4±0.7 82.4±1.0

fuv_Latn 29.3±0.4 29.7±0.2 28.6±0.9 28.1±0.6

gaz_Latn 39.0±1.1 43.6±1.5 41.2±1.5 42.8±0.7

grn_Latn 46.3±1.1 54.7±0.3 54.2±1.6 52.5±0.9

guj_Gujr 47.0±2.1 55.3±0.6 55.9±0.8 55.9±1.7

hat_Latn 53.5±2.5 67.1±1.0 67.8±0.9 67.4±0.9

hau_Latn 48.6±2.9 60.8±1.5 61.4±0.4 62.1±0.4

heb_Hebr 54.3±2.9 65.6±1.3 65.4±0.6 66.6±0.3

hin_Deva 52.7±2.2 63.7±0.8 63.9±1.6 65.7±1.0

hrv_Latn 59.4±4.9 75.0±1.1 76.6±0.3 77.4±0.5

hun_Latn 57.2±4.4 71.5±0.3 71.6±0.4 71.6±0.5

hye_Armn 48.6±2.8 58.8±0.7 57.8±1.0 58.6±0.6

ibo_Latn 40.7±2.7 50.6±0.8 49.0±0.3 49.2±0.3

ilo_Latn 53.4±2.2 64.5±1.1 65.1±0.8 66.7±1.3

ind_Latn 66.4±4.4 81.2±0.3 81.7±1.1 82.5±0.6

isl_Latn 50.7±3.1 63.4±0.6 65.1±0.8 65.0±1.2

ita_Latn 64.9±4.7 80.3±1.1 81.4±0.9 82.4±0.5

jav_Latn 60.7±3.7 73.0±0.1 73.4±0.4 74.2±0.5

jpn_Jpan 53.5±3.8 68.0±0.2 67.6±1.2 67.1±0.9

kac_Latn 37.4±0.6 39.4±1.2 40.2±1.1 40.9±1.2

kan_Knda 49.9±3.6 56.4±0.9 56.5±1.1 56.9±1.3

kat_Geor 44.4±2.4 51.2±0.7 50.3±0.9 51.1±0.5

kaz_Cyrl 50.4±3.2 59.4±0.4 59.6±0.9 59.3±0.7

kea_Latn 52.1±3.8 63.3±0.6 64.5±0.6 65.6±1.5

khk_Cyrl 39.8±2.2 45.5±0.8 44.8±1.3 44.8±1.2

khm_Khmr 40.1±0.5 51.3±0.8 48.8±1.5 51.6±0.8

kin_Latn 48.0±2.6 55.9±0.9 57.0±0.3 57.1±0.8

kir_Cyrl 51.1±2.8 57.4±1.1 58.9±1.2 58.7±0.8

kor_Hang 52.3±3.8 63.7±0.6 63.0±0.9 62.3±0.7

lao_Laoo 46.6±2.9 58.5±0.5 58.6±0.5 58.4±1.5

lin_Latn 47.4±3.6 56.4±0.6 56.6±0.4 57.0±0.8

lit_Latn 58.0±4.8 69.7±1.1 70.1±0.4 72.3±0.5

lug_Latn 40.4±2.1 46.1±0.1 46.0±1.2 47.2±0.3

luo_Latn 39.4±2.5 46.5±0.6 46.9±0.1 45.4±0.9

lvs_Latn 57.3±3.7 69.3±0.5 69.9±0.2 70.6±1.3

Table 13: Belebele by No. of Adaptation Steps (1/2). We benchmark NLLB-LLM2Vec S1+S2 on test portions of
Belebele (cf. §4) by number of adaptation steps in S1. S1 and S2 refer to self-supervised and task-specific stages
of aligning NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-tuning. Reported performance is averaged
over three seeds on model checkpoints that maximize performance on source-language (S-DEV) validation splits.
Subscripts denote std. deviation. Metric: accuracy.
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0 3000 6000 10000
eng_Latn 74.9±5.5 90.0±0.8 91.7±0.4 99.4±0.7

AVG 51.3±2.8 61.8±0.2 62.2±0.2 62.6±0.5

mal_Mlym 44.0±2.9 52.1±1.1 50.6±0.9 49.9±0.4

mar_Deva 51.7±3.7 60.6±0.9 60.3±1.4 60.8±0.5

mkd_Cyrl 59.4±3.1 72.2±1.2 73.4±0.5 74.3±0.6

mlt_Latn 52.1±1.5 65.7±0.7 66.5±0.5 67.7±1.7

mri_Latn 41.2±2.5 45.8±0.3 46.7±0.6 47.2±1.4

mya_Mymr 40.6±1.8 47.3±0.6 46.6±0.7 47.4±0.5

nld_Latn 64.1±3.9 79.1±0.4 80.7±0.4 81.0±0.6

nob_Latn 65.2±4.1 81.8±1.2 83.9±0.7 84.6±0.2

npi_Deva 51.5±2.8 61.1±1.1 61.2±0.4 60.8±1.6

nso_Latn 49.6±4.3 58.0±0.8 60.4±0.9 60.0±1.5

nya_Latn 44.4±1.5 52.9±1.2 54.5±1.4 54.5±1.4

ory_Orya 48.2±1.4 57.1±0.8 57.0±1.1 57.1±1.2

pan_Guru 46.6±2.0 55.2±1.4 55.0±1.1 56.5±2.1

pbt_Arab 44.2±2.3 50.6±1.3 48.7±0.8 49.9±1.4

pes_Arab 60.1±5.5 72.4±0.5 71.6±0.4 71.4±0.3

plt_Latn 52.3±2.8 64.9±0.7 64.1±0.5 64.9±0.7

pol_Latn 55.7±3.9 69.0±0.4 70.7±0.8 71.0±0.8

por_Latn 68.2±4.8 83.2±0.5 83.8±0.7 84.1±0.7

ron_Latn 62.1±4.3 77.3±0.9 78.0±1.0 79.1±1.0

rus_Cyrl 61.6±3.6 76.2±0.6 78.1±1.0 79.1±1.2

shn_Mymr 33.3±1.4 36.4±1.6 36.4±0.8 37.3±0.5

sin_Sinh 38.4±2.3 43.9±1.3 44.1±1.7 43.8±1.6

slk_Latn 60.5±4.6 73.3±0.2 74.9±0.3 76.0±0.8

slv_Latn 59.9±4.2 74.9±0.7 76.2±0.3 76.0±0.6

sna_Latn 48.8±2.2 61.1±1.0 61.4±0.4 61.1±0.9

snd_Arab 48.6±2.4 57.6±1.4 57.1±1.2 56.6±0.3

som_Latn 43.3±2.1 52.0±1.5 51.4±0.9 51.2±1.1

sot_Latn 45.6±3.7 56.6±0.1 57.4±1.4 57.9±1.4

spa_Latn 67.0±3.6 84.6±0.8 85.3±0.2 85.6±0.4

srp_Cyrl 60.0±3.9 72.8±1.0 74.4±0.8 75.5±1.0

ssw_Latn 44.2±3.9 51.4±0.2 51.7±0.2 52.4±2.1

sun_Latn 54.8±3.2 68.8±0.9 68.9±0.4 70.1±0.6

swe_Latn 66.6±4.6 81.3±0.7 81.9±0.1 82.8±0.4

swh_Latn 60.3±4.2 74.9±0.4 74.6±0.5 75.5±0.9

tam_Taml 47.2±3.9 55.7±1.7 55.6±0.9 54.8±0.9

tel_Telu 47.0±2.6 56.0±0.6 54.3±1.2 54.6±1.0

tgk_Cyrl 45.6±3.1 55.6±0.2 55.4±0.5 54.7±0.6

tgl_Latn 58.0±3.1 71.8±0.3 72.1±0.7 72.2±1.3

tha_Thai 46.5±1.9 58.0±0.6 58.1±0.8 58.8±0.6

tir_Ethi 40.1±2.0 44.0±0.7 44.9±1.5 44.6±1.8

tsn_Latn 48.3±3.8 55.9±1.0 55.4±0.9 56.6±0.6

tso_Latn 54.9±1.8 64.3±0.6 63.7±0.2 64.5±1.7

tur_Latn 55.3±3.2 62.4±0.7 63.7±0.8 64.0±1.1

ukr_Cyrl 57.0±3.1 72.3±0.2 72.9±1.1 74.1±0.8

urd_Arab 53.8±2.1 63.2±1.2 63.5±0.7 63.6±1.6

uzn_Latn 49.8±2.3 60.5±0.9 61.3±0.3 61.0±0.8

vie_Latn 60.3±3.4 75.5±0.2 75.2±1.0 76.4±0.3

war_Latn 55.9±4.0 69.6±0.4 69.0±1.0 68.6±1.1

wol_Latn 34.7±1.5 38.6±1.5 37.0±0.8 36.9±0.7

xho_Latn 49.7±2.5 59.4±1.1 60.6±0.1 61.2±0.8

yor_Latn 36.1±1.7 41.6±0.7 41.1±0.9 41.4±0.7

zho_Hans 65.3±3.7 78.4±0.7 79.9±0.5 79.6±0.9

zho_Hant 63.9±3.6 77.4±0.4 77.6±0.7 76.8±0.5

zsm_Latn 66.1±3.8 80.1±1.0 80.7±1.5 81.5±0.8

zul_Latn 47.1±2.3 56.2±0.9 56.7±0.9 58.1±1.6

Table 14: Belebele by No. of Adaptation Steps (2/2). We benchmark NLLB-LLM2Vec S1+S2 on test portions of
Belebele (cf. §4) by number of adaptation steps in S1. S1 and S2 refer to self-supervised and task-specific stages
of aligning NLLB with LLM2Vec (cf. §3). FT denotes supervised fine-tuning. Reported performance is averaged
over three seeds on model checkpoints that maximize performance on source-language (S-DEV) validation splits.
Subscripts denote std. deviation. Metric: accuracy.
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NLLB-GPT-2.

EN AR BG DE EL ES FR HI RU SW TH TR UR VI ZH AVG
Zero-Shot Cross-Lingual Transfer: Fine-tune multilingual model on English training set

NLLB-GPT-2 FT 82.2±0.1 75.0±0.4 78.3±0.6 77.1±1.0 75.6±0.5 78.8±0.4 77.9±0.8 71.2±0.5 75.6±0.4 73.1±0.6 71.1±0.8 74.0±0.8 68.4±0.9 76.7±0.4 73.4±0.6 74.7±0.5

Translate-Test: Translate test data to English
GPT-2 NLLB-600M 00.0±0.0 73.9±0.1 76.3±0.3 77.4±0.1 77.5±0.6 78.7±0.2 78.4±0.5 71.3±0.4 73.8±0.2 69.1±0.4 69.0±0.3 74.1±0.5 65.6±0.1 74.9±0.3 71.0±0.5 73.6±0.1

GPT-2 NLLB-3B 00.0±0.3 74.9±0.5 78.1±0.1 78.9±0.2 77.9±0.3 79.8±0.2 79.4±0.1 72.6±0.3 76.0±0.4 69.9±0.3 71.0±0.1 76.6±0.6 66.0±0.4 75.9±0.4 73.7±1.0 75.1±0.2

Table 15: NLLB-GPT-2 XNLI (1/2). We benchmark models on test portions of XNLI (cf. §4). S1 refers to
the self-supervised stage of aligning NLLB with GPT-2 (cf. §3). FT denotes supervised fine-tuning. Reported
performance is averaged over three seeds on model checkpoints that maximize performance on source-language
(S-DEV) validation splits. Subscripts denote std. deviation. Metric: accuracy.

EN AR BG DE EL ES FR HI RU SW TH TR UR VI ZH AVG
Zero-Shot Cross-Lingual Transfer: Fine-tune multilingual model on English training set

NLLB-GPT-2 S1+FT 82.2±0.1 75.0±0.4 78.4±0.5 77.2±0.9 75.8±0.6 78.8±0.4 78.0±0.8 71.3±0.5 75.7±0.4 73.1±0.6 71.1±0.8 74.2±0.7 68.4±0.9 76.7±0.3 73.5±0.4 74.8±0.5

Translate-Test: Translate test data to English
GPT-2 NLLB-600M 85.0±0.1 74.1±0.2 76.8±0.6 77.7±0.1 77.8±0.3 79.1±0.3 78.6±0.5 71.7±0.2 74.0±0.1 69.6±0.2 69.4±0.2 74.4±0.4 65.9±0.4 75.1±0.3 71.7±0.6 74.0±0.1

GPT-2 NLLB-3B 85.0±0.1 75.1±0.4 78.6±0.3 79.1±0.3 78.3±0.3 80.1±0.3 79.6±0.3 72.9±0.1 76.4±0.1 70.5±0.3 71.4±0.3 76.7±0.4 66.4±0.1 76.1±0.2 74.4±0.4 75.4±0.0

Table 16: NLLB-GPT-2 XNLI (2/2). We benchmark models on test portions of XNLI (cf. §4). S1 refers to
the self-supervised stage of aligning NLLB with GPT-2 (cf. §3). FT denotes supervised fine-tuning. Reported
performance is averaged over three seeds on model checkpoints that maximize performance on per target-language
(T-DEV) validation splits. Subscripts denote std. deviation. Metric: accuracy.

AYM GN QUY AVG AZ KK KY UZ AVG

S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV S-DEV T-DEV

Zero-Shot Cross-Lingual Transfer: Fine-tune multilingual model on English training set
NLLB-GPT-2 S1+FT 59.7±0.5 60.4±0.4 66.8±0.9 67.8±0.7 60.0±0.8 61.2±1.1 62.2±0.6 63.2±0.6 77.4±0.4 77.7±0.7 75.3±0.3 75.5±0.1 75.6±0.3 75.7±0.4 76.6±0.6 77.1±0.6 76.2±0.2 76.5±0.3

Translate-Test: Translate test data to English
GPT-2 NLLB-600M 50.3±1.1 52.1±1.1 58.0±0.9 59.0±0.6 54.0±0.5 54.4±0.1 54.1±0.5 55.2±0.4 77.2±0.2 77.4±0.5 73.2±0.1 73.7±0.4 73.5±0.4 74.3±0.0 75.0±0.5 75.7±0.7 74.7±0.0 75.3±0.2

GPT-2 NLLB-3B 46.2±1.0 47.9±0.6 59.7±1.5 61.6±0.3 51.9±1.0 54.0±0.3 52.6±0.5 54.5±0.2 78.9±0.3 79.3±0.4 75.0±0.4 75.5±0.4 71.7±0.4 72.6±0.4 75.9±0.4 76.3±0.3 75.4±0.4 75.9±0.3

Table 17: NLLB-GPT-2 on AmNLI & Kardeş-NLU. We benchmark models on test portions of AmNLI and
Kardeş-NLU (cf. §4). S1 refers to the self-supervised stage of aligning NLLB with GPT-2 (cf. §3). FT denotes
supervised fine-tuning. Reported performance is averaged over three seeds on model checkpoints that maximize
performance on source-language (S-DEV) and per target-language (T-DEV) validation splits. Subscripts denote std.
deviation. Metric: accuracy.
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