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Abstract
On multi-lingual natural language process-001
ing (NLP) tasks, it is generally agreed that002
multi-lingual models perform better than cross-003
lingual models even with limited training data004
in the target languages. Though this is expected,005
its cause has not been well-studied. In this pa-006
per, we examine the differences between cross-007
and multi-lingual models fine-tuned on syntac-008
tic, semantic, or sentiment analysis (SA) tasks,009
from the perspectives of parameter updates, fea-010
ture extraction, and domain changes to inves-011
tigate the advantage of multi-lingual training.012
Additionally, we incorporate the knowledge we013
learn from our analyses into the training pro-014
cess of cross-lingual models to improve their015
performance. Results show that jointly apply-016
ing feature augmentation and domain adapta-017
tion approaches effectively improves the perfor-018
mance of the vanilla cross-lingual models, with019
average F1-macro score improvements from020
0.38% to 20.75% on four NLP tasks. Our stud-021
ies indicate cross-lingual training effectiveness022
could be enhanced without requiring additional023
labeled data in the target languages. This pro-024
vides an alternative choice to data augmenta-025
tion for future research on resource-scarce lan-026
guages.027

1 Introduction028

Two common settings for training a machine learn-029

ing model on a multi-lingual NLP task are: 1) train-030

ing the model on a (source) language and evaluat-031

ing it on another (target) language, and 2) training032

the model on both the source and target languages033

and evaluating it on the target language. We refer to034

the former as cross-lingual training and the latter as035

multi-lingual training. While cross-lingual training036

features better extensibility to truly resource-scarce037

target languages, multi-lingual models outperform038

cross-lingual models in most cases (Liang et al.,039

2020; Hu et al., 2020). However, it remains un-040

known what factors lead to the superior perfor-041

mance of multi-lingual models. To uncover the042

secrets of multi-lingual training and improve cross- 043

lingual models, we examine the differences be- 044

tween cross- and multi-lingual models trained on 045

four syntactic, semantic, and SA tasks. We use 046

multi-lingual BERT (mBERT, Devlin et al. (2019)), 047

one of the top-performing multi-lingual NLP mod- 048

els, in these experiments and analyses. Our analy- 049

ses show two main differences between cross- and 050

multi-lingual models. 051

First, through model probing and attention-head 052

analyses on the four tasks, we find that different 053

linguistic features are emphasized by cross- and 054

multi-lingual models fine-tuned on the same task. 055

This potentially results from the fact that the im- 056

portance of attention heads are not uniformly dis- 057

tributed for cross- and multi-lingual models, as 058

each attention head extracts a relatively stable set 059

of linguistic features (Michel et al., 2019). For ex- 060

ample, attention heads in the middle to upper layers 061

of mBERT are updated more intensely by a multi- 062

lingual paraphrase identification (PI) model than 063

its cross-lingual counterpart in our experiments, 064

potentially suggesting that critical syntactic and se- 065

mantic knowledge in target languages is learned via 066

multi-lingual training (Tenney et al., 2019; Vig and 067

Belinkov, 2019). Our model probing and attention- 068

head probing experiments on the four NLP tasks 069

provide additional evidence for the different impor- 070

tance ranking of linguistic features between cross- 071

and multi-lingual models. For example, our experi- 072

mental results suggest that key linguistic features 073

for a PI task are emphasized more heavily by a 074

multi-lingual SA model than a cross-lingual SA 075

model fine-tuned on the same dataset. 076

Second, knowledge about the target language 077

domains potentially contributes to the higher per- 078

formance of multi-lingual models. Through lan- 079

guage modeling (LM) evaluations, we find that 080

multi-lingual models produce pseudo perplexity 081

scores (Salazar et al., 2020) that are 11.45% to 082

90.43% lower than cross-lingual models fine-tuned 083
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using the same datasets on the training corpora084

of all the languages. This shows the substantially085

lower encoding ability of the cross-lingual model086

on documents not in the source language, which is087

a potential cause of the performance gap between088

the cross- and multi-lingual models in our evalua-089

tions.090

Our findings suggest that cross-lingual models091

function differently than multi-lingual models from092

both feature and domain perspectives. Taking093

advantage of these findings, we design three ap-094

proaches to improve cross-lingual models without095

introducing additional task-oriented labeled train-096

ing instances. The approaches include: 1) fusing097

linguistic features that are important for the multi-098

lingual models into cross-lingual training via joint099

modeling, 2) adapting the cross-lingual models to100

the target language domain via two-stage training,101

and 3) combining the two approaches into a train-102

ing pipeline. Our evaluations on four NLP tasks103

show that while the first and second approaches104

generally bring positive effects to the performance105

of cross-lingual models, the combination of both106

approaches results in the best average performance107

on all the tasks (0.38% to 20.75% higher perfor-108

mance than the vanilla cross-lingual models).109

The contributions of this paper are two-fold:110

• We develop a systematic understanding of the dif-111

ferences between cross- and multi-lingual models112

via model interpretation.113

• We augment cross-lingual training with knowl-114

edge learned from these differences to improve115

the performance of cross-lingual models without116

additional labeled data in the target languages.117

2 Tasks and Datasets118

To examine the differences between cross- and119

multi-lingual models, we evaluate and analyze120

mBERT models on four tasks, including two syn-121

tactic tasks (part-of-speech tagging (POS) and122

named entity recognition (NER)), one semantic123

task (PI), and one SA task. We use datasets in four124

languages (English (EN), German (DE), Spanish125

(ES), and French (FR)) in our experiments, where126

EN is the source language for training the cross-127

lingual models. Table 1 displays the number of128

training and test instances in these datasets. The129

tasks and datasets are:130

Universal Dependencies (UD) 1 provides anno-131

tated datasets for grammar-related tasks (e.g., POS132

1https://universaldependencies.org/

EN DE ES FR
UD
Training

12,543 13,814 14,035 14,449

UD
Test

2,077 977 1,721 416

WikiANN
Training

20,000 20,000 20,000 20,000

WikiANN
Test

10,000 10,000 10,000 10,000

PAWS-X
Training

49,401 49,401 49,401 49,401

PAWS-X
Test

2,000 2,000 2,000 2,000

MARC
Training

200,000 200,000 200,000 200,000

MARC
Test

5,000 5,000 5,000 5,000

Table 1: Number of training and test instances in the
datasets we use in our evaluations and analyses.

and dependency parsing) in over 100 languages. 133

We use POS in our experiments since the objective 134

and evaluation metric of dependency parsing are 135

very different from those of the other tasks we use, 136

which can lead to potential problems when compar- 137

ing models fine-tuned on different tasks. 138

WikiANN (Rahimi et al., 2019) is an NER dataset 139

constructed over Wikipedia documents. Different 140

from POS, language-specific lexical features are 141

important for NER models since the named en- 142

tity (NE) expressions are language-specific. The 143

WikiANN dataset is annotated with three NE la- 144

bels, i.e., LOC (location), PER (person), and ORG 145

(organization), on word level in the IOB-2 format. 146

PAWS-X (Yang et al., 2019) is used in our exper- 147

iments to study the feature extraction patterns of 148

models fine-tuned on semantic tasks. Each instance 149

in PAWS-X is a pair of sentences in the same lan- 150

guage which is labeled for whether the two sen- 151

tences express the same semantic meaning (1) or 152

not (0). The instances in PAWS-X are sampled 153

from the PAWS-WIKI dataset (Zhang et al., 2019) 154

in English and translated into other languages. 155

Multilingual Amazon Reviews Corpus (MARC) 156

(Keung et al., 2020) is an SA dataset containing 157

documents from Amazon product reviews. It labels 158

each review with a 5-scale sentiment label based 159

on the stars (rating) it receives from its author. 160

Metric: We evaluate the F1-macro score for all 161

the datasets to avoid bias caused by imbalanced 162
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EN DE ES FR
POS-cross-ling 93.85 69.73 60.07 62.91
POS-multi-ling 93.07 74.92 86.29 75.70
NER-cross-ling 92.10 83.28 75.28 83.35
NER-multi-ling 92.60 94.12 94.76 94.51
PI-cross-ling 94.22 85.77 87.34 86.03
PI-multi-ling 94.52 89.27 91.30 91.45
SA-cross-ling 57.63 43.42 45.22 44.70
SA-multi-ling 57.75 60.28 57.75 57.05

Table 2: F1-macro score of mBERT models fine-tuned
on the POS (UD), NER (WikiANN), PI (PAWS-X), and
SA (MARC) tasks. The higher performance on each
data set is in bold.

label distributions.163

3 Experiments and Analyses164

This section examines the differences between165

cross- and multi-lingual mBERT models fine-tuned166

on each of the POS, NER, PI, and SA tasks from167

three perspectives. Section 3.1 presents the evalu-168

ation performance of both models to confirm the169

advantage of multi-lingual training. Section 3.2 ex-170

amines the different linguistic features emphasized171

by the cross- and multi-lingual models via probing,172

and Section 3.3 conducts more in-depth studies173

about the feature extraction patterns of both mod-174

els through attention-head analyses. Section 3.4175

evaluates the domain compatibility of both mod-176

els with the domains of the test sets for each task177

to examine the importance of domain knowledge178

for multi-lingual tasks. For clarity, we refer to179

the cross- and multi-lingual models on each task180

as [TASK]-cross-ling and [TASK]-multi-ling, re-181

spectively, where [TASK] is the task on which the182

models are fine-tuned. Specifically, we apply the183

Huggingface (Wolf et al., 2020) implementation of184

the pre-trained bert-base-multilingual-cased model185

with 12 layers and 12 attention heads per layer. All186

the models are fine-tuned for five epochs with a187

learning rate of 1e-5 and a batch size of 32.188

3.1 Evaluations189

The evaluation results of cross- and multi-lingual190

mBERT models on the POS, NER, PI, and SA tasks191

are displayed in Table 2. We note that the multi-192

lingual model outperforms the cross-lingual model193

in almost all the experiments except for the EN194

experiment on POS, demonstrating the advantage195

of multi-lingual training.196

POS NER PI SA
POS-cross-ling - 3.61 3.39 4.80
POS-multi-ling - 0.05 2.79 1.96
NER-cross-ling -1.14 - 1.00 0.76
NER-multi-ling -0.14 - 2.22 -2.36
PI-cross-ling 0.81 3.09 - 2.97
PI-multi-ling 1.61 3.69 - -4.37
SA-cross-ling -0.40 1.83 0.73 -
SA-multi-ling -0.29 5.02 4.96 -

Table 3: Probing results of cross- and multi-lingual
mBERT models fine-tuned on the POS (UD), NER
(WikiANN), PI (PAWS-X), and SA (MARC) tasks. The
results are in F1-macro score.

Additionally, we find that though multi-lingual 197

training does not introduce additional training in- 198

stances in the source language (i.e., EN), the per- 199

formance of multi-lingual models is higher than 200

the cross-lingual models in the EN evaluations on 201

NER, PI, and SA tasks. On the other hand, the 202

performance gains brought by multi-lingual train- 203

ing are imbalanced on the four languages (e.g., the 204

performance gain is 3.50 for DE but 5.42 for FR 205

on the PI task) even on the PAWS-X dataset which 206

is constructed on a parallel corpus. These findings 207

suggest that the amount of training data in each 208

language is not the only factor affecting the perfor- 209

mance of cross- or multi-lingual models. Instead, 210

we hypothesize that linguistic features and domain 211

knowledge could also be important for mBERT 212

models to perform well on multi-lingual tasks. To 213

verify our hypothesis and explain the advantage of 214

multi-lingual training, we conduct probing and do- 215

main compatibility experiments in the rest of this 216

section. 217

3.2 Model Probing 218

To examine important linguistic features underly- 219

ing the predictions of cross- and multi-lingual mod- 220

els, we probe the 8 [TASK]-cross-ling and [TASK]- 221

multi-ling models on the POS, NER, PI, and SA 222

tasks. Similar to Wu et al. (2021), we probe each 223

model in four steps: 224

1) We construct a prediction head on top of a pre- 225

trained mBERT model and train the model on a 226

probing task with the mBERT weights frozen to 227

get the “probe" model. 228

2) We construct a prediction head on top of a fine- 229

tuned mBERT model (e.g., POS-cross-ling) and 230

train the model on the same probing task with the 231
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Figure 1: Normalized attention-head updates of [TASK]-cross-ling and [TASK]-multi-ling and the difference
between the two matrices for each [TASK] ([TASK]-diff) among POS, NER, PI, and SA. For attention-head update
figures (captioned [TASK]-cross-ling and [TASK]-multi-ling), brighter colors indicate more intense updates. In
[TASK]-diff figures, cells in blue and red colors represent attention heads updated more heavily by the [TASK]-
multi-ling and [TASK]-cross-ling, respectively.

mBERT weights frozen to get the “ceiling" model.232

3) We evaluate both models on the probing task and233

subtract the evaluation score of the “probe" model234

from the “ceiling" model to get the probing result235

for the fine-tuned model on the probing task.236

All these models are trained on the EN training237

sets and evaluated on the combination of test sets238

in four languages (i.e., the cross-lingual setting) to239

avoid discrepancies between mBERT weights and240

prediction heads in cross-lingual models.241

We display the probing results in Table 3. From242

the results, we find that NER-multi-ling gets notice-243

ably higher probing results than NER-cross-ling on244

POS and PI. We speculate the cause of this phe-245

nomenon to be that NER-multi-ling learns to put246

more emphasis on extracting important linguistic247

features for these two tasks. Similarly, the extrac-248

tion of important features for POS and NER may249

be contributing to the higher performance of NER- 250

multi-ling than NER-cross-ling, and SA-multi-ling 251

may have benefited from emphasizing critical fea- 252

tures for NER and PI. While POS-multi-ling outper- 253

forms POS-cross-ling in the evaluations, its prob- 254

ing results are lower than those of POS-cross-ling 255

on NER, PI, and SA. Two possible causes of this 256

may be that POS-multi-ling learns to emphasize 257

linguistic features that are not critical for the NER, 258

PI, and SA tasks, or that other types of information 259

(e.g., domain knowledge) mainly account for the 260

superior performance of POS-multi-ling over POS- 261

cross-ling. These results show that there are key 262

linguistic features that are emphasized by multi- 263

lingual models but not by cross-lingual models 264

fine-tuned on the same datasets. Our probing ex- 265

periments help specify the differences in feature ex- 266

traction behaviors between cross- and multi-lingual 267
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models, which is shown by our later experiments to268

be useful for improving the performance of cross-269

lingual models.270

3.3 Attention Head Analyses271

As attention heads are the feature extraction units in272

a Transformer-based model (Vaswani et al., 2017),273

we examine the updates and roles of attention heads274

to illustrate differences between cross- and multi-275

lingual models in the probing experiments.276

3.3.1 Attention Head Updates277

The absolute weight updates in each attention head278

reflect its importance in the training process of the279

model. We plot the normalized absolute attention-280

head updates and the differences between the up-281

dates of each pair of cross- and multi-lingual mod-282

els in Figure 1.283

We find that the attention-head updates corre-284

late strongly between the [TASK]-cross-ling and285

[TASK]-multi-ling models, with Spearman’s rank286

correlation coefficient (Spearman’s ρ) above 0.70287

for all the tasks. 2 Meanwhile, the most heavily288

updated attention heads lie in different areas of the289

model for different tasks. For example, the mid-290

dle layers of mBERT models fine-tuned on POS291

and NER are updated the most intensely, which292

may result from the heavy dependence of POS293

and NER models on syntactic features. Further-294

more, the NER models update lower-layer attention295

heads more heavily than the highest-layer attention296

heads, and so do the PI and SA models, suggesting297

that semantic and lexical features are important for298

these tasks (see Kovaleva et al. (2019); Tenney et al.299

(2019); Vig and Belinkov (2019)).300

In addition, we find that though the attention-301

head updates are ranked similarly between cross-302

and multi-lingual models, the extent to which303

each attention head is updated differ substantially.304

Specifically, the multi-lingual POS and NER mod-305

els distribute more emphasis on the middle syn-306

tactic layers while the cross-lingual models up-307

date the upper-most task-specific layers more in-308

tensely. We infer that additional syntactic fea-309

tures are learned by POS-multi-ling and NER-310

multi-ling on the multi-lingual training data, which311

help them perform better in the non-EN evalua-312

tions. Moreover, both PI-multi-ling and SA-multi-313

ling place more emphasis on upper-layer semantic314

2All these Spearman’s ρ are statistically significant with
p-values lower than 0.01.

heads while PI-cross-ling and SA-cross-ling up- 315

date the lexical attention heads on lower layers 316

more heavily. Though lexical features are impor- 317

tant for PI and SA, these features are language- 318

dependent and may have caused the performance 319

differences between cross- and multi-lingual mod- 320

els shown in Table 2. These findings show that 321

attention heads are weighed differently in the cross- 322

and multi-lingual training processes, which lends 323

additional support to our assumption that cross- 324

and multi-lingual models emphasize different sets 325

of linguistic features. 326

3.3.2 Attention Head Probing 327

To gain a better understanding of the feature- 328

extraction roles of each attention head, we probe 329

each attention head in the 8 [TASK]-cross-ling and 330

[TASK]-multi-ling models on the POS, NER, PI, 331

and SA tasks using the same probing method as 332

introduced in Section 3.2. On each task, we com- 333

pare the attention-head probing results of all the 334

models with those of the cross-lingual model fine- 335

tuned specifically for that task, e.g., POS-cross- 336

ling for POS. For clarity, we refer to the model 337

with which all the other models are compared on 338

each task as [TASK]-baseline. Specifically, we 339

examine the number of overlaps among the topK 340

contributive attention heads and Spearman’s ρ of 341

the overlapped heads between each [TASK]-cross- 342

ling or [TASK]-multi-ling model and each [TASK]- 343

baseline model. We assume that the most contribu- 344

tive attention heads in a model play important roles 345

in the extraction of critical linguistic features for 346

the task where the model is fine-tuned. As such, 347

these analyses could help us identify how differ- 348

ently cross- and multi-lingual models fine-tuned 349

on the same task extract linguistic features. Note 350

that this assumption is not strict, and the method 351

cannot be used as a quantitative metric for evalu- 352

ating feature dependence of these models, though 353

it helps us qualitatively explain the performance 354

of the models from the perspective of linguistic 355

feature extraction. 356

As Table 4 shows, each multi-lingual model 357

shares a more consistent attention-head ranking 358

with the cross-lingual model fine-tuned on the same 359

task than with other cross-lingual models. We spec- 360

ulate the reason to be that both cross- and multi- 361

lingual models fine-tuned on the same task learn 362

to put higher emphasis on a core linguistic feature 363

set for that task. The different attention-head rank- 364

ings between each pair of cross- and multi-lingual 365
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Models TopK
POS NER PI SA

Ovlp Corr Ovlp Corr Ovlp Corr Ovlp Corr

POS-cross-ling
40 - - 18 0.42 21 0.27 12 0.51
60 - - 32 0.50* 35 0.55* 24 0.33*
80 - - 50 0.66* 52 0.74* 44 0.51*

POS-multi-ling
40 20 0.22 15 0.19 14 0.54* 12 0.23
60 36 0.61* 37 0.17 29 0.62* 24 0.47*
80 55 0.42* 56 0.51* 46 0.78* 42 0.57*

NER-cross-ling
40 14 0.00 - - 18 -0.30 17 0.59*
60 34 0.04 - - 29 0.09 27 0.65*
80 52 0.22 - - 49 0.70* 50 0.59*

NER-multi-ling
40 16 0.16 27 0.46* 21 -0.32 18 0.23
60 33 0.31 41 0.65* 29 0.29 31 0.33
80 53 0.30* 52 0.47* 49 0.75* 50 0.65*

PI-cross-ling
40 15 -0.17 11 0.05 - - 14 0.44
60 33 0.17 27 -0.10 - - 24 0.44*
80 49 0.24 48 0.32* - - 49 0.54*

PI-multi-ling
40 14 0.56* 17 -0.18 23 0.44* 12 0.39
60 32 0.13 28 0.53* 38 0.71* 23 0.45*
80 50 0.24 52 0.47* 57 0.82* 45 0.62*

SA-cross-ling
40 14 -0.04 12 -0.17 21 0.09 - -
60 28 0.30 29 -0.12 32 0.20 - -
80 49 0.25 50 0.41* 49 0.59* - -

SA-multi-ling
40 18 -0.42 13 0.45 21 0.23 26 0.73*
60 31 0.07 27 0.30 29 0.13 43 0.80*
80 45 0.13 49 0.15 50 0.30* 64 0.69*

Table 4: Number of overlapped attention heads (Ovlp) and Spearman’s ρ of the rankings of these overlapped heads
(Corr) among the TopK contributive heads (TopK) between [TASK]-cross-ling or [TASK]-multi-ling models and
[TASK]-baseline models on the POS, NER, PI, and SA tasks. Statistically significant ρ are marked with *.

models further reflect the different weightings of366

linguistic features in cross- and multi-lingual fine-367

tuning processes on each task.368

Additionally, we compare the attention-head369

probing results of multi-lingual models and their370

cross-lingual counterparts to help explain the371

model probing results in Table 3. We provide the372

full attention-head probing results in Appendix A.373

For POS, we find that POS-cross-ling has more374

overlapped attention heads with NER-baseline and375

PI-baseline than POS-multi-ling, especially among376

the top-40 and top-60 contributive heads. The377

rank correlations of the overlapped heads are also378

substantially higher for POS-cross-ling than POS-379

multi-ling in most of the cases. On the other hand,380

though POS-cross-ling and POS-multi-ling have381

the same amount of overlapped attention heads382

with SA-baseline among the top-40 contributive383

heads, the rank correlation is higher for POS-cross-384

ling. These results are consistent with the higher385

probing performance of POS-cross-ling than POS- 386

multi-ling on all the three tasks. For NER, we 387

note that the attention-head rankings of NER-multi- 388

ling are more consistent with POS-baseline and 389

PI-baseline than NER-cross-ling, which explains 390

the higher model probing results of NER-multi- 391

ling on POS and PI. Similarly, attention-head rank- 392

ings of PI-multi-ling are more consistent with POS- 393

baseline and NER-baseline than PI-cross-ling, and 394

those of SA-multi-ling are more consistent with 395

NER-baseline and PI-baseline. These all corre- 396

spond to cases where the probing results of the 397

multi-lingual models are noticeably higher than 398

those of their cross-lingual counterparts. In other 399

cases where the model probing results of the cross- 400

lingual models are higher, the higher attention-head 401

overlap or rank correlations are also reflected in the 402

attention-head probing results. These findings sup- 403

port our hypothesis that multi-lingual training pro- 404

vides additional knowledge about feature weight- 405
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EN DE ES FR
POS

POS-cross-ling 694.92 6237.60 3123.90 2636.49
POS-multi-ling 615.34 596.71 191.01 202.78
mBERT 23.34 10.64 6.30 5.85

NER
NER-cross-ling 616.47 4613.01 4943.07 4252.96
NER-multi-ling 517.44 515.25 326.17 323.52
mBERT 13.60 15.50 14.02 14.91

PI
PI-cross-ling 3193.42 2753.90 3318.81 3824.42
PI-multi-ling 239.94 104.55 166.35 114.31
mBERT 10.43 9.66 7.06 12.35

SA
SA-cross-ling 5559.11 6458.82 4157.43 4764.42
SA-multi-ling 613.33 731.77 436.07 305.81
mBERT 33.76 25.39 27.92 25.77

Table 5: Pseudo perplexities achieved by cross- and
multi-lingual mBERT models on the EN, DE, ES, and
FR test sets of the POS (UD), NER (WikiANN), PI
(PAWS-X), and SA (MARC) datasets. mBERT repre-
sents the vanilla mBERT model.

ing, which as we show later, can be leveraged to406

improve the performance of cross-lingual models.407

3.4 Domain Compatibility408

Since the cross- and multi-lingual models are fine-409

tuned on documents in different languages, their410

text domain compatibility with the test corpora (in411

four languages for each task) may also differ. This412

could be a potential cause of the performance dif-413

ferences between cross- and multi-lingual models.414

To investigate, we evaluate the pseudo perplexity415

of each model on the four test corpora of its own416

training dataset and display the results in Table 5.417

We note that all the fine-tuned models produce418

higher pseudo perplexities than the vanilla mBERT419

model on these test corpora, since the models are420

fine-tuned with the classification or sequence la-421

beling objectives which are not directly related422

to the masked language modeling (MLM) objec-423

tive. However, the pseudo perplexities produced424

by the cross-lingual models are much (12.93% to425

945.33%) higher than those produced by the corre-426

sponding multi-lingual models on all the non-EN427

corpora. Meanwhile, the pseudo perplexity differ-428

ences are noticeably higher for POS models than429

for NER or PI models, which are consistent with430

the greater performance gaps between POS-cross-431

ling and POS-multi-ling on non-EN test data, as432

Table 2 shows. These findings demonstrate that tex-433

tual domain knowledge specific to each language,434

e.g., vocabulary and expressions, is an unignorable435

difference between cross- and multi-lingual models436

Models
Languages

EN DE ES FR
POS-cross-ling 93.85 69.73 60.07 62.91
+FA - - - -
+DA 91.60 69.54 60.45 63.32
+combined - - - -
NER-cross-ling 92.10 83.28 75.28 83.35
+FA 93.53 91.81 75.31 83.77
+DA 92.18 89.23 89.76 92.29
+combined 93.83 93.65 92.50 94.83
PI-cross-ling 94.22 85.77 87.34 86.03
+FA 93.75 85.20 87.05 86.80
+DA 86.09 77.16 76.83 78.28
+combined 94.24 85.46 87.91 87.06
SA-cross-ling 57.63 43.42 45.22 44.70
+FA 58.04 43.94 44.94 45.14
+DA 58.35 58.07 54.58 53.70
+combined 58.86 59.71 55.37 54.04

Table 6: Evaluation performance (in F1-macro score) of
cross-lingual models fine-tuned on POS (UD), NER
(WikiANN), PI (PAWS-X), and SA (MARC) tasks
([TASK]-cross-ling) and cross-lingual models aug-
mented with feature augmentation (+FA), domain adap-
tation (+DA), and both (+combined) approaches. High-
est performance on each dataset is in bold.

which potentially affects their performance. 437

4 Enhancing Cross-Lingual Models 438

From our probing and attention-head analyses, we 439

find that cross- and multi-lingual models differ sub- 440

stantially in their feature extraction behaviors and 441

the domain knowledge they learn. This motivates 442

us to examine practical ways of improving the per- 443

formance of cross-lingual models by emphasizing 444

linguistic features or domain knowledge, without 445

requiring additional labeled training data in target 446

languages. 447

4.1 Feature Augmentation 448

As our independent experiments in Sections 3.2 and 449

3.3 reach the same conclusion that cross- and multi- 450

lingual models put different weights on linguistic 451

features, we hypothesize that augmenting cross- 452

lingual models with proper external feature sets 453

could improve their performance. To verify this 454

hypothesis, we conduct multi-task learning (MTL) 455

experiments on these tasks, with the auxiliary tasks 456

chosen based on the probing results. Specifically, 457

we use POS and PI as auxiliary tasks for NER, POS 458

and NER as auxiliary tasks for PI, and NER and 459
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PI as auxiliary tasks for SA. As POS-cross-ling460

always achieves higher probing results than POS-461

multi-ling in our experiments, we do not apply the462

feature augmentation method on POS-cross-ling.463

Only the EN training data of both the primary and464

auxiliary tasks is used for the feature augmentation465

approach to avoid information leakage.466

As Table 6 shows, feature augmentation helps467

improve the performance of cross-lingual models468

in 8 out of 12 experiments. These results suggest469

that the weightings of linguistic features have an470

effect on the performance of mBERT models, and471

that feature augmentation is potentially a practi-472

cal approach for improving the performance of473

cross-lingual models. For the PI-cross-ling model,474

however, feature augmentation mainly results in475

negative effects on its performance. This possi-476

bly results from the different task objectives of PI477

(classification) and its auxiliary tasks (sequence la-478

beling). Choosing auxiliary tasks from a broader479

set of NLP tasks may help relieve this problem.480

4.2 Domain Adaptation481

Since we find domain compatibility to be a poten-482

tial cause of the performance differences between483

cross-lingual and multi-lingual models fine-tuned484

on POS, NER, PI, and SA, we examine a domain485

adaptation approach to help improve the perfor-486

mance of the cross-lingual models. Specifically,487

we first fine-tune a pre-trained mBERT model on488

the multi-lingual training corpus of a task using the489

MLM objective and then re-fine-tune the model on490

the EN training dataset using the classification or491

sequence labeling objective.492

According to Table 6, the domain adaptation ap-493

proach provides noticeable performance gains to494

the NER and SA tasks. This potentially results495

from the more important role of lexical features496

in target languages for the two tasks. However,497

domain adaptation harms the performance of POS-498

cross-ling on EN and DE, and that of PI-cross-ling499

on all the languages. The negative effects on the500

performance of POS-cross-ling may have resulted501

from the lower importance of lexical features to502

POS, as discussed in Section 3.3.1. We speculate503

the cause of the low performance of PI-cross-ling504

to be the mismatch of input format between the505

MLM fine-tuning stage and the cross-lingual fine-506

tuning stage for PI. Since we break the premise and507

hypothesis sentences in each PI instance down to508

two parts, the LM capability of the PI-cross-ling509

model potentially decreases on the PAWS-X cor- 510

pora, which could lead to the worse performance 511

of the model. 512

4.3 Joint Knowledge Enhancement 513

As feature augmentation and domain adaptation 514

have been shown to be effective in improving the 515

performance of cross-lingual models on the POS, 516

NER, and SA tasks, we also examine whether the 517

two approaches can be applied in combination. 518

Specifically, we first fine-tune an mBERT model 519

on the multi-lingual training data of a task using 520

the MLM objective and then fine-tune the trained 521

model jointly with the auxiliary tasks we choose. 522

We do not apply joint knowledge enhancement on 523

POS-cross-ling since we cannot choose a proper 524

auxiliary task set for POS based on our probing 525

experiments. As Table 6 shows, the combined ap- 526

proach leads to the highest performance improve- 527

ments to NER-cross-ling and SA-cross-ling. For 528

PI-cross-ling whose performance is harmed by sep- 529

arately applying the feature augmentation and do- 530

main adaptation methods, the combined approach 531

is able to compensate for the negative effects and 532

slightly improve the performance of PI-cross-ling 533

on the EN, ES, and FR test sets. One possible expla- 534

nation of the higher effectiveness of the joint knowl- 535

edge enhancement approach is that domain adapta- 536

tion helps mBERT better generalize the knowledge 537

it learns from cross-lingual training and feature 538

augmentation to other languages, which boosts the 539

effectiveness of the feature augmentation approach. 540

5 Conclusion and Future Work 541

Our analyses of the differences between cross- and 542

multi-lingual mBERT models fine-tuned on various 543

NLP tasks demonstrate that two key factors impact 544

the higher performance of multi-lingual models: 545

the weightings of features and domain compatibil- 546

ity with target languages. Based on these findings, 547

we design two approaches to improve the perfor- 548

mance of cross-lingual models, i.e., feature aug- 549

mentation and domain adaptation. Evaluations on 550

four NLP tasks show that these two approaches, ei- 551

ther used individually or in combination, generally 552

have positive effects on the performance of cross- 553

lingual models without additional task-specific an- 554

notations in target languages. 555

Future work can extend the scope of this paper 556

to include NLP tasks of other types, e.g., natural 557

language generation. 558
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6 Ethics Statement & Broader Impact559

All the datasets used in this paper are publicly avail-560

able to the entire NLP community, and we adopt561

the official data annotations and splits in all our562

evaluations and analyses. The datasets do not con-563

tain sensitive or identifiable information about the564

authors or annotators. In addition, the mBERT565

model we use in the experiments is implemented566

and made publicly available by Huggingface. We567

do not foresee any ethical issue in this paper. How-568

ever, we should note that large-scale pre-trained569

language models such as mBERT have been shown570

to be biased. This should be taken into consider-571

ation when utilizing such models for real-world572

applications.573

The work presented in this paper has a broader574

impact of improving the performance of cross-575

lingual NLP models on truly resource-scarce lan-576

guages without the need for acquiring additional577

annotated data, which can be expensive. This can578

potentially broaden the application of pre-trained579

NLP models to a wider range of languages.580
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A Attention Head Probing Results692

We display the attention-head probing results on693

POS in Figure A1, the results on NER in Figure694

A2, the results on PI in Figure A3, and those on695

SA in Figure A4. For each attention-head probing696

experiment, we train the probing models on the697

EN training data and evaluate on the test data of698

all the four languages (i.e., the cross-lingual set-699

ting). In the figures, the most contributive attention700

heads in each [TASK]-cross-ling or [TASK]-multi-701

ling model for the target task are marked in green,702

and the least important attention heads are marked703

in red. From the figures, we find that the most704

contributive attention heads for each task heavily705

overlap across models, e.g., the 8-th attention head706

on the 7-th layer of mBERT for the POS task. This707

implies that each task or dataset relies on a set of708

foundational linguistic features.709
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(b) POS-multi-ling
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(d) NER-multi-ling
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(e) PI-cross-ling
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(g) SA-cross-ling
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Figure A1: The probing results of the POS-cross-ling, POS-multi-ling, NER-cross-ling, NER-multi-ling, PI-cross-
ling, PI-multi-ling, SA-cross-ling, and SA-multi-ling on the POS task (the UD dataset). The most contributive
attention heads are marked in green, and the least contributive heads are marked in red.
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(a) POS-cross-ling
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(b) POS-multi-ling
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(c) NER-cross-ling
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(d) NER-multi-ling
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(e) PI-cross-ling
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(f) PI-multi-ling
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(g) SA-cross-ling
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(h) SA-multi-ling

Figure A2: The probing results of the POS-cross-ling, POS-multi-ling, NER-cross-ling, NER-multi-ling, PI-cross-
ling, PI-multi-ling, SA-cross-ling, and SA-multi-ling on the NER task (the WikiANN dataset). The most contributive
attention heads are marked in green, and the least contributive heads are marked in red.
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(a) POS-cross-ling
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(b) POS-multi-ling
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(c) NER-cross-ling
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(d) NER-multi-ling
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(e) PI-cross-ling
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(f) PI-multi-ling
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(g) SA-cross-ling
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(h) SA-multi-ling

Figure A3: The probing results of the POS-cross-ling, POS-multi-ling, NER-cross-ling, NER-multi-ling, PI-cross-
ling, PI-multi-ling, SA-cross-ling, and SA-multi-ling on the PI task (the PAWS-X dataset). The most contributive
attention heads are marked in green, and the least contributive heads are marked in red.
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(a) POS-cross-ling
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(b) POS-multi-ling
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(c) NER-cross-ling
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(d) NER-multi-ling
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(e) PI-cross-ling
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(f) PI-multi-ling
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(g) SA-cross-ling
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(h) SA-multi-ling

Figure A4: The probing results of the POS-cross-ling, POS-multi-ling, NER-cross-ling, NER-multi-ling, PI-cross-
ling, PI-multi-ling, SA-cross-ling, and SA-multi-ling on the SA task (the MARC dataset). The most contributive
attention heads are marked in green, and the least contributive heads are marked in red.
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