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Abstract

Cross-lingual transfer learning has proven use-001
ful in a variety of NLP tasks, but it is under-002
studied in the context of legal NLP, and not at003
all on Legal Judgment Prediction (LJP). We ex-004
plore transfer learning techniques on LJP using005
the trilingual Swiss-Judgment-Prediction (SJP)006
dataset, including cases written in three lan-007
guages (German, French, Italian). We find008
that Cross-Lingual Transfer (CLT) improves009
the overall results across languages, especially010
when we use adapter-based fine-tuning. Finally,011
we further improve the model’s performance by012
augmenting the training dataset with machine-013
translated versions of the original documents,014
using a 3× larger training corpus. Further on,015
we perform an analysis exploring the effect of016
cross-domain and cross-regional transfer, i.e.,017
train a model across domains (legal areas), or018
regions. We find that in both settings (legal019
areas, origin regions), models trained across020
all groups perform overall better, while they021
also have improved results in the worst-case022
scenarios. Finally, we report improved results023
when we ambitiously apply cross-jurisdiction024
transfer, where we augment our dataset with025
Indian legal cases originally written in English.026

1 Introduction027

Rapid development in CLT has been achieved by028

pre-training transformer-based models in large mul-029

tilingual corpora (Conneau et al., 2020; Xue et al.,030

2021), where these models have state-of-the-art031

results in multilingual NLU benchmarks (Ruder032

et al., 2021). Moreover, adapter-based fine-tuning033

(Houlsby et al., 2019; Pfeiffer et al., 2020) has034

been proposed to minimize the misalignment of035

multilingual knowledge (alignment) when CLT is036

applied, especially in a zero-shot fashion, where037

the target language is unseen during training. CLT038

is severely understudied in legal NLP applications039

with the exception of Chalkidis et al. (2021a) who040

experimented with several methods for CLT on041

Figure 1: Performance improvement through several
development steps (e.g., cross-lingual transfer, data aug-
mentation via machine translations, cross-jurisdiction
transfer) considered in our work.

MultiEURLEX, a newly introduced multilingual le- 042

gal topic classification dataset, including EU laws. 043

To the best of our knowledge, CLT has not been 044

applied to the LJP task (Aletras et al., 2016; Xiao 045

et al., 2018; Malik et al., 2021), where the goal is to 046

predict the verdict (court decision) given the facts 047

of a legal case. Following the work of Niklaus et al. 048

(2021), we experiment with their newly released 049

trilingual Swiss-Judgment-Prediction (SJP) dataset, 050

containing cases from the Federal Supreme Court 051

of Switzerland (FSCS), written in three official 052

Swiss languages (German, French, Italian). 053

The dataset covers four core legal areas (public, 054

penal, civil, and social law) and courts originated 055

in eight regions of Switzerland (Zurich, Ticino, 056

etc.), which poses interesting new challenges on 057

model robustness / fairness and the effect of cross- 058

domain and cross-regional knowledge sharing. In 059

their experiments, Niklaus et al. (2021) find that 060

the performance in cases written in Italian is much 061

lower compared to the rest, while also performance 062

varies a lot across regions and legal areas. 063
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In this work, we pose and examine three main064

research questions: (a) Is cross-lingual transfer ben-065

eficial across all or some of the languages?, (b)066

Do models benefit from cross-domain and cross-067

regional transfer?, and (c) Can we leverage data068

from another jurisdiction to improve performance?069

The contributions of this paper are fourfold:070

• We explore, for the first time, the application of071

cross-lingual transfer learning in the challenging072

task of Legal Judgment Prediction (LJP) in sev-073

eral settings. We find that a pre-trained language074

model trained in a multilingual fashion, outper-075

forms its monolingual counterparts, especially076

when we use Adapter layers and augment the077

training data with machine-translated versions of078

the original documents (3× larger training cor-079

pus) with larger gains in a low-resource setting080

(Italian). For the first time, we apply multilingual081

fine-tuning on the legal judgment prediction task,082

leading to promising results.083

• We perform cross-domain and cross-regional084

analyses exploring the effects of cross-domain085

(and cross-regional) transfer, i.e., train a model086

across domains, with respect to the relevant087

legal areas (e.g., civil, penal law) or regions088

(e.g., Zurich, Ticino). We find that in both set-089

tings (legal areas, regions), models trained across090

all groups perform overall better and more ro-091

bustly; while always improving performance in092

the worst-case (region or legal area) scenario.093

• We also report improved results when we apply094

cross-jurisdiction transfer, where we further aug-095

ment our dataset with Indian legal cases origi-096

nally written in English.097

• We release the augmented dataset (incl. 100k098

machine-translated documents) and our code for099

replicability and future experimentation.1100

The cumulative performance improvement101

amounts to 7% overall and 16+% in the low-102

resource Italian subset, compared to the best re-103

ported scores in Niklaus et al. (2021).104

2 Related Work105

Legal Judgment Prediction (LJP) is the task,106

where given the facts of a legal case, a system107

has to predict the correct outcome (legal judge-108

ment). Many prior works experimented with some109

1The links will be released upon acceptance, the code and
data examples are provided to reviewers in the submission.

forms of LJP, however, the precise formulation of 110

the LJP task is non-standard as the jurisdictions 111

and legal frameworks vary. Aletras et al. (2016); 112

Medvedeva et al. (2018); Chalkidis et al. (2019) 113

predict the plausible violation of European Con- 114

vention of Human Rights (ECHR) articles of the 115

European Court of Human Rights (ECtHR). Xiao 116

et al. (2018, 2021) study Chinese criminal cases 117

where the goal is to predict the ruled duration of 118

prison sentences and/or the relevant law articles. 119

Another setup is followed by Şulea et al. (2017); 120

Malik et al. (2021); Niklaus et al. (2021), which 121

use cases from Supreme Courts (French, Indian, 122

Swiss, respectively), hearing appeals from lower 123

courts relevant to several fields of law (legal areas). 124

Across tasks (datasets), the goal is to predict the 125

binary verdict of the court (approval or dismissal 126

of the examined appeal) given a textual description 127

of the case. None of these works have explored 128

neither cross-lingual (i.e., models trained in multi- 129

ple languages), nor cross-jurisdiction transfer, (i.e., 130

from one jurisdiction to another), while the effects 131

of cross-domain and cross-regional transfer are also 132

not studied (analyzed). 133

Cross-Lingual Transfer (CLT) is a flourish- 134

ing topic with the application of pre-trained 135

transformer-based models trained in a multilingual 136

setting (Devlin et al., 2019; Lample and Conneau, 137

2019; Conneau et al., 2020; Xue et al., 2021) ex- 138

celling in NLU benchmarks (Ruder et al., 2021). 139

Adapter-based fine-tuning (Houlsby et al., 2019; 140

Pfeiffer et al., 2021a) has been proposed as an anti- 141

measure to mitigate misalignment of multilingual 142

knowledge when CLT is applied, especially in a 143

zero-shot fashion, where the target language is un- 144

seen during training (or even pre-training). 145

Meanwhile, CLT is understudied in legal NLP 146

applications. Chalkidis et al. (2021a) experiment 147

with standard fine-tuning, while they also examined 148

the use of adapters (Houlsby et al., 2019) for zero- 149

shot CLT on a legal topic classification dataset com- 150

prising European Union (EU) laws. They found 151

adapters to achieve the best tradeoff between ef- 152

fectiveness and efficiency. Their work did not ex- 153

amine the use of methods incorporating translated 154

versions of the original documents in any form, i.e., 155

translate train documents or test ones. Other multi- 156

lingual legal NLP resources (Galassi et al., 2020; 157

Drawzeski et al., 2021) have been recently released, 158

although CLT is not applied in any form. 159
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3 Dataset and Task description160

3.1 Swiss Legal Judgment Prediction Dataset161

We investigate the LJP task on the Swiss-Judgment-162

Prediction (SJP) dataset (Niklaus et al., 2021).163

The dataset contains 85K cases from the Federal164

Supreme Court of Switzerland (FSCS) from the165

years 2000 to 2020 in German, French, and Italian.166

The court hears appeals focusing on small parts167

of the previous (lower court) decision, where they168

consider possible wrong reasoning by the lower169

court. The dataset provides labels for a simpli-170

fied binary (approval, dismissal) classification task.171

Given the facts of the case, the goal is to predict if172

the plaintiff’s request is valid or partially valid.173

Since the dataset contains rich metadata, such174

as legal areas and origin regions, we can conduct175

experiments on the robustness of the models (see176

Sections 4.4.2 and 4.4.1). The dataset is not equally177

distributed; in fact, there is a notable representa-178

tion disparity where Italian have far fewer doc-179

uments (4.2k), compared to German (50k) and180

French (31k). Representation disparity is also vi-181

brant with respect to legal areas and regions.182

3.2 Indian Legal Judgment Prediction Dataset183

The Indian Legal Document Corpus (ILDC) dataset184

(Malik et al., 2021) comprises 30K cases from the185

Indian Supreme Court in English. The court hears186

appeals that usually include multiple petitions and187

rules a decision (“accepted” v/s “rejected”) per pe-188

tition. Similarly to Niklaus et al. (2021), Malik189

et al. released a simplified version of the dataset,190

dubbed ILDCmulti in the original article, with bina-191

rized labels. In effect, the two datasets (SJP, ILDC)192

target the very same task (partial or full approval193

of plaintiff’s claims), nonetheless in two different194

jurisdictions (Swiss Federation and India).195

Our main goal, when we use ILDC as a comple-196

ment of SJP, is to assess the possibility of cross-197

jurisdiction transfer from Indian to Swiss cases (see198

section 4.5), an experimental scenario that has not199

been explored so far in the literature.200

3.3 NMT-based Data Augmentation201

In our experiments, we perform data augmenta-202

tion using machine-translated versions of the orig-203

inal documents, i.e., translate a document origi-204

nally written in a single language to the other two205

(e.g., from German to French and Italian). We per-206

formed the translations using the EasyNMT2 frame-207

2https://github.com/UKPLab/EasyNMT

work utilizing the many-to-many M2M_100_418M 208

model of (Fan et al., 2020), since the one-to-one 209

OPUS-MT (Tiedemann and Thottingal, 2020) mod- 210

els did not have any model available from French 211

to Italian at the time of the experiments. A manual 212

check of some translated samples showed suffi- 213

cient translation quality. We release the machine- 214

translated additional dataset to the public for future 215

consideration on cross-lingual experiments. 216

To the best of our knowledge, machine transla- 217

tion for data augmentation has not been studied in 218

legal judgment prediction so far. As we show in 219

the experiments (see Section 4.3), the translations 220

are effective, leading to an average improvement 221

of 1.6% macro-F1 for fine-tuning and 0.8% for 222

adapters (see Table 1). For the low-resource Ital- 223

ian subset, the improvement even amounts to 3.2% 224

macro-F1 for fine-tuning and 1.6% for adapters. 225

4 Experiments 226

4.1 Hierarchical BERT 227

Since the Swiss-Judgment-Prediction dataset con- 228

tains many documents with more than 512 tokens 229

(90% of the documents are up to 2048), we use 230

Hierarchical BERT models similar to (Chalkidis 231

et al., 2019; Niklaus et al., 2021) to encode up to 232

2048 tokens per document (4×512 blocks). 233

We split the text into consecutive blocks of 512 234

tokens and feed the first 4 blocks to a shared 235

standard BERT encoder. Then, we aggregate the 236

block-wise CLS tokens by passing them through 237

another 2-layer transformer encoder, followed by 238

max-pooling and a final classification layer. 239

We re-use and expand the implementation re- 240

leased by Niklaus et al. (2021),3 which is based on 241

the Hugging Face library (Wolf et al., 2020). No- 242

tably, we first improve the masking of the blocks. 243

Specifically, when the document has less than the 244

maximum number (4) of blocks, we pad with extra 245

sequences of PAD tokens, without the use of special 246

tokens (CLS, SEP), as was previously performed. 247

This minor technical improvement seems to affect 248

the model’s performance at large (Table 1). 249

We experiment with monolingually pre-trained 250

BERT models and XLM-R (approx. 550M pa- 251

rameters) of Conneau et al. (2020), available at 252

https://huggingface.co/models. Specifically, 253

for monolingual experiments (Native BERTs), we 254

use German-BERT (approx. 110M parameters) 255

3https://github.com/JoelNiklaus/Swiss
JudgementPrediction
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Model #M German (de) French (fr) Italian (it) All languages

A1. Monolingual: Fine-tune on the tgt training set (src = tgt) — Baselines

Linear (BoW) N 52.6 ± 0.1 56.6 ± 0.2 53.9 ± 0.6 54.4 ± 0.3

Prior SotA (Niklaus et al., 2021) N 68.5 ± 1.6 70.2 ± 1.1 57.1 ± 0.4 65.2 ± 0.8

NativeBERT N 69.6 ± 0.4 72.0 ± 0.5 68.2 ± 1.3 69.9 ± 1.6

XLM-R N 68.2 ± 0.3 69.9 ± 1.6 59.7 ± 10.8 65.9 ± 4.5

A2. Monolingual: Fine-tune on the tgt training set incl. machine-translations (src = tgt)

NativeBERT N 70.0 ± 0.7 71.0 ± 1.3 71.9 ± 2.5 71.0 ± 0.8

XLM-R N 68.8 ± 1.4 70.7 ± 2.1 71.9 ± 2.6 70.4 ± 1.3

B1. Cross-lingual: Fine-tune on all training sets (src ⊂ tgt)

XLM-R 1 68.9 ± 0.3 71.1 ± 0.3 68.9 ± 1.4 69.7 ± 1.0

XLM-R + Adapters 1 69.9 ± 0.6 71.8 ± 0.7 70.7 ± 1.8 70.8 ± 0.8

B2. Cross-lingual: Fine-tune on all training sets incl. machine-translations (src ⊂ tgt)

XLM-R 1 70.2 ± 0.5 71.5 ± 1.1 72.1 ± 1.2 71.3 ± 0.7

XLM-R + Adapters 1 70.3 ± 0.9 72.1 ± 0.8 72.3 ± 2.1 71.6 ± 0.8

C. Zero-shot Cross-lingual: Fine-tune on all training sets excl. tgt language (src ̸= tgt)

XLM-R 1 58.4 ± 1.2 58.7 ± 0.8 68.1 ± 0.2 61.7 ± 4.5

XLM-R + Adapters 1 62.5 ± 0.6 58.8 ± 1.5 67.5 ± 2.2 62.8 ± 3.7

Table 1: Test results for all training set-ups (monolingual w/ or w/o translations, multilingual w/ or w/o translations,
and zero-shot) w.r.t source (src) and target (tgt) language. Best overall results are in bold, and best per setting
(group) are underlined. The adapter-based multilingually fine-tuned XLM-R model including machine-translated
versions (3× larger training corpus) has the best overall results. #M is the number of models trained/used (1, or
N=3). The mean and standard deviation are computed across random seeds.

(Chan et al., 2019) for German, CamemBERT256

(Martin et al., 2020) (approx. 123M parameters) for257

French, and UmBERTo (approx. 123M parameters)258

(Parisi et al., 2020) for Italian, similar to Niklaus259

et al. (2021). These models are considered the best260

monolingual models in the respective languages.261

In our multilingual experiments, we also as-262

sess the effectiveness of adapter-based fine-tuning263

(Houlsby et al., 2019; Pfeiffer et al., 2020), in com-264

parison to standard full fine-tuning. In this setting,265

adapter layers are placed after all feed-forward lay-266

ers of a given network (NativeBERT, or XLM-R)267

and are trained, similarly to the layer-normalization268

parameters, and in contrast to the rest of the model269

parameters that remain untouched.270

4.2 Experimental Set Up271

We follow Niklaus et al. (2021) and report272

macro-averaged F1 score to account for the high273

class-imbalance in the dataset (approx. 20/80 ap-274

proval/dismissal ratio). We repeat each experi-275

ment with 3 different random seeds and report the276

average score and standard deviation across runs277

(seeds). We perform grid-search and report test re- 278

sults, selecting the hyper-parameters with the best 279

development scores.4 280

4.3 Cross-lingual Transfer 281

We first examine cross-lingual transfer, where the 282

goal is to share (transfer) knowledge across lan- 283

guages, and we compare models in three main set- 284

tings: (a) Monolingual: fine-tuned per language, 285

using either the documents originally written in the 286

language, or an augmented training set including 287

the machine-translated versions of all other docu- 288

ments (originally written in another language),5 (b) 289

Cross-lingual: fine-tuned across languages with or 290

without the additional translated versions, and (c) 291

Zero-shot cross-lingual: fine-tuned across a subset 292

of the languages excluding a target language at a 293

time. We present the results in Table 1. 294

4Additional details on model configuration, training, and
hyper-parameter tuning can be found in Appendix A.

5We use the EasyNMT (https://github.com/U
KPLab/EasyNMT) library to translate all documents using
M2M (Fan et al., 2020). Additional details in Section 3.3.
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Origin Region #D #L ZH ES CS NWS EM RL TI FED All

Zürich (ZH) 8.8k de 65.5 65.6 63.7 68.2 62.0 57.9 63.2 54.8 62.6
Eastern Switzerland (ES) 5.7k de 62.9 66.9 62.8 65.2 62.2 60.2 57.8 55.1 61.6
Central Switzerland (CS) 4.8k de 62.5 65.5 63.2 65.1 60.7 57.8 60.5 55.9 61.4
Northwestern Switzerland (NWS) 5.7k de 66.0 68.6 65.2 67.9 61.6 57.0 57.1 55.5 62.4
Espace Mittelland (EM) 8.3k de,fr 64.1 66.6 63.3 66.7 64.0 66.8 63.2 58.4 64.1
Région Lémanique (RL) 13.4k fr,de 61.0 64.7 60.2 63.7 63.4 69.8 67.6 54.3 63.1
Ticino (TI) 2.3k it 55.0 56.3 53.2 54.5 56.0 54.7 66.0 53.1 56.1
Federation (FED) 1.3k de,fr,it 57.5 59.6 56.8 58.9 55.0 56.5 53.5 54.9 56.6

Cross-regional fine-tuning w/o MT data augmentation

XLM-R 59.7k de,fr,it 68.5 71.3 67.7 71.2 69.0 71.4 67.4 64.6 68.9
XLM-R + Adapters 59.7k de,fr,it 69.2 73.9 67.9 72.6 69.0 72.1 70.1 64.2 69.9

Cross-regional fine-tuning with MT data augmentation

NativeBERT 59.7k de,fr,it 69.0 72.1 68.6 72.0 69.9 71.9 68.8 64.8 69.6
XLM-R 3×59.7k de,fr,it 69.2 72.9 68.3 73.3 69.9 71.7 70.4 65.0 70.1
XLM-R + Adapters 3×59.7k de,fr,it 69.2 73.3 69.9 73.0 70.3 72.1 70.9 63.8 70.3

Table 2: Test results for models (XLM-R with MT unless otherwise specified) trained per region or across all
regions. Best overall results are in bold, and in-domain are underlined. Cross-regional transfer is beneficial or all
regions and has the best overall results. The shared multilingual model trained across all languages and regions
is comparable with the baseline (monolingual BERT models). #D is the number of training examples per origin
region. #L are the languages covered.

We observe that the baseline of monolingually295

pre-trained and fine-tuned models (NativeBERT)296

have the best results compared to the multilingually297

pre-trained but monolingually fine-tuned XLM-R298

(group A1 – Table 1). Augmenting the original299

training sets with translated versions of the docu-300

ments (group A2 – Table 1), originally written in301

another language, improves performance in almost302

all (5/6) cases (languages per model). Interestingly,303

the performance improvement in Italian, which has304

the least documents (less than 1/10 compared to305

German), is approx. 2%; making Italian the best306

performing language after augmentation.307

We now turn to the cross-lingual transfer setting,308

where we train XLM-R across all languages. We309

observe that cross-lingual transfer (group B1 – Ta-310

ble 1) improves performance (+4.5% p.p.) across311

languages compared to the same model (XLM-R),312

fine-tuned in a monolingual setting (group A1 –313

Table 1). This finding suggests that cross-lingual314

transfer (and the inherited benefit of using larger315

multilingual corpora) has a significant impact, de-316

spite the legal complication of sharing legal defi-317

nitions across languages. Augmenting the original318

training sets with the documents translated across319

all languages, further improves performance (group320

B2 – Table 1); translating the full training set pro-321

vides a 3× larger training set (approx. 150k in total)322

that equally represents all three languages.323

We also present results in a zero-shot cross-324

lingual setting (group C – Table 1), where XLM-R 325

is trained in two languages and evaluated in the 326

third one (unseen in fine-tuning). We observe that 327

German has the worst performance (approx. 10% 328

drop), which can be justified as German is a Ger- 329

manic language, while both French and Italian are 330

Romance and share a larger part of the vocabulary. 331

Contrarily, in case of Italian, the low-resource lan- 332

guage in our experiments, strongly benefits from 333

zero-shot cross-lingual transfer, leading to approx. 334

10% p.p. improvement, compared to the monolin- 335

gually trained XLM-R. 336

Across all cross-lingual settings (groups B-C – 337

Table 1), the use of Adapters improves substan- 338

tially the overall performance. The multilingual 339

adapter-based XLM-R in group B1 (Table 1) has 340

comparable performance to the NativeBERT mod- 341

els of group A2, where the training dataset has been 342

artificially augmented with machine translations. 343

In a similar setting (group B2 – Table 1), the multi- 344

lingual adapter-based XLM-R in group B2 has the 345

best overall results, combining the benefits of both 346

cross-lingual transfer and data augmentation. 347

Concluding, cross-lingual transfer with an aug- 348

mented dataset comprised of the original and 349

machine-translated versions of all documents, has 350

the best overall performance with a vibrant im- 351

provement (3% compared to our strong baselines – 352

second part of Group A1 in Table 1) in Italian, the 353

least represented language. 354
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Legal Area #D Public Law Civil Law Penal Law Social Law All Legal Areas

Public Law 15.2k 56.4 ± 2.2 52.2 ± 2.0 59.7 ± 4.9 60.1 ± 5.8 57.1 ± 3.2

Civil Law 11.5k 44.4 ± 7.9 64.2 ± 0.6 45.5 ± 13.1 43.6 ± 5.2 49.4 ± 8.6

Penal Law 11.8k 40.8 ± 10.1 55.8 ± 2.9 84.5 ± 1.3 61.1 ± 7.5 60.6 ± 15.7

Social Law 9.7k 52.6 ± 4.2 56.6 ± 2.0 69.0 ± 5.5 70.2 ± 2.0 62.1 ± 7.6

Cross-domain fine-tuning w/o MT data augmentation

XLM-R 59.7k 57.4 ± 2.0 66.1 ± 3.1 81.4 ± 1.4 70.8 ± 2.0 68.9 ± 8.7

XLM-R + Adapters 59.7k 58.4 ± 2.5 66.1 ± 2.4 83.1 ± 1.2 71.1 ± 1.4 69.7 ± 9.0

Cross-domain fine-tuning with MT data augmentation

NativeBERT 59.7k 58.1 ± 3.0 64.5 ± 3.7 83.0 ± 1.3 71.1 ± 4.3 69.2 ± 9.2

XLM-R 59.7k 58.0 ± 3.0 67.2 ± 1.6 84.4 ± 0.2 70.2 ± 1.3 70.0 ± 9.5

XLM-R + Adapters 59.7k 58.6 ± 2.7 66.8 ± 2.8 83.1 ± 1.3 71.3 ± 2.4 69.9 ± 8.8

Table 3: Test results for models (XLM-R with MT unless otherwise specified) fine-tuned per legal area (domain)
or across all legal areas (domains). Best overall results are in bold, and in-domain are underlined. Cross-domain
transfer is beneficial for 3 out of 4 legal areas and has the best overall results. The shared multilingual model
trained across all languages and legal areas outperforms the baseline (monolingual BERT models). The mean and
standard deviations are computed across languages per legal area and across legal areas for the right-most column.
#D is the number of training examples per legal area.

4.4 Cross-domain/regional Transfer Analysis355

Further on, we want to examine the benefits of356

transfer learning (knowledge sharing) in other di-357

mensions. Hence, we analyze model performance358

with respect to legal areas and origin regions.359

4.4.1 Origin Regions360

In Table 2 we present the results for cross-regional361

transfer. In the top section of the table, we present362

results with region-specific multilingual (XLM-R)363

models evaluated across regions (in-region on the364

diagonal, zero-shot otherwise). We observe that365

the cross-regional models (two lower groups of Ta-366

ble 2) always outperform the region-specific mod-367

els. Moreover, cross-lingual transfer is beneficial368

across cases; while adapter-based fine-tuning fur-369

ther improves results in 5 out of 8 cases (regions).370

Data augmentation also is beneficial in most cases.371

Surprisingly, in the top part of Table 2, in 50% of372

the cases (regions), the “zero-shot” model (trained373

in the cases of another region) slightly outperforms374

the in-region model (e.g., NWS to ZH and vice-375

versa). We consider two main factors that may376

explain these results: (a) number of cases per re-377

gion, and (b) the topical similarity of the training378

and test subsets across different regions.6 None379

of these factors can effectively explain with the380

6We consider the distributional similarity (or dissimilarity)
w.r.t. legal areas (Table 6 in Appendix B).

test results. There are also other confounding fac- 381

tors (e.g., language), i.e., models trained on the 382

cases of either Espace Mittelland (EM) or Région 383

Lémanique (RL), both bilingual with 8-10k cases, 384

have the best results across all single-region mod- 385

els, hence a further exploration of these dynamics 386

is needed. 387

4.4.2 Legal Areas 388

In Table 3 we present the results for cross-domain 389

transfer between legal areas. The results on the di- 390

agonal (underlined) are in-domain, i.e., fine-tuned 391

and evaluated in the same legal area. Interesting to 392

note is that the best results (bold) are achieved in 393

the cross-domain setting, either by using XLM-R 394

or NativeBERT in 3 out of 4 legal areas. Such an 395

outcome is not predictable based on the current 396

trends in law industry, where legal experts (judges, 397

lawyers, and academics) over-specialize in specific 398

legal areas. Penal law poses the only exception 399

where the domain-specific model outperforms the 400

cross-domain model by a small margin. Again, the 401

results do not correlate with the volume of training 402

data, and suggest that other qualitative character- 403

istics (e.g., the idiosyncrasies of criminal law) are 404

the main reason. 405

Similarly to the cross-regional experiments, 406

the shared multilingual model (XLM-R) trained 407

across all languages and legal areas with an aug- 408

mented dataset outperforms the NativeBERT mod- 409
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els trained in a similar setting, giving another in-410

dication that the performance gains from cross-411

lingual transfer and data augmentation via machine412

translation are robust domain-wise as well.413

4.5 Cross-Jurisdiction Transfer414

We, finally, “ambitiously” stretch the limits of trans-415

fer learning in LJP and we apply cross-jurisdiction416

transfer, i.e., use of cases from different legal sys-417

tems, another form of cross-domain transfer. For418

this purpose, we further augment the SJP dataset419

of FSCS cases, with cases from the Supreme Court420

of India (SCI), published by Malik et al. (2021).7421

We consider and translate all (approx. 30k) Indian422

cases ruled up to the last year (2014) of our training423

dataset, originally written in English, to all target424

languages (German, French, and Italian).8425

In Table 4, we present the results for two cross-426

jurisdiction settings: zero-shot (Only MT Indian),427

where we train XLM-R on the machine-translated428

version of Indian cases, and further augmented429

(Original + MT Swiss + MT Indian), where we430

further augment the (already augmented) training431

set of Swiss cases with the Indian ones. While zero-432

shot transfer clearly fails; interestingly, we observe433

improvement for all languages in the augmented434

setting. This opens a fascinating new direction for435

LJP research. The cumulative improvement from436

all applied enhancements adds up to 7% macro-F1437

compared to the XLM-R baseline and 16% to the438

best method by Niklaus et al. (2021) in the low-439

resource Italian subset.440

Statistical Significance: Since our experiments441

present several incremental improvements, we442

want to assess the stability of the performance im-443

provements with statistical significance testing by444

comparing the most crucial settings. Using Almost445

Stochastic Order (ASO) (Dror et al., 2019) with a446

confidence level α=0.05, we find the score distri-447

butions of the core models (NativeBERT, w/ and448

w/o MT Swiss, XLM-R w/ and w/o MT Indian449

and/or Swiss) stochastically dominant (ϵmin = 0)450

over each other in order.451

We compared all pairs of models based on three452

random seeds each using ASO with a confidence453

7Although SCI rules under the Indian jurisdiction (law),
while the FSCS under the Swiss one, we hypothesize that both
legal systems, primarily civil-based, share core standards, and
thus transferring knowledge could potentially have a positive
effect. We discuss this matter in Appendix D.

8We do not use the original documents written in English,
as English is not one of our target languages.

level of α = 0.05 (before adjusting for all pair- 454

wise comparisons using the Bonferroni correction). 455

Almost stochastic dominance (ϵmin < 0.5) is in- 456

dicated in Table 5. We use the deep-significance 457

Python library of Ulmer (2021). Results are pre- 458

sented in Table 5. 459

5 Conclusions and Future Work 460

We examined the application of CLT in Legal Judg- 461

ment Prediction for the very first time. We found 462

that a multilingually trained model including trans- 463

lated versions (3× larger training corpus) have the 464

best overall results, especially in the low resource 465

setting (Italian). Adapter-based fine-tuning led to 466

even better results. We also examined the effects 467

of cross-domain (legal areas) and cross-regional 468

transfer, which is overall beneficial in both settings, 469

leading to more robust models. Cross-jurisdiction 470

transfer by further augmenting the training set with 471

machine-translated Indian cases improves overall 472

performance. The cumulative improvement from 473

all applied enhancements adds up to 7% macro-F1 474

compared to the XLM-R baseline and 16% to the 475

best method by Niklaus et al. (2021) in the low- 476

resource Italian subset. 477

In future work, we would like to explore the 478

use of a legal-oriented multilingual pre-trained 479

model by either continued pre-training of XLM- 480

R, or pre-training from scratch in multilingual legal 481

corpora. Legal NLP literature (Chalkidis et al., 482

2021b; Zheng et al., 2021) suggests that domain 483

specificity positively affects performance. In an- 484

other interesting direction, we will consider other 485

data augmentation techniques that rely on textual 486

alternations (Feng et al., 2021; Ma, 2019). 487

Ethics Statement 488

The scope of this work is to study LJP to broaden 489

the discussion and help practitioners to build assist- 490

ing technology for legal professionals and layper- 491

sons. We believe that this is an important appli- 492

cation field, where research should be conducted 493

(Tsarapatsanis and Aletras, 2021) to improve legal 494

services and democratize law, while also highlight 495

(inform the audience on) the various multi-aspect 496

shortcomings seeking a responsible and ethical 497

(fair) deployment of legal-oriented technologies. 498

In this direction, we study how we could better 499

exploit all the available resources (from various 500

languages, domains, regions, or even different ju- 501

risdictions). This combination leads to models that 502
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Model Training Dataset German (de) French (fr) Italian (it) All languages

XLM-R Original 68.9 ± 0.3 71.1 ± 0.3 68.9 ± 1.4 69.7 ± 1.0

XLM-R + Adapters Original 69.9 ± 0.6 71.8 ± 0.7 70.7 ± 1.8 70.8 ± 0.8

XLM-R + MT Swiss 70.2 ± 0.5 71.5 ± 1.1 72.1 ± 1.2 71.3 ± 0.7

XLM-R + Adapters + MT Swiss 70.3 ± 0.8 72.1 ± 0.8 72.1 ± 1.2 72.3 ± 2.1

XLM-R + MT Swiss + MT Indian 70.5 ± 0.4 71.8 ± 0.3 73.5 ± 1.4 72.0 ± 0.9

XLM-R + Adapters + MT Swiss + MT Indian 71.0 ± 0.4 73.0 ± 0.6 72.6 ± 1.1 72.2 ± 1.2

XLM-R MT Indian 50.4 ± 1.5 47.9 ± 1.0 49.5 ± 1.3 49.3 ± 1.0

XLM-R + Adapters MT Indian 51.6 ± 2.9 49.7 ± 1.4 50.1 ± 1.4 50.5 ± 1.0

Table 4: Test results for cross-jurisdiction transfer. We present results in three settings: standard (Original)
augmented (+ MT Swiss), further augmented incl. cross-jurisdiction (+ MT Swiss + MT Indian) and zero-shot (MT
Indian). Best results are in bold. Further augmenting with Indian cases is overall beneficial.

Model Type M1 M2 M3 M4

M1: NativeBERT 1.0 1.0 1.0 1.0
M2: NativeBERT + MT CH 0.0 1.0 1.0 1.0
M3: XLM-R + MT CH 0.0 0.0 1.0 1.0
M4: XLM-R + MT CH + IN 0.0 0.0 0.0 1.0

Table 5: Almost stochastic dominance (ϵmin < 0.5)
with ASO. + MT CH stands for augmentation with
machine translation inside the Swiss dataset and + MT
CH+IN is the code for augmentation with machine-
translations with the Swiss and Indian dataset.

improve overall performance – more robust models503

–, while having improved performance in the worst-504

case scenarios across many important demographic505

or legal dimensions (low-resource language, worst506

performing legal area and region).507

Nonetheless, irresponsible use (deployment) of508

such technology is a plausible risk, as in any other509

application (e.g., content moderation) and domain510

(e.g., medical). We believe that similar technolo-511

gies should only be deployed to assist human ex-512

perts (legal scholars, or legal professionals).513

The examined dataset, Swiss-Judgment-514

Prediction, released by Niklaus et al. (2021),515

comprises publicly available cases from the FSCS,516

where cases are pre-anonymized, i.e., names and517

other sensitive information are redacted. The518

same applies for the Indian Legal Documents519

Corpus (ILDC) of Malik et al. (2021).520
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A Hyperparameter Tuning 740

We experimented with learning rates in {1e-5, 2e- 741

5, 3e-5, 4e-5, 5e-5} as suggested by Devlin et al. 742

(2019). However, like reported by Mosbach et al. 743

(2020), we also found RoBERTa-based models to 744

exhibit large training instability with learning rate 745

3e-5, although this learning rate worked well for 746

BERT-based models. 1e-5 worked well enough for 747

all models. To avoid either over- or under-fitting, 748

we use Early Stopping (Caruana et al., 2001) on 749

development data. 750

We opted to use the standard Adapters of 751

Houlsby et al. (2019), as the language Adapters in- 752

troduced by Pfeiffer et al. (2020) are more resource- 753

intensive and require further pre-training per lan- 754

guage. We tuned the adapter reduction factor in 755

{2×, 4×, 8×, 16×} and got the best results with 756

2× and 4×; we chose 4× for the final experiments 757

to favor less additional parameters. We tuned the 758

learning rate in {1e-5, 5e-5, 1e-4, 5e-4, 1e-3} and 759

achieved the best results with 5e-5. 760

We additionally applied label smoothing 761

(Szegedy et al., 2015) on cross-entropy loss. We 762

achieved the best results with a label smoothing 763

factor of 0.1 after tuning with {0, 0.1, 0.2, 0.3}. 764

We experiment with monolingually pre-trained 765

BERT models and XLM-R (approx. 550M pa- 766

rameters) of Conneau et al. (2020), available at 767

https://huggingface.co/models. Specifically, 768

for monolingual experiments (Native BERTs), we 769

use German-BERT (approx. 110M parameters) 770

(Chan et al., 2019) for German, CamemBERT 771

(Martin et al., 2020) (approx. 123M parameters) for 772

French, and UmBERTo (approx. 123M parameters) 773

(Parisi et al., 2020) for Italian, similar to Niklaus 774

et al. (2021). These models are considered the best 775

monolingual models in the respective languages. 776

B Distances Between Legal Area 777

Distributions per Origin Regions 778

In Table 6 we show the Wasserstein distances be- 779

tween the legal area distributions of the training 780

and the test sets per origin region across languages. 781

Unfortunately, this analysis does not explain why 782

the NWS model (zero-shot) outperforms the ZH 783
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ZH ES CS NWS EM RL TI FED

ZH .02 .02 .03 .02 .01 .02 .05 .12
ES .03 .03 .04 .03 .02 .01 .06 .11
CS .02 .01 .01 .02 .01 .04 .06 .13
NWS .05 .04 .06 .04 .04 .03 .04 .09
EM .03 .03 .04 .02 .03 .03 .04 .10
RL .06 .05 .07 .05 .05 .05 .04 .07
TI .07 .07 .08 .05 .07 .08 .02 .06
FED .10 .10 .12 .09 .10 .10 .06 .02

Table 6: Wasserstein distances between the legal area
distributions of the training and the test set per origin
region across languages. The training sets are in the
columns and the test sets in the rows.

model (in-domain) on the ZH test set, as found in784

Table 4.4.1.785

C Additional Results786

In Tables 7, 8, 9 and 10 we present detailed re-787

sults for all experiments. All tables include both788

the average score across repetitions, as reported in789

the original tables in the main article, but also the790

standard deviations across repetitions.791

D Motivation for Cross-Jurisdiction792

Transfer793

Legal systems vary from country to country. Al-794

though they develop in different ways, legal sys-795

tems also have some similarities based on histori-796

cally accepted justice ideals. Switzerland has a civil797

law legal system, i.e., statutes (legislation) is the798

primary source of law, at the crossroads between799

Germanic and French legal traditions. Contrary,800

India maintains a hybrid legal system with a mix-801

ture of civil, common law and customary, Islamic802

ethics, or religious law within the legal framework803

inherited from the colonial era and various legisla-804

tion first introduced by the British are still in effect805

in modified forms today.806

Although the Supreme Court of India (SCI) rules807

under the Indian jurisdiction (law), while the Fed-808

eral Supreme Court of Switzerland (FSCS) under809

the Swiss one, we hypothesize that the fundamen-810

tals of law in two primarily civil law legal systems811

are quite common, especially in penal law, and812

thus transferring knowledge could potentially have813

a positive effect.814

E Responsible NLP Research815

We include information on limitations, licensing816

of resources, and computing foot-print, as sug-817

gested by the newly introduced Responsible NLP 818

Research checklist. 819

E.1 Limitations 820

In this appendix, we discuss core limitations that 821

we identify in our work and should be considered 822

in future work. 823

Adapter under-performance Contrary to the lit- 824

erature (Pfeiffer et al., 2021a,b; Chalkidis et al., 825

2021a), in our case, Adapters do not improve in 826

the cross-lingual transfer setting over fine-tuning. 827

Although we tuned both the learning rate and the 828

reduction factor (see Appendix A), we did not man- 829

age to improve the performance. So far, we do not 830

have a reasonable explanation for this behavior. 831

Data size fluctuations We did not control for 832

the sizes of the training datasets, which is why we 833

reported them in the Tables 3, 2 and 4. This mimics 834

a more realistic setting, where the training set size 835

differs based on data availability. However, we 836

cannot completely rule out different performance 837

based on simply more training data. 838

Mismatch in in/out of region model perfomance 839

As described in Section 4.4.1, certain zero-shot 840

evaluations outperform in-domain evaluations. Al- 841

though we try to find an explanation for this in 842

Appendix B, it remains an open question. 843

Re-use of Indian cases Although we have empir- 844

ical results confirming the statistically significant 845

positive effect of training with additional translated 846

Indian cases, we do not have a thorough legal justi- 847

fication for this finding at the moment. 848

E.2 Licensing 849

The SJP dataset (Niklaus et al., 2021) we mainly 850

use in this work is available under a CC-BY-4 li- 851

cense. The second dataset, ILDC (Malik et al., 852

2021), comprising Indian cases is available upon 853

request. The authors kindly provided their dataset. 854

All used software and libraries (EasyNMT, Hug- 855

ging Face Transformers, deep-significance, and sev- 856

eral other typical scientific Python libraries) are 857

publicly available and free to use, while we always 858

cite the original work and creators. The artifacts 859

(i.e., the translations and the code) we created, tar- 860

get academic research and are available under a 861

CC-BY-4 license. 862
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Legal Area #D Public Law Civil Law Penal Law Social Law All Legal Areas

Public Law 15.2k 56.4 ± 2.2 52.2 ± 2.0 59.7 ± 4.9 60.1 ± 5.8 57.1 ± 3.2

Civil Law 11.5k 44.4 ± 7.9 64.2 ± 0.6 45.5 ± 13.1 43.6 ± 5.2 49.4 ± 8.6

Penal Law 11.8k 40.8 ± 10.1 55.8 ± 2.9 84.5 ± 1.3 61.1 ± 7.5 60.6 ± 15.7

Social Law 9.7k 52.6 ± 4.2 56.6 ± 2.0 69.0 ± 5.5 70.2 ± 2.0 62.1 ± 7.6

All 59.7k 58.0 ± 3.0 67.2 ± 1.6 84.4 ± 0.2 70.2 ± 1.3 70.0 ± 9.5

All (w/o MT) 59.7k 57.4 ± 2.0 66.1 ± 3.1 81.4 ± 1.4 70.8 ± 2.0 68.9 ± 8.7

All (Native) 59.7k 58.1 ± 3.0 64.5 ± 3.7 83.0 ± 1.3 71.1 ± 4.3 69.2 ± 9.2

Table 7: Test results for models (XLM-R with MT unless otherwise specified) fine-tuned per legal area (domain)
or across all legal areas (domains). Best overall results are in bold, and in-domain are underlined. Cross-domain
transfer is beneficial for 3 out of 4 legal areas and has the best overall results. The shared multilingual model
trained across all languages and legal areas outperforms the baseline (monolingual BERT models). The mean and
standard deviations are computed across languages per legal area and across legal areas for the right-most column.
#D is the number of training examples per legal area.

Legal Area #D Public Law Civil Law Penal Law Social Law All Legal Areas

Public Law 59.7k 57.2 ± 1.8 53.8 ± 2.1 58.9 ± 5.2 61.7 ± 4.1 57.9 ± 2.9

Civil Law 59.7k 41.4 ± 6.6 57.6 ± 1.1 42.8 ± 9.1 43.0 ± 4.1 46.2 ± 6.6

Penal Law 59.7k 37.4 ± 12.8 56.4 ± 2.0 86.3 ± 0.1 61.6 ± 6.7 60.4 ± 17.4

Social Law 59.7k 51.4 ± 5.8 54.8 ± 2.8 73.9 ± 1.9 70.3 ± 2.2 62.6 ± 9.7

All 59.7k 58.6 ± 2.7 66.8 ± 2.8 83.1 ± 1.3 71.3 ± 2.4 69.9 ± 8.8

All (w/o MT) 59.7k 58.4 ± 2.5 66.1 ± 2.4 83.1 ± 1.2 71.1 ± 1.4 69.7 ± 9.0

Table 8: Test results for models (XLM-R with MT unless otherwise specified) adapted per legal area (domain)
or across all legal areas (domains). Best overall results are in bold, and in-domain are underlined. The mean and
standard deviations are computed across languages per legal area and across legal areas for the right-most column.
#D is the number of training examples per legal area.

E.3 Computing Infrastructure863

We used an NVIDIA GeForce RTX 3090 GPU864

with 24 GB memory for our experiments. In to-865

tal, the experiments took approx. 80 GPU days,866

excluding the translations. The translations took867

approx. 7 GPU days per language from Indian to868

German, French, and Italian. The translation within869

the Swiss corpus took approx. 4 GPU days in total.870
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Region #D #L ZH ES CS NWS EM RL TI FED All

ZH 8.8k de 65.5 ± 0.0 65.6 ± 0.0 63.7 ± 0.0 68.2 ± 0.0 62.0 ± 2.9 57.9 ± 6.7 63.2 ± 0.0 54.8 ± 5.1 62.6 ± 4.1

ES 5.7k de 62.9 ± 0.0 66.9 ± 0.0 62.8 ± 0.0 65.2 ± 0.0 62.2 ± 1.1 60.2 ± 5.3 57.8 ± 0.0 55.1 ± 6.3 61.6 ± 3.6

CS 4.8k de 62.5 ± 0.0 65.5 ± 0.0 63.2 ± 0.0 65.1 ± 0.0 60.7 ± 1.6 57.8 ± 3.7 60.5 ± 0.0 55.9 ± 0.5 61.4 ± 3.1

NWS 5.7k de 66.0 ± 0.0 68.6 ± 0.0 65.2 ± 0.0 67.9 ± 0.0 61.6 ± 1.7 57.0 ± 4.9 57.1 ± 0.0 55.5 ± 5.7 62.4 ± 4.9

EM 8.3k de,fr 64.1 ± 0.0 66.6 ± 0.0 63.3 ± 0.0 66.7 ± 0.0 64.0 ± 0.7 66.8 ± 2.9 63.2 ± 0.0 58.4 ± 0.3 64.1 ± 2.6

RL 13.4k fr,de 61.0 ± 0.0 64.7 ± 0.0 60.2 ± 0.0 63.7 ± 0.0 63.4 ± 3.3 69.8 ± 2.7 67.6 ± 0.0 54.3 ± 7.2 63.1 ± 4.4

TI 2.3k it 55.0 ± 0.0 56.3 ± 0.0 53.2 ± 0.0 54.5 ± 0.0 56.0 ± 0.4 54.7 ± 0.9 66.0 ± 0.0 53.1 ± 6.4 56.1 ± 3.9

FED 1.3k de,fr,it 57.5 ± 0.0 59.6 ± 0.0 56.8 ± 0.0 58.9 ± 0.0 55.0 ± 1.0 56.5 ± 1.1 53.5 ± 0.0 54.9 ± 2.9 56.6 ± 1.9

All 59.7k de,fr,it 69.2 ± 0.0 72.9 ± 0.0 68.3 ± 0.0 73.3 ± 0.0 69.9 ± 1.6 71.7 ± 2.8 70.4 ± 0.0 65.0 ± 3.9 70.1 ± 2.5

All (w/o MT) 59.7k de,fr,it 68.5 ± 0.0 71.3 ± 0.0 67.7 ± 0.0 71.2 ± 0.0 69.0 ± 1.5 71.4 ± 0.3 67.4 ± 0.0 64.6 ± 5.2 68.9 ± 2.2

All (Native) 59.7k de,fr,it 69.0 ± 0.0 72.1 ± 0.0 68.6 ± 0.0 72.0 ± 0.0 69.9 ± 1.6 71.9 ± 0.7 68.8 ± 0.0 64.8 ± 7.0 69.6 ± 2.3

Table 9: Test results for models (XLM-R with MT unless otherwise specified) fine-tuned per region (domain) or
across all regions (domains). Best overall results are in bold, and in-domain are underlined. The mean and standard
deviations are computed across languages per origin region and across origin regions for the right-most column.
The regions where only one language is spoken thus show std 0. #D is the number of training examples per origin
region. #L are the languages covered.

Region #D #L ZH ES CS NWS EM RL TI FED All

ZH 8.8k de 65.4 ± 0.0 68.7 ± 0.0 63.9 ± 0.0 68.2 ± 0.0 63.6 ± 3.5 61.0 ± 2.8 66.4 ± 0.0 56.3 ± 1.8 64.2 ± 3.8

ES 5.7k de 64.2 ± 0.0 69.4 ± 0.0 63.9 ± 0.0 66.0 ± 0.0 61.7 ± 2.3 59.4 ± 4.6 61.2 ± 0.0 56.5 ± 6.1 62.8 ± 3.7

CS 4.8k de 63.1 ± 0.0 66.5 ± 0.0 64.1 ± 0.0 65.0 ± 0.0 61.0 ± 2.6 57.5 ± 2.1 62.2 ± 0.0 56.7 ± 2.5 62.0 ± 3.2

NWS 5.7k de 65.8 ± 0.0 69.0 ± 0.0 63.8 ± 0.0 67.4 ± 0.0 59.9 ± 3.3 58.6 ± 1.1 58.9 ± 0.0 54.2 ± 2.7 62.2 ± 4.8

EM 8.3k de,fr 63.9 ± 0.0 67.5 ± 0.0 64.4 ± 0.0 66.8 ± 0.0 64.7 ± 0.5 69.1 ± 1.7 66.4 ± 0.0 59.5 ± 1.0 65.3 ± 2.7

RL 13.4k fr,de 62.3 ± 0.0 66.2 ± 0.0 62.0 ± 0.0 64.7 ± 0.0 65.2 ± 4.2 70.8 ± 6.8 65.5 ± 0.0 56.9 ± 6.0 64.2 ± 3.7

TI 2.3k it 56.4 ± 0.0 62.1 ± 0.0 53.7 ± 0.0 56.3 ± 0.0 55.1 ± 0.2 57.4 ± 1.1 68.3 ± 0.0 50.5 ± 2.3 57.5 ± 5.1

FED 1.3k de,fr,it 52.7 ± 0.0 52.7 ± 0.0 51.3 ± 0.0 53.1 ± 0.0 52.8 ± 0.7 52.0 ± 2.3 52.8 ± 0.0 50.0 ± 4.0 52.2 ± 1.0

All 59.7k de,fr,it 69.2 ± 0.0 73.3 ± 0.0 69.9 ± 0.0 73.0 ± 0.0 70.3 ± 1.9 72.1 ± 0.7 70.9 ± 0.0 63.8 ± 6.1 70.3 ± 2.8

All (w/o MT) 59.7k de,fr,it 69.2 ± 0.0 73.9 ± 0.0 67.9 ± 0.0 72.6 ± 0.0 69.0 ± 2.1 72.1 ± 0.3 70.1 ± 0.0 64.2 ± 4.6 69.9 ± 2.9

Table 10: Test results for models (XLM-R with MT unless otherwise specified) adapted per region (domain) or
across all regions (domains). Best overall results are in bold, and in-domain are underlined. The mean and standard
deviations are computed across languages per origin region and across origin regions for the right-most column.
The regions where only one language is spoken thus show std 0. #D is the number of training examples per origin
region. #L are the languages covered.
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