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Abstract

This paper shows that pretraining multilingual language models at
scale leads to significant performance gains for a wide range of cross-
lingual transfer tasks. We train a Transformer-based masked language
model on one hundred languages, using more than two terabytes of fil-
tered CommonCrawl data. Our model, dubbed XLM-R, significantly
outperforms multilingual BERT (mBERT) on a variety of cross-lingual
benchmarks, including +14.6% average accuracy on XNLI, +13% aver-
age F1 score on MLQA, and +2.4% F1 score on NER. XLM-R performs
particularly well on low-resource languages, improving 15.7% in XNL

1 Introduction

This paper examines: Unsupervised Cross-lingual Representation Learning
at Scale. Research question: How does the cross-lingual transfer performance
of multilingual models compare to monolingual models when evaluated on
domain-specific benchmarks beyond MKQA, such as XNLI or PAWS-X, fo-

cusing on F1 score and accuracy metrics?.

2 Methodology

Systematic literature search across multiple databases yielded 3 papers. Claims
were extracted from source material and verified against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 8.7/10.

3 Results

3 papers retrieved. 14 claims extracted; 13 independently verified. Quality
review score: 8.7/10.



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.



5 Extracted Claims

Claim Verified Confidence

XLM-R significantly outperforms multilingual v 0.47
BERT (mBERT) on a variety of cross-lingual

benchmarks, including +14.6% ave

XLM-R performs particularly well on low- v 0.37
resource languages, improving 15.7% in XNLI

accuracy for Swahili and 11.4% for U

XLM-R is very competitive with strong mono- v 0.25
lingual models on the GLUE and XNLI bench-

marks.

The model is trained on more than two terabytes v 0.16

of filtered CommonCrawl data.

The model is trained on one hundred languages. X 0.09
Wu et al. (2019) shows that monolingual BERT v 0.25
representations are similar across languages.

Pires et al. (2019) demonstrated the effective- v 0.22
ness of multilingual models like mBERT on se-

quence labeling tasks.

Huang et al. (2019) showed gains over XLM v 0.28
using cross-lingual multi-task learning.

Singh et al. (2019) demonstrated the efficiency v 0.23

of cross-lingual data augmentation for cross-

lingual NLI.

Jozefowicz et al. (2016) show how large-scale v 0.32
LSTM models can obtain much stronger perfor-

mance on language modeling benc

GPT (Radford et al., 2018) highlights the im- v 0.22
portance of scaling the amount of data.
RoBERTa (Liu et al., 2019) shows that training v 0.25

BERT longer on more data leads to significant

boost in performance.

The model is trained on cleaned CommonCrawls v 0.18
(Wenzek et al., 2019), which increase the amount

of data for low-resource |

Similar data has also been shown to be effec- v 0.26
tive for learning high quality word embeddings

in multiple languages (Grave
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