Samira Malek

Spring 2023

CROSS-LINGUAL LANGUAGE MODEL
PRETRAINING




* English is the most researched language and it is the
single language considered in more than 60% of the

papers published.
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[1]. Pikuliak, Matas, Marian Simko, and Méria Bielikové. "Cross-lingual learning for text processing: A survey." Expert Systems
with Applications 165 (2021): 113765.




CROSS-LINGUAL LANGUAGE MODELS
(XLMS)

|. Causal Language Modeling (CLM)
2. Masked Language Modeling (MLM)

Unsupervised + Monolingual data

| . Translation Language Modeling (TLM)

Supervised + parallel data
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RESULTS ON CROSS-LINGUAL
CLASSIFICATION ACCURACY

| en fr es de el bg
Machine translation baselines (TRANSLATE-TRAIN)

Devlin et al. (2018) 819 - 778 759
XLM (MLM+TLM) 85.0 80.2 80.8 80.3

Machine translation baselines (TRANSLATE-TEST)

Devlin et al. (2018) 814 - 749 744
XLM (MLM+TLM) 85.0 79.0 79.5 78.1

Evaluation of cross-lingual sentence encoders

Conneau et al. (2018b) 73.7 67.7 68.7 67.7
Devlin et al. (2018) 814 - 743 70.5
Artetxe and Schwenk (2018) | 73.9 719 729 726
XLM (MLM) 83.2 765 763 742
XLM (MLM+TLM) 85.0 78.7 789 778




| en-fr fr-en | en-de de-en ‘ en-ro ro-en

Previous state-of-the-art - Lample et al. (2018b)

21.2
21.3
25.1

19.4
23.0
23.9

NMT 25.1 242 | 17.2 21.0
PBSMT 28.1 272 | 17.8 22.7
PBSMT + NMT | 27.6 27.7 | 20.2 25.2
Our results for different encoder and decoder initializations
EMB EMB 294 294 | 21.3 273
- - 13.0 15.8 6.7 15.3
- CLM 25.3 264 | 19.2  26.0
- MLM | 29.2 29.1 | 21.6 28.6
CLM - 28.7 282 | 244  30.3
CLM CLM 30.4 30.0 | 22.7 30.5
CLM MLM | 323 316 | 243 325
MLM - 31.6 32.1 | 27.0 33.2
MILM CLM | 33.4 323 | 249 329
MILM MLM | 33.4 33.3 | 264 34.3
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26.6
18.3
24.6
27.3
28.0
27.8
29.8
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Pretraining - CLM | MLM
Sennrich et al. (2016) | 33.9 - -

ro — en 284 | 31:86 | 95.8
r0 <> en 28.5 | 31.5 | 35.6
ro <» en + BT 34.4 | 37.0 | 38.5

Results on unsupervised MT

Results on supervised MT



LOW-

RESOURCE
LANGUAGE Training languages Nepali perplexity
MRS Nepali L5722
Nepali + English 140.1
Nepali + Hindi 115.6

Nepali + English + Hindi 109.3




BEYOND
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e-tune multilingual model on English training set (Cross-lingual Transfer)

ample and Conneau (2019)  Wiki+MT N 15 850 787 789 778 766 774 753 725 73.1 76.1 732 765 69.6 684 673 75.1
Huang et al. (2019) Wiki+MT N 15 851 790 794 778 772 772 763 728 735 764 736 762 694 69.7 66.7 754
Devlin et al. (2018) Wiki N 102 821 738 743 71.1 664 689 69.0 61.6 649 69.5 558 69.3 60.0 504 58.0 66.3
Lample and Conneau (2019) Wiki N 100 83.7 762 76.6 737 724 73.0 721 68.1 684 720 682 715 645 58.0 624 713
Lample and Conneau (2019) Wiki 1 100 832 76.7 77.7 740 727 741 727 68.7 68.6 729 689 725 656 582 624 70.7
XLM-Rpyse CC 1 100 858 79.7 80.7 78.7 77.5 79.6 78.1 742 738 765 746 767 724 665 683 762
XLM-R CE 1 100 89.1 841 851 839 829 84.0 812 796 798 808 781 802 769 739 73.8 80.9
Translate everything to English and use English-only model (TRANSLATE-TEST)
BERT-en Wiki 1 1 888 814 823 80.1 803 809 762 760 754 720 719 756 70.0 658 658 762
RoBERTa Wiki+CC 1 1 913 829 843 812 81.7 831 783 768 76.6 742 741 775 709 66.7 66.8 77.8
Fine-tune multilingual model on each training set (TRANSLATE-TRAIN)
Lample and Conneau (2019) Wiki N 100 829 776 779 779 77.1 757 755 72.6 712 758 73.1 762 704 66.5 624 742
Fine-tune multilingual model on all training sets (TRANSLATE-TRAIN-ALL)
Lample and Conneau (2019)"  Wiki+MT 1 15 850 80.8 813 803 79.1 809 783 756 776 785 76.0 795 729 728 685 778
Huang et al. (2019) Wiki+MT 1 15 856 81.1 823 809 795 814 79.7 768 782 779 77.1 805 734 738 69.6 785
Lample and Conneau (2019) Wiki 1 100 845 80.1 813 793 786 794 775 752 756 783 757 783 72.1 69.2 67.7 769
XLM-Rgyse CC 1 100 854 814 822 803 804 813 79.7 78.6 773 79.7 779 802 76.1 73.1 73.0 79.1
XLM-R cC 1 100 89.1 851 86.6 857 853 859 835 83.2 831 837 815 837 81.6 78.0 78.1 83.6

[2] Conneau, Alexis, et al. "Unsupervised cross-lingual representation learning at scale." arXiv preprint arXiv:1911.02116 (2019).
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