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Background

* Cross-lingual transfer (CLT): model for one language = model for other language(s)

» Zero-shot: training on source language + inference on target languages



Background

* Embedding alignment:

» Explicit word-embedding alignment: translation matrix
* Supervised (Mikolov et al., 2013, etc.)

* Unsupervised (Conneau et al., 2018, etc.)

» Shared/joint embedding space: multilingual pre-trained language models
* mBERT (Devlin et al., 2019)
* XLM-R (Conneau et al., 2020)

* mTjs (Xue et al., 2021)



Motivation

* Practical scenarios:
* zero-shot?
* Annotation for target languages?

* Middle ground: unlabeled data of target languages



Motivation

* Previous work: self-learning for multilingual document classification (Dong and
Melo, 2019)

* Predictions on unlabeled data of target languages

* a.k.a “pseudo labels”



Approach

* Self-learning framework for cross-lingual transfer
* w/ multilingual pre-trained LMs

* Making use of zero-shot capability

» Explicit uncertainty estimation

* uncertainty estimation = pseudo label quality = CLT performance



Approach

* [terative training and prediction:

* 1St iteration:

1

Train on gold labels of source language

iteration:

Select top-k confident predictions of target languages
Into training set

Need accurate uncertainty estimation

v
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New training set: more data for task-specific learning and joint embedding alignment

Termination: no more unlabeled data or early stop on dev set



Uncertainties

* Deep learning models are notorious for over-confident predictions

* High-dimensional space = sparse data points = imperfect decision boundary

* Two main types of uncertainties (Kendall and Gal, 2017; Depeweg et al., 2018)
* Aleatoric uncertainty: intrinsic data uncertainty regardless of models

* Epistemic uncertainty: model uncertainty that can be explained away with more data

* This work: focus on aleatoric uncertainty



Uncertainty Estimation

* Adapt three uncertainty estimation techniques:
* Language Heteroscedastic Uncertainty (LEU)
* Language Homoscedastic Uncertainty (LOU)

* Evidential Uncertainty (EVI)



Uncertainty Estimation

* Language Heteroscedastic Uncertainty (LEU)

» Heteroscedastic: input-dependent

* Place Gaussian noise on class logits (Kendall and Gal, 2017)

* Predict both class logits and variance

|
. Loss: S log = ; exp( — L (x, c))



Uncertainty Estimation

* Language Homoscedastic Uncertainty (LOU)

* Homoscedastic: input-independent, task-dependent (Kendall et al., 2018)

* Uncertainty regardless of input

» Adaptation: language-dependent
* Does not change selection but helps with optimization on joint language training

* Place softmax temperature per language as learned parameters

|
. Language Loss: 1 LOU o —2L(x, c) + log g,
Oj



Uncertainty Estimation

* Evidential Uncertainty (EVI):
* Replace softmax probability with Dirichlet distribution (Sensor et al., 2018)

» Regard class logit as Dirichlet evidence strength

EVI » P —p)
lLoss: L — — +
. Z O =P’ + =~

* Uncertainty decomposition (Shi et al., 2020):
* Vacuity: lacking evidence for all classes (OOD)

* Dissonance: strong conflicting evidence (ambiguous in-domain)



Lxperiments

e Datasets:

* XNLI: NLI task covering 15 languages

* Wikiann: NER task covering 40 languages

* Model: XLM-R

* Baselines:

 BL-Direct: zero-shot (en)

* BL-Single: use all predictions on unlabeled data of one target language (en + one target language)

* BL-Joint: mix target languages together (en + all target languages)



Results
NER

» Unlabeled data helps even without uncertainty estimation (BL-Single).
 Joint training on all target languages helps low-resource languages (BL-Joint).

* Uncertainty estimation outperforms (best results by LEU).

en af ar bg bn de el es et eu fa fi fr he hi hu id it ja jv
BL-Direct | 84.0 79.3 455 814 774 788 789 714 79.0 61.0 520 787 793 546 708 794 529 810 25.0 62.6
BL-Single | 84.0 789 569 845 793 809 8l1.6 729 80.7 632 548 805 819 630 739 81.7 543 821 36.5 609
BL-Joint | 84.7 79.5 56.7 849 80.5 805 815 733 81.2 64.0 551 812 821 626 76.6 81.6 545 83.0 37.2 635
SL-EVI 85.2 8377 751 858 820 83.6 844 865 846 721 729 847 841 614 80.2 857 548 839 413 69.2
SL-LOU | 84.4 853 61.1 871 819 834 854 75.6 855 746 749 844 833 685 78.6 845 555 851 462 70.0
SL-LEU 847 81.5 700 87.6 83.6 846 855 850 856 778 81.0 86.2 831 620 795 87.0 534 848 495 653

ka kk ko ml mr ms my nl pt ru SW ta te th tl tr ur vi yo zh | avg
BL-Direct | 69.3 519 579 636 624 696 60.1 837 809 702 692 582 513 18 71.0 76.7 558 762 414 330 | 644
BL-Single | 73.6 525 63.6 660 668 626 543 848 826 729 677 632 572 3.1 747 81.8 699 809 46.2 43.6 | 67.5
BL-Joint | 73.6 534 63.6 675 679 643 530 848 832 735 697 63.1 574 3.6 76.1 81.8 715 814 3548 437 | 68.3
SL-EVI 81.0 564 694 763 779 725 717 871 855 806 712 694 615 6.7 80.7 8.3 798 86.2 427 489 | 73.3
SL-LOU | 78.8 587 702 754 794 738 712 864 862 792 733 695 688 47 834 884 859 858 49.1 505 | 73.8
SL-LEU 81.1 63.7 718 760 76.2 759 715 871 87.6 799 704 640 699 22 813 89.1 859 859 435 3548 | 744




Results
NER

F1) on distant languages, e.g. Arabic (ar), Japanese (ja), Chinese (zh)

* Large gap (10
* Good improvement on closer languages as well, e.g. Spanish (es), German (de)

 Significant boost on low-resource languages, e.g. Basque (eu), Persian (fa)

en af ar bg bn de el es et eu fa fi fr he hi hu id it ja jv
BL-Direct | 84.0 79.3 455 814 774 788 789 714 79.0 61.0 520 787 793 546 708 794 529 810 25.0 62.6
BL-Single | 84.0 789 569 845 793 809 8l1.6 729 80.7 632 548 805 819 630 739 81.7 543 821 36.5 609
BL-Joint | 84.7 79.5 56.7 849 80.5 805 815 733 81.2 64.0 551 812 821 626 76.6 81.6 545 83.0 37.2 635
SL-EVI 85.2 8377 751 858 820 83.6 844 865 846 721 729 847 841 614 80.2 857 548 839 413 69.2
SL-LOU | 84.4 853 61.1 871 819 834 854 75.6 855 746 749 844 833 685 78.6 845 555 851 462 70.0
SL-LEU 847 81.5 700 87.6 83.6 846 855 850 856 778 81.0 86.2 831 620 795 87.0 534 848 495 653

ka kk ko ml mr ms my nl pt ru SW ta te th tl tr ur vi yo zh | avg
BL-Direct | 69.3 519 579 636 624 696 60.1 837 809 702 692 582 513 18 71.0 76.7 558 762 414 330 | 644
BL-Single | 73.6 525 63.6 660 668 626 543 848 826 729 677 632 572 3.1 747 81.8 699 809 46.2 43.6 | 67.5
BL-Joint | 73.6 534 63.6 675 679 643 530 848 832 735 697 63.1 574 3.6 76.1 81.8 715 814 3548 437 | 68.3
SL-EVI 81.0 564 694 763 779 725 717 871 855 806 712 694 615 6.7 80.7 8.3 798 86.2 427 489 | 73.3
SL-LOU | 78.8 587 702 754 794 738 712 864 862 792 733 695 688 47 834 884 859 858 49.1 505 | 73.8
SL-LEU 81.1 63.7 718 760 76.2 759 715 871 87.6 799 704 640 699 22 813 89.1 859 859 435 3548 | 744




Results
XNLI

* Unlabeled data does not help without uncertainty estimation (BL-Single).

* Uncertainty estimation outperforms (best results by LEU/LOU).

en ar bg de el es fr hi ru SW th tr ur vi zh | avg
BL-Direct | 88.5 78.0 825 81.8 80.5 838 829 748 787 675 767 781 715 794 78.2 | 789
BL-Single | 88.5 77.6 824 820 79.6 825 821 76.1 79.1 69.1 76.6 719 715 7T1.9 78.2 |778.
BL-Joint | 88.2 78.8 820 822 804 831 822 76.1 79.6 688 762 780 714 79.1 785 | 79.0
SL-EVI 88.1 795 844 834 824 848 837 780 81.6 71.1 782 792 744 80.8 804 | 80.7
SL-LOU | 882 81.0 844 835 823 848 839 789 818 739 793 80.1 75.7 81.6 814 | 814
SL-LEU 88.1 80.7 849 834 828 845 838 79.2 818 73.0 79.7 805 75.7 819 81.3 | 814




Analysis

* Impact of uncertainties: estimation quality = final performance

* Correlation shown by comparing 5 uncertainties

* Language uncertainty = language similarity

en ar bg de el es fr hi
144 120 1.15 063 058 1.78 0.70 1.60

ru SW th tr ur Vi zh

033 1.07 4.18 1.89 3.15 0.23 099

Table 4: The learned language uncertainty o of LOU
for each language in XNLI.
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