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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)


• mT5 (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

• Iterative training and prediction:


• 1st iteration:

• Train on gold labels of source language


• 1+ iteration:

• Select top-k confident predictions of target languages 

into training set


• Need accurate uncertainty estimation


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


• Termination: no more unlabeled data or early stop on dev set
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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: LLEU = − log
1
T ∑

t

exp( − Lt(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: LLOU ≈
1
σ2

l
L(x, c) + log σl



Uncertainty Estimation

• Evidential Uncertainty (EVI):


• Replace softmax probability with Dirichlet distribution (Sensor et al., 2018)


• Regard class logit as Dirichlet evidence strength


• Loss: 


• Uncertainty decomposition (Shi et al., 2020):

• Vacuity: lacking evidence for all classes (OOD)


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

LEVI = ∑
c

(yc − pc)2 +
pc(1 − pc)

S + 1



Experiments

• 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

• 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).

NER



Results

• Large gap (10+ F1) on distant languages, e.g. Arabic (ar), Japanese (ja), Chinese (zh)


• 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)

NER



Results

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


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

XNLI



Analysis

• Impact of uncertainties: estimation quality ⇒ final performance

• Correlation shown by comparing 5 uncertainties


• Language uncertainty ⇒ language similarity
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