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Stuff from last time

• Midterm (3/30): contents? what to study?


• Monday 3/28: review session in class


• Office hours that week: 

• Mohit: 4-5pm, 3/28 (right after class)

• Andrew: 10-11am, 3/29

• Shufan: 2:30-3:30pm, 3/29


• I’ll go over the quizzes either at end of class today or next week


• Reminder: HW1 due 3/25 (this Friday!)



Multilingual transfer

• So far, we’ve mainly talked about pretraining and fine-
tuning models on English text.


• One approach: pretrain BERT-like models on monolingual 
data from a different language

• “BERTje > Dutch, “FlauBERT” > French, “PhoBERT” > 

Vietnamese, etc.


• Another approach: pretrain models on a large mixture of 
many languages

• mBERT, mBART, XLM-R, mT5, byT5, etc.


• Allows for transfer learning across languages



mC4 dataset

• 107 languages, lower-resource languages upsampled 
based on their frequency in the dataset

mT5 paper, Sue et al., ACL 2021



Cross-lingual zero-shot learning

• We are given labeled training data for task X only in 
language A. Can we build a model that can make 
predictions for task X in a different language B?


• Idea: leverage information from high-resource languages 
to help improve performance on low-resource languages. 


• Zero-shot learning: no labeled data is available for the 
target task X in language B, although unlabeled data in 
language B might be available for pretraining



XNLI benchmark

XNLI dataset, Conneau et al., ACL 2018



XNLI given only English training data



What if we use a machine translation 
system to get more labeled data 

(e.g., translate all the labeled English 
text to other languages)?



Adding translations doesn’t improve 
that much over the zero-shot setting!



TyDiQA benchmark



https://ai.google.com/research/tydiqa

https://ai.google.com/research/tydiqa


Larger multilingual model = better 
QA performance



What if a language is unseen or poorly 
represented during pretraining?

• The “curse of multilinguality” (Conneau et al., 2020): For a 
fixed-size model, the per-language capacity decreases as 
we increase the number of languages… 



Target language adaptation

• If you only care about transferring to a specific target 
language B, then after normal pretraining on many 
languages, you can perform a second phase of fine-
tuning on only unlabeled data from language B


• However, doing this might result in catastrophic forgetting 
of multilingual knowledge learned during the first stage of 
pretraining.



One solution: just train a small number 
of parameters in the second phase!

MAD-X paper, Pfeiffer et al., EMNLP 2020



This research is still in early 
stages, but it’s very exciting! Let’s 
move on to machine translation
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What if we don’t have parallel data?
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Many-to-Many Translation

• A single model capable of translating between 100 
languages (any of them can be source or target)

Beyond English-Centric Multilingual MT paper, Fan et al., arXiv 2021



Data preparation

• Selected 100 widely-spoken languages 

• from geographically diverse language families 


• have at least some parallel data available


• also have larger monolingual data available


• Apply SentencePiece (subword tokenization) to all 
datasets


• In the end, 7.5 billion parallel sentences in 2,200 
directions are collected

• Backtranslation is also used to further augment the data



Results

Bilingual baseline: trained only on a specific SRC>TGT direction

English-centric: only trained on ENG>X or X>ENG data, at test-
time we feed in X>Y data

English-centric w/ pivot: only trained on ENG>X or X>ENG 
data, at test-time we do X>ENG and then ENG>Y



Zero-shot performance



Adding language-specific 
params can improve further




