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model.
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I Disadvantage: decoder’s ability to model multiple languages
can be significantly reduced.

2Google’s Multilingual Neural Machine Translation System: Enabling
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Parameter Sharing Strategies

I Θ = set of shared parameters



No Parameter Sharing
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I Next, include decoder parameters among the set of shared
parameters.

I Exponentially many combinations possible: only select a
subset.
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Dataset

I Six language pairs from the TED talks dataset.4

https://github.com/neulab/word-embeddings-for-nmt

I Languages belong to different linguistic families
I Romanian (Ro) and French (Fr) are Romance languages
I German (De) and Dutch (Nl) are Germanic languages
I Turkish (Tr) and Japanese (Ja) are unrelated languages

I Turkish: Turkic family
I Japanese: Japonic family

4When and Why are Pre-trained Word Embeddings Useful for Neural
Machine Translation?, NAACL 2018
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