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use target side paraphrasing
to overcome data sparsity
in low-resource settings
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Experimental Details

e transformer model in fairseq (Ott et al., 2019)

* Global Voices corpora (Tiedemann, 2012)
* (+ MATERIAL corpora in paper)

* Use SMRT w/ 50% probability, NLL otherwise
* English Paraphraser trained on ParaBank?2 (Hu et al., 2019)
* 4k SentencePiece vocab (Kudo & Richardson 2018)

* Code, Global Voices Data splits & paraphraser released:
data.statmt.org/SMRT
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But wait, there’s more! (in the paper)

* Comparison to back-translation
e Both work, SMRT is better than BT in very low resource
e Can combine for larger improvement

e Data ablation
* Larger improvements in lower resource settings

* Method ablation
* Both sampling and the distribution in the loss are helpful

e Sequence-Level Paraphrastic Augmentation
e |t works; SMRT is better
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But wait, there’s more! (other papers)

* Thompson & Post have a new multilingual paraphraser
(Prism) that works for 39 languages and is a great
MT metric (@EMNLP)

e Khayrallah & Sedoc apply SMRT + Prism to Chatbots
(@EMNLP findings)

e This work will be published @EMNLP
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