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Cross-lingual Transfer Learning for NMT Artificial Noises

How to mitigate language differences? Problem: Word order difference between parent / child languages

High-resource — Low-resource Solution: Pre-train syntax-agnostic parent encoder with noisy input

anguage pair language pair g, far- shared vocabulary (joint BPE) | ; | .
(parent) (child) « Difficult to adapt to a new language Insertion (10%) Deletion (10%)

O et O e (must be re-trained) [ ch } [ hre ] [ dir } [ 2u } [ icih ] [ hé?re ] o
English | | _CGOPY | | English This work: separate vocabulary [ ich ] [ hére J o [ zu ] [ ich ] [ hére ] [ z:u ]
Decoder | | Parameters| | Decoder

e Cross-lingual word embedding
e Artificial noises Permutation (100%, max. dist. 3) e Randomized for each batch
S e e B * Synthetic data from parent Crere | [ en | [z | > parent learns various syntax
- / - /= Up to +5.1 BLEU[%] better transfer pemuted) “ » General monotonicity is retained

[ ich ] [ hore ] [ Zu ] e Easier to adapt to a new language

Main Results

Synthetic Data from Parent

Datasets (xx—English) Problem: Back-translation does not work (poor English—xx model)

XX Family  #pairs Solution: Reuse parent training data and adjust to child vocabulary
German (de) Germanic  10M —— parent » Keep shared tokens and map the rest to <unk>
Basque (eu) Isolate 6K |
Slovenian (s1) Slavic 17K parent child
Vi
Belarusian (be) 5K child (distant from German) Basque
Azerbaijani (az) . 6K Encoder
. Turkic
Turkish (tr) 10K

!

_ Hallo John ! basque > <unk> John !
Results (_BLEU [%]) ' Vocabulary '
(German) (Basque)
System eu-en sl-en be-en az-en tr-en e Shared tokens: English named entities, digits, punctuations, etc.
Transformer baseline (child only) 1.7 10.1 32 3.1 0.8 . . -
. _ » Synergy with cross-lingual word embedding
Multilingual (parent + child) 5.1  16.7 42 45 8.7 > Basic sentence structure is retained
Transter | | 4.9 19.2 89 5.3 1.4 e Prevent abrupt changes of training data in fine-tuning
+ Cross—I!nguaI word embedding (4 2006 122 74 9.4 e Avoid overfitting to small child data
+ Artificial noises 82 213 128 8.1 10.1

+ Synthetic data from parent 9.7 22.1 14.0 9.0 11.3

Ablation Studies

e Naive training of Transformer fails for low-resource language pairs

» Multilingual /Transfer learning is helpful yet still limited Vocabulary size (xx-en) Pre-trained embeddings (az-en)
e [ncremental improvements with our proposed methods BPE merges BLEU [%] Embedding BLEU [%]
» Up to +5.1 BLEU[%] over plain transfer (xx) sl-en be-en None 53
» Up to +9.8 BLEU|%] over multilingual systems 10k 21.0 112 Monolingual 6.3
20k 206 12.2 Cross-lingual (az-en) 7.1

Cross-lingual Word Embedding 50k 20.2 10.9 Cross-lingual (az-de) 7.4
70k 20.0 10.9

» Cross-lingually map parent-child

Problem: Vocabulary mismatch between parent / child languages

» Transfer on a small vocabulary

Solution: Shared word embedding space

Synthetic data generation (eu-en) Freeze decoder params (sl-en)

parent child
Synthetic data BLEU [%] Frozen parameters BLEU [%]
German | Copy | Basque Y , Y 510
Encoder Parameters Encoder one | . one '
Back-translation 8.3 Target embedding 21 4
Empty source 3.2 + Target self-att. 22.1
German M Basque Conied . 3 g
Embedding Embedding opied targe - + Encoder-decoder att. 21.8
parent data 9.7 + Feedforward sublayer  21.3
1. Echitla = monolingual skip-gram, E,arent = pre-trained parent NMT > Reuse parent data + Output layer 210

2. M = linear mapping Echila — Eparent (€.8. MUSE)
Mi — argmiﬂ Z ”M,Echild(w) — Eparent(w,)HZ

M/
(waw,)EDz’
Acknowledgments » & Cod
Dy = seed dictionary (obtained unsupervisedly) 5 aper ode

Dz _ { (w : wl) | w/ — argmin || M’l—lEChild (w) - Eparent (w*) || 2} This work has received funding from the European Research Council (ERC)

(under the European Union's Horizon 2020 research and innovation programme,
grant agreement No 694537, project "SEQCLAS") and the Deutsche
Forschungsgemeinschaft (DFG; grant agreement NE 572/8-1, project

> Freeze target-specific parameters

w
3. parent model + mapped child embedding (M E¢hjiq) = fine-tuning
» child vocabulary in parent embedding space
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> Applicable to languages with different alphabets information it contains.
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