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Problem
PAIRWISE UNIVERSAL [Ha16, Johnson17] PER-LANGUAGE  [Luong16, Firat16]
Translate from one lan nother. :
anslate from one language to anothe Separate model per language pair: One shared model: ENCODER/DECODER
HOEV”agrgigu? =—— MT System — nd();qrgieolél? English S~ English English English English English
Chinese < _=&Z7 Chinese Chinese . Chinese Chinese Chinese
German < 3¢<> German German Universal German German German
A multilingual MT system can translate GI_';?ed'S SERRIT S!’eg.k GI_'i?ed'ﬁ Model Sfeg.k Glfedk S!’egk
: indi — Hindi indi indi indi indi
between any pair of Ianguages' Japanese — Japanese Japanese Japanese Japanese Japanese
Assuming L languages and P parameters . Q(L2P) parameters . O(P) parameters . O(LP) parameters

in a pairwise MT model, we can use: - Limited parameter sharing and

use of attention difficult

- Lacks language-specific
parameterization

- No parameter sharing
- Bad for limited/no training data

Proposed Approach

LEGEND

ENGLISH Thank you very much. Cam on rat nhiéu. VIETNAMESE D Trainable variables
R — N C N C N C O Ebe?ﬂgs N\ ) VocabUIary R D CompUted Values
Lookup M Language embeddings size
Baseline M W M W Word embeddings size
Neural MT - Intermediate Q Q Q Q Q Q - P Number of parameters
System T T T T T T T T representation foxt_Example inp
ENCODER DECODER
(enc) " . dec
Parameterized by plene) ¢ RY | Parameterized by §(4¢¢) ¢ RP'“”
H(enc) H(dec)
PARAMETER GENERATOR
FEATURES Generates model parameters at inference time, given some context. | OBSERVATIONS
Scalable - The parameters often have some

The source and target language represent the
context in which translation happens:

“natural grouping” (e.g., first layer weights).

- Language embeddings represent all
language-specific information and may

Constant number of parameters - O(MP)

Simple & Multilingual We learn

Can be applied to most existing NMT cn Y GER SR language embeddings need to be large.

syste.ms W|th.m|nor changes. 9(€nc) e(dec) — — b - Only a small part of this information is
Semi-Supervised , (] — relevant for each “group”.

Can use monolingual data b earmingt Ut L CONTROLLED SHARING

language embeddings that encode .1, € RM Let 9(en) — {9(ENNG  \where 9(°™) P
meaningful priors / language models. J j=1- J ’

We also decouple the encoder and the decoder,
thus getting closer to a potential intelingua:

Zero-Shot and G is the number of groups. Then:

Can translate between unsupervised plene) & Wgenc)Pée"C)ls

pairs of languages, as long as the — (enc) 1) & W(enc)l where: ’ !
languages have been seen in any g ( S) - S wene) RP;G”@ x M’
supervised pairs. Q(Gnc) — g(enc) g(dec) (lt) -y W(dec)lt ]
Adaptable We choose to penc) c RM xM
Given a trained model, can adapt to p— ;?)arlé?m%li“c?teyaz:nd | J .
support a new language by just learning p e s o Forgaﬁh Ignguaglge, the parameters and M' < M, and similarly for the decoder.
the | beddi d fixing th d — ec are defined as a linear combination :
reSGt g?%ﬁggne]oecngl =dding and ixifs the (9( ec) — g( ) of the M columns of a weight ™™ — T Per-Language Information
' matrix W , which makes for T™' & 7T Shared Information
—— better interpretability.

PAIRWISE: ¢
UNIVERSAL: ¢
PER-LANGUAGE: ¢

nicks a different parameter set based on the language pair
nicks the same parameters for all languages
nicks different enc/dec parameters based on the languages

The proposed abstraction
Is a generalization over
previous methods

Our contribution does not depend on the
choice of g. It would be interesting to design
models that can use side-information about
the languages, that may be available.

o
E t All experiments were run on Pairwise Google Trained without M=8 M-=8 M=64
xperiments Al experiments wererunon | WG T-15 " Mult%“ngua./.auto_enmdmg IWSLT-17 / Gn s
Baseline Model g‘éfff\gggn?mn?gfy% / / BLEU o BLEU / /
o] bidirectional LSTM 4 | PNMT GML [ CPG*™ CPG® PNMT GML [ CPG® CPGPc: CPG%cs
ayer bidirectiona encoder The longest experiment En>Cs  14.89 1592 | 16.88  17.22 De>En 2178 2125 | 2256 20.78 21.50
- 2-layer LSTM decoder required ~10 hours. Cs>En 2443 2525 | 2644  27.37 De>It 13.16 13.84 | 1473 1434 14.34
- 512 units per Iayer / word embedding sjze "g En>De 25.99 25.92 26471 26.77 | > 25.87 De>Ro 10.85 11.95 12.24 12.37 11.32
- Per-language vocabulary O De>En 3093 2940 | 31.24 3177 | [Hal6] EnvDe  19.75 17.06 | 1941  19.04 17.46
S En>Fr 3825 3440 | 38.10 38.32 En>It  27.70 2574 | 2757 2711 27.26
- 20,000 most frequent words — no BPE ® Fr>En 3740 3514 | 37.11 37.89 EONL 2441 2246 | 2447 2515  24.48
Settings A En>Th 2342 2222 | 2603 2633 5 EmRo  19.23 1860 | 2083 2096  20.20
| o X Th>En 1554 1403 | 1654 26.77 @ ItsDe 1439 1276 | 14.61 1506 14.18
- Supervised: Train using full parallel data S EmVi 2747 2554 | 28.33 [ 29.03 | >28.07 C It>En  29.84 27.96 | 30.62 3010 29.56
- Zero-Shot: N lel data £ | . Mean 2626 2412 | 27.30 27.80 M NIsEn 2630 2478 | 2631 2617 26.33
€ro-ohot. NO parallel data tor 5ome language pairs Em»Cs 571 818 | 840  9.49 NI1>It 1603 1610 | 1681 1750 16.89
. Cs>En  6.64 1456 | 14.81  15.38 N1>Ro 12.84 1248 | 1401 1444 12.38
Scala MT TensorFlow Language Distances S EnsDe 1170 1460 | 1509 16.03 Ro>De 1275 1221 | 13.58 13.66 12.96
library Scala WSLT-15 WSLT-T7 S De>En 1810 19.02 | 19.77 20.25 Ro>En  24.33 2288 | 2383 2388 24.65
a'[‘ed fggjcteo g;egr‘;omre%‘;; T En>Fr 2447 2515 | 2400 25.79 Ro>N1 1370 1411 | 1534 1551 1529
experiments g T FrsEn 2379 2502 | 24.55 2712 Mean 1899 1815 | 19.68 19.75 19.16
& En>Th  7.86 1558 | 1841 17.65 o~ De>Nl 1275 1250 | 12.74 12.80 12.67
X Th>En 7.3 9.1 | 1019 10.14 2 It>Ro 997 957 | 1057  10.17  10.69
S EmVi 1801 17.51 | 1892 1890 © NI»De 11.32 1047 ] 1152 1120 11.63
VISEn 649 1600 | 16.28 16.86 $ Ro>It 11.69 10.82 | 11.51 1140 11.78
Mean 1301 1647 | 17.04 17.76 N Mean 1143 1084 | 1151 1139 11.69
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~90,000-220,000 train / ~500-200 val / ~1,000 test

~220,000 train / ~200 val / ~1,100 test




