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Given English-centric parallel corpora En-L! (L' # En, 1 <1< N)
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Given English-centric parallel corpora En-L! (L' # En, 1 <1< N)
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Given English-centric parallel corpora En-L! (L' # En, 1 <1< N)
Typically, we can train 2N bilingual models, or 1 multilingual models.
Which model is better on each En—L! and L'—En direction?
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It depends on the richness of language L
HRL: High-Resource Language; LRL: Low-Resource Language
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It depends on the richness of language L
HRL: High-Resource Language; LRL: Low-Resource Language

BiNMT is better when L is richer
Why?
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Different directions conflict with each other to various extents.

The less gradient similarity, —— Mcsdefi lvetrohi trgu
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Our Goals ! .
[. Mitigate the negative v Negative
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Two-Stage Traning
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Step 1: train a MNMT model on HRLs
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» no negative interference from LRLs
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(b) Model Architecture

» mitigate negative interference among HRLs
*» SLP: Selective Language-specific Pool
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Step 2: continue training on all pairs (HRLs & LRLSs)
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(b) Model Architecture

» HRLs still use SLP selection mechanism
» LRLs utilize the trained MNMT model
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Step 2: continue training on all pairs (HRLs & LRLSs)
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(b) Model Architecture

> HRLs still use SLP selection mechanism

» LRLs utilize the trained MNMT model
v' share the same MNMT — Knowledge Transfer
v' less training batches on LRLs — avoid overfitting
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WMT-10: En-X (X in {Fr, Cs, De, Fi1, Lv, Et, Ro, Hi, Tr, Gu})
HRLs: Fr, Cs, De, Fi, Lv, and Et; LRLs: Ro, Hi, Tr, and Gu

Code Language #Bitext Training Valid Test
Fr French 10M WMTI15 Newstestl3 Newstestl5
Cs Czech 10M WMTI19 Newstestl6 Newstest18
De German 4.6M  WMTI9 Newstestl6 Newstestl8
Fi Finnish 48M  WMTI9 Newstestl6 Newstest]8
Lv Latvian 1AM WMTI17 Newsdevl7 Newstestl7
Et Estonian 0.7M  WMTI8 Newsdevl8 Newstestl8
Ro Romanian 0.5M  WMTI6 Newsdevl6 Newstestlo
Hi Hindi 0.26M WMTI14 Newsdevld Newstestl4
Tr Turkish 0.18M WMTI8 Newstestl6 Newstestl8
Gu Gujarati 0.08M WMTI9 Newsdevl9 Newstestl9

OPUS-100: 94 En-X pairs: 95 langs including En, except 5 langs w/o valid/test sets

High-resource: 45 pairs; Medium-resource: 21 pairs; Low-resource: 28 pairs.



Baseline \‘Q’l {,JICE:::LE\CAI

1.
. MNMT: multilingual Transformer model trained on all directions
. mBART: multilingual BART (denoising autoencoder for

BiINMT: bilingual Transformer model

pretraining seq-to-seq models) model, fine-tuned on all directions
XLM-R: pretained Transformer-based masked language model on
100 languages

. LS-MNMT: language-specific many-to-many multilingual model

trained on 100 languages



Implementation W o

Architecture of all experiments: Transformer

learning rate: 5e-4

warmup steps: 4000

optimizer: Adam (B, = 0.9, B, = 0.98)

mini-batch size: 4096 tokens

loss: label smoothing cross-entropy (smoothing ratio = 0.1)

training device: 64 Tesla V100 GPUs

Evaluation Metrics: the case-sensitive detokenized BLEU using sacreBLEU
BLEU+case.mixed+lang. {src}-{tgt}+numrefs.1+smooth.exp+tok.13a+version.1.3.1
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Experimental Results: WMT-10 W o

En—X on WMT-10: 1—1 (bilingual), I -=N (one-to-many), N—N (many-to-many) models

HRLs LRLs
En—X test sets | #Params || Fr Cs De Fi Lv Et ||Ro Hi Tr Gul|| Avgw
1—1 | BINMT [Vaswani er al., 2017] | 242M/10M | 363 223 402 152 165 150 [230 122 133 79|] 202
MNMT [Johnson et al., 2017] 242M | 342 209 400 150 181 209 [260 145 173 132|| 220
mBART [Liu et al., 2020] 611M | 337 208 389 145 182 205 [260 153 168 129[| 218
15N | XLM-R [Conneau eral., 20201 | 362M [ 347 215 401 152 18.6 208 [264 156 174 149|| 225
LS-MNMT [Fan et al.. 2020] 409M | 350 217 406 155 189 210 262 148 165 128]| 223
HLT-MT (Our method) | 381IM | 362 222 418 166 195 211 [26.6 158 17.1 146[| 232
MNMT [Johnson et al., 2017] 242M | 342 210 394 152 186 204 [261 151 172 13.1|| 220
mBART [Liu e al., 2020] 611M | 324 190 370 132 170 195 [25.1 157 167 142|| 210
N—N | XLM-R [Conneau eral., 20201 | 362M | 342 214 397 153 189 206 [265 156 175 145/ 224
LS-MNMT [Fan et al.. 2020] 400M | 348 211 393 152 187 205 263 149 173 123|| 220
HLT-MT (Our method) | 38IM | 358 224 415 163 19.6 21.0 [26.6 157 17.6 14.7|| 23.1

» significantly outperform BiNMT on LRLs, yet retain high perfomance on HRLs
» clear improvement over previous multilingual baselines on HRLs and LRLs
» the extra model parameters for our SLP pool and Universal layer are modest
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En—X on WMT-10: 1—1 (bilingual), I -=N (one-to-many), N—N (many-to-many) models
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En—X test sets | #Params || Fr Cs De Fi Lv Et Ro Hi Tr Gu || Avgau
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mBART [Liu et al., 2020] 611M  ||33.7 208 389 145 182 205|260 153 168 129 | 21.8
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En—X on WMT-10: 1—1 (bilingual), I -=N (one-to-many), N—N (many-to-many) models

HRLs LRLs
En—X test sets #Params Fr Cs De Fi Lv Et Ro Hi Tr Gu || Avgau
1—1 ‘ BiNMT [Vaswani et al., 2017] | 242M/10M | 36.3 223 402 152 16.5 150 230 122 133 79 ‘ 20.2
MNMT [Johnson et al., 2017] 242M 342 209 400 150 181 209 260 145 173 132 22.0
mBART [Liu ez al., 2020] 611M 337 208 389 145 182 205 260 153 168 129 21.8
1—-N | XLM-R [Conneau et al., 20201 362M 347 21.5 40.1 152 186 208 264 156 174 149 22.5
LS-MNMT [Fan ef al.. 2020] 409M 35.0 217 406 155 189 210 262 148 165 12.8 223
HLT-MT (Our method) 381M 362 222 418 166 195 211 266 158 17.1 146 \ 232
MNMT [Johnson et al., 2017] 242M 342 21.0 394 152 186 204 26.1 151 17.2 13.1 22.0
mBART [Liu et al., 2020] 611M 324 190 370 132 170 195 251 157 167 142 21.0
N—N | XLM-R [Conneau et al., 2020] 362M 342 214 397 153 189 206 265 156 175 145 22.4
LS-MNMT [Fan et al.. 2020] 409M 348 21.1 393 152 187 205 263 149 173 123 22.0
HLT-MT (Our method) 381M 358 224 415 163 19.6 21.0 26.6 157 17.6 14.7 \ 23.1

» significantly outperform BiNMT on LRLs, yet retain high perfomance on HRLs
» clear improvement over previous multilingual baselines on HRLs and LRLs
» the extra model parameters for our SLP pool and Universal layer are modest



Experimental Results: OPUS-100 VIENNA[SS

X—En and En—X on OPUS-100: N—N (many-to-many) models

Models (N—N) | #Params | . | Kl a8

| | Highss Meda; Lowas Avggs WR | Highys Medy; Lowas  Avggs  WR
Previous Best System [Zhang ez al., 20201 | 254M | 30.3 32.6 31.9 31.4 - | 237 256 222 24.0
MNMT [Johnson et al., 2017] 242M 323 35.1 35.8 33.9 ref 26.3 314 212 28.9 ref
XLM-R [Conneau et al., 2020] 362M 230 35.7 36.1 34.6 = 26.9 31.9 51.7 294 =
LS-MNMT [Fan et al., 2020] 456M 33.4 35.8 35.9 34.7 - 7.3 31.6 A I 29.6 -
HLT-MT (Our method) 381M 34.2 36.7 36.1 353 755 | 276 33.3 31.8 301 787

» consistently outperform previous multilingual baselines on high/medium/low
resource language pairs (both X—En and En—X directions)
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XLM-R | Two-stage Training SLP | Avgnign  AVEiow AVEal

24.9 175 221
254 18.0 22.4
v 26.0 18.1 22.8
25.2 18.5 22.5
26.0 7S 22.8
v 26.2 18.5 23.2

ANANEN
AN

» XLM-R initialization, Two-stage Training strategy, and
SLP selective mechanism are all beneficial.



Conflicting Gradient A Frenna s
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(a) Baseline (b) Our method

» clearly mitigate the negative interference among most directions
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Decoder Representation Visualization Loalle

The t-SNE visualization of 500 random English sentences (hidden states of Decoder),
ordered from the bottom decoder layer to the top layer. (a, b, ¢ in Decoder, d in SLP)

(a) 2-th (b) 3-th (c) 6-th (d) 7-th

» different languages become more distinct and less likely to overlap with each other
» SLP effectively projects the language-shared representations into language-distinct

ones for better target language generation.
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Conclusion VIENNATES

v" In this work, we propose a novel multilingual translation model with the
high-resource language-specific training called

]
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| Encoder > Decoder I Module Selection
[ 0j

I —

|

|
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———————— I
I STEP 2: 1. I Transformer Encoder — Transformer Decoder
| i e AN S A — Tt T 1
: Encoder » Decoder | xLi xLi xLi xLi xL" ka][ka ka‘ ka
| b 1 2 3 4 u 1 2 3 4

(a) Two-Stage Training (b) Model Architecture
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v" In this work, we propose a novel multilingual translation model with the
high-resource language-specific training called

v The proposed two-stage training strategy and selective language-specific
pool (SLP) mitigate the negative inference among different directions.
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— I 1
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|
I || > 1 i 1 1 i 1 1 1 1 1
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(a) Two-Stage Training | (b) Model Architecture
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v" In this work, we propose a novel multilingual translation model with the
high-resource language-specific training called

v" The proposed two-stage training strategy and selective language-specific
pool (SLP) mitigate the negative inference among different directions.

v' Experimental results evaluated on WMT-10 and OPUS-100 benchmarks
demonstrate that HLT-MT significantly outperforms all previous baselines.

HRL 4 LRL

_________________ . et e T ——— T T .
I HRL I | I '
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_— ) | ara— .
________ M-I : :
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| (sip JLRLI |
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(a) Two-Stage Training (b) Model Architecture
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Conclusion

v" In this work, we propose a novel multilingual translation model with the
high-resource language-specific training called

v" The proposed two-stage training strategy and selective language-specific
pool (SLP) mitigate the negative inference among different directions.

v" Experimental results evaluated on WMT-10 and OPUS-100 benchmarks
demonstrate that HLT-MT significantly outperforms all previous
baselines.

v" Our code has been released
» https://github.com/YuweiYin/HLT-MT
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v" In this work, we propose a novel multilingual translation model with the
high-resource language-specific training called

v" The proposed two-stage training strategy and selective language-specific
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v Our code has been released Th anks '
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