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Prune-Tune: An Effective and Flexible Schema for Domain Adaptation in NMT
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Effective Pruning for Transformer Keeping General Knowledge to better Learn the Target Domain
30
NS S O OOUOUOO N S SR S SOUOUOO S Model IWSLT (190k) ~ EMEA (587k)  Novel (S0K) oo params
28 1 II II II II II ii general target general target general target
26 II od Mixed Domain Model 27.9 31.3 27.9 32.0 27.9 212 273M
- II II II II II II II II II Target Domain Model N/A 240 NA 239 NA 123 273M
3 247 General Domain Model 28.7 28.5 28.7 28.4 28.7 14.5 273M
m + Fine-tuning (Luong and Manning 2015) 27.0 31.5 17.1 29.7 12.1 234 273M
22+ + EWC-regularized (Thompson et al. 2019)  28.0 315  27.1 305 235  23.1 273M
- + Model Distillation (Khayrallah et al. 2018) 263 315 163 300 116  23. 273M
20 + Layer Freeze (Thompson et al. 2018) 28.6 31.3 26.9 29.8 230 230 29M
II II II II II II II II II II + Adapter (Bapna and Firat 2019) 27.0 31.6 26.7 30.1 19.8 24.3 13M
18 [N | Il Bl R 0B il Prune-Tune Model 288 319 289 306 288 243 27M
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Model Sparsity Table 2: BLEU results of domain adaptation on EN—DE
Few parameters are needed to train Direction  Corpus  Tram Dev. Test
Robust Training WMTI4 39M 3000 3003
- IWSLT14 170k 6750 1305
most target domains EN—DE “py vl 587k 500 1000
33.0 Novel 50k 1015 1031
: WMT19 20M 3000 3981
32.5 1 Pruning Rate WMT IWSLT EMEA Novel Laws 2750k 800 456
10% 28.7 32.3 30.6 24.3 Thesis 300k 800 625
32.0 - 30% 78.3 32.4 30.3 23.9 ZH—EN Subtltl.es 300k 800 598
50% 8.1 379 295 23 6 Education 449K 800 791
315 0 ~ ' - - News 449K 800 1500
- ' 70% 26.8 31.8 28.9 23.1 Spoken 219k 800 456
= 31.0
m
30.5
30.0 --- Fine-tuning 5 5 - - . . » .
— Prume-tune 0.1 Sequential Multi-Domain Adaptation: Learning without Forgetting
29.5 A Prune-tune 0.3
—— Prune-tune 0.5
220775 2000 000 6000 8000 0000
4 training steps 1 Model Input domain #M WMTI14 (W) IWSLTd) EMEA (E) Novel (N)
Mixed Domain Model W,LEN 1 27.9 31.3 32.0 21.2
. . . General Domain Model \%Y 1 28.7 28.5 28.4 14.5
Effective for Low-resource Domain Adaptation + Fine-tuning LE,N 3 N/A 315 297 234
Single P-Tune Model W,LE,N 3 N/A 31.9 30.6 243
------ General model
32 - mmm Fine-tune #1 W 28.4 N/A N/A N/A
. #  +1 28.4 31.9 N/A N/A
B Prune-tune 0.1 _
Sequential P-Tune Model = 43 | ¢ 1 28.4 31.9 30.1 N/A
#4 +N 28.4 31.9 30.1 23.6

Table 3: BLEU Results of Sequential Domain Adaptation on EN—DE. #M denotes the number of required models. W, I, E, N
refer to dataset WMT 14, IWSLT, EMEA, Novel, respectively. In our Sequential P-Tune Model, general domain occupied 50%
parameters, and each target domain occupied 10%.

Model #M Laws Thesis Subtitles Education News Spoken Avg.
Mixed Domain Model 1 47.4 15.6 17 314 21.2 16.7 24.9
General Domain Model 1 449 13.8 16.1 30.8 214 16.7 23.9
+ Fine-tuning 6 55.9 17.9 20.8 29.2 22.1 14.8 26.7
Sequential P-Tune Model 1 50.3 16.2 17.2 31.2 21.3 14.6 25.1
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Fraction of EMEA training data

100%

Table 4: BLEU Results of Sequential Domain Adaptation on ZH—EN. #M denotes the number of required models. In our
Sequential P-Tune Model, general domain occupied 50% parameters, and each target domain occupied 5%.
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