Introduction

We address the challenge of steering the style or domain of neu-
ral machine translation (NMT) models to meet diverse user needs
without training new models from scratch, which is costly and con-
strained by data availability. Our solution involves a memory-aug-
mented adapter that integrates with pretrained NMT models. This
adapter uses a multi-granular memory constructed from user texts
and a novel architecture that merges model outputs with retrieved
memory content. We enhance training with memory dropout to
minimize unwanted dependencies. Our method, tested on style-
specific and domain-specific tasks, surpasses several well establi-
shed benchmarks. We also release a dataset MTSC for stylized MT.
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Our proposed adapters are integrated in transformers as in Fig.
A, and the details of adapters are shown in Fig. B. To build the pl-
uggable model, we need 3 steps. First, extract multi-granular ph-
rases use user provided data like Fig. C. Then, continuousize these
phrases like Fig. D. Finally, train the adapters using memory drop
mechanism like in Fig. E.

Experiments
Method BLEU(?1) Perplexity({) Classifier Score(?t)
En-Zh Zh-En Avg. | En-Zh Zh-En Avg. | En-Zh Zh-En Avg.
Vanilla (Vaswani et al., 2017) 13.7 16.7 14.7| 459.6 127.4 2935 18.0 284 232
“Extreme (Michel and Neubig, 2018) | 16.0 17.7 16.9| 315.2 113.7 2145| 37.4 434 404
Adapter (Houlsby et al., 2019) 16.8 19.4 18.1| 351.1 121.0 236.1| 33.8 58.2 46.0
MT+Rewrite (Syed et al., 2020) 16.3 167 16.0| 222.4 1275 349.8| 470 284 37.7
kNN-MT (Khandelwal et al., 2021) 189 20.0 19.5| 230.7 985 164.6| 422 704 56.3
DExperts (Liu et al.. 2021) 13.8 159 14.9| 467.0 1273 297.2| 184 314 249
ChatGPT (OpenAl, 2022) 20.0 13.6 16.8| 620.0 131.8 375.9 414 246 33.0
"Memory-augmented Adapter ~ | 20.8° 211 21.0] 257.8 1109 184.3| 47.0 694 582
+ kNN decoding 21.3 218 21.6| 199.6 95.1 1474 | 532 852 69.2
IT Medical Law Koran Avg.
Method valid test | valid test | valid test | valid test | valid test
Vanilla 281 284 | 264 276 | 362 359 | 109 115 | 254 259
“Adapter [ 309 305 | 268 280 | 360 356 | 129 135 | 267 269
ENN-MT 288 292 | 300 323 | 383 384 | 146 151 | 27.9 288
" Memory-augmented Adapter | 31.2  31.1 | 30.0 320 | 375 373 | 147 153 | 284 289
+ kNN decoding 305 314 | 31.3 335 | 388 386 | 15.7 16.5 | 29.1 30.0
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Code*k and data
https://www.github.com/xuyuzhuang11/StyleMT
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