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Attention Is All You Need
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks in an encoder-decoder configuration. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

(1v:1706.03762v1 [cs.CL] 12 Jun 2017
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BLEU Training Cost (FLOPs)
Model EN-DE EN-FR EN-DE EN-FR
ByteNet [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0 - 102V
GNMT + RL [38] 24.6 39.92 2.3-10°  1.4-10%
ConvS2S [9] 25.16 40.46 9.6-10"* 1.5-10%
MoE [32] 26.03 40.56 2.0-10" 1.2-10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 - 10
GNMT + RL Ensemble [38] 26.30 41.16 1.8-10%°  1.1-10%
ConvS2S Ensemble [9] 26.36 41.29 7.7-101Y  1.2.10%
Transformer (base model) 27.3 38.1 3.3-10'%

Transformer (big) 28.4 41.8 2.3.109




T train | PPL  BLEU params
N dmoge da hde  dv Parop s steps | (dev) (dev) px 10°
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
1 512 512 529 249
(A) 4 128 128 5.00 255
16 32 32 491 25.8
2 16 16 5.01 254
(B) 16 5.16  25.1 58
32 5.01 254 60
2 6.11 23.7 36
4 5.19 253 50
8 488 255 80
(C) 256 32 32 5.75 24.5 28
1024 128 128 466  26.0 168
1024 512 254 53
4096 4.75 26.2 90
0.0 5.77 24.6
0.2 4.95 25.5
D) 0.0 467 253
0.2 547 25.7
(E) positional embedding instead of sinusoids 4.92 25.7
big | 6 1024 4096 16 0.3 300K | 433 264 213
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