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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
pelformmg models also connect the encoder and decoder through an attention
mechanism, _We propose a new simple network architecture,|
ﬂlspensmg with recurrence and COMvOTITIoNs )

y O woO machifie translation tasks show these models to
be supencr in quallty whlle 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 41.8 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.
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Generstive Transformer Archltecture
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Gewemf'l‘/e Trang«FD-rmeJr A_“./h) ‘*_CC'fvfe Model Name Nparams  Mayers  @model  Mheads  @head
TR GPT-3 Small 125M 12 768 12 o4
GPT-3 Medium 350M 24 1024 16 64
Sumvm-l' Output GPT-3 Large 760M 24 1536 16 96
Probabilities sof +max GPT-3 XL 13B 24 2048 24 128
GPT-32.7B 2.7B 32 2560 32 80
GPT-36.7B 6.7B 32 4096 32 128
GPT3 13B 130B 40 5140 40 128
GPT-3175B or “GPT-3", 1750B 96 12288 96 128
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