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Attention Is All You Need

Ashish Vaswani* Noam Shazeer” Niki Parmar® Jakob Uszkoreit”
Google Brain Google Brain Google Research Google Research
avaswanidgoogla. con e.com mikip con gle . con
Llion Jones* Aidan N. Gomez* ! Lukasz Kaiser®
Google Research University of Toronto Google Brain
1lion@google.con aidan@cs. toronto. edu lukaszkaiserégoogle.com
Hlia Polosukhin® *
i1lia.polodukhindgmail.com
Abstract

‘The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an atiention
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-
10-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
ishes a new single-model state-of-the-ant BLEU score of 41.8 after
on eight GPUs, a small fraction of the iraining costs of 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.

* Equal contribution. Listing order ix random. Jakob propascd e placing RNNs with sclf-aitcation and staricd
the effort to evaluate this idea. Ashish, with [llia, designed and implemented the first Transformer models and
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product atiention, multi-head
attention and the parameter-free position representation and hecame the other person involved in ncarly every
detail. Niki designed, implemented, tuncd and evaluated countless mode] vasiants in our original codebase and
tensor2iensor. Llion also experimenied wilh novel model variants, was responsible for our initial codebase, and
efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of and
imphementing iensor2tensor, replacing our carlier codebase, greatly improving results and massively accekerating
our rescarch.

"Wark performed while at Google Brain

#Work performed whik at Google Rescarch.

315t Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.

Scaled Dot-Product Atiention Multi-Head Attention

Figure 2 (left) Scaled Dot-Product Attention. (right) Multi-Head Atlention consists of several
attention layers running in paraliel

of the values, where the weight assigned to each vake is compud by ility function of the
query with the conesponding key.

321 Scaled Dot-Product Atiention

We call our particular attention "Scaled Dot-Product Attention” (Figure[J). The input consists of
«queries and keys of dimension d,, and values of dimension d,, We compui the dot products of the
query with all keys, divide each by +/@x, and apply & softmax function to cbtain the weights on the
values

In practice, we compute the attention functi asetof g P g
into 3 matrix Q. The keys and values are also packed together into matrices K and V. We compue
the matrix of outputs ax

T
(:';5:]" m

Attestion(Q, K, V) = softunax(

The two most commonly used atiention fanctions are additive stention [2J, and dot-product (multi-
plicative) atiention. Dol-product altention is identical to cur algorithm, except for the scaling factor
of —i=. Additive atiention computes the compatibility function using a feed-forward network with
a single hidden Layer. While the two are similar in theor tical complexity, dot-product attention is
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

While for small values of dy, the two mechanisms perform similarly, additive sttention outperforms
dot product atiention withou! scaling for larger values of dy [3). We suspect that for large values of
d,. the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gndnmﬁ To counteract this effect, we scale the dot products by 7{;.

322 Multi-Head Atiention

Instead of performing 2 single atizntion function with dpgg-dimensional keys, values and queries,
we found it beneficial to linearly project the queries. keys and values A times with different, leamed
linear projections to dy. dy and d,, dimensi ively. On cach of these projected versions of
queries, keys and values we then perform the atiention function in parallel, yielding de-dimensional

*To illustrate why the dot products get large, assume that the components of  and k am independent random
variables with mean 0 and variance 1. Then teir dot product, g - k = quky. s mean 0 and variance di
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Figure 1: The Transformer - model architecture.
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