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is that I am majoring in civil engineering.” (36w ords)

[*I", “am”, “majoring”, “in”, “civil”, “engineering”]

MLP MLP MLP MLP
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_ FIRIE | ZIRUEL
"The decision, which I reached after months of consulting with faculty advisors wh ialize in
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S S ” “ ” « S . . ” is that I joring in civil engineering.” (36words)
[“I”, “am”, “majoring”, civil”, “engineering”] e e
Recurrent NN
MLP MLP MLP MLP
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PIRIE | ZRANTZLY

"The decision, which I reached after months of consulting with faculty advisors who specialize
in transportation planning and after volunteering on a community project to rebuild flood-
damaged roads, is that I am majoring in civil engineering.” (36words)
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’.’The decision, which I reached after months of consulting with faculty advisors who specialize LSTM ; LO n g - S h O rt Term M e mOI‘y

in transportation planning and after volunteering on a community project to rebuild flood-
damaged roads, is that I am majoring in civil engineering.” (36words)
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The repeating module in an LSTM contains four interacting layers.
RNN Block

L

A — A

RO
5 & 4

Q) ()
! o EHKTF I (CRR0) |
i EWS T ET—HEREE

2025/05/01 25— Py TEZ#05



RI3DREE: Seq2Seq

#ERI RV DRHRIE-TIER

[“I”, “am”, “majoring”, “in”, “civil”, “engineering”]: 6 EH5E
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RI%DERRE: Seq2Seq

#ERI RV DRHRIE-TIER
[“I”, “am”, “majoring”, “in”, “civil”, “engineering”]: 6 EH5E

[FA7, “(37, 7, 8, B, W E, F B, U, T LY, BT 14X
—)L—)LX—X, Word2Vec
XETOMEEEZZ2Seq25eqE>/L(Sutskever, 2014)HMRE
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LSTM Encoder LSTM Encoder

https://arxiv.org/pdf/1409.3215
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” I am majoring in civil engineering.” "The decision, which I reached after months of consulting with
faculty advisors who specialize in transportation planning and
[0.3,0.11, 0.2, 0.9]  afer volunteering on a community project to rebuild flood-
damaged roads, is that I am majoring in civil engineering.”

[0.21, 0.22, 0.24, 0.42]
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Attention Is All You Need

Attention Is All You Need Attention is all you need
A Vaswani, N Shazeer, N Parmar... - Advances in neural ..., 2017 - proceedings.neurips.cc
i voonmnt N Seer Nk Parmar Jakon Dot ... to attend to all positions in the decoder up to and including that position. We need to prevent
avaswnigoogls.con  noamboegle.ton  mitipdghgiecon  usstysotls eom ... We implement this inside of scaled dot-product attention by masking out (setting to =) ...

Guogie Rencaeh  Caeriy o Toronto Sooge Bran v #F Y9 SIHE #5IA%k 172113 BIERLE £73/\—-I3> o

1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin®
illia.polosukhin@gmail.com

Abstract

The domi seq transduction models are based on complex recurrent or / =

convolutional neural networks that include an encoder and a decoder. The best 1 H
performing models also connect the encoder and decoder through an attention 3 o L , Deelend
mechanism. We propose a new simple network architecture, the Transformer, 4

based solely on attention mechanisms, dispensing with recurrence and convelutions
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.

1 Introduction

Recurrent neural networks, long short-term memory [12] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and
transduction problems such as language modeling and machine translation [29, 2, 5]. Numerous
efforts have since continued to push the boundaries of recurrent language models and encoder-decoder
architectures [31, 21, 13].

*Equal contribution. Listing order is random. Jakob d repl RNNs with self-attention and started -
the effort to evaluate this idea. Ashish, with Illia, designed and implemented the first Transformer models and a SW a I I I Pa r m a r
Iti-head

has been crucially involved in every aspect of this work. Noam sed scaled dot-product attention,

attention and the p free position rep ion and became the other person involved in nearly every
detail. Niki p tuned and model variants in our original codebase and
tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codeb and
efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of and
impl ing tensor2tensor, replacing our earlier codeb greatly improving results and ivel i
our research.

"Work performed while at Google Brain.
#Work performed while at Google Research.

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
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Self-Attention

(GtE41)

[*I", “am”, “majoring”, “in”, “civil”, “engineering”]’i?r%

orza-tor=[2).0).

6)] —UBET>I—R
QEMTHI: W, WK wVXD,
e Query: Q =XwW?=1[1,2,..,6]
- Key: K =XxwX=11,2,..,6]
e Value:V=Xxw"=1[1,2,..,6]
ZsTE ()

#E) Q, K, VOEKEL)
Query: DEFENDELE
Key: &=ia1#

Value: EFEDOEEOAR
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Fig. 3. Encoder-Decoder model architecture overview.
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