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~ Self-attention mechanism
— Parallel computing

— Explainable
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https://medium.com/deeper-learning/glossary-of-deep-learning-word-embedding-f90c3cec34ca
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1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting = matrices,

input sentence* each word* We multiply X or using the resulting then multiply with weight matrix \W* to
R with weight matrices  Q/K/V matrices produce the output of the layer
X Wod
K
Thinking Wo v Qo
Machines Wo Ko
Vo Wo
W, Q
* In all encoders other than #0, WK Qi
we don't need embedding. W,V K1
We start directly with the output Vi
of the encoder right below this one

e

MultiHead(Q, K, V) = Concat(head;., .... heady, )W ¢
where head; = Attention(QW*, KW/ V)
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[SEP]
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Optimization

Target Model Outputs

Output Vocabulary: a am thanks student <eos>
position #1 0 1.0 0.0 0 0.0
1 0 0.0 0 00

position #3 | 1.0 0.0 0.0 0.0 0.0
. 1

0.0 0 . . 0. .
position #2 Y .0 0. . 0. .
0.0 0.0 0.0 0.0 1.0 .
position #5 XY 0.0 0.0 0.0 0.0 .0

a am thanks student <eos>

Trained Model Outputs

Output Vocabulary: a am I thanks student <eos>

position #1 EOKUEEIP] 0.01 0.03 0.01

position #2

PG EE RN 0.001 0.001 0.001 0.002 0.001

SLHIGLEZS 0.001 0.002 0.001 0.02 m 0.01

SLHIGLEE 0.01 0.01 0.001 0.001 0.001 ek

a am | thanks student <eos>



Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, % is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer  Sequential Maximum Path Length
Operations
Self-Attention O(n? - d) O(1) O(1)

Recurrent O(n - d?) O(n) O(n)
Convolutional Ok -n-d?) O(1) O(logg(n))
Self-Attention (restricted) O(r-n-d) O(1) O(n/r)




Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

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 - 10%Y
GNMT + RL [38] 24.6 39.92 2.3.101°  1.4-10%
ConvS2S [9] 25.16 40.46 9.6-10® 1.5-1020°
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 7.7-10%  1.2.10%
Transformer (base model) 27.3 38.1 3.3.1018

Transformer (big) 28.4 41.8 2.3.101
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