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Architecture of transformer
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Multi-Head Attention

Scaled Dot-Product Attention Multi-Head Attention

t
1 Linear

[ MatMul | 1
3 'y Concat
SoftMax I £ ﬁ

t Scaled Dot-Product h
Mask (opt.) ] Attention

) AL 2l 2l
Scale "'t' A

) Linear Linear
[ matvul |
t 1
Q K V V K

sE. Y N BB

§ UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU




QKT Input Thinking Machines
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Add & Norm
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Feed Forward

MLP structure
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Masked Multi-Head Attention

* The point of masking is to mask
out future information, making the

trained model more accurate
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Interactive Attention

Calculation of Q, K, V for self-attention:
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