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L Algorithm 1 Computation of p(v) and learning gra-
dients for NADE

Input: training observation vector v
Output: p(v) and gradients of — log p(v) on param-
eters
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= RNN
0 R, ELAFFT
= [ransformer

0 3K .E%jm%J (Attention)
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a0 Encoder-Decoder 543
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= Encoder-Decoder
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0 2 IME (Self-Attention)
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Transformer

BARLER

0 YmiSEs . FRIDES

o @@= A (Input Embedding)
0 (UE%wES (Positional Encoding)

MIPS papers
hitps./ipapers.neurips.cc » paper » 7181-attention... PDF

Attention is All you Need
by A Vaswani | Cited by 202949 {— We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions entirely.
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s AR RFERT (Scaled Dot-Product Attention)
0 ITEFENES QKT EAME Q 5 #E K B9MEXMH
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Thanks!

Questions?
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