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Mecanismos de atencion

Motivacion

seq2seq
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Soft attention

Score-based attention

Score name

Score description

Parameters

Concat (additive)

score(s;,h;) =
vy tanh(W, sj:hy])

v, and W, trainable

Linear (additive)

score(sj, h;) =
v§ tanh(W,s; +Ugh;)

vga. Ug. and W,
trainable

Bilinear (multiplicative)

score(sj,h;) = h[W,s;

W, trainable

Dot (multiplicative)

Che) —hlc.
score(s;,h;) =h/s;

No parameters

Te.
hjs;
N

Scaled dot (multiplicative)

No parameters

(
score(s;, h;) =
Location-based (

score(s;, h;) = softmax(W,h]) W, trainable

Variantes

Selecciona puntos concretos en lugar de ir acumulando
la secuencia de entrada en un vector de contexto...

= Pointer networks
= Hard attention
= Local attention (combinacion soft&hard)
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Variantes

Atencion jerarquica
Sentencias/palabras para clasificacion de documentos
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Variantes

Self-attention / intra-attention

Source Text word,
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Weighted value vectors

Summed value vectors o0 o0 0




Transformer networks

Aplica el mecanismo de atencidn directamente sobre la
entrada, reduciendo o incluso eliminando la necesidad de
conexiones recurrentes en la red neuronal

I Scaled Dot-Product
Attention
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Scaled dot-product & multihead attention

= BERT, Google, 2018 340M parameters
[Bidirectional Encoder Representations from Transformers]

= GPT, OpenAl, 2018 110M parameters
[Generative Pre-trained Transformer]

= MT-DNN, Microsoft, 2019 330M parameters
[MultiTask Deep Neural Network]

= Transformer ELMo, AI2, 2019 465M parameters

= GPT-2, OpenAl, 2019 1.5B parameters

= MegatronLM, NVIDIA, 2019  8.3B parameters

= T5, Google, 2020 11B parameters
[ Text-to-Text Transfer Transformer]

= Turing-NLG, Microsoft, 2020  17B parameters

= GPT-3, OpenAl, 2020 175B parameters !!!




Transformer networks

1 petaflop/s:day = 101> ops/s for 1 day ~ 102° ops

Training Petaflop/s-days
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