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Médulos Encoder e Decoder no transformer
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Multi-head attention block
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Scale dot-product attention
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Masked multi-head attention (o segundo do bloco no decoder)
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Decoder multi-head attention (o segundo do bloco no decoder)
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Cédigo em que é possivel ver a estrutura discutida nos slides
anteriores

https://wuw.datacamp.com/tutorial/
building-a-transformer-with-py-torch
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Positional encoding no transformer

M

Muilti-Head

Qutput
Probabilities

Multi-Head
Attention

Add & Norm

Masked
Mutti-Head

Nx

eep Le

ning (

Aula 13

Attention Attention
[ /) 4 }

\.; o A _JJ
Positional & e Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)



Por que positional encoding?

e Self-attention n3o tem percep¢ao da posicdo dos elementos na
sequéncia

e Transformer n3o tem nocdo da ordem dos elementos
Porém, a ordem dos elementos é relevante (por exemplo, a ordem
das palavras é importante para o significado de uma frase)

e Positional encoding busca suprir essa deficiéncia em relacdo a
ordem dos elementos




Primeira tentativa: acrescentar, na codificacdo da palavra, um
ndmero inteiro correspondente a posicdo ocupada pela palavra na
sequéncia

Sentenga 1: | loye machine learning

Sentenca2: | am learning abqut trangformers and attention mogels.

e Os niimeros podem ficar grandes (feature com valor gigante)

e A sequéncia de teste pode ter tamanho maior (posi¢do nunca vista
antes)

e Treinamento pode n3o ter visto sequéncias de um determinado
tamanho



Segunda tentativa: acrescentar, na codificacdo da palavra, um
nimero real equiespacadamente espalhado em |0, 1]

Sentenca 1: ove machine learning
0.25 | 0.5 0.75 1.0

Sentenca 2: am learping abgut transfgrmers ang atteption mogels.

Codificacdo de posicdo ndo é consistente entre sequéncias de tamanhos
distintos



Caracteristicas desejaveis em positional encoding

https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

e It should output a unique encoding for each time-step (word's
position in a sentence)

e Distance between any two time-steps should be consistent
across sentences with different lengths.

e Our model should generalize to longer sentences without any
efforts. Its values should be bounded.

e It must be deterministic.


https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

Solucdo proposta no paper do Waswani

e Usa-se vetor de tamanho d para codificar a posicdo

e Essa codificagdo é incorporada ao input (ndo ao modelo)

Especificamente, a codificagdo é somada ao embedding da
palavra



Inspiracao
Cédigo binario
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Solucao: em vez de bindrio, usar float
t posicao
d tamanho do vetor de encoding (d par)
1 componente do vetor de encoding
Encoding da posicao t, calculado por:

~ (i) _ [ sin(wi-t), sei=2k
pr = cos(wy -t), sei=2k+1

em que Wy = —— 3¢
10000 d

- Frequéncia decresce ao longo do vetor de enconding



pl

sin(wyq - t)
cos(wi - t)

sin(ws - t)
cos(wo - t)

sin(wd/2 : t)

[cos(wqaya - t)] 4. g
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- Tamanho do encoding d = 128 (eixo x)
- Tamanho da sequéncia 50 (eixo y)

- A linha t corresponde ao pt



Com outra

position

N. S. T. Hirata (2023)
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Propriedades

https://tungmphung.com/the-transformer-neural-network-architecture/

e For each pair (i, d), the corresponding encoding is fixed. (This
addresses the problem of relative-distance.)

e The encoding values are always in the range [—1, 1] since they are
the results of sin and cos functions. (This solves the extrapolation
problem.)

e The encoding values for the earlier dimensions (say dimension
indexes < 300) have strong positional effects. In other words, they
are different for different positions, and the difference is bigger when
the positions are further away from each other. For latter
dimensions, the encoding values are very similar for all positions.
Thus, this region acts as a free-positional space, allowing a part of
the embedding to pass to subsequent layers without being affected
by positional information. With that to say, the successive layers
have options to use the semantic of input sequences with or without
positional effect.


https://tungmphung.com/the-transformer-neural-network-architecture/

position

Cosine similarity of Positional Encodings
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Positional encoding x positional embedding

https://theaisummer.com/positional-embeddings/
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