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Sinusoidal Positional Embedding
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Sinusoidal Positional Embedding
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Sinusoidal Positional Embedding
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3.5 Positional Encoding

Since our model contains no recurrence and no convolution, 1n order for the model to make use of the
order of the sequence, we must inject some information about the relative or absolute position of the
tokens in the sequence. To this end, we add "positional encodings” to the input embeddings at the
bottoms of the encoder and decoder stacks. The positional encodings have the same dimension d,.e)
as the embeddings, so that the two can be summed. There are many choices of positional encodings,
learned and fixed [9].

In this work, we use sine and cosine functions of different frequencies:

PE (s 2y = sin(pos/10000%/ %es)
PE ., 2i+1) = cos(pos 100002/ Gu=)
where pos is the position and i is the dimension. That is, each dimension of the positional encoding

corresponds to a sinusoid. The wavclcngths form a geometric progression from ‘717 to 10000 - 27. We
chosc this tunctlon bccausc - : a8 : :

We also experimented with using learmned positional embeddings [9] instead, and found that the two
versions produced nearly identical results (see Table 3 row (E)). We chose the sinusoidal version
because it may allow the model to extrapolate to sequence lengths longer than the ones encountered

during training.

https://arxiv.org/abs/1706.03762
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Relative positioning is crucial!
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Back to Sinusoidal Positional Embedding
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Back to Sinusoidal Positional Embedding
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Attention with Linear Biases (ALiBi)

https://arxiv.org/abs/2108.12409
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Text-to-Text Transfer Transtformer (T5)
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Rotation as Position
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Frequency-Based Approach
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