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Intro

Transformers rely on pairwise self-attention, correlating every token with

every other.

• computationally expensive

• biologically implausible - it lacks localized and contextual learning

like the human brain.

Previous sparse attention models such as the Coordination method tried

to use a bottleneck mechanism to restrict attention to key tokens, but

they suffered from

• parameter inefficiency

• poor performance on complex relational reasoning tasks
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Intro

This paper introduces the Associative Transformer (AiT) to overcome

these problems.

Ait integrates:

1. a low-rank explicit memory for learning diverse local pattern.

2. an associative Hopfield memory for reconstructing token

representations.

3. achieving higher efficiency and accuracy with fewer parameters.
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The scheme of the Associative Transformer (AiT).

Figure 1: (a) In a global workspace layer, the input RB×N×E is squashed into

vectors RBN×E . The squashed representations are projected to a latent space of

dimension D << E and are sparsely selected to update the explicit memory via

a fixed bottleneck k << BN. The Hopfield network utilizes the memory to

reconstruct the input tokens, where a learnable linear transformation (LT)

scales the memory contetnts back to the input dimension E .
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Prior-guided attention visualization
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Experiments-classification task
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Experiments-importance of Bottleneck
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Experiments-parameter efficiency
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Algorithms
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Thank you!


