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HTM network model for sequence learnin

Sedquence learning is ubiquitous in cortex

What is neural mechanism for sequence learning?
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Predicted state Experimental support for active dendrites:

Poirazi et al., 2003; Palmer et al., 2014; Major, Larkum and Schiller 2013

(Hawkins and Ahmad, 2016)

HTM works well on real-world problems Testable predictions and experimental validation

HTM has comparable performance to state-of-the-art algorithms A RL V1 Example population responses
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