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Sequence learning is a core Spiking Temporal Memory!"!

functi()nality Qf the human brain Bio-plausible version of the Hierarchical Temporal Memory!4!

| | algorithm is a model for sequence learning in the brain
Task: Learn different sequences upon repeated presentation

and predict next sequence elements - local Hebbian synaptic plasticity & homeostasis

- leaky-integrate & fire (LIF) point neurons
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> time => error detection
Context-learning: Not only immediate history is important => gutonomous replay

=> High-order sequences
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Memristive synapses'! Hardware system model based on memristive array'*
Binary and gradual memristive dynamics Complete system model around a mem- - |
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Network is resilient: === L e IV IV Y VIV IV (VLY Cortor

- read / write noise: 5 Neurons implemented

- low dynamic i r " [/]7 as state machines
range N ] perform sensing and

- low precision 53333'\ m ;’\ m generate read / update
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Enerqy efficienc
gy y Memristive devices

Analog synapses make full use consume less power than
of actiavtion and weight sparsity floating gate devices

Hardware implementation™

- Memristive 1T1R crossbar
implemented on 130nm CMOS
substrate.
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Large scale simulations

Sequence learning challenges solved in large scale
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