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High order sequence Limited

Discovers high order sequence structure Yes No Yes
Local learning rules Yes No No
Continuous learning Yes No No
Multiple simultaneous predictions Yes No No
Unsupervised learning Yes Yes No
Robustness and fault tolerance Very high No Yes
Detailed mapping to neuroscience Yes No No

Probabilistic model No Yes No
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High order sequence Limited

Discovers high order sequence structure Yes No Yes
Local learning rules Yes No No
Continuous learning Yes No No
Multiple simultaneous predictions Yes No No
Unsupervised learning Yes Yes No
Robustness and fault tolerance Very high No Yes
Detailed mapping to neuroscience Yes No No

Probabilistic model No Yes No
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2005 2009

Common cortical algorithm

Hierarchy & invariance o] X o] 0
Sequence & prediction ? 0 o} 0
Continuous learning X o) o] 0
Feedback X,0 X o) o)
Behavior X X ? 0
Attention X X X 0
Laminar structure X, ? o)
Sparse distributed representation 0 o 0

Lecture by S. Ahmad, slightly modified by Matsuda
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Cortical Learning Algorithm

Appendix A: A Comparison between Biological Neurons and

HTM Cells
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HTM Temporal Memory (aka Cellular Layer)

Converts input to sparse activation of columns
Recognizes, and recalls high-order sequences

- Continuous learning

- High capacity

- Local learning rules

- Fault tolerant

- No sensitive parameters
- Semantic generalization

HTM Temporal Memory is a building block of neocortex/ machine intelligence
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HTM Temporal Memory

Not Just Another ANN 1) Cortical Anatomy
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Mini-oolumns
Inhibitory cells
Cell connectivity patterns

2) Sparse Distributed
Representations
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3) Realistic Neurons
Active dendrites
Thousands of synapseas
Learn via synapse formation
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Sparse Distributed Representation
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