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Discriminative learning generally involves backpropagation and
real-valued model parameters
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Memory-based neuromorphic strategy (1) maps a hypothesis
onto a memory array and (2) often applies backpropagation
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Challenges arise from (1) complexity of error-correcting circuit

and (2) real value representation
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Ternary-weight update using a local rule (greedy edge-wise
training) may be a workaround for the challenges
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Markov chain Hebbian learning (MCHL) algorithm
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* Model description
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» Greedy edge-wise training

* Discriminative learning by
field application towards label
space

* Ternary valued weight

* Representation by a group of
neurons (cell assembly)

“Markov chain Hebbian learning algorithm with ternary synaptic units” unpublished results



Network includes groups of neurons for associative
representation
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U1 u[2] + o« uy[N]

u1l w2l ... wiM

Greedy edge-wise training

Discriminative learning by
field application towards label
space

Ternary valued weight

Representation by a group of
neurons (cell assembly)

« Update method



Supervision is realized by field application in label space

Label space

v: field vector € RY
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Greedy edge-wise training

Discriminative learning by
field application towards label
space

Ternary valued weight

Representation by a group of
neurons (cell assembly)

* Deep network
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Deep network is employed and trained in a greedy layer-wise
manner
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Greedy edge-wise training

Discriminative learning by
field application towards label
space

Ternary valued weight

Representation by a group of
neurons (cell assembly)

* Toy example
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Application to the MNIST dataset learning
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Multinary weight improves the recognition accuracy
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Markov chain Hebbian learning algorithm
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Greedy edge-wise training

Discriminative learning by field application
towards label space

Ternary valued weight

Representation by a group of neurons (cell
assembly)
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Thank you!
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