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 DEEP NEURAL NETS ARE THE WORKHORSE FOR
CURRENT MACHINE LEARNING

» DEEP NETS ARE BASED ON THE
BACKPROPAGATION ALGORITHM

» ALTHOUGH INSPIRED BY NEURAL SYSTEMS,
BACKPROP IS INHERENTLY DIFFICULT TO
IMPLEMENT IN A NEURAL CIRCUIT DUE TO NON-
LOCAL LEARNING

» MIKE DAVIES SAID IT COULDN'T BE DONE...
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-+ BACKGROUND: SYNFIRE CHAINS

+ SYNFIRE-GATED SYNFIRE CHAINS
(SGSCS) FOR GRADED INFORMATION
PROPAGATION

= HOW TO COMPUTE WITH SGSCS
2 [ EARNING
-+ BACKPROP
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SYNFIRE CHAINS
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SIMULTANEOUSLY GATE
INFORMATION TO PRE- AND
POST-SYNAPTIC SIDES OF
SYNAPTIC CONNECTIONS

SHAO, SORNBORGER, TAO, 50th Asilomar Conference (2016)
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CORRESPONDENCE BETWEEN STANDARD AND PMPY PROTOCOL
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NEURAL AND NETWORK MECHANISMS FOR IMPLEMENTING BACKPROP:

-+ SYNFIRE-GATED SYNFIRE CHAIN(S)

-+ SHORT-TERM MEMORIES

+ PUSH-ME PULL-YOU PAIRS FOR ENCODING REAL NUMBERS

+ GATING OF RELU THRESHOLDED ACTIVITY

+ GATING OF DERIVATIVE OF RELU (THETA FUNCTION) ACTIVITY VIA
SGSC

-+ IMPLEMENTATION OF HADAMARD PRODUCT VIA PULSE-GATING

-+ SIMULTANEOUS GATING OF GRADED INFORMATION TO PRE- AND
POST-SYNAPTIC NEURONAL POPULATIONS FOR HEBBIAN SYNAPTIC
UPDATE (TURNING LEARNING ON AND OFF VIA PULSE-GATED CONTROL)

SNYDER, ZLOTNIK, SORNBORGER, TAO, bioRxiv (2019)
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GREEN: GRADED CHAIN - PUSH-ME PULL-YOU PAIRS
ORANGE: GATING CHAIN

BLUE AND PURPLE ARROWS: HEBBIAN SYNAPSES

ORANGE AND GREEN ARROWS: BACK PROPAGATED ERRORS
WHITE ARROWS: PULSE-GATED INFORMATION PROPAGATION
CYAN ARROWS: GATING OF INFORMATION PROPAGATION
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LEARNING A LINEAR TRANSFORM WITH A SINGLE PUSH-ME PULL-YOU PAIR
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A LAYER FOR THE BACK PROPAGATION OF ERRORS:

INCOMING GATING PULSES REPRESENTING MASKED
INFORMATION FROM THE DERIVATIVE OF THE ACTIVITY
FUNCTION IS PROPAGATED THROUGH THE PART OF THE
CIRCUIT RESPONSIBLE FOR ERROR PROCESSING.

ERRORS ARE COMPUTED AND ROUTED TO PRE- AND POST-
SYNAPTIC NEURONAL POPULATIONS FOR SYNAPTIC UPDATE
VIA HEBBIAN LEARNING. THIS INCLUDES POPULATIONS IN
THE ERROR COMPUTATION CIRCUIT REQUIRING COPIES OF
THE TRANSPOSED WEIGHTS.
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CONNECTIVITY AND GATING SCHEMATIC FOR TWO-LAYER CIRCUIT FOR
LEARNING XOR LOGIC

NYDER, ZLOTNIK, SORNBORGER, TAO, bioRxiv (2019)
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RESULTS OF LEARNING THE XOR LOGICAL FUNCTION IN A TWO-LAYER CIRCUIT
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IYDER, ZLOTNIK, SORNBORGER, TAO, bioRxiv (2019)
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Conclusions S e

-+ USING PULSE-GATING TO PRECISELY CONTROL INFORMATION
PROPAGATION, EFFECTIVE ACTIVITY FUNCTIONS, AND LEARNING, WE

HAVE IMPLEMENTED THE BACKPROPAGATION ALGORITHM IN A MEAN-
FIELD NEURAL CIRCUIT

-+ THE BACKPROP NEURAL CIRCUIT OVERCOMES THE PROBLEMS OF
NON-LOCAL LEARNING USING AN SGSC-BASED OPERATING SYSTEM
THAT CONTROLS THE PROPAGATION OF INFORMATION AS IT FLOWS
THROUGH THE CIRCUIT, ALLOWING LEARNING TO BE TURNED ON AND
OFF AT APPROPRIATE TIMES
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