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THE BRAIN'S ROBUSTNESS

Phineas Gage

A Redundancy : many functions are distributed across
networks

A Rewiring : neural pathways adapt after injury

A Graceful degradation : performance may drop, but
function persists



ROBUSTNESS IS REQUIRED IN HPC AND THE EDGE

EDGE HPC

Environment makes failure likely Scale makes failure normal

A Unpredictable environments A Mean time-to-failure * number of nodes

: : : : ~ computation runtime
A Physical and operational disruptions

' A Want to avoid restarts
A Must fail gracefully

Neuromorphic should exhibit brain -like robustness



Q ongq

n

NEUROMORPHIC LINEAR SOLVER

onq

Tt

O

\

ORRES

o
R
gy,
R
KA
> gm

y
ﬂf&

AR
LR

{

o
o
o
<

2000

4000

2000



NEUROMORPHIC LINEAR SOLVER
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NEUROMORPHIC LINEAR SOLVER
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 Solving sparse finite element problems on
"~ neuromorphic hardware
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FINITE ELEMENTS
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FINITE ELEMENT METHODS
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FEM - SNN MAPPING

Each node contains NPM
neurons per mesh node




CONVERGENCE
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A NeuroFEM agrees with classic FEM theory
for linear elements

A This is a property of the finite element
method, not the linear solve

A The neuromorphic circuit implements
well-understood mathematics
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GENERALIZATIONS

Poisson equation with
Dirichlet and Neumann
boundary conditions

Linear elasticity in 3
dimensions

Tetrahedral mesh
Vector-valued solution

Fixed and free boundary
conditions
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This problem was generated with an off-the-shelf finite element package (SfePy)
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NEUROFEM
ABLATION

EXPERIMENTS




EXAMPLE PROBLEM
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ABLATING NEURONS

Each node contains NPM
neurons per mesh node

A Build full circuit

A Randomly delete X % neurons
uniformly across network
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ABLATING NEURONS
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ABLATING NEURONS
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ABLATING NEURONS

Ablated Solution Ablated Error
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A When entire mesh nodes are deleted,
error acts like delta function perturbation
of RHS
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DROPPING SPIKES
| 1% 1% |

1 % ®% |

| 11 11%l

A Neurons reach threshold

A With probability p, spike is independently
dropped before transmission



DROPPING SPIKES
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DROPPING SPIKES
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A Dropping spikes acts as an implicit regularization
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ROBUSTNESS
MECHANISMS [N

NEUROFEM




NEUROMORPHIC FINITE ELEMENTS

Poisson Sparse
Equation Linear System
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Strategy : use BMD to construct SNN
to implement the dynamical system
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Neur omor phic virtues

A Network sparsity inherited from sparse
matrix A

A Scalable: neighbors ~O(1)
A Sparse spiking activity
A Not brittle: random spikes, same solution

A Balanced excitation and inhibition
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SPIKE READOUT STRATEGY
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SPIKE READOUT STRATEGY
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SPIKE READOUT STRATEGY
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WHEN SHOULD A NEURON SPIKE?
s DOA OGAIOO A
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WHEN SHOULD A NEURON SPIKE?
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spike train

A neuron spikes when the error reaches a tolerance threshold
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WHEN SHOULD A NEURON SPIKE?
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spike train

A neuron spikes when the error reaches a tolerance threshold

Membrane potential: Q)(O)

W

3
Spike threshold: —
C

28



COLLECTIVE READOUT
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COLLECTIVE READOUT

Neuron
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EFFICIENT SPIKING REPRESENTATIONS

Boahen, 2017; BMD
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Figure 11. Encoding continuous signals with spike trains: (a) independent
and (b) coordinated spiking. In both cases, five neurons increase their spike
rate from zero to 0.6 s~ (below), on average, to encode a step change in a
continuous signal. When these spike trains are weighted equally and filtered
with exponentially decaying synapses to decode the signal (above), the
resulting waveforms’ mean equals the total spike rate, 3 s~!. However, the
variance is 5.2 times lower when spiking is coordinated.
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EFFICIENT SPIKING REPRESENTATIONS

Boahen, 2017; BMD OOAAEGET T
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W Independent spiking (rate code) (a)
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Figure 11. Encoding continuous signals with spike trains: (a) independent
and (b) coordinated spiking. In both cases, five neurons increase their spike
rate from zero to 0.6 s~ (below), on average, to encode a step change in a
continuous signal. When these spike trains are weighted equally and filtered
with exponentially decaying synapses to decode the signal (above), the

resulting waveforms’ mean equals the total spike rate, 3 s~!. However, the
variance is 5.2 times lower when spiking is coordinated.
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EFFICIENT SPIKING REPRESENTATIONS
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Figure 11. Encoding continuous signals with spike trains: (a) independent
and (b) coordinated spiking. In both cases, five neurons increase their spike

rate from zero to 0.6 s~ (below), on average, to encode a step change in a
continuous signal. When these spike trains are weighted equally and filtered

Coordinated spiking (b)

with exponentially decaying synapses to decode the signal (above), the " x Al 1 OO

resulting waveforms’ mean equals the total spike rate, 3 s~!. However, the

variance is 5.2 times lower when spiking is coordinated. . Lo
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EFFICIENT SPIKING REPRESENTATIONS

Boahen, 2017; BMD
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Figure 11. Encoding continuous signals with spike trains: (a) independent
and (b) coordinated spiking. In both cases, five neurons increase their spike
rate from zero to 0.6 s~ (below), on average, to encode a step change in a
continuous signal. When these spike trains are weighted equally and filtered
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Independent spiking (rate code) (a)
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Coordinated spiking (b)

~

with exponentially decaying synapses to decode the signal (above), the " X A | T O C)
resulting waveforms’ mean equals the total spike rate, 3 s~!. However, the
variance is 5.2 times lower when spiking is coordinated. . Lo
0 OAAE %) |“
JFor exampl e, controlling?anda robot joi.nt_with precis
latency 10 ms requires 500,000 spikes/s while controlling it %l A® (0RO AAEOET |
using coordinated spiking requires only 2,900 spi kes

From “A neuromorph’s prospectus” Boahen 2017
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CONTROL INTERPRETATION
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Integral term needed to cancel steady-state error



CONTROL INTERPRETATION
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Integral term needed to cancel steady-state error



NEUROFEM PI CONTROL DYNAMICS
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NEUROFEM STATISTICS

. Mean + Noise . NeuroFEM
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CONCLUSIONS

A Robustness and efficiency emerge from

A Redundancy + local coordination
A Feedback + excitation/inhibition balance

A Robustness and regularization go hand-in-hand
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THANK YOU!
Support from DOE Advanced Simulation and Computing (ASC) program
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