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Why SNNS over ANNs?
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Representative SNNs
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The CyNAPSE microarchitecture
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Baseline power consumption

B Logic s SRAM s FIFO DRAM
SCWN SDBN SCNN
3 100 100- 100-
-
O
5 80 80 80/
Q.
=
o
2 60 60 60/
@
@,
o
2 40 40/ 40
O
(a1
£ 20 20/ 20/
ﬁ —
> | —
7o 0 0
4 8 16 32 64 128 4 8 16 32 64128 4 8 16 32 64128

Physical neurons on chip

IOWA STATE UNIVERSITY
5 Reconfigurable Computing Laboratory



Energy-efficient memory management techniques

General purpose Computing: INPUT
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Proposed management scheme

Warm Up

Read: Allocate and set reuse score
Read: Allocate and set reuse score

Read: Allocate and set reuse score

m Read: Allocate and set reuse score

Reuse score is a field associated with every cache line that
denotes the number of times that line is expected to be reused in
the future.
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Proposed management scheme

Post-warm up

Route: Route, allocate if required,
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Network-adaptive enhancements

@WOI’kS for Input Events ONLY. Internal Statistics on a layer-by-layer granularity saves both storage
and processing overheads
Events?

-> Routed in immediately next timestep
-> (Internal /Input) activity is significant in

some networks (>1 event) Static Kernel
------------------------------------ ~ Information
i
| | ®Topological hints | : e Layertypes
: -> E.g. Output layer neurons in feed-forward jr——————- (conv2D, pool, dense)
I networks | ® Pyramidal/Basket
R —— J Dymsyaric Kernel
r ———————————————————————————————————— -
| % Simulation hints : :Stﬁmstqcty ity
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Need network -adaptive enhancements to tH&'§cheme.
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Network-adaptive enhancements

Static Kernel

Information Dynamic Kernel
* Layer types Low Activity Layers Statistics
(conv2D, POO], dENSE)  mm mm o s o o s o o o o e o o e e e e o e o e e ® Layer activity
®* Pyramidal/Basket fraction

ranges ® Layer mean reuse

® Connectivity distance

® Input/Output

4----

Cache Bypassing

Disallowing allocation of low activity neurons preventing them from thrashing high reuse
input neurons
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Network-adaptive enhancements

Static Kernel

Information Dynamic Kernel
* Layer types High Activity Layers Statistics
(conv2D, pool, dENSE) mm mm mm o o oo o o o o o o o o o o e o e ® Layer activity
®* Pyramidal/Basket fraction

ranges ® Layer mean reuse

® Connectivity distance

® Input/Output

4----

Line protection

Arming high-activity neurons with an probable reuse score based on their reuse distances to
prevent being thrashed by low-reuse input neurons
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Experimental infrastructure
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Experimental infrastructure
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Results
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% SNNs -> High efficiency, inherently temporal, hybridized for better
accuracy

% CyNAPSE -> Reconfigurable neural dynamics, reconfigurable
topology

% Event-driven framework -> forward visibility of memory accesses
exploited

% Power consumption -> reduced by up to 44% over baseline and
23% over conventinal policies
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Thank you!

Questions?
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Backup Slides
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Spiking Neuron model

Perceptron I&F FHN ML HR HH

@000

(Not drawn to scale. Inspired by data from [1])

Tractability
Anpiqisnerd

Generalized Leaky Integrate and Fire (LIF) model:

% Only 7 parameters need fitting (T, Ty., T, &) Veesr Voeser and t,o¢) instead of 20 for HH model.
% Biologically plausible parameters available in-vitro or in-vivo [2]

% Reconfigurable:
-> For conversion to direct current-integration LIF: use very small Ty, T, and skip voltage-gated

ion-channels
->For conversion to perfect IF: use above and arbitrarily large T, and/or zero g,
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Generalized LIF Neuron
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(unless
refractory)

Full-custom Silicon Neuron
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High-level system operation
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Proposed management scheme

Cache replacement scenarios:
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Dynamic kernel statistics
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Read-time replacements
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Test Example Batch

System Power Consumption: Intelligent < Conservative < Aggressive (for all three benchmarks)

System Power Consumption loss: SCWN > SDBN > SCNN

Verdict: Use Intelligent for all benchmarks
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LRU vs Random vs Proposed policy
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LRU vs Random vs Proposed policy
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LRU vs Random vs Proposed policy

SCNN
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LRU vs Random vs Proposed policy

Summary
LRU Random Proposed Policy Proposed Policy Proposed Polic
Benchmark v/s v/s (static adaptive) | (dynamic adaptive) P v/s Y
baseline | baseline v/ 5 v/ s LRU
baseline baseline

SCWN 28.13% 25.99% 44.13% 44.45% 22.711%
SDBN 5.46% 2.88% 7.65% | 15.55% | 10.67% |
SCNN 5.12% 4.59% 7.4% | 12.61% | 7.9% |
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Scope of future work

Architectural enhancements:

% Multi-core CyNAPSE : interconnects and multi-level memory hierarchy

% Core leakage control techniques

% Compiler driven optimizations/Better dataflow for SNNs

% Is Proposed policy applicable to any event-driven simulation framework?

Learning:

% We are interested in spike driven STDP hardware using memristive devices
% Evolving SNNs: benefits of hardware acceleration is still not clear.
% Extending CyNAPSE stack up to parsers and down to motor control or BCL.
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