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What is Neuromorphic Computing?

Artificial Neural Network Spiking Neural Network
 Dimensions  Dimensions:
 Height  Height
« Width * Width
 Channels  Channels
d Non-Linear Activation e Time
 Relu (d Neuromorphic Activation
e Leaky-Relu  Leaky Integrate & Fire
* Tanh  Hodgkin—Huxley
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What is so special about SNNs then?

Sparse neu‘rggcﬁ’/ity
L Sy,
Leaky Integrate & Fire neuron -
 Low complexity
* Temporal dynamics . Tim;
vy
o
Population of 6x6x1 LIF newrons
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How does a cr rolution work in SNNs?

.

.

. 3x3 Convolutional kernel
Ausl t

. | @

—— Accumulated contributions
at each timestep

i -

‘Blmrntensor signalling
““Whieh neuron is active
«at each timestep

Perform an addition only if a spike is present
No multiplications
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Sparse data representation & Execution model

Event memory layout as a stream of
List of coordinate (COQ) + time

OoP Time Ch Y X
For 1) in range (0, O Output Channels (SW managed)
For in
if is TIME_EVT:
= evt_i
.push_time_evt ()
Break
Else:
= get_spatial_coordinates (-t 1) Output:neuron-update
For in [ ]:
For in [ ]:
= extract_weight( w0)
.push_evt(i,7, LIF_dynamic( ))

SNE execution
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Can we accelerate SNNs on PULP?

L2 Bank EEE L2 Bank Private
: Interleaved :
L2 Bank EEE L2 Bank

Logarithmic Interconnect

DVSI

12C

Padframe

SPIM

FLLs
SNE
SoC

Cluster

Autonomous IO
Subsystem

CAMIF

SoC CTRL

UART
Periph.
GPIO

PW CTRL APB
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HWPE Architecture

d High bandwidth to the L2
Memory/Peripherals
J Close interaction with a GP core

Challenges:

d Deal with data streams

d Exploit data sparsity

d Preserve energy-proportionality




SNE is a data flow architecture

1. Loads the weights .
2 Feed the network 1. Keep the weights locally

with stream of events

L2 Memory Ports

Data
4. \Writes the Streamer

events back
Data
Streamer

Synaptic Crossbar

3. Routes events
between layers \eural Engine (SNE)
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What if the network is too big?

1. Loads the weights (1 tile)
2. Feed the network with (tiled)
stream of events

L2 Memory Ports

1. Keep the weights (1 tile) locally

DEICIE
4. \Writes the Streamer

Buffer

Buffer

events back
Data
Streamer

Synaptic Crossbar

L

Buffer

3. Routes events to the

gl Input layer tile 1

output streamer  \leyral Engine (SNE)

The main memory (L2) size

dictates the max network size
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Engine’s Architecture &9

Each PE filters only the
events in its spatial region
of interest

Broadcast events to all PEs

=D ES e

Neuron
Sequencer

\& Y 4
| o 3
r N O O
O €
Event m L o
Dispatcher e S g
+ X
Weight qc_, %
Memory P ~ |_I>J
256 slots of
9 4bits | state |
Engine
Tiled execution on an input
patch
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Event consumption, and output spikes generation Q%

stream of event

Synaptic .4Achieves true energy-proportionality
connection 1 neuron update per cycle

’ Threshold is
exceeded

1x1xT tensor
per output neuron

o
y 3X3XT Event-Frame patch
List of Coordinate (COO)

convolutional
3x3 kernels

a4 Outputlevent

Potential
(State)

Membrane

t

A more complex dynamic than conventional DNNs neurons:

* Membrane Potential Accumulation/Activation 1 SynAcc = 1 4b-ADD +

 Membrane Potential decay 1 SynDec = (1 8b-MUL) + (1 8b-MUL + 1 8b-ADD)
ETH:ziirich =
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Alright we go to silicon: The Kraken Chip

L2 Bank L2 Bank

Interleaved (1MB)

L2 Bank L2 Bank

I...

Logarithmic Interconnect

Prlvate

. LZ Bank

L2 Bank

Padframe

:

Subsystem

FLLs

FC

vy -

L Bani
- Shared (128kB)

L1 Bank

Logarithmic Interconnect

Cluster

L1 Bank

0-RISC-V 1-RISC-V 7-RISC-V

FPU FPU FPU

Shared IS

Autonomous IO

EHWPE
SoC

Cluster

SoC CTRL

Periph.

APB / REGIF

SNE (Neuromorphic)

PW CTRL
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L2 Bank

APB / REGIF

CUTIE (Extreme quantization)
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Silicon implementation [
Functional chipll NENUNNNNENSNRRNAENEND

ntroller

* GlobalFoundries 22nm FDX technolog M mm
* QFN88 chip package, 9mm2 chip area
* 0.5Vto 0.9V operating voltage . .
e Cluster Max Freq: 370MHz E}.

N N

* |Independent clock/power domain:

* RISC-V Cluster
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Power and Performance
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Yes, we can accelerate SNNs efficiently on PULP!

1.15F
1.10}
1.05} N
It’s constant in SNE 1.00} A&

Regardless of the ool A

workload
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A Analog & Mixed-signal
territory
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TBy exploiting sparsity, parallel computing
and efficient data fetching, we compete with
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Area Breakdown

Kraken Layout

O o A Py (B

I

I
: I?.’ﬂ%

ENBNENE|

I

1M

411
i

ETHzurich

a

SNE Area (Kraken implem.)
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neuron states
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Yes, a lot of memories
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How do | train an SNNs for Kraken?

QuantLab

Quantization Laboratory

Deeploy —

PULP-NN

Graph optimization

Memory-aware
_ deployment

Optimized

PULP Neural ——
Network backend

ETHzirich &

_ DNN library
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Training

— Quantization/Pruning

ONNX

Accelerator
mapping

CUTIE
orimitives

Specfication and dataset selection

QA SNN
Training

Accelerator
mapping

L=

- O PyTorch

SNE

[ Toolbox

CUTIE/SNE
Hardware

| Abstraction
Layer




Release the Kraken

DVS INTERFACE / LVL. SHIFTERS USB JTAG/UART
KRAKEN HYPERF .

=

J/IDARMNA
/RAM

FO0 e K DOAe s

s e b LBy s
R e

QSPIFLASH ARDUINO CONNECTORS / LVL. SHIFTERS

Kraken Eval Board vO
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Applications: Reinforcement learning, Drone Navigation Q%

Corridor with obstacles Video processing pipeline (Kraken)

Distance reached by drones
EEE Random s CNN = SCNN Bl eSCNN Bl geSCNN B pgeSCNN

100 I- I
9 80
60
Overcoming CNN ?
. -

o performance 0 e 60 70

Normalizea
>
o
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WIP Application: Eye tracking with fused modalities Q%

il Hoes Cluster (+ CUTIE)
A 7 Cluster CUTIE [k

100 ' ‘ﬁ:. v T poss EDG

- ) T ™ DSP . CNN —

DVvsS m — Prediction

o © » SNN — -
s SNE
0 -

Robust eye gaze prediction:

e Selective field of view Rendering
in AR applications

 Human-Machine Interfaces
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Conclusion

SNNs acceleration challenges:

e Exploit the sparse nature of the networks

e Perform conputation in an energy-proportional way

Key take-away message:

 SNNSs are not very different from Conventional ANNs

* Analog and Mixed-signal is not the only way for
neuromorphic computing to be efficient

pulp-platform/sne (qgithub.com)
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What's next? Kraken goes on a drone ¢ X

Use Kraken to pilot a nano-drone in
an autonomous drone race!!

e Event-based Camera

e Frame-based Camera

 SNNs (SNE)

e DNNSs (CUTIE + Cluster)

AL
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