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Why Is Autonomy Shifting from Centralized to Distributed ?

A Centralized vs. distributed CENTRALIZED DISTRIBUTED
AUTONOMY AUTONOMY

autonomy

A Limitations of cloud-centric Al

A Real-world examples where
distributed autonomy Is essential @ ~~~~~~~~~ &
@ & : -\
A Multi-robot systems
A Smart mobility Why autonomy is shifting from

centralized to distributed
A Environmental sensing networks



Architectural Principles of Distributed Autonomous Systems

A Local perception and
decision-making
A Peer-to-peer coordination

A Emergent collective

behavior

A Robustness and scalability

Architectural Principiess of
Distributed Autonomous Systems
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von Neumann architecture

Neuromorphic Computing

Neuromorphic Computing

Transistors switch in nanoseconds Neurons switch in milliseconds
o Action SN Action A SNN: synaptic weights
Binary Input | inary Output Potential LRI TNRY »|  Potential and neuron behaviors
32/64/128 bit CPU 32/64/128 bit Inputs L > Outputs usually are not fixed
o\ but evolve with
T l o S timing-dependent
dynamics.
Near/In-memory A ANN: The synaptic
Memory computing weights and neuron
functions are static
Up to GHz MMM Up to 1 kHz after training
<
4

Signal in von Neumann architecture Signal in neuromorphic architecture

Serial computing, separated memory and
computing unit, and digital information
processing

In-memory computing, analog computing,
and parallel computing/




Neuromorphic Computing

Input Spikes

NEUROMORPHIC COMPUTING (from presynaptic neurons)

T T T

Weighted synapses

v v

| Neuron N4 I ¢ Integrates incoming spikes

v

Membrane Potential Over Time
(Integrate—and-Fire Model)

Potential
Threshold
SPIKING EVENT- LOW
NEURAL DRIVEN POWER
NETWORKS

Incoming spikes
raise potential




Neuromorphic Computing

Event-Driven Phenomena in Spiking Event-Driven Behavior of a Spiking
Neural Networks Neural Network
Stimulus detected N
Imuius detecte Threshold ol r Silent
v —> Events — .
Y Time detected — > Time
Event ’ //
SPIKING NEURAL CUENTS LOW HIGH POWER LOW POWER

NETWORKS SRIVER POWER

SNNSs operatenly when events occud specifically, when a neuron receives a spike, and
Its membrane potential crosses a threshold. This is fundamentally different from traditior
neural networks, which process data continuously across all neurons.



Neuromorphic Computing

Time-Driven vs. Event-Driven Neuron

ACtIVIty Feature ANN (Time-Driven) SNN (Event-Driven)
ARTIFICIAL SPIKING NEURAL
NEURAL NETWORK NETWORK Neuron Activation Confinuous Sparse

O Computation Trigger Clock cycles Input spikes
O Memory Access Frequent On-demand
O Power Consumption High Low

‘1’ Time
O__»Q Biological Plausibility Low High

Event
HIGH POWER LOW POWER

ANNSs process data in fixed time steps across all neurons, regardl|
whether meaningful input is present.

SNNsonly activate neurons when an input spike oatursmputation
IS triggered by events, not time.

C SNNSs avoid unnecessary computation, saving energy.




Sparsity in Neural Networks

(@) (b) (c)
Sparse SNN

Dense neural network Sparse neural network
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A Only 0.5% to 2% of neurons in the neocortex are

active at any time [Lennie 2003]
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Digital silicon neuron implementation

Only 1% to 5% of connections exist between two
connected layers in the neocortex and 30% of those
connections change every few days [Holmgren



Neuron Learning & AER

Learning rules based on STDP specify changesnaptic strengtdepending on the
time intervalbetween each pair of presynaptic and postsynaptic events.

£ Ifthe presynaptic neuron fire before
% e J [© the postsynaptic neuron within a
E - preceding 20ms, LTP occurs
Ll | T O o | - c
s 20 6 ED 7D © It the presynaptic neuron fire after the
input ~ target .s%’ f postsynaptic neuron within the
-6 .
Atpre-post(MS) following 20ms, LTD occurs
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Low-power 3D-NoC-Baded Neuromorphic SoC
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Fig. 5: System architecture: (a) 3DNoC-SNN organization, (b) Multicast
router architecture (MC-3DR), (¢) Spiking neuron processing core {(SNPC).
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Parameter/System XY-UB | XYZ-UB SP-KMCR FTSP-KMCR
Architecture Baseline | NASH | Baseline | NASH | Baseline NASH
Area analysis ofa  [‘Area (mm?) 1312 | 1.316 | 1322 | 1.322 | 1320 | 1.325
NASH node Power (mWV/) 66.16 | 66.63 | 66.50 | 66.84 | 68.22 70 10

Design complexity comparison of NASH and Baseline nodes
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Deployment on Aizu Hand and Anthropomorphic Robot

https://web-ext.u-aizu.ac.jp/misc/neureeng/nash.htm
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Distributed Autonomy + Neuromorphic Intelligence

CONVERGENCE

DISTRIBUTED AUTONOMY + NEUROMORPHIC

@ INTELLIGENCE




Distributed Autonomy + Neuromorphic Intelligence

How neuromorphic principles enhance distributed agents

How Neuromorphic Principles
Enhance Distributed Agents

LOW
POWER

® 2 [
REAL-TIME b 7@
LOCAL
SENSING  “ TT PROCESSIN
Distrucuebistnuadet Agents

V EventDriven Computation

V Spiking Neural Networks
(SNNs

V Local Learning and
Adaptation)

Feature
Computation Model
Power Consumption
Learning
Communication

Scalability

Traditional Agent Neuromorphic Agent
Continuous Event-driven

High Ultra-low

Centralized Local & adaptive
Bandwidth-heavy Sparse & efficient
Limited High

V

V Scalable Decentralized

Low-Power Hardware Integrator

Intelligence




Applications and Case Studies

A Robotics and swarm

Intelligence

A Robotics and swarm

Intelligence

A Environmental monitoring

A Space and planetary

: Robotics and Environmental Defense and
exploration swarm intelligence  monitoring security
A Defense and security systems

systems




Real-World Deployment 1:
Intelligent Off -Grid
Energy Storage Powered

by Distributed EV
Autonomy



Smart Solar Carport: Off-Grid Energy Storage with Al and EV
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Smart Solar Carport: Off-Grid Energy Storage with Al and EV

System Overview

Solar panels
Average efficiency
20¢22% efficient

Cloud server

Upload data to

the cloud G) !
1]
Store & Record harvested T T"‘,‘ E
energy amount
Inference server @

Read and transmit data

{® AccuWeather
APIs

@ Transmit a) weather information in the
past (used for model training) and b)
future weather forecast (used for model
inference)

Weather API

Predict the solar energy generation and
- display the result on the UlI.

Software tool for solar power
generation prediction



Smart Solar Carport: Off-Grid Energy Storage with Al and EV

System Overview
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Smart Solar Carport: Off-Grid Energy Storage with Al and EV

A sequence
of cloud
maps
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Sequential-Based Cloud Map Model

Convolutional Flatten
Layer Layer

Sequence of Feature
Vectors (0 to n)

Flatten

3x3 3x3 3x3
1 2 2 Vector Size
32 64 64 46 X 36 X 64

128 units

(1) Using past sequence of
cloud maps to forecast future
cloud maps (30 min, up to 2
hours)

\

(2) The predicted cloud map is an image, which
needs to be converted to a vector. We use principle
component analysis to extract key information from
the cloud map and convert it into a vector.
Workflow of solar energy gen:

Cloud Map
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Smart Solar Carport: Off-Grid Energy Storage with Al and EV

System Overview
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ASIC Layout

QR = 0w Temperature 25°C

Fig. 5. A demonstration of the energy management system based on

our system named AEBIS and its optimized version O-AEBIS.

Area 0.265 mm?
Voltage iiv
Power 318.224 mw

Smart Solar Carport: Off-Grid Energy Storage with Al and EV

Electrical Load :_—__‘?D";te S Weather
Wt R L \F
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oo | Power B | priver Info.
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AEBIS ECU Hardware

Fig. 2. Neural Network for Power Consumption
Prediction of Electric Vehicle (EV).

MName BERAM_18Kk | DSP48SE | FF LUT

Expression - - 0 493

Instance - 3 414 950

Memory 2 - 320 20

Multiplexer - - - 627

Register - - 454 -
~Total 2 5 1188 | 2000 |
| Available 120 30 | 35200 | 17600

Utilization (%) | 1| 6 3 11

Weights Memory required

Weights 5368 Bytes

Biases 60 Bytes

Inputs 44 Bytes

Total 672 Bytes

Fig. 6. Hardware complexity of power consumption
prediction system on the Zyng-7010 FPGA. The system

utilized 3% of the FF, 11% of the LUT, 6% of the D5P48,
and approximately 1% 18k BRAM.



Smart Solar Carport: Off-Grid Energy Storage with Al and EV

On-site Field Experiment, UoA, 2021

Emergy Demand Energy Consumption (pred) Remairing Energy
Software Toot EV 0 A 2000
Charge/Discharge Status :
D|Sp|ay Energy Demand (kWh)

Hardware
Experiments




Smart Solar Carport: Off-Grid Energy Storage with Al and EV

On-site Field E i t, UoA, 2021 PCP (Traditional Power Multi-Stage PCP (Multi-StagePower ..
i o £ el Consumption Prediction) ~ ——— Consumption Prediction) Cloud Map Prediction
(a) Short-Distance Journey (b) Mid-Distance Journey Table 2. KHaluation of the cloud prediction method using Fukushima
561 cloud maps (comparative image pairs) [1]
30 E] 5.5
o Pt — 5.41 Forecast Interval Avg. MSE  Aveg. PSNR  Avg. SSIM
* 2.6
= W og 52 30 minutes 277.30 23.75 0.893
L R e 2> — 52 1 hour 297.35 23.57 0.891
: A 2'0 37% higher accuracy - 1.5 hours 309.49 23.53 0.892
oy e @ N 2 hours 452.64 21.88 0.884
R K] '
pop Mult Stage PCP eep Multi Stage PCP Table 3. Faluation of the supefresolution-based cloud prediction
(c) Long-Distance Journey (d) All Scenarios method using Fukushima cloud maps (comparative image pairs) [1]
5.6
6.2 .ﬁL—I;I.Il‘ |i| 5.5 Forecast Interval  Avg. MSE  Avg. PSNR  Avg. SSIM
5 > 30 minutes 2056.39 16.52 0.909
1y 58 - —| 5 1 hour 1906.75 16.87 0.914
% 56 : 1.5 hours 1863.41 16.68 0916
5.4 5.0 2 hours 1578.94 17.89 0.926
e 52
4.8
>0 Robust performance of the cloud map prediction

PCP Multi-Stage PCP PCP Multi-Stage PCP

15.4% higher accuracy 5.5% higher accuracy with high accuracyand structural similarity The

The multi-stage prediction method achievesbetter performance, ~ cloudmappredictionbenefitsirom superresolution
increasing EV power consumption prediction accuracyby 55%  Combining the cloud map with numerical

acrossall scenarioxomparedto the baselinemethod. meteorologicaldatamaintainsthe accuracy
Evaluation on MAE across the numerical model and hybrid models with varying PCA features
o
£ 0.481
o ] Solar Energy
5 g e Generation
S 0.44 1 Avg. MAE Avg. MAE Avg. MAE Avg. MAE Avg. MAE 0.445
é 002 Avg:tng 0.437 H 0.435 0.438 0.438 T 0.437 Prediction
§ 0.40 1
= 0.381

cal Model - Model with 4 Model with 4 Model with 4 Model with 4 Model with 4 Model with
Numerical Mo prid Mode prid Mode prid Mode prid Mode prid Mode prid Mode
Hys PCA Features H g PCA Features Hlo PCA Features H 12 PCA Features H 16 PCA Features H24 PCA Features

[Japan Meteorological Agency, AWeat her Satellite Hi mawari, 0 accessedi.NoO



Al Enabled Energy Trading in Distributed Ve2G Network

On-site Field Experiment, UoA, 2021
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V2G Energy Trading: Building Trust in the Grid
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Centralized and decentralized energy trading system networks.
Its objective is to optimize efficiency, security, privacy, and scalability.



V2G Energy Trading: Building Trust in the Grid
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Centralized and decentralized energy trading system

networks. Its objective is to optimize efficiency, security,
privacy, and scalability.



V2G Energy Trading: Building Trust in the Grid
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lllustration of a distributed power system updated with a VPP and energy storage departments.

The grid turns from the center of the system to a necessary ancillary part.
The VPP now serves as an information processing center, integrating the power grid, energy market,

renewable and nofienewable resources, energy storage systems, and energy consumers.




V2G Energy Trading: Bmldlng Trust in the Grid
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V2G Energy Trading: Building Trust in the Grid
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V2G Energy Trading: Building Trust in the Grid
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