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Overview

A. From passive Sensors to Smart Sensor Nodes
B. The interdisciplinary approach: The design of Sensorial Materials

C. Smart Sensor and Mobile Networks: Metrics, Features, Capabilities,
Challenges

D. The Internet-of-Things and Sensor Networks

E. Distributed Computing, Big Data Processing, and Clouds
From the "Internet of Things" to the "Sensor Internet”

F. Architectures and Models for Distributed Computing:
The Mobile Agent, Multi-Agent and Self-organizing Systems

G. Use Cases: Structural Load Monitoring - Distributed Earthquake Moni-
toring with Ubiquitous Devices and Agents - Cloud Manufacturing

1 Stefan Bosse - Industrial Agents and Distributed Agent-based Learning



Overview (cont.)

The Future of Ubiquitous and Pervasive Computing

Sensor Networks

Distributed & Self-organizing
Computing

Microscopic ‘Macrnscupic
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Sensors

Cyber-Physical
Systems

Cloud
Manufacturing

Internet-of-Things

Cloud Computing
Cloud Storage
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A. From passive Sensors to Smart Sensor Nodes
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A. The Sensing Process

»

4

Broad diversity of Sensors and Sensor Information for Processing

[kind, size, dimension]

D
------- Physical quantities----- - - Dirneartlzion
;1 “}\b Time
Jm\/ Dimension

Transduction

[McGrath et al., ST, 2014]
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A. Sensor Integration - Progress in Density and Operation

» In the past decades: From passive to Smart Sensors with ICT

» From single ? =
Sensors v4.0
Sensor to Sensor Clouds
Internet-of-Things
sensor neft- 1 Crowd Sﬂurcin?;
works

Sensors v3.0

Consumer Adoption
Mobile Devices

» A significant
increase of
sensor node I
density! 106 =l G0 gomhuai

Sensors v1.0 : 2
Communication
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A. Sensor Data Processing: Functional Flow

»  Functional representation of software components in a Sensor Network

Sensing Aggregation Application
Security
Processing

Communications

-
s
9 Storage
£
Ok

Manageability

a Physiclogical Mobile Device e.8 Virtual Sensors
Ay Biomechanical - E'E't Cloud ———= Visualization
Air Quality Gateway Social Media Sharing

[McGrath et al., ST, 2014]
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A. Computational Power and Complexity

»  Traditionally software is executed on computers with high computational
power and memory capacity.

»  Approximation: (Computing Power x Storage Cap.) ~ Size

A
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Smart Dust Sensor Mote mm cm m

[Left: Warneke et al., Smart dust: Communicating with a cubic-millimetre computer, Computer, 2001]
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A. Algorithmic Scaling

»

8

Common algorithms used in Sensor Networks and sensing applications
are characterized by their

» high data dependency,
» high algorithmic complexity, and

» restricted distribution capabilities. ] l‘ . !

Local Local Global Global
static dynamic static dynamic

Data Dependency Classes

Integration of computing in technical structures or devices equipped
with embedded systems requires:

Down-scaling of algorithms and methodologies towards distributed
processing networks with low-resource platforms.
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A. Smart Sensor Node
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B. The interdisciplinary Approach: The Design of
Sensorial Materials

FEEE

E. Croas:

Mal Res. Bull 13 (1878) 525-538

R. E. Nesmham, D. P, Skinmed, L.
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B. Material-integrated Sensorial Systems

»  Material-integrated Sensing

Smart Sensing Products
Tangible User Interfaces

»  Material-integrated Sensor Sensing Objects
Networks

» Interdisciplinary Design Ap-
proach

»  Broad diversity of Applications

»  Improvement of Quality-of-
Service

» |Improvement and Extension
of Capabilities

» Improvement of Robustness
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B. Sensorial Materials

»  Sensorial Materials are material-integrated Sensor Networks embedded
In technical structures

Sensor Network
Sensor Node

#',-l"'ﬂ'; *H"""\-HH
- T
7 e o
N\ {j:// ,/;// SENSOR m i . SENSG P %
\\ f:f||'~|TEFII’.:t::I'NNEET SoC ' . i f/,;,
\j 7 ifgf i ENERGY 7 MATEHIAL % ENERGY 7 j”;
Robot Sensorial Materlal

[Bosse, DOI:10.1109/JSEN.2014.2301938, 2014]
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B. Sensorial Materials: Smart Dust

Autonomous Sensing, Computing, and Communication System Unit

»  New Microsystem and Microfabrication technologies enable the integration of
Sensors, AD Conversion, Digital Signal Processing, Energy Harvesting, and
Communication in the mm?3 scale!

/7

B / 7
[ ﬂu:tl-.re transmitter with
Passive transmitter with laser diode and beam steering
corner-cube retroreflector ;,j / .-"’ - /
/4/.’ \ Rm:ﬂvar with photodetector
- \
Analog I#O, D5P, control
Power capacitor
.
Solar cell
Thick-film battery

[Warneke et al., Smart dust: Cummunicafing with a cubic-millimetre computer, Computer, 2001]
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B. Sensorial Materials: Enabling Technologies

»  Chip-on-Wire and Foil-to-Foil processes are promising enabling technol-
ogies for Smart Sensorial Materials

»  One- or two dimensional network topologies

N g

- i
e :*-?:_\QI: —_“'EE::':&{M
- Antenna R Lamination
approx, 20 ym Communication =R “-‘“\x\a}‘\
Vanden Bulcks at al; —— o= =
Process Tachnology for ife [ " " -

Wjctive Si Chip tinum Fabrication of a Chipin-Wie Wiring Layer (Printed Circuit Foil)
: (| Stimulation rode) Siyle Packaging. Proc. Elecironic
vllﬂl'lf. v":m Comp. and Techn, Conf. DE/2004,
DOI:10.110WECTC, 2008, 4540964

[Left: IMEC, Right: www.project-interflex.eu]
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B. Sensorial Materials: Enabling Technologies (cont.)

»  Print technologies can be used to print electronics, sensors, energy stor-
age, displays, and interconnect structures on free form shapes!

»  But comparison of printed and conventional semiconductor processes
shows currently still significant differences

1+ HLH

b

Printed Electronics j Conventional Electronics )

Large
Areas Low Fabrication
Costs

High Speed High Integration
Density

Rigid Substrates
High Reliability and
Yield
High Fabrication
Costs Sophisticated
Fabrication

Flexible Simple
Substra Fabrication

Low
Reliability and
Yield

Long Switching
Times

Low

Integration Processes
Density g ° ° .
--H—\""--_

Low Cost ) Low End High Cost ’ High End

[Left: http://storify.com/Gotlenn/printed-electronics-1]
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C. Smart Sensor and Mobile Networks

@@

16 Stefan Bosse - Industrial Agents and Distributed Agent-based Learning



C. Sensor Networks: Terminology and Features

Nodes, Devices, Processing, Data, Communication, Messaging, Storage
» Sensor Networks are composed of interacting autonomous nodes

Data Organization & Structuring |
] Dimensionality
Node Node Size

Sensor Data

Computing
Processing Power
| —

Processing

Algorithms

Storage
Capacity
@ Reliability Synchronization
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C. Sensor Networks and Integration: Challenges

»  Power Supply and Power Sources
»  Communication Technologies
»  Dynamic Network Structures

»  Autonomous Node and Network
Behaviour- Self-Organization

» Real-time capabillities

»  Reliability: Dealing with Failure/Loss
{Sensor, Node, Link, Msg., Network}

»  Security, Privacy, Data Ownership
»  Durability - Long term operation

»  Environmental and Bio-Human
Compatibility!
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C. Sensor Networks and Communication Technologies

»  Scale offered by Wireless Communication Technologies: Meter Range
»  Scale required by Material-integrated Systems: Millimetre Range
B

WLAN

Nominal Range

+« WPAN ==

[McGrath et al., Data Rate
ST, 2014] (Mbps)
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C. Mobile Networks

»

»

20

Sensor Clouds, Pervasive and Ubiquitous Com-

puting pose a shift from static network to dynamic '“(
mobile computing O
Key Features:

» Adaptability
» Ad-hoc Connectivity
» Hardware Abstraction Layer (HAL)

Constraints of Mobile Computing Environments:
Resources Mobile devices are more resource-poor than their static counterparts

Reliability Mobile devices are less secure and reliable
Connectivity Mobile connectivity can be highly variable
(ad-hoc, bandwidth, latency, reliability)
Identification Mobile devices support ad-hoc connectivity with random identities
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D. The Internet of Things and Sensor Networks

mos|
!i h__.»i
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D. The Internet-of-Things

»  The Internet-of-Things connects Sensor/Actor Networks to the Internet
»  Distributed Service, Computing, and Storage Architecture = Clouds

»  Collection of Things: Consumer Goods, Industrial Devices, Machines,
Sensors, Sensorial Materials, Smart Dust, ..

Traditional Internat l

=
W o
3 billion to &
billion devices #
Internet of Things

700 billion 1o 1 trillion
devices

[DaCosta RtloT, 201 3]
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D. Wide Area Wireless Sensor Networks

»  Large Scale Monitoring of bridges and buildings, Load/Health Monitoring

of large structures (Wings), Earthquake Monitoring
[McGrath et al., ST, 2014]

J‘ﬁ}
¢ o

Meshed Wireless Sensor Domain

Internet , )

-

Meshed Aggregator/Router Domain J

' -
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D. Smart Health Application-Human Body Sensor Networks

Application Development Graphical User Interface
; . "

Embedded Signal
Processing

Sensor
Platform

- Low power radios Low power radios
- streaming data for signals broadcasted
4 over radio from kinematic data
— Sensors on

arms and legs

] Physiological Data ECG
Data Storage and Kinematic Data

[McGrath et al., ST, 2014]
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D. Wireless Body Area Network Application

——=& Bluetoothor802.15.4 communications

————=a 3G/AG Communications

———# Wi Fi Communications —————

Aggregator
e.g. smartphone

[McGrath et al., ST, 2014]

25 Stefan Bosse - Industrial Agents and Distributed Agent-based Learning



E. Distributed Computing, Big Data, and Clouds
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E. Real-time Big Data

»

»

»

27

Big (Sensor) Data:

» Large amount of data which is stored distributed
» Data Mining is used to extract condensed information from data
» Database model is used for structuring, storing, and retrieving data

Streaming Big (Sensor) Data

» Input: Sequential stream of data

» Output: Processing of input stream results in an output stream giving (real-
time) answers on input data

» Stream-based Processing = continuously analyse and process massive data
volumes

Real-time Big (Sensor) Data Processing

» React in real-time = in a bounded time interval to each and every new record
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E. Big Data Processing - Traditional

Traditional Process and Store architectures
» Have poorly integrated operational platforms;
» Perform semi-distributed Processing with Service-orientated Archit. (SOA).

Massive Volumes
of Data:
Service, System, Sensor

Exponential Grow Processing Storage
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E. Big Data Processing - Real-time Data Streaming

Streaming of massive volumes of data in real-time with real-time Analysis

a‘gmfzﬂlr .

fw"’:*’\
s g
8

Massive Volumes
of Streaming Data:
Service, System, Sensor

Real-time Stream-based

Processing Storage

Exponential Grow
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E. Big Data Processing - Monitoring

Monitoring: Real-time alerts and visibility with continuously updated stream-
ing results

Massive Volumes
of Streaming Data:
Service, System, Sensor

Mobile Devices

Real-time Stream-based

Monitoring Storage

Exponential Grow
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E. Integration of Sensor Networks in Big Data Processing?

Required: Down-scaling of algorithms and massive distributed computing

AR 1 jyC -

Down Scaling & Distributin 1Kl a O

Respond to I N
Real-time
Analysis

Distributed Sensor
Network

Sensor Node

Historical Data
used

for Prediction

31 Stefan Bosse - Industrial Agents and Distributed Agent-based Learning



E. Distributed Computing in Computer Networks

»  Distributed computing in computer networks requires:

Input Data Distribution = Synchronization = Data Exchange =
Processing = Output Data (Information) Collection

High Level | pistributed
Languages | computation

Data
Abstraction Distri

' Coordination '

Distribution Processing Collection
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E. Distributed Computing in Sensor Networks

»

Sensor Networks generate the input data locally at node level

» Commonly negotiation between data sources and sinks required
» Output data must be distributed in the networks based on request

Local
Sensor
Data
Processing Collection
33 Stefan Bosse - Industrial Agents and Distributed Agent-based Learning

High Level Distributed
Languages | computation

Data
Abstraction Distri

' Coordination '



E. Distributed Computing: Divide & Conquer

»  Large (distributed) problems can be solved by Divide & Conquer

» Divide & Conquer can be implemented with Self-organizing systems using
basic cells

» Map & Reduce are common algorithms in Big Data Computing & Analysis

(DFS |, MAP ) [ DFS
sy | |REDUCE |
lM—r MAP
R | ] REDUCE

-
. J ™ map )

Partition & Group
Sort

[B. Morales, BDW, 2012]
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E. Distributed Computing: Mobile Code

»  Traditional distributed computing uses located processes and mobile
data (message passing)
»  Required paradigm shift: From mobile data to mobile code (processes)

— — s irtual Machine

Q Message Coding
[rate

R B Message

g Code Frame
| 1 ! ] € Agent

£  Processing

ﬁ___((')] I =3 ATC
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E. Distributed Sensor Cloud Computing

v Big Data
Computing ol
=% @
v Data Cloud
wr @
v Sensor Cloud J
@ (fii)
¥ Internet-of- 2
Things A >
Y . il

¥ Sensor Netw.

@
s = NI

. ({hj) '
‘ l b T B T
[MEGrath Et EI|.,. S I,

2014]
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F. Multi-Agent Systems and Mobile Agents
The Solution?

’,.ﬁ --“h’*.“n ‘h’ﬂ n"h*"“ an M*HH‘.‘-."" am
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F. Data Processing with Mobile Agents - The Solution?

»

»

»

»

»

38

What are they?

Agents are a programming and communication model for distributed &
parallel computing.

An agent is an autonomous data processing unit, which is

» Situated in its environment;
» Traditionally a program executed on a computer system.

An agent interact with its environment:

» Hardware agents (robots) can change the physical world
» Software agents (programs) can change the virtual world // Data

A multi-agent system is a collection of loosely coupled autonomous
agents migrating through the network and interacting with each others.
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F. Data Processing with Mobile Agents (cont.)

»

»

»

»

»

»

39

What can they do?

Multi-agent Systems (MAS) can be used to implement

» autonomous,
» reliable, and
» adaptive data processing in distributed networks.

Agents can be basic cells for Self-organizing and Holonic Systems
Agents can learn and can modify/adapt their behaviour

Agents are independent of a specific host and network architecture!
Agents can cross network barriers in strong heterogeneous networks

Sensor Networks <> Ambient Networks <> Internet-of-Things <>
Internet <> Clouds
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F. The Agent Model: Reactive Behaviour

Perception = Processing = State Change = Decision = Action

Agent

€ i

.3

_

—»>
% __; States€ S

A
== StateecE

World Environment

g Perception Interaction x

&~
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F. Agent Processing

»

»

»

41

Traditionally agents are software programs processed on generic com-
puters by using a virtual machine executing agent activities.

» Issues: high computational demands, complex programming interfaces.

Solution: Agent-on-Chip and Virtual Machines

|.  The agent behaviour and activities are statically implemented in hardware

Il.  The agent behaviour and activities are dynamically implemented with low-
level VM code and the VM implemented in hardware.

» Featuring: Low resource platform by using high-level SoC synthesis

Required: Agent Mobility

|. Migration of program code between nodes - code carries agent behaviour
and state (control+data)

Il.  Transferring the agent state only - platform implements behaviour
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F. Agent Behaviour Models & Programming

Dynamic Activity-Transition Graphs
» Unified reactive-action programming model // Finite-State-Machine!

» The agent behaviour is defined by an Activity-Transition Graph (ATG).
» Programming model defines autonomy, interaction, and computing.

[ e e e e e e e
Activity AI Activity Al
Action | ; / ‘!7‘:1.2'5
o C, =€
Action lz : 1,3 1 E Social
Activity A2 " : Capabilities
DataI Transfer

Cs3
AGENT DATA

Activity A3 §
Activity A4 4
0 Transition t.' Self-Organ.
2 Synchronization Activity A5 Self-Adapt.

| Agent Class AC

T — —— ——— — — —————— — ————— — — —

[S. Bosse, Industrial Agents and Distributed Agent-based Learning, ECSA 2016]
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F. Agent Interaction

»  Common agent communication languages and protocols: FIPA-ACL

» Standard; but more complex semantic structures and protocols
» Tuple Spaces = Databases of n-ary Tuples
» More generic and simpler to use with basic set of operations {in, out, ..}

» Virtualization of Storage / Resources
» Synchronization and Pattern Matching

»  Signals: Simple messages with single, multi- or broadcast behaviour
Out - Add Tuple

In - Read & Remove c E
Rd - read only c ﬁ
Rm - Remove Tuple \

Ex - Check Tuple

/

- Blocking Op.
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F. Agent Processing Platforms

» .. Enabling Technology for MAS deployment in Sensor Clouds ..

» Common: JAVA based frameworks, e.qg., JADE [Bellifemine et al.], with
Programming Language Jason/AgentSpeak [Bordini et al.]

» Not very suitable for mobile and embedded host devices
» Insufficient scaling capabilities, high resource requirements

»  Support for different Host Platforms: Embedded, Mobile, Chip, Server
»  Support for different Implementations: Hardware, Software, WEB, Simu.

['_‘_1 Chip e JADE: Bellifemine, 2001
th‘;% FSM JAM: Bosse, 2015
B ass Embedded C/JS/VHDL C/VHDL CAVM: Zhou, 2008
nas AAPL

PAVM: Bosse, 2014

A S
EB Mobile o PCSP: Bosse, 2013

EQ Desktop AAPL: ATG-based Agent
_ Programming Language,
A
[ Server BDSSE, 2012
lj I‘I‘.I
o) WEB
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F. Operational Layers of Agents

Agents: Sensing ™ Aggregation ™ Application
Large Scale & Hierarchical Networks

ement _

Security

w

Manag

:

$
§
a
&

|

[Stefan Bosse, A Unified Distributed Computing Framework with Mobile Multi- Agent Systems and Virtual Machines
for Large-Scale Applications: From the Internet-of-Things to Sensor Clouds, FEDCSIS Conference 2015 ]
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F. Sensor Clouds and the Internet with Agents

»  Deployment of agents can overcome interface and network barriers

» Closing the gap arising between different platforms and environments
» Enables integration of sensor networks in WWW applications & Internet

: — — 7
On-line Se:nsa Agent
o Processing | B Sensor Node |
Off-line Data : Monitoring

Processing

[S. Bosse, From the Internet-of-Things to Sensor Clouds - Unified Distributed Computing in Heterogeneous Environ-
ments with Smart and Mobile Multi-Agent Systems, Smart Systems Integration Conference, 2015, Copenhagen]
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F. Bigraphs and Ontologies; Formal Methods

Organization and clustering of nodes in domains, hosts, and agents using the
Bigraph Model [Milner, 2009]

Physical Environment \ Place Graph [ ~ Link Hypergraph |
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F. Learning with Agents

Agents and Multi-agent Systems are well suited for Distributed and Regional
Learning [Supervised, semi-supervised, and unsupervised]

Multi-Agent
System

Multi- Machine
Agent Agent Machine Learning
Learning Learning Learning "y
Supervised . Semi-supervised | Unsupervised B i Complex
Learning Learning Learning F Systems
i _ Multi-Agent
[abeled Unlabeled Systems

Data Data
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F. Distributed Learning with Agents

» Regional Classification Learning: Sensor Data space is partitioned in re-
gions with individual learners deployed in the regions.

»  Fusion of multiple local learned models and classification = Global Model

» Klk: Learner Function, M/m: Learned Classification Models, D/d: Labeled Da-
ta, S/s: Sensor Data, /: Classification Labels / Symbols

K:f(D)Y—>M k. f(d;,)—>m,,
M:f(S)—>1 mf,j:f(Sﬁﬁj)_}li,j
Df : (Sl’ll)’(Sl’lz)’“- Distribution d:,j : (Sil,j-"ll )?(Sijﬂll)ﬁ.“
Ir/ L
SLI o S”!I ) (Si—u,j—v o S:‘+H,j—v )
S S,
\SL’” o S"rm.) l\Si+u,j—v o Si+u,j+v}
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G. Use Cases

The Deployment of Agents in Technical and Environmen-
tal Systems
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G. Use Case I: Structural Load Monitoring

Concept
»  Load Monitoring and Load Classification of a mechanical structure

»  Distributed Sensor Network embedded in the mechanical structure
»  Mobile agents are deployed for on-line and off-line computation

Technical Structure & [S. Bosse, Structural Monitoring with Dis-
€ Agent Sensor Network tributed-Regional and Event-based NN-
Decision Tree Learning using Mobile Multi-
Agent Systems and common JavaScript
platforms, Sysint Conference 2016, in Pro-
cedia Technology]

Off-line Data e ,‘H’
Processing User

=

o1 Stefan Bosse - Industrial Agents and Distributed Agent-based Learning
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G. Use Case I: Structural Load Monitoring (cont.)

Event-based Sensor Processing & Distributed Machine Learning with Agents

»  Sensor-to-Information mapping requires stacked processing levels:

» Event-based data processing (instead of continuously stream-based)
» Distributed Machine Learning (DML) of different Load Situations

» Multi-agent systems used for sensor pre-processing, event localization,
learning, computation, and data/information distribution.

Processing Layers

L Machine Learning
Distributed

Sensor
Network

Event Localization

Sensor Pre-Processing
g1e1el11

Multi-Agent Systems

Platform
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G. Use Case I: Structural Load Monitoring (cont.)

Sensor Processing & Machine Learning with different Agent Behaviours'
Node Agent: Local sensor acquisition and event-based Sensor Processing
Learner Agent: Load Classification with local ML in a Region-of-Interest (ROI)
Explorer Agent: Self-organizing Divide&Conquer system for Sensor Aggregation

Sensor Node

L

Sensor &
Preprocessor Node

Sensor &
Processor Node

+
ot

4
=+

Communication
Link

4
]

4
i
(3

Explorer Agent

]

i

o
QW
s
'@l@*
2

¥

4=
o
_H®)
Ge
i
.

= l+l

Learner Agent

o
]1!-
#

L
"
-
-

Node Agent

1. [Bosse, DOl 10.1016/j.protcy.2016.08.063, 2016]
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G. Use Case I: Structural Load Monitoring (cont.)

»  Local Learner agents perform sensor aggregation in the ROl in Learning & Clas-
sification mode using Explorer agents - mode switch by Notification agents -

»  Classification mode: Voter agents distribute classification votes to Election
agents (network corners)

»  Classification mode: Global voting with majority decision by Election agents

' Sensor Node
Sensor &
Preprocessor Node
Sensor &
Processor Node

Communication
Link

!
.

Learner Agent

Voting Agent

Election Agent

Node Agent
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G. Use Case I: Structural Load Monitoring (cont.)

Ex.: Event-based Sensor Distribution with Explorer Agents and D&C

» Explorer agents try to find clusters of stimulated sensors in a ROI
» |f a correlated cluster was detected, Distribution agents are send out’

1. [Bosse, Lechleiter; DOI:10.1016/j.mechatronics.2015.08.005; 2016]
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G. Use Case I: Structural Load Monitoring (cont.)

»  Simulation & Results

» MAS Simulation in SEJAM (Simulation Environment on top of a JAM VM)
» Sensor Data from FEM Simulation - Different Load Situations (LO,L1,..)
» (Left) Event-based Agent Population (Right) Classification Results (Ex.)

—m— Leamer
Agent Population:
1 —&— Explo 0 - P
Classification Phase a V:,i:lerrer [ IClass 5 Agent Voting:
350 . Class 4 Classification Phase
] 50 Class 3

[ dclass 2

Class 1
Class 0

Agents

HE3SE55589309939303238058358535330385023
Datasat

=
e
104000 10E000 108000 110000 112000 114000

Simulation Step

[S. Bosse, Structural Monitoring with Distributed-Regional and Event-based NN-Decision Tree Learning using Mobile
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G. Use Case IlI: Distributed Earthquake Monitoring

»  Same approach as used in Structural Monitoring, Micro- = Macro-Scale
»  Tasks performed with mobile agents:
» Distributed learning and prediction of earthquake events
» Sensor pre-processing and event-based sensor distribution
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[S. Bosse, Distributed Machine Learning with Self-organizing Mobile Agents for Earthquake Monitoring, SASO/DSS
Conference 2016]
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G. Use Case lI: Distributed Earthquake Monitoring (cont.)

»  Simulation & Results

» Real Seismic Data from Earthquake events were used in Simulation
» (Left) Data Reduction (Middle) Agent Population (Right) Class. Results (Ex.)
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[S. Bosse, Distributed Machine Learning with Self-organizing Mobile Agents for Earthquake Monitoring, SASO/DSS
Conference 2016]
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H. Conclusions

»

»

»

»

»

59

The Internet-of-Things including devices equipped with Smart Materials
will grow exponentially in the next decades.

» Result: Strong heterogeneous network environments with trillions of nodes

Computing with mobile agents can unite different network and host plat-
forms

Multi-agent and Self-organizing Systems can scale up and support Di-
vide-and-Conquer algorithms.

Agent platforms basing on virtual machines and mobile code can occupy
different host platforms on a wide scale.

Regional Learning with global fusion is an efficient and suitable distribut-
ed approach with excellent scalability.
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