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A Distributed Robotics: Background

A MachineLearning Methods
I Motivation and terminology
I Particle Swarm Optimization
I Noise resistance

i Specific issues in collective systemJis

A ModelBased Methods

I Motivation and experimental invariants
I Multi-level framework
I The stickpulling example
I Extending the framework
A Conclusion

A Course project proposal
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Multi -Robot Systems
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Typical Tasks for Multirobot Teams

A Mapping and exploratlon B
A Target tracking \ <«
A Carrying objects

A Playing team games

CMPack; 2002

A COI’]StFUCtIOn Caloud et al; 1990
A Inspection | .
A Sensing and monitoring L

From N. Kalra, PhD CMU, 2006
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Why Multiple Robots?

A Faster execution
A More robust

A Simpler robots
A More solutions
A Task requires it

From N. Kalra, PhD CMU, 2006
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Why Not Multiple Robots?

A Need comms

A More complexity
A Harder to test
AN x the trouble
A Expensive

From N. Kalra, PhD CMU, 2006
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Goal of a Multirobot Team

Coordinate talistribute tasks and resources
In a way that leads tefficient and robust
mission completion
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Challenges

A Dynamic events

A Changing task demands
A Resource failures

A Adversaries

A
A
A

_Imited sensing, planning, and actuation
_Imited communication

Diverse team
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Machine -Learning
Methods:
Motivation and
Terminology
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Why MachinelLearning?

A Complementaryo a modebased/engineering
approacheavhen lowlevel details matter
(optimizatior), goodmodels do not exist
(environment unpredictabilijyor search for
Innovative and robust solutionsgsigr)

A When the design/optimization spacéds big
(infinite)/too computationally expensie.g. NP
hard) to be systematically searched

A Automaticdesign and optimization techniques

A Role ofthe engineer refocusdd performance
specification, problem encoding, and customization c
algorithmic parameters (and perhaps operators)
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ML Techniques: Classification Axis
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I Supervised learning: cfine, ateacher is available
I Unsupervised learnin@ff-line, teacher not available

I Reinforcemenbased (or evaluative) learningn
line, no preestablished training and evaluation data
sets
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ML Techniques: Classification AXIS 2

I In simulation reproduces the real scenario in simulation and
applies there machidearning techniques; the learned
solutions are then downloaded onto real hardware when
certain criteria are met

I Hybrid: most of the time in simulation (e.g. 90%), last
period (e.g. 10%) of the learning process on real hardware

I Hardwarein-the-loop: from the beginning on real hardware

(no simulation). Depending on the algorithm more or less
rapid
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ML Techniques: Classification Axis 3

ML algorithms requireften fairlyimportant
computational resources (in particular pmpulation
based algorithn)stherefore a further classification is:

I On-board machinelearning algorithm run on the system to
be learned (no external unit)

I Off-board the machindearning algorithm runs ofboard
and the system to be learned just serves as embodied
implementation of a candidate solution
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ML Techniques: Classification Axis 4

I Populationb a s e d -4 di ennatpapilation of
candidate solutions is maintained by the algorithm, for
iInstance Genetic Algorithms (individuals), Particle Swarm
Optimization (particles), Particle Filter (particle), Ant
Colony Optimization (tour solution set, etc.); it can refer
also to the fact that multiple agents are needed to build the
solution set, for instance in virtual ants as core Ragent
principle in Ant Colony Optimization

1T Hill-c I 1 mbi n e g(emtheomdchindearning
algorithm work on a single candidate solution and try to
Improve on it; for instance, (stochastic) gradibased
methods, reinforcement learning algorithms
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Particle Swarm Optimization
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Flocking and Swarmingnspiration
Principles:
Amitate
AEvaluate

ACompare
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PSO: Terminology

APopulation set of candidate solutions tested in one time step, consists of n
particles (e.g., m = 20)

AParticle represents a candidate solution; it is characterized by a velocity
vectorv and a position vectorin the hyperspace of dimensién

AEvaluation sparevaluation period of each candidate solution duging
single time step (algorithm iteratior@s in GA the evaluation span might
take more or less time depending on the experimsogalario

ALife span number of iterations a candidate solution survives

AFitness functionmeasurement of efficacy of a given candidate solution
during the evaluation span

APopulation manageupdate velocities and position for each particle
according to the main PS0op



HC'™  Eyolutionary Loop: Several
Generations
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Initialize particles
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Perform main PSO loop

Ex. of end criteria:

A# of time steps

Abest solution performance Y

e
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Initialization:
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Positions and Velocities
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The Main PSO Loop Parameters
and Variables
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A Functions
I rand ()= uniformly distributed random number in [0,1]

A Parameters
I w: velocity inertia (positive scalar)
I ¢, personal best coefficient/weight (positive scalar)
I ¢, neighborhood best coefficient/weight (positive scalar)

A Variables
I xij(t): position of particle i in the-jh dimension at time step t (j = [1,D])
1 v;(t): velocity particle 1 in the-th dimension at time step t

I >q (t) : position of particle i in the-jh dimension with maximal fithess up to
iteration t

I X.* (t): positi on o fthdmansionihavingeachieved then t h
maximal fitness up to iteration t in the neighborhood of particle i
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The Main PSO Loop 2
(Eberhart, Kennedy, and Shi, 1995, 1998)

At each time step
for each particle |
for each component

update v (t+1)=wy, (t)+

the . )
velocity CorandQ)(x; - %)+ c,rand(x; - ;)

then move X; (t+1) =X; (t)+vij (t +1)
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- Vector Visualization
poest .
X @ VW .Egosition for optimal
Here | fitness up to date
am! o * |
A — Pl Z(” The positionwith
‘ o optimal fitnesof my
neighboraup to date
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Neighborhoodlypes

A Size:

I Neighborhood index considers also the particle itself in
the counting

I Local: only k neighbors considered over m particles in
the population (1 < k < m); k=1 means no information
from other particles used in velocity update

I Globat m neighbors

A Topology:
I Geographical
I Social

I Indexed

I Random

i é
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Nelighborhood Examples:
Geographical vs. Social

geographical social
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and Circular (lbest)

Parti e I\e 176
neighbourhood (!

Virtual circle
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A Simple PSO Animation

L R T T ) T = TS = = T = S =

© M. Clerc
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Expensive Optimization and
Noise Resistance
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Expensive Optimization Problems

Two fundamental reasons making robot control design
and optimization expensive in terms of time:

1. Time for evaluatiorof candidate solutions (e.g.,
tens of seconds) >> time for application of
metaheuristioperators (e.g., milliseconds)

2. Noisy performancevaluationgdisruptthe
adaptation process and require multiple evaluation
for actualperformance
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Expensive Optimization Problems

1. Time for evaluatiorof candidate>> time for
application ofmetaheuristioperators
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A Example: obstacle avoidance ,

A Robots need to encounter ——
obstacles to learn to avoid
them 0.8/ -~ o
A Evaluation span 260 s 2 P
depending on size ofthe 207 J
arena " 1.0m
A Current processors can 0.6 —a—2.0m
execute several million 4.0m
instructions in that time (e.g. . | | =¥=8.0m|
ARM CortexA9 ~5000 0 20 40 60
|\/||PS) Evaluation span [s]

[Di Mario and Martinoli,Robotica 2013]
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Expensive Optimization Problems™

2. Noisyperformancesvaluationglisruptthe adaptation
process and require multiple evaluations for actual
performance

A Multiple evaluations at the |
same point in the search
space yield different results

A Example: fitness distribution
for obstacle avoidance

A Noise from: sensors,
actuators, initial conditions,
other robots.

A Noise causes decreased
convergence speed and 0

residual error 0 02 04 06 08 1
Ithess

o

# evaluations

un

[Di Mario and Martinoli,Robotica 2013]
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Reducing Evaluation Time

General recipeexploit more abstracted, calibrated
representations (models and simulation tools)

See also moddlased
methods
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A Better information about candidate solution can be obtained b
combining multiple noisy evaluations

A We could evaluate systematically each candidate solution for
fixed numberoftimey not efficient fr¢
perspective

A We want to dedicate more computational time to evaluate
promising solutions and eliminate as quickly as possible the
Nl u ocokeg O

A Idea:re-evaluate and aggregafe e acantlidate solution might
have been evaluated a different number of m e ®mp¥re the
aggregated value

A In GA good and robustandidate solutions survive over
generations; in PSO they survive in the individual memory

A Use dedicated functions for aggregating multiple evaluations:
e.g., minimum and average or generalized aggregation functic
(e.g., quaslinear weighted means), perhaps combined with a
statisticaltest for comparing resulting aggregated performance
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Generate initial population randomly CGenerate iatial swarm and
velocities randomly

1r
Evaluate the initial population ¥

= Ewaluate the initial swarm, usitig

-' the mitial performatice as the mitial
personal best and using that to find

Selecting parents according to a
given selection scheme

i the mitial neighbothood best
Apply crossover to pairs of selected : _1= : :
parents and generate offspring Update velocities of particles using

Jr petsonal best and neighbothood best
Apply mutation genewise to each }

individual in the population and

Spply velocities t iti f patticl
anerato nore ORSENnG pply welocities to positions of patticles

4 L §
Evaluate the offspring Ewraluate new particle positions
If the fitness is not deterministic, also If the fithess is not determitdstic, alsa
re-evaluate the original population te-evaluate the personal best positions
Select the best individuals from the Find the new personal best for each
offspring and criginal population to particle and use that to find the new
generate the new population neighbothood bests
.'-""'!i-\-\""-\-\._\_\_\_\_\- ND _'_'____.'-F"'—/i-\-\""-\-\._\_\__\_\_ HD
{,.,-'"' Tty {,_,.:—" . . ,:l '\-\._\_\_
_]_E_[St genera’[m _,? -.,__‘if.st 1terat1u:nn.f____

— e
r Yes r Veg

End End
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Testing NoiseResistant GA and
PSO on Benchmarks

A Benchmark 1 : generalizé®bsenbrockunction
I 24 and 30eal parameters
I Minimize objective function
I EXpensive only because of noise
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A Benchmark 2: obstacle avoidance on a robot
I 22 real parameters
I Maximize objective function
I EXpensive because of noise and evaluation time
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Benchmark Functions

A Goal: minimization of a given j

A Standard benchmark functions wittbitrary number of terms
(e.g., n= 30andnumberof iterations (e.g., 20000)

A All x, constrained to-p.12, 5.12]

Function Function Iterations
Name

Sphere fi@E =Y, 2 400
Generalized | fa(z) = 377 [100(2F — 2i41)* + (1 — 24)*] | 20000
Rosenbrock

Rastrigin fa(x) Zz;l [12 — 10cos(2mz;) + 1()] 400
Griewank fal@) =14 g S0y 27 — iz cos( ﬁ) 400
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Benchmark functions

3000 -, 3
i

| _—
2000 — 1

1500 — |

1000

0.l

Griewank

HYE
Dfr&

O
@
=5



H™W Benchmark 1: Gaussian Additive Nojsé

FEDERALE DE LAUSANNE ] Disal
on Generalized Rosenbrock
l(=\ __ 2 =
fg(f) =N(0,0%) + f;(Z)
250
Notes: — P
A Fairtest(same number of T | ¢=0.50
evaluations for noiseesistant 200y T B -=1.00
) ) B Bl - =5.00
and canonical algorithm o Bl -=200
A Quantitative Resultseverely = el
biasedby: >
- Low number of runs (20) §
- Number of particle (20) < £ 100}
dimension of the problem =
(30)
50
0
GA GAmin PSO PSOmin PSOavg

[Pugh et al., SIS 2005]
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on Generalized Rosenbrock

/ == 2 ? ~ ﬁné:
Notes:
A Fair test(same number of evaluations for LR
noiseresistant and canonical algorithm) ‘&aﬂ—ﬁ —a—a—a—ai

A 1000 runs -
A Number of particles = number of

dimensions (24)
A Difference with noiseesistance = o
algorithms further outlined by additive B0 e an T w0 w0

non Gaussian noige.g., Bernoulli
distribution) T ) A S S 0 S
;!3 0.15 [ “;‘ %AM - - “:

lterations

(d)

Fig. 6. Fitness of best solution at each iteration on function f> with added
Gaussian noise for PSO and PSOavg. (a) ¢ =0. (b) ¢ =0.01. {c) o =0.05.

aus
(d) o =0.1.

[Di Mario et al.,, CEC 2014, submittec



(il Benchmark 2: AC
Obstacle Avoidance on a Mobile Robot™
A Similarto [Floreano and e P
Mondada 1996] F=V-(1-vAv)-(1-19)

i Discretetime, singlelayer, artificial 0<V <1 0<Av<l 0<i<l]

recurrent neural network controller
. : : _ = average wheel S
[ Shaping of neural weights and biases panveen wheel speeds, i = value of

(22 real parameters) most active proximity sensor

I fitness function: rewards speed,
straight movement, avoiding
obstacles

A Differentfrom [Floreano and
Mondada 1996]

I Environment: bounded opapace
of 2x2 m instead of a maze

[Pugh J., EPFL PhD Thesik. 4256 2009



Baseline Experiment: Dizal
ExtendedTime Adaptation
09 A Compare the basic algorithms
with their corresponding noise
08 resistant version

Fithess

GA NRGA PSO NRPSO

[Pugh J., EPFL PhD Thesis No. 4256, 2008]

o To T T

1A

Population size 100, 100
iterations, evaluation span 300
seconds (150 s for noise
resi stant al go
days

Fair test: same total evaluation
time for all the algorithms

Realistic simulation (Webots)

Best evolved solutions average
over 30 evolutionary runs

Best candidate solution in the
final pool selected based on 5
runs of 30 s each; performance
tested over 40 runs of 30s eacl

Similar performance for all
algorithms
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Algorithms Makethe Difference?

A Limited adaptation time
A Sudden change in noise distribution
A Largeamount of noise

Notes:
Aall examples from shaping obstacle avoidance behavior
Abest evolved solution averaged over multiple runs
Afair tests: same total amount of evaluation time for all the
different algorithms (standard and noerssistant)
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Limited-Time Adaptation Trad®©ffs
0.9 ‘ | ! ; = GA‘
0s- Good w!th small R N advantage
o7 populations —_NRPSO | o
1N s - =a-1A 1robot
g - -4—=& ] A Totaladaptation time =
= 8.3 hours (1/100 of
. previous learning time)
. A Tradeoffs: population
size, number of
| | | iterations, evaluation
5 10 20 50 100 span
Number of Individuals/Particles A Rea”stic Simulation
Varying population size vs.
ying pop (Webotg

number of iterations
[Pugh J., EPFL PhD Thesis No. 4256, 2C
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~ Sudden Change of Noise Distributio

A Move from realistic simulation//ebotg to real
robots after 90% learning (even faster evolution)

A Noiseresistance helps speeding up learning after

Sy

transition
oo B Simulated
0.8/ T Hg?)l:i;e | 0.5-
07+ ]
En
06+
(73]
@ 05 «} | 203
£ TL = — Simulation GA
- | Lo | Real GA
0.3" . ' —— Simulation NRGA
------ Real NRGA
0.2 1 0.1
0.1+
0 ‘ ‘ | | 0 | | ' |
GA NRGA PSO NRPSO 0 10 20 30 40 50
Generations

[Pugh J., EPFL PhD Thesis No. 4256, 2C
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“ Hybrid Adaptationvs Only Real &u
Robots

A Noise resistant version

A Hybrid: 30 iterations ir
simulation, then 30
iterations on real

robots 04

A Achieves similar 20
fitness as running 60 *
iterations on real 02
robots

0.1} g
A Requires half the real —rea
robot evaluationtime % 0 2 &% w0 0 e

lteration

[Di Mario and Martinoli,Robotica 2013]
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IncreasedNoise Levell SetUp
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1x1 m arena, PSO, 50 iterations, scenario 3

AScenario T One robot
learning obstacle
avoidance

AScenario 2 One robot
learning obstacle
avoidance, one robot
running preevolved
obstacle avoidance

AScenario 3 Two robots
co-learning obstacle
avoidance

ldea: more robots more noise (as perceived from an individual robot); no
Astandar do c¢ om bixiiscenar® B inforination sharmg t s

through the population manager!
[Pugh et al, IEEE SIS 2005]
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IncreasedNoise Leveli Sample Results

|

0.8+

Fithess

0.4+

02+

~S

Dlsal

0.6r

Bl 1 robot learning

[ | 1 robot learning, 1 robot avoiding | -
Il 2 robots co-learning

l“l

i

||{r

GA

GAmin PSO PSOmin PSOavg

[Pugh et al, IEEE SIS 2005]
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From Single to
Multi -Unit Systems:
Co-Adaptation in a

Shared World
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Adaptatlon INn MulttRobot Scenarios
mutaton > m h —— > " CrOSSOVEr

genotype ¢ g " t |
decoding : Ead E%\ {;/:\ EEEE gselection
i EEEEEE R

A Collective fithess L NENNnE H

become noisy due to
partial perception,
iIndependent parallel
actions

e

fitness

evaluation span
in the real or simulated world
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Credit Assignment Problem
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With limited communication, no communication at all, or partial perception:

1
plt):ds >dG G _

_::_7'
— — =T T
Shr=2579

3 good!
plt+):ds =dg

&~z

ot |

4
plt+2):ds >dG

6 padl?
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Co-Adaptation In a
Collaborative Framework
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~Co-Shaping Collaborative Behavi
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Three orthogonal axes to consider (extremities and
balanced solutions are possible):

1. Performance evaluation:
iIndividual vs. groupfitness or reinforcement

2. Solution sharing:
privatevs. public policies

3. Team diversity:
homogeneougs. heterogeneougarning
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Multi-Agent Algorithms for  °*
Multi-Robot Systems
Policy Performance| Sharing Diversity
I-pDr-he iIndividual private heterogeneoys
iI-pDr-ho iIndividual private homogeneous$
I-pU-he individual public heterogeneoys
I-DU-ho iIndividual public homogeneous$
g-pr-he group private heterogeneoys
g-pr-ho group private homogeneous$
g-pu-he group public heterogeneoys
g-pu-ho group public homogeneous
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D66t Make Sense (ICORSISIERt) Possible but not scalable

Interesting (consistent)

e
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Policy Performance| Sharing Diversity
I-pr-he individual private heterogeneoys

i-prhe |individual _|public | heterogeneous
g-prhe |goup _Jprivate | heterogeneous

g-pu-he group public heterogeneoys

g-pu-ho group public homogeneous

\v X/
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~ MA Algorithms for MR System?

Private & Individual

Public & Individual

2 100 L1 100
Po l:n 2 o| Population
fo iz er 7 ™| Meaager

12 100

(R
R Population I W C
3! [ s Masuyex 2k
' - . N [ e

Private & Group

Public & Group (het)

C
&

_D.

a

U%:

Example of collaborative
co-learning with binary
encoding of 100
candidate solutions

and 2 robots

Public & Group (hom)

12 1o

TR

Populanon Po;n;n.z:c-n
Manager d O ] M anager

i..' -:viilf I’
\ L |

N Em' -
o 7_51- P\l_ .

Ry R
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Co-Shaping Obstacle
Avoidance

A Effects of robotic group size
A Effects of communication constraints
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“MA Algorithms for MR System?

Private & Individual

Public & Individual

2 100 L1 100
Po l:n 2 o| Population
fo.@ [ | ™| Mamager

12 100

(R
R Population I W C
3! [ s Masuyex 2k
' - . N [ e

Private & Group

Public & Group (het)

Public & Group (hom)

12 1o

TR

Populanon Po;n;n.z:c-n
Manager d O ] M anager

i..' ':, ; ' ¢ I’

T

N Em' -
o 7_51- P\l_ .

Ry 2 Rz 3
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“Distributed Robotic Adaptatio fl

A For an individualpublic-heterogeneous policy:

I Standard solutioroff-boardadaptation using eentralized
population manager

I New solution [Pugh, SI1J 2009]: dooardon-boardadaptatior
using adistributedpopulation manager
A Fully scalable solution, no singfmint of failure

AWhy PSO:

I appears interesting since this metaheuristic works well wi
small pools of candidate solutiortsindidate pool siza
robot team size

Il1T mited particle nei ghodd r |
operation
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Varying the Robotic Group Size
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‘Varying the Robotic Group Size
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Varying the Robotic Group Size
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el - Varying the Robotic Group Sie A,

Evolving vs. Testing Environment

! | | i Sirlwgle Robot Evaluation A PSO on y number
zz B Ten Robot Evaluation _ Of partIC es = 10
07 | A Gradually increase
06 — number of robots
£ 09 | on team
0.4- .
o | A Up to 10x faster
0ol f learning with little
04 | performance loss
0 1 2 5 10 A Arena 3x3 m
Robotic Group Size

[Pugh and MartinoliSwarm Intelligence J2009]



=™ Distributed Adaptation with

Real Robots

Before adaptation (5x speeg)



=™ Distributed Adaptation with

Real Robots

After adaptation (5x speaap)
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Increasing Number of Robots:
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Impact of Noise Resistance

I Re—cvaluation

[ Doubledits

[ 1Doubled span
I Doubled pop

I

[Di Mario and Martinoli,Robotica 2013]
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4

Number of Robots

%

1[

A Webotsexperiments

| A 1x1 m arena (high density!)
| A Fair test: same amount of total

evaluation time for each bar

| A Performance decreases with

number of robots (more difficult t
avoid in overcrowded arenas)

: A Noiseresistance make the

difference in high density (i.e.
noisier) scenarios
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0.8

0.7 r

0.6 [

05

Fitness

037

027

017

047

~S

Dlsal

Impact of Limited Time Adaptation

B full-time
B imited—-time|-

Number of Robots

[Di Mario and Martinoli,Robotica 2013]

AWebotsexperiments

A x1 m arena (high density!)

Afull-time adaptation: 417 h

Alimited time adaptation: 8h

A52 times smaller evaluation time, 17%
max drop in performance

Asame obstacle avoidance strategy

Recipe

1. Evaluation span include at
least 1 interaction

2. Swarm size = dimension of
parameter space

3. Use noiseaesistant algorithms

4. Dedicate max time budget to
iterations
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Conclusion for
Machine -Learning Methods
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Take Home Messages 2

A Evaluativemachinelearning techniques are key for
robotic adaptation

A Computationallyefficient, noiseresistant algorithms can
be obtained with a simple aggregation criterion in the
main algorithmidoop

A Several successful strategies have been designed for
dealing with collectivespecific problems; they
differentiate along three axes: public/private;
homogeneous/heterogeneous, individual/group

A Multi-robot platforms can be exploited for testing in
parallel multiple candidate solutions.

A PSO appears to be well suited for fully distributed on
poard operation and strategies based local proxamity
nased neighborhood have been successfully tested
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A KennedyJ. anBberhartR. C. with Y. Shi, AnSwar
Kaufmann Publisher, 2001.

A ClercM. |, AParticle Swarm Optimizati on

A Engel brecht A. P., AFundament adobn o
Wiley & Sons, 2006.

Papers

A Di Mario E. and Martinoli A., f@ADis
Li mited Time Adaptation with Real
Robotics,Chirikjian G. and Hsieh A., editor&obotica 2013 To appear.

A Pugh. and Martinoli A. ;Robotheasningusitgu t e
Particl e Swa rSwar® mteligemcezl@aitnaB(@)n203222,
2009

A MurcianoA. and Millan J. del R., "Specialization in Muligent Systems
Through Learning"Biological Cybernetics/6. 375382, 1997.

A Mataric M. J. N L e a-based mudtrobotsysterashRolicieso r
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Examples ofCase Studies

—3
S,

B
'

by “".pm

Clustering with 10 Robots(first 20 min)

Puck Aggrega’[ign SeedChain Assembling

(5 robotsi 25 cm) (10Khepera i 5.5 cm)

[Beckerset al., SAB 1994; Martinoli et [Martinoli et al.,RAS1999;
al., ECAL 1999 Agassounoret al.,AR2004]
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Examples of Case Studies

An Experimental Study in Wireless
Connectivity Maintenance Using up to 40
Robots Coordinated by an Institutional
Robotics Approach

\ 9
i\‘: A

José N. Pereira'?, Porfirio Silva!, Alcherio Martinoli? and Pedro U. Lima'

! Intelligent Robots and Systems Group, Institute for Systems and Robotics,
IST, Lisbon, Portugal
2 Distributed Intelligent Systems and Algorithms Laboratory,
EPFL, Lausanne, Switzerland

i Z)(€ )
¥R 2 mrom

; R
=

7.5X

WirelessBased Swarming WirelessBased Swarming
(7 Linuxbots 24 cm) (40 epucks, 7 cm)

[Nembrini et al., SAB 2002; Winfield et [Pereira et al., IROS 2013]
al., S1J2008]
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Experimental Invariants

A Shortrange, crude, noisy proximity sensing

A Full mobility but limited navigation (no planning, no
absolute localization)

A Sometime shoftange communication channels
(typically used as a teammate sensor, sharing IDs)

A Reactive, behaviabased control, with a few internal
states

A No overcrowded arenas

A Multiple runs (typically 5+) for the same experimental
parameters; randomized robot poses at the beginning
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Motivation for Modeling

A Understanding the interplay of the various elements
of the system (e.g., robot features, robot numbers,
environment, noise level)

A Having additional tools for designing and optimizing
the distributed stochastic robotic system

A Delivering performance predictions for the ensembl
In shorter time or before doing actual experiments

A Investigating experimental conditions difficult or
Impossible to reproduce in reality

A Formally analyzing system properties
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Modeling Choices

A Gray-box approachto easily incorporate priori
Information(e.qg., # of agents, technological and
environmental features)

A Probabilistic to capture noisy interactions, noisy robotic
components, stochastic control policies, and enable
aggregation schemes towards abstraction

A Multi-level: to represent explicitly different design
choices, trade off computational speed and faithfulness
reality, bridge mathematically tractable models and real
In an incremental way
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Multi-Level Modeling Methodologfls“‘

2

d'\(lj”t(t) AWnh|ni,t)Njt)- & W(ni|n,t)N_(t)
ni " Macroscoplc rate equatlons mean

| 5 field approach, whole swarm

|| oL =L __ Microscopic: multi-agent models,
S, only relevant robot features

captured, 1 agent = 1 robot

N

2
n

Abstraction

Common metrics

Submicroscopic intra-robot (e.g.,
S&A, transceiver) and environmen
(e.g., physics) details reproduced
faithfully

Target system(physical reality):
Info on controller, S&A,
communication, morphology and
environmental features

Experimental time
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A Description for environment and mutthbot system using
states

A Thesystem future state is a function of the current state (ar
possibly of the amount of time spent i it

> S( Tx >
pin pout

L—

Microscopic/Macroscopic

Submicroscopic )2 ACI
(pose, S&A state, etc.) (transition probabilities, state
| - duration)
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Modeling Assumptions: Spatiality

A nonspatiametricsfor collective performance

A well-mixed systenbecause of simple navigation, multiple
randomized interactions in a convex environment, multiple rur

with randomized initial conditions, no overcrowding (sparsene

R
o Micro/macroscopic:
‘ © nonspatial
o R
Free space

Submicroscopic:
spatial
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Model Structure and Control Design

A Robot controller designed from a local perspective, with sub
microscopic/physical details in mind (behavim@sed control,
behavioral implementation arbitrary)

Resulting control is by definition fully distributed

Exploit controller blueprint at submicroscopic/physical level as
structure for higher | evel o

o To

Obstacle detected

Search Avoidance
Obstacle avoided

Grip
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Control Optimization

Number of parameterdecreasing with increasing abstraction

Incremental calibratiara given level can be calibrated on the
underlying one using aggregation techniques (e.g., first momer
for a distribution at lower abstraction level)

Explicit representatiarany system and design parameter of
Interest should be captured explicitly at a given level

Multiple calibration methodfor system parameters:
Ad hoc experiments (e.g., interaction time, sensor transfer functions)
System identification techniques (constrained parameter fitting)
Statistical verification techniques (e.g., trajectory analysis)

Multiple optimization methodfor design parameters (including
control ones):

Metaheuristianethods (GA, PSO, etc.)

Convex optimization methods

Reinforcement learning, stochastic gradient descent

Canonical analytical/numerical optimization techniques
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Physical SetUp Collaboration via indirect communication

A2-6 robots _ Arm elevation
A4 sticks IR reflective  proximity ~ sensor

: band
A40 cm radius arena sensors
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Systematic Experiments

Stick Puling With Real Robols

Real robots

AMartinoli and Mondada, ISER, 1995]
Aljspeert et al. AR 2001]

™
\ "
\& \
fi',f#
“.

tick Puling With Webots

Submicroscopienodel



e Experimental and Realistic
Simulation Results

FEDERALE DE LAUSANNE

1.6

14+

4 robots
¢ 2robots

p { } % 6robots

Collaboration rate [1/min]

N

A

>N

robots sticks

it e

(] 50 100 150 200
Gripping time parameter [sec]

250 300

Nrobots O Nsticks

A Real robots (3 runs) and realistic simulations (10 runs)
A System bifurcatioms a function of #robots/#sticks
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Geometric Probabillities

A, = surface of the whole arena

0, = AT A,
0, = A TA,
As 0 = B (Np- 1)
AR OW:AN/Aa
Oglzps
RG AS
- ngZRgps
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- From Reality to Abstraction 52
Search Obstacle Avoidance 7 Search Obstacle Avoidanece
Interference * Interference
o t
Y | l
N a
Stick Centering > S;
‘Y— Success Dance VSc Sda — .
N
Grip and Wait Sg
Y | )
N
N Y |
Nonspatiality PFSM _ _ _
Deterministic & microscopic Probabi | isti
robot 6s f | oochardstarization flowchart

—
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Full Macroscopic Model

For instance, for the average number of robots in searching mode:
Ns(k +l) = Ns(k) - [Dgl(k) + Dgz(k) TPt pR] Ns(k) + Dgl(k - Tcga)(z(k;Ta)Ns(k - Tcga)
+Dg2(k_ Tca)Ns(k_ Tca)+Dgz(k_ T )Ns(k_ Tcda)+ pWNS(k- Ta)+ pRNs(k_ Tia)

cda

with time-varying coefficients

(nonlinear coupling): Pw
Dgl(k) = pgl[MO ) Ng(k) B Nd(k)] Ss Ns S, Na, Ta
Dgz(k) — pgzNg(k) pr A A A A
k-IsL g Si  Ni, T
C-:(k1-I-SL) = O [1_ ngNs(J)] ! Ps
j=k- Tg'TSL Sc Nc’ T J Sd Nd, Ty
Pg2

¢ Pel

Sg N 1 successful (help)
A6 states: 5 DE + 1 cons. EQ | ucossetl

1T TeTl  TRsT,+T,+T,
1T, = Shift Left duration
1[Martinoli et al.,IJRR 2004]
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Swarm Performance Metric
Collaboration rate: # of sticks per time unit
C(k) — ngNs(k'Tca) Ng(k'Tca) . mean # of
collaborations at

T, iteration k

a C(k)
Ct (k) - k:OT : mean collaboration rate

e over T,
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Collaboration rate [1/min]

Grobots ...
g

F ﬁr

1.6 B
o ST ‘f" T

53
1.2+ E 5 il
v

4 robots

gty eyl Z
S b o P 3
R g E L >
B AT \,;
ol N e A~ )
4 s el S I R VA A
[ = B -2 | S "%ﬁ o=
- E: R 0 2 o2 ST
; ! b 1 ¥ SO

{ - 7o e [+, . ‘“*‘6"‘\ S i v P

YetFo b * 2 robots
il B R e ey e

0 100 200 300 400 500 600
Gripping time parameter [sec]

Results (Standard Arena)
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Submicro (10 runs)
Micro (100 runs)
Macro (1 run)

Discrepancies
because of ODE
approximations
(nonlinearities +
discrete exact vs.
average quantities)
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Collaboration rate [1/min]

| |
0 100 200

Results: 4 x #Sticks, #Robots and R

Arena Area

L e e e Submicro (10 runs)
A j} IJII = = Micro (100 runs)
S st — Macro (1 run)

16 robots

8 robots

300 200 500 600
Gripping time parameter [sec]
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Pw
) S2 MaTa
P BB Goal: reach
e mathematical
N b o4 Nata[— tractability
égp g;llg’ T, successful (help)
| unsuccessful (T,)

A

Ti’Ta’Td’TC << Tg Y TI:Ta:Td:TC:O SN

unsuccessful (Tg)

successful (help)
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successful

Nonlinear coupling!

Searc + Grip
t |

unsuccessful
Ny(k+1) = NyK) T pga[Mqoi Ny(K)INg(K)  + pgoNg(K)Ny(K)
+ PgalMo T Ny(k-75)] GK;0)N(k-T,)

Ny(k+1) = Noi Ny(k+1) N, = average # robots in searching mod
X N,= average # robots in gripping mode
3k;0) = O [1- ngNs(j)] N, = # robots used in the experiment
j=k-T, M, = # sticks used in the experiment

Initial conditions and causality G fFaCt'.On of robots thqt abapdon pull
T.= maximal number of iterations

Ng(0) = Ny, Ny(0) =0 k = 0,(iteratioréindex)

Ny(k) = Ny(k) = O for all k<0
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Results ReduceMllicroscopicModel™

AMicroscopic(100 runs) andgnacroscopic modelsverlapped
AOnly qualitatively agreememtith submicroscopic/reabbots results

45" 18¢

o
wn SN
T T
p— p—t
ki o
T

Collaboration rate [1/min]

—o— 2 robots
—e— 4 robots
—— G robots

12} —— 8 robots
—e— 16 robots
—— 24 robots

(%]
T

P
wn
]
—
=
I -,

[ 3%
o

Collaboration rate [1/min]

0 5'0 100 150 200 250 . 300 0 50 100 150 200 250 300

Gripping time parameter [seconds] Gripping time parameter [seconds]

A 4 robots, 4 sticks, R= 40 cm A 16 robots, 16 sticks, R= 80 cm
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(Reduced Macro Model)

A Steadystate analysis [Mk+1)=N( k)] Y 1t can be de

Ny o 2
M, 1+R,

with N, = number of robots and ¥ number of sticks,

R, approaching angle for collaboration

$ Tg‘"“’t for

) > approaching angle for collaboration

ACounterintuitive conclusion: an optimalT, can exis@lso in
scenarios with more robots than stick# the collaboration is
very difficult (i.e. R, very small)!
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(Micro and Macro Full Model)

1.5+ —o— 8 robots

—e— 12 robots
—+— 16 robots
—e— 20 robots

—
¥ @
b
[L
b
L
J

T a229ns0eg — 20 robots and 16 sticks
= (optimal T )

Collaboration rate [1/min]

0.5
0 ! I I I g e R i e 4
0 50 100 150 200 250 300

Gripping time parameter [seconds]

Example: ﬁg = % R, (collaboration very difficult)
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Optimal Gripping Time

A Steadystate analysi§ T *tan be computednalyticallyin
the simplified model (numerically approximated value):

b
1- ~(1+R))

TP = 1 I 2 - for b¢bC:1+2

(- puR, ) 1 R

with b = Ny/M,, = ratio robotsto-sticks

A T;™ can be computedumericallyby integrating the full
model ODEs or solving the full model steashate equations

[Lerman et alAlife Journal,2001], [Martinoli et al]JJRR 2004]



1 Journal Publications using =t
the Samd-ramework

Stick Pulling

A [Martinoli, EastonAgassounonint. J. of Robotics Re2004]
A [Lerman Galstyan Martinoli, ljspeertAtrtificial Life, 2001]

A [ljspeert, Martinoli, Billard, Gambardell#&uton Robots200]]

Object Aggregation
A [AgassounonMartinoli, EastonAutonomous Robot&004]
A [Martinoli, ljspeert, MondadeRobotics andiuton System4999]

Robot Aggregation and Swarming(Y unbound arena)
A[Winfield, Liu, Nembrini, Martinoli,Swarm Intelligencd., 2009
A[Correll and Martinolint. J. of Robotics Re2011]

Coverage(Y micro/macro spatial models)
A[Prorok, Correll, and Martinolint. J. of Robotics Re2011]
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Extending the Framework:

Towards Automation

Grégory Mermoud

PhD EPFL 2012
Finalist Georgésiralt 2013
European PhD award
STAR monograph 2014
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s, s, — Macro-deterministic: rate equations,

—>

mean field approach, whole population

Macro-stochastic Chemical Reaction
Network, stochastic simulations

Microscopic (non-spatial): Monte Carlo
model, 1particle =1 agent

Microscopic (spatial): AgentBased
model, 1particle =1 agent

Submicroscopic faithful representatioof
theparticles €.g., geometry, S&A) and the
environment (e.g., friction, gravity, inertia)

Physical reality. real experiments,
Imaging with overhead cameras, tracking
software

Experimental time
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Abstraction
Common metrics
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Underlying ph
and submicros

Multi-Level Modeling

Macro-deterministic: rate equations,
mean field approach, whole population

tic Chemical Reaction
Netw stic simulations

Microsc on-spatial): Monte Carlo
model, le =1 agent
AUTOMATIONN
Microsc patial): AgentBased
model, le =1 agent
| platforms
models may

Experimental time
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Abstraction
Common metrics
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[Di Mario et al., IROS 2011



