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° Target applications:
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° The challenge cube
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° A leading paradigm:
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° Smart multi-agent systems:
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Smart Power Grids Intelligent transportation
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Need to seamlessly integrate:

= Communication network(s)

= Sensing and control

= Physical constraints (conservation mass/energy, dynamics)
= Social constraints (markets, policies)



° A leading paradigm:
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Density estimation:
flx):R" - R
flz) =20, [f(z)=1

D = {x1,x2,...}: events

Regression:
f(z) :R" - R

yi = f(x5) + v
v; noise

Classification
f(z): R" - {0,1}

yi = f(x5) + v
v; noise

Obstacles “ Oil-spill boundary
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o Pa rametric VS non-parametric

flz) =322, 0igi(z) f(z) € RKHS, infinite dimensional
6 € R™, unknown f(x) defined via Kernel k(x, x’)

gi(x) known k(z,z") known
- Cloud based VS peer-to-peer
¢, °
\a//f

Local estlmation
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- Parametric
flx) =211 bigi(x)

6 € R™, unknown
gi(x) known

- Cloud based

VS

Multi-agent regression

VS non-parametric

f(x) € RKHS, infinite dimensional
f(x) defined via Kernel k(x, x’)
k(x,z") known

VS peer-to-peer
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o Example:
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sk = Map-building in robotic networks

Parametric Model:

f(x) — Z%:l @mgm(x)

Noisy data:
{(wi,v:) 7];21




° Map-building

as least-squares regression
= Model cI%ss:

flz) = Z Omgm(x)
=1

= Noisy measurements:

M
P = Z Omgm(x;) +v;,, i=1....,N
" L :
y(z1) g1(x1) ... gu(z v1 X
{y(xz) ] = {. : : »‘A { 4| ]
: g1lzn) ... QM(SCN) vN
y =GO+ v

= Goal: minimize sum of [~
squares of residues = (Xi=1 GiG7 )7 (Ei=1 Gawi)

0 = argming >N | v? =(WZ£V:1 GiGZ’T) 1(NZ7];V:1 Giy;)

)

« Xiao-Boyd-Lall, 2005
« Bolognani-Del Favero-Schenato-Varagnolo, 2010




e CoOnsensus-based Map-building:
gossip communication

ALGORITHM:

1) Initialize statistics:
Z, =0e RM*M
2 =0¢e RM

D) Collect data and build Tocal statistics:
i1 = Z; + GG,
211 = % + Gy,
) Choose neighbor 7 and do gossip consensus:
! , e
Z:t]—|—1 =Zi{41 = 54; + §Zg
: 1 1
2= 241 = 54t 57{775'
1) Bstimate map:
0 = (Z) "'~

5) Repeat steps 2,3,4 (non necessarely in order)

= PROS:
= Can be distributed = CONS:
= Gradient-based implementation: = How to select basis functions
ADMM, gradient-consensus, = No estimate unless at least M data
= Extension to robust costs, e.g. || ||, = Gradient-based implementations

require step-size design
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(;ausslan regression
= F non parametric)

Non-parametric Model:
- |f(z) € RKHS
klr,z'): X x X - R

Noisy data:
{(x”wyZ) 7]jil




e Reproducing Kernel Hilbert Spaces
e (RKHS) (con't)

k(z,z") : X x X — R: Mercel Kernel

1) k(-,-) continous, X: compact

2) symmetric: k(x,z") = k(2', )

3) positive semidefinite: K € RY*N >0, [K];; = k(z4,2;),Vx;, VN,

Bayesian Interpretation:

E[f(x)] =0, E[f(x)f(z")] = k(z,z’): zero-mean gaussian process

{(wi,:) g\f:1: Noisy data: \

yz’Zf(ﬂ%)—l-Uz', Uz'NN(O»UQ) !

0.9r

correlation

0.8
0.7

0.6

k(x, ') =MXe” 22 ]

L L " 1 1 " A L
—q 0o -8 -6 -4 -2 0 2 4 6 8 10




e Reproducing Kernel Hilbert Spaces
(RKHS) (con't)
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r,z’): X x X = R: Mercel Kernel

k(x,

1) k(-,-) continous, X: compact
2) symmetric: k(x,z") = k(2', )
3)

positive semidefinite: K € RY*N >0, [K];; = k(z;,x;),Vx;, VN,

Bayesian Interpretation:

E[f(x)] =0, E[f(x)f(z")] = k(z,z’): zero-mean gaussian process

{(x;,9;)}: Noisy data:

Yi = f(ﬂ%) + Vi, U NN(()»UQ)

E[f(x) | {:yi} M) = SN cik(zi, )

f(x)

C1

— (K +0%1)

1

]

| YM

?

K =

i k ($1,£C1)

| k(xm, 1)

k(x1,zp0) |

k(CUM,CUM) |
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sy > Parametric vs non-parametric

{(x,9:) }i N01sy data:
M Yi = f(xz) _l_ Ui, , N<O o?) o —a' |2
flx) = Z¢:1 0:9:() k(x,x') = e 22
2|
gi(x) = e 207 o K(levxl) K(xlzaxM)
Y1 5 K (xp,x1) -+ K(zp,x)
ATENAT
\ ,
T o x I3

fla) =300 igi(e)  fl2) = 200, Gk(ai,a) = 30,1, digil)

) =Ky c=(K+o’)"ly
™ regularization term



° Parametric vs non-parametric

M = 420

= \

él)

=

& ° 200 200 500 800 7000 1200

Number Of measurements
N
PARAMETRIC NON-PARAMETRIC

» Distributed (consensus)

_ « Better performance
PROS « Bounded complexity O(M3)

« Adaptable resolution

CONS . \|<1Vhacf ﬁiixl\),'? int « Regularization factor design
« Nee points . Data-limited exity O(N
» Over-fitting & ill-conditioned ata-limited complexity O(N°)
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s & Representer theorem
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k(z,z'): X x X - R: Mercel Kernel

1) k(-,-) continous, X: compact

2) symmetric: k(x,z") = k(2', )

3) positive semidefinite: K & RNXN >0, |Kl|i; =~k zj),Vz; VN,

p: X — RT : measure function (sampling density)

h(z) := Ty ulg)(x) == [, g(a")k(z, 2")dp(z"): Hilbert-Schmidt integral operator

h(z), g(x) € L)

Since T is a linear operator = eigenvalues and eigenfunctions
Tion[6(2)] = A6(2), A > 0

Representer Theorem: Let k(-,-) be a Mercer kernel on X x X, Ay > 0 W/
and p a non-degenerate measure. Then, {¢,},°y is an orthonormal basis in
L? (1) while the associated RKHS is

Hy = {f(a:)ELQ( s.t. f(x ZO&g¢g ) and Zi—g<+oo}
e=1 "€




° Map-building

as least-squares regression
= Model cI%ss:

flz) = Z Omgm(x)
=1

= Noisy measurements:

M
P = Z Omgm(x;) +v;,, i=1....,N
" L :
y(z1) g1(x1) ... gu(z v1 X
{y(xz) ] = {. : : »‘A { 4| ]
: g1lzn) ... QM(SCN) vN
y =GO+ v

= Goal: minimize sum of [~
squares of residues = (Xi=1 GiG7 )7 (Ei=1 Gawi)

O = argming XN v? =(WZ£V:1 GiGZ’T) 1(NZ7];V:1 Giy;)

T

« Xiao-Boyd-Lall, 2005
« Bolognani-Del Favero-Schenato-Varagnolo, 2010




BENEKRE = Semi-parametric estimation

15t IDEA: Use first eigenfunctions as basis function for
parametric estimation

f(@) =300 arge() g ]
Yi = ZZE ae@e(ri) = (@1 (25) P2 (wi) .. .] Oé.2 + U

N 7

GT
a = (diag(%) +3N  GiGT ) - (Ziil Gy)

3 — (ding(2) + X, GFGHT) (SX, GFy:)

G = [p1(xi) -~ dp(xs)]

(intuition: «; ~ 0, for ¢+ > E, therefore f(a:) R fE(:U))



Semi-parametric estimation (cont'd)

25t IDEA: Use orthonormality of eigenfunctions ¢, and i.i.d.
sampling of x;

6" = (ding(5) + + T, GPGET) (£ 5N, 6Pu)
[% Zvj,\il G/ (GF)T] = % Zi\il Om (x5) Op (5)

{% Zzﬁil ¢m (x@)¢n($z)] N—>—|—oo,a:z-wu(x)

f ¢m )d/l( ) 5mn

o ot ()




o Complexity
of semi-parametric approaches

flo) =N, cik(zi,x), c=(K+D)" Yy, [Klnn = k(@m, )
FPx)=SF  aPi(x)  a® = (dag(em) + 4 X5, 656HT) (450, 6Py
fl@) =S of¢i(a) &' = (G +1) ($TN,GFu)

estimator comput. cCommun. memory
cost cost cost
f(x) O (N?) O (N) O (N)

2 (x) O (E?) O (E?) O (E?)
fl(x) O (E) O (E) O (E)




o Performance
RS 2 of semi-parametric approaches
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N = 10000

£l
7E () (@)
K = Splines K = Splines
0.2 - [—TrwErer 02 Tk
— = Bnda(E)/ 3, M I = = Bndg(E)/ Y, A
0.15 | 0.15]
0.1+ 011
0.05+ 0.05+
0 — 0
10° 10° 10°
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Parametric Model:

g(CU) — Z%:l emgm(x)

Noisy data:

{(xzayZ) ’l]:\;l
v = g(x;) T

Goal:
L“in@ iV 1+ v; = ming ), c(v;) = > Jil0)




Distributed convex optimization:
roblem formulation

Assumption: neighbours cooperate to find minimizer of network
cost:

f(x) = Zf (x), x* = argmin, f(x)
i=1

@ Global estimation: x € R", each node wants
Xi=x*Vi=1,...,N. Typically n independent of N: support
vector machine, robotic map building.



o PEEr-to-peer convex optimization:
: state-of-the-art

= Challenges: Peer-to-peer
= Local communication topology
= Time-varying graph N
= LOossy communication
= Synchronization

= Main trends:

= Distributed subgradient methods (Ozdaglar, Nedic,..)
= No need for synchronization, OK for time-varying topologies
= Slow convergence (sublinear) due to decreasing step-size

= Alternating Direction Method of Multipliers (ADMM) (Bertsekas,
Boyd,...)
= Fast convergence (linear), applicable to many scenarios (de-facto standard)
= Synchronous (very recent works for asynchronous past 2 years)

= No algorithms for lossy communication (that are we aware of)




s ® Why lossy communication is
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|

= Inconsistent information sets among agents: optimal
cooperation hard (Witsenhousen’s counterexample)

] = (21 + x2)/2
Ty = (21 +22)/2

= ACK-based hard to implement and slows convergence
Broadcast w/o ACK =T Broadcast w/ ACK (N+1)T




s Contribution

= Robust Newton-Raphson Consensus
= Peer-to-peer
= Asynchronous
= Broadcast-based (no ACK needed)
= Scalable (complexity/nodeis constant)

= Ideas: merging
= Newton-Raphson consensus (our group, 2011)
= Push-sum consensus (Benezit et al., 2010)

= Robust ratio consensus (Dominguez-Garcia et al,
2011)



Newton-Raphson Consensus

min, f(x), x (current estimate)

ldea: approximate function f(x) with a parabola
~ 1 5
f(x) = EQ(X —b)*+c¢

Match slope and curvature at point Z:

Jump to the minimum:

Xk+1 = Xk — €(V2f(xk))_1Vf(Xk)




OF D )

Newton-Raphson Consensus

ming Y. fi(z), {z%};", (current estimates)

Approximate each f;(x) with a parabola

\‘\\ K R '
\‘\\f1($)|w1 + fo(z)]e. )
R ‘e

~ 1
x) = Sai (x — b)*+ci
Match slope and curvature at point x;

f(xi) = f(x) = ai(xi — b;)

i =
fi'(xi) = 1" (xi) = ai

Jump to the minimum of f(x)= > ﬁ(x)

: . —— :
1 Lirye L L2

1 N if all points are the same, i.e. x; = x Vi, then
f‘// )
] XI XI 1 N ,
+ * l:1 N Z f (xi) p
XI = X = N = xt = x — i=1 v (X)
I 1
]' f// i ZN: f”(X) f (X)
N 2 ) v
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= Newton-Raphson Consensus

Algorithm

© define local variables:
o gi(k) = f"(xi(k))xi(k) — f/(xi(k)), &(-1)=0, y;i(0)=0
o hi(k) = f"(xi(k)), hi(—1)=0, z(0)
@ run 2 average consensus ( P doubly stochastic):
o y(k+1) = Py(k)
o z(k+1) = Pz(k)
yi(k +1)

@ locally compute xj(k + 1Lf = (1 — e)x;(k) + gz,-(k +1)

\

len)

\/

C gi, hi

Currently re-discovered by other groups: C

Nedic, Wei, Na, Scutari

.

N
]. 7] /
TPIASAAC)
= . N
"
52 fi)
i=1
distributed local
averaging updates
)
> X1
any
average .
consensus
llP” : Xi

y(k +1) = Py(k)

z(k + 1) = Pz(k)

gi(k) = " (xi(k))xi(k) = £ (xi(k))
(

hi(k) = £ (xi(k))




. Simulations:
=" - broadcast based map building
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control as optimization problems
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< &

Physical system
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7?
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Max 7?7

Interdisciplinary Approach
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> Sampling time vs packet loss

= Wi-Fi (802.11)
= Multiple bit-rate to choose

= Higher bit-rate = smaller sampling time, higher losses
= Currently optimize throughput

= [ime-critical applications

= Both sampling time, delay and packet loss degrade
performance and all depends on bit-rate

= Is throughput a good metric for control?
= Is packet loss as bad as delay?

= How control deal with dynamic sampling time and packet
losses?



& B} .y om
o Non-intuitive answers

Let us consider:
dx(t) = az(t)dt +u(t)dt + dw(t), E[(dw(t))?] =1
Sampling at period T=1/R, R=packet-rate
2pp1 = (1+al)xyp + Tup + VTwg, Ew?] =1, xp=x(kT)
Lossy transmission: P[y,=0]=y

Yk = YLk
Dead-beat controller:

1
Uk = —?(1 + aT)xy

Dead-beat controller:

Tir1 = (1 — )1 +aDay + VTw,, Ewi] =1




Non-intuitive answers:
constant throughput

Average performance (mean square error)

T
P kggo i P=1z ¥(1 4 aT')?

Two protocols with same throughput: 1= _ CcOSt.

-
o
T

P

a>0 (unstable)

Best protocol depends on
1 stability of controlled system

a=0 (random walk};

performance error
- N w S [3) =)} ~ =) ©

‘a<0 (stable)— 7, |
01 02 03 04 05 06 07 08 09 1
v (packet loss prob.)

o
o




Non-intuitive answers:
heavy tail

Average performance (mean square error MSE)

T
— lim E[z?] = p =
p-= A 7] P=7 — (0t al)?
T
Two protocols with same MSE: I — (1 +al)? cost

v=0.73333
T

=) a<0 (stable)
Normal
\/ Distribution
3,28 Power Law %’x
— ‘Di stribution
ay

a#0 (unstable)

E

4000 5000 6000
iteration (k)
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PTX

1 —
L ! I T [—6Mbits
L / I R 9 Mbit/s
0.8f i oot - - - 12 Mbit/s|;
19 B T 18 Mbit/s
1 : , —— 24 Mbit/s
0.6f L. g ~ = =36 Mbit/s -
B - P ~~ 48 Mbit/s
L £ 54 Mbit/s
041 ook ]
i <
: = § : ! !
.' 1 . l I
0.2r l 1 I 1
B - - ‘
‘R\gix 5 : I
0 ! = Xy ! A i
-5 0 5 100 15 20 5
6T SNR [dB]
1 M T T
Jy(u) =E 7 (2" (OWa(t) + v’ (H)Uu(t)) dt
0
Jie = min Jr({u}is),
Uk S =1

LQG control

> Adaptive rate selection for control

W| Fi 802 119 rates

nf
40 F
54 Mbits
-
30 F
sl 2T
T
20 F
E—
15 _/
10
5 -
g | | . | . | | |
20 18 -6 14 12 10 -8 6 -4 -2
dB
1/SNR

J*(1/SNR) =min J(1/SNR)
i*(1/SNR) = argmin,J; (1/SNR)
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° The challenge cube
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Cyber system
Application Time-svnch Map Cooperative
layer Y building manipulation
Cooperation || | Average Consensus MPC
layer consensus
Communicat Bn @ @
layer |Point-to-point Broadcast :\Cllla_gltiggzr:tle

¢

¢

Physical system
(sensing & actuation)

Machine-learning: Gaussian
Process-based learning

Distributed optimization: MPC
over lossy communication

Communication: Wi-Fi 802.11
protocols for multi-agent control
systems
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U@

Proof-of-concept:
UAV_manipulation over wireless

Banq‘width [Hz]

1000 Hz

100 Hz

10 Hz

Manipulation bandwidth
requirement: >1kHz
using PID or classic
control. Today only via
wired communication.

2-order of
magnitude gap!!

53— Reliable WI-FI for
control (no packet loss,
constant delay):

s <20Hz. Today only for
formation control.

Cooperative manipulation
at 200Hz via distributed

MPC control
o<

WI-FI for control up to
200Hz via 802.11 real-
time rate adaptation

Today’s

state-of-the-art

Tomorrow’s
Project goal



= > Conclusions & open problems

= Smart Multi-agent control systems over wireless:
currently more open guestions than answers

= Need to look at realistic assumptions (in particular
communication)

= Cooperative UAV manipulation over Wi-Fi in
unstructured environments (outdoor): pristine area
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