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A short story on power grid stability
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The Iberian blackout e

Wang, ANM, Motter.
Joule, accepted (2026).
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The Iberian blackout

Generation power [GW]
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rethink design of...

Wang, ANM, Motter.
Joule, accepted (2026).
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Part I: Disorder & Stability




Complex systems perspective
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Complex systems perspective
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Disorder-promoted stability
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Disorder-promoted stability
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Disorder-promoted stability: condition?
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ANM, Zanin, Motter. Under review (2026).



Disorder-promoted stability: condition?

N
x; = f(x; bz’) + ZAz‘jg(mi:mj)
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Disorder-promoted stability: condition?

N
x; = f(x; bz’) + ZAz‘jg(mi:mj)

/

nodal
symmetries

O

homog. O O -

parameters O O O

Pb=b>b

=

network
symmetries

O/O\CR homog.

|
degrees
OO ™

PTAP = A

O

heterog. O O |

parameters O o ®)

Pb+b

PON
O O heterog.

l\ degrees
O\O O

PTAP + A

ANM, Zanin, Motter. Under review (2026).



Disorder-promoted stability: condition?
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2D models
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Disorder-promoted stability: condition?
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Disorder-promoted stability: condition?
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Disorder-promoted stability: condition?
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Disorder-promoted stability: condition?

N
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Disorder-promoted stability: condition?
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Optimizing heterogeneity
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Optimizing heterogeneity
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Disorder-promoted stability
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Disorder-promoted stability

*now the analysis is for parameters, so that b;~N (u, 62)
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Disorder-promoted stability
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The framework

disorder-promoted stability framework
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disorder-promoted stability is likely fine-tuning may be needed




The framework
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The framework: Coupled-laser arrays

disorder-promoted stability framework
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The framework: Coupled-laser arrays

disorder-promoted stability framework
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The framework: Optimal flocking

disorder-promoted stability framework
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The framework: Optimal flocking

disorder-promoted stability framework
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The framework: Neurocomputation

disorder-promoted stability framework

Hopfield network \
7 = —Dx + W®(x) + Bu
VS
oscillator Ising machine
bi=w+ Z Wi sin(¢; — ¢;) — ksin(2¢;)
J stabilization computation
synchronization decision-making
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Part ll: Disorder & Computation




Energy-based dynamical models




Energy-based dynamical models

energy £(x)

Hopfield network
x=—VE(x;W)
7€ = —Dx + W®(x) + Bu

Ising machine

0 = gradient descent on the Ising Hamiltonian

ANM, Bullo, Krotov, Motter. ACC (2026).
Americal Control Conference (tutorial).
arXiv:2604.05042



Energy-based dynamical models

energy £(x)

Ising
machines

transformer

diffusion

ANM, Bullo, Krotov, Motter. ACC (2026).
Americal Control Conference (tutorial).
arXiv:2604.05042



Ising optimization problem

N N

1
Ising Hamiltonian: H(s) = 5 Z Z Jijsisj, si € {—1,+1}

i=1 j=1

0.02

Ising optimization problem: min H (s)
S

relative frequency
o
e

-10

Hamiltonian

global minimizer s*

spin 1 @ spin | %



Ising optimization problem

o0 0000 ¢
LAY

N

??7? |

—
2N possible
solutions

@spinT @ spin|



Ising machines

N N

1
Ising Hamiltonian: H(s) = 5 Z Z Jijsisj, si € {—1,+1}

l i=1 j=1

Ising optimization problem: min H (s)
S

* . 0, if s; = +1,
l bi(s) = m, if s = —1,
Ising machine (EDM): 6 = —VE(0)
1 N N N
. 2
E@: —3 ; ; Jijcos(0; — 0;) + ; i sin(6;)

@ spint @ spin | \V



Oscillator Ising machines

N N
1
Ising Hamiltonian: H(s) = —3 Z Z Jijsisj, si € {—1,+1}

l i=1 j=1

Ising optimization problem: min H (s)
S

o (8) B 0, if s; =41,
l U ), if s = —1,

l i=1 j=1 i=1

N
Oscillator Ising machine: 0; = Z Jijsin(0; — 0;) — p; sin(26;)
(OIM) =1

Wang, Roychowdhury. UCNC (2019). Cheng, Khairul, Shukla, Lin. Chaos (2024).



Oscillator Ising machines

real

worst random



Disordered oscillator Ising machines

homogeneous

disordered

N N
1
Ising Hamiltonian: H(s) = —3 Z Z Jijsisj, si € {—1,+1}

l i=1 j=1

Ising optimization problem: min H (s)
S

o (8) . 0, if s; = +1,
l U ), if s = —1,

E@: —% Z Z Jz'j COS(Q@ — 9_7) —+ Z i sin(@i)2

l i=1 j=1 i=1

Oscillator Ising machine: 0; = Z Jijsin(0; — 0;) — i sin(26;)

(OIM) o
ui~N (1, 0%)



Disordered oscillator Ising machines

N N
1
Ising Hamiltonian: H(s) = —3 Z Z Jijsisj, si € {—1,+1}

i=1 j=1

n
§ homogeneous disordered
C
é’, 0.15
>
=
i< > 041
o
o
)
2= 0.05}
o i
o
0 .
3 150 -100 -50 O
g equilibrium energy
o
S N
Oscillator Ising machine: 0; = E Jijsin(0; — 0;) — i sin(26;)
(OIM) j=1

wi~N(u, %)



Disordered oscillator Ising machines

3 10
o)
CICJ k= stabIeT homogeneous disordered
Z = 0 tabl
S ~ / unstaoe | 0.15[
g -10 >
< &
20 | | | 8_ 0.1}
0 10 20 30 “&_’
regularization o
H 2= 0.05f
o
" __i.
O 2
3 -150 -100  -50 0
.
g equilibrium energy
o
R
©

0 10 20 30 40 50
average regularization (1)

Allibhoy, ANM, Pasqualetti, Motter.
Proc. IEEE CDC (2025).



Design principles for biased OlMs

E[Amin | H = h] &~ Function of:
20 - graph statistical properties
“(:; 10 (N and p)
2 . stableT - regularization statistical properties
ag’) 7 unstablel (E[u] and Var([u])
E -0
=
_20 1 1 1 |
0 10 20 30 40 50
regularization pt 8 __ 14
-5
3, | £
= V=
5 >/ ///
.8 10 il/‘/;,:'// .
© 7
15 = . ' ' :
0 10 20 30 40 50
average regularization () Allibhoy, ANM, Pasqualetti, Motter.

Proc. IEEE CDC (2025).



Design principles for biased OlMs

E[Amin | H = h] &~ Function of:

2 - graph statistical properties
“(:; 10 (N and p)
2 . stableT - regularization statistical properties
(<))
o / unstablel (E[u] and Var([u])
E -0
=

_20 1 1 1 |

0 10 20 30 40 50
regularization pt 8 __ 14
stable
© > A
o 5 c
: 47/ £ \
© 7
S v >
,/ energy H=h
0 10 20 30 40 50
average regularization () unstable Allibhoy, ANM, Pasqualetti, Motter.

Proc. IEEE CDC (2025).



Design principles for biased OlMs

E[Amin | H = h] &~ Function of:
20 - graph statistical properties
“(:; 10 (N and p)
2 stableT - regularization statistical properties
ag’) 0 7 unstablel (E[u] and Var([u])
E -0
=
_20 1 1 1 |
0 10 20 30 40 50
regularization pt 8 __ 14
-5
stable

8 0 = A
(IL) 5v/ ):/;«‘ - = E
5 r/// — <
.9 10 _/ V /////' . Bl SN »
© S >

,/ \ energy H = h

15 = . ' ' :
0 10 20 30 40 50 ' | |
average regularization () unstable Allibhoy, ANM, Pasqualetti, Motter.

Proc. IEEE CDC (2025).



Design principles for biased OlMs

homogeneous

disordered

0 / unstable l
-10

_20 1 | |

20 T T T
10
stableT

0 10 20 30
regularization [

(0]
=
=)
=5
faN

0 10 20 30 40 50
average regularization ()

E[Amin|H=h]%—(

stable

Amin

~.

2 4V
L _4Varlp)

N ' N(N —1)p

) h + 2E[u]

— \/(Q(N — 1)p + 4 Var[u]) log N

unstable

T~

e}lerng =h

Allibhoy, ANM, Pasqualetti, Motter.
Proc. IEEE CDC (2025).



Design principles for biased OlMs

2 4 Var|p]
EAmin | H=h|~— | —= + h + 2E

20 T T T [ min | ] (N N(N _ 1)p [u]

S 10 \/
— 2(N —1 4 log N

§ | ( ( )p + 4 Var [N]) og
‘él’) 0 // unstablel
S -10 20 e
<
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regularization 8 L - —
3o IE[#] i 5 \Var[y]
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15 = ' ' : '

0 10 20 30 40 50
average regularization () Allibhoy, ANM, Pasqualetti, Motter.

Proc. IEEE CDC (2025).



Ongoing simulations and experiments

Malihe Farasat

Coupling Network
1-5. = : o = | 3 =

o
on
edge probability p

0

~ ""[15 Oscillators |

relative improvement

0.5
Bias Cir Buft SHI

10 102 10°

network size N ) 7/ T~ — . Abir Hasan

Nikhil Shukla
UVA



Future research direction

energy £(x)
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