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CONTENTS OF MY TALK

1. Anactive learning method to find generalized Nash
equilibria (GNEs) from best-response data

ﬁ pip install gnep-learn

2. A multiparametric solver for linear-quadratic GNE
problems

P pip install nash-mpgp

3. Ageneral library for computing GNEs and solving
game-design and game-theoretic control problems

P pip install nashopt
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LEARNING NASH EQUILIBRIA FROM DATA
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f

Contents based on the following paper:

F. Fabiani and A. Bemporad, “An active learning method for solving competitive multi-agent decision-making and

control problems,” IEEE TAC, 2025



GNEP PROBLEM

N (non-cooperative) agents, mutually interacting, each one solving

filz—;) =arg min  J;(x;,z_;) x; € R™
T €EX;
s.t. (xi,2_;) € Q x_; e RPT™

Objectives J; are private, global constraint set (2 is shared.
Possible local constraints z; € X; are either private or handled in 2

Best responses x; = f;(x_;) are single valued and can be queried at given z_;

Goal: learn a generalized Nash equilibrium (GNE) z* = (z7,...,z%) €

of = fi(z~,)  Wi=1,...,N
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ACTIVE-LEARNING APPROACH

e Anexternal observer queries each agent i extemal
observer

at selected z_; and collect best responses

xy = fi(2_y)

X_N
e Use collected data to update an affine - agef"‘({v ),
~ p agent 2 r - s TN = IN(X-N
surrogate model f; of best-response f; agent1 [ agenti
o1 = fi(%-1) @i = fi(%X-:)
~ xr_;
file—i,0;) =T 1 0; = vec(T';)
2
e compute an approximate GNE: fl (x_i,0;) ‘
e 2

(constrained least-squares)

(minimum norm solution taken if multiple solutions exist)
¢ Repeat by querying each agent at Z* ; until convergence (if any occurs) Q
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INITIALIZATION

Select initial points xff randomly, k = 1,..., N;, in a hyper-box of interest
(e.g., random or Latin-hypercube sampling) oo g ‘

Project them onto 2:

#* = argmin ||z — 23 -\ gzl
xEQ H

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

For each point £¥, get each agent’s best response x¥ = f;(#* )

Collect initial dataset {(2* ;, 2%),k = 1,..., Nin}

K2

(C) 2026 A. Bemporad - Optimization methods for GNEP:
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RECURSIVE BR-MODEL LEARNING

e Use bank of linear Kalman filters to estimate model parameters 6; recursively:

ko i’]ii k _ pk k
i = L= Py ¢;
k¢ k\’/
k+1/2 _ pk a; (ai’) _
Pi = Pi — 71 T ((;5’7)’(1]? 91 = VGC(Fi)
1 K

Ortt = 0F + PFT ok (< — (o) 6F)
Pik+1 _ Pik+l/2 +/3[

e [ =learning rate. The larger 3, the faster the estimator converges

e P! = al.The smaller o, the larger the />-regularization on 6°
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CONVERGENCE PROPERTIES

e Mainresult: If lim;,_, ., 0F =

*

6, foralli=1,...,Nthen limj_, &F =z

and x* is an equilibrium of the original GNEP, i.e., z} = f;(z* ;)

e Each affine surrogate fZ coincides with f; pointwise at z* ;

® Weakness: we cannot guarantee if limy,_, oo Hz’? exist for all 4

© Strength: very minimal assumptions: f; continuous, Q nonempty
No other assumption!

(€) 2026 A. Bemporad - Optimization methods for GNEP
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SIMPLE NUMERICAL EXAMPLE

e Nash equilibrium problem:

* : 4 A
] = argmin z] — 122 —x1 | = f1(z2)
—1<2:<1

Ty = argmin x5 + 120 — T2 2 fo(z1)
—1<e,<1

e Generate N, = 10 initial random samples in [—1, 1]? and run active-learning
algorithm for another 10 iterations

e Result: 27 ~ 0.7077, 25 = 0.4181

best responses surrogate best response parameters
1.00
2.0 — 611
0.75
s 612
0.50
A — 6n
0.25 \ 10 — 6,
0.00
X1 05
-0.25 Xa
— 0.0
0.50 e ]
-0.75 *
- X5 -0.5
-1.00
0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 0.0 2.5 5.0 75 10.0 125 15.0 17.5
iteration iteration
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PYTHON PACKAGE

gnep_learn GNEP gnep'lea rn

n = 2 # number of agents

dim = [1, 1] # each agent optimizes one variable

N_init = 10 # number of initial random sampling iterations
N = 20 # total number of iterations

Jl(x1,x2):
x1**4 —x1*x2 - x1 # function minimized by agent #1
J2(x2,x1):
X2**4 +x1*x2 - x2 # function minimized by agent #2
J = x1l, x2: J1(x1,x2)[0],

x2, x1: J2(x2,x1)[0]] # agents' objectives

lbx = -1. * np.ones(2) # lower bound on x

ubx = 1. * np.ones(2) # upper bound on x
gnep = GNEP(J, dim, lbx=1bx, ubx=ubx) # create GNEP object

xeq, XX, XXeq, _ = gnep.learn(N=N, N_init=N_init) # learn equilibrium

ﬁ pip install gnep-learn ithub.com/bemporad/gnep-learn
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github.com/bemporad/gnep-learn

NUMERICAL EXAMPLE - NO NASH EQUILIBRIUM EXISTS

e Nash equilibrium problem with N = 2 agents, no equilibrium exists

fi1(z2) = argmin — w% + 2x129
0<z:<1

fa(x1) = argmin x5 — 2z 29
0<z2<1

. 1
e Learningrate 5 =1
& 05 X10
e Best response oscillates around % = i
. 0
e Parameter vector 6 diverges
2
22
100 300 500 700 900
k
(€) 2026 A. Bemporad - Optimization methods for GNEPs
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NUMERICAL EXAMPLE

(Facchinei, Kanzow, 2009 - Example 3)

o GNEP with N = 3 agents of dimensions 3,2, 2
e Coupling constraint: 1’z < 1

e N;, = 30initial random samples, active-learning algorithm run for 90 iterations

e Learningrate 5 =1

(€) 2026 A. Bemporad - Optimization methods for GNEPs 10/38



MULTIPARAMETRIC LINEAR QUADRATIC GNEP

Contents based on the following paper:

S. Hall and A. Bemporad, “Solving Multiparametric Generalized Nash Equilibrium Problems and Explicit Game-

Theoretic Model Predictive Control, arXiv, 2025



MULTIPARAMETRIC LINEAR QUADRATIC GAMES

e N agents with best responses

1
z} (s, p)=argmin —2'Q;x + (¢; + Fip)'x
@i 2 parameter p € R"?
s.t. Ax < b+ Sp

e Best response = solution to a multiparametric Quadratic Programming
(mpQP) problem with parameters (z_;, p)

e Assume each QP #i is strictly convex wrt z; = best response is unique
e Possible local constraints on x; embedded in global constraints Az < b+ Sp

(€) 2026 A. Bemporad - Optimization methods

for GNEPs 11/38




MULTIPARAMETRIC LINEAR QUADRATIC GAMES

e The bestresponse z}(x_;, p) is a continuous piecewise affine function of
(z_;, p) over a polyhedral partition of the (z_;, p)-space

H! z_;+Glp+h} if (x—i,p) € CR; §
ol (@-i,p) = j wr
HYiz i+ GYip+ )t if(zi,p) € CR) y
_ v S v T
CR] ={(z—i,p): C? o+ Dip<el} //
j=1...,N; 4 I/
/
p

e Eachcritical region CR{ corresponds to an optimal active set of QP #:
e We have N partitions, one per agent 7, with V; critical regions (CRs)

nporad - Optimization methods for GNEPs 12/38




EQUILIBRIUM CONDITIONS

e Consider a combinationC, = (j1,...,jn)of agents’CRs, k = 1,.. .,Hﬁl N;

e A combination Cy is valid if, for each constraint involving agents ¢ and j, either
both have it active or both inactive

o Equilibrium condition for C;, = (j1,...,jn):
1 = Hzllx_l + Gjilp + h{l C’illx_l + D{lp < ejf
: and :
oy = Hz N +GRp+hY Cw N+ DR p < el

e Acritical region for the mp-GNEP associated with Cy, is the projection onto the
p-space of the polyhedron defined by the above constraints

(€) 2026 A. Bemporad - Optimization methods for GNEP:
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CRITICAL REGIONS WITH UNIQUE EQUILIBRIUM

e For each valid combination Cy, rewrite the equilibrium condition as
Mky = Mﬁp + MF MF e R (parametric linear system)
o If M;f is invertible, we get a unique equilibrium for all p:
2*(p) = (M)~ Myp + (M)~ M
with associated polyhedral critical region

CRy={p: Clu*(p) + Dip<el, i=1,. N}

e Only nonempty full-dimensional C'R’s are stored (based on Chebyshev radius)

e Note: C'R;’s may overlap multiple equilibria exist for the same p

2026 A. Bemporad - Optimization methods

for GNEPs 14/38




NO EQUILIBRIUM AND MULTIPLE EQUILIBRIA

e If MF is singular, compute SVD decomposition MF = UXV’

e Change variables y; = V{x,y2 = V3x to rewrite the equilibrium condition as

yi1 = SN U{MEFp+ U{ME)

U=[UhUs), V=WV
0 = UsMFp+ UMY S ViVl

e Potential (infinitely-many) Nash equilibria:
a*(p) = ViS N U{MFp+U{M{)+Vayo | yo = free vector
e Conditions for existence of full-dimensional critical regions and equilibria:
UM} =0, USMf =0

and the projection CR, = {p: Jys : C’inx*(p) + Df’ip < e{i, i=1,... ,N}
is nonempty and full-dimensional

2026 A. Bemporad - Optimization methods

for GNEPs 15/38




CHOOSING AMONG MULTIPLE EQUILIBRIA

e In C'Ry’s with co-many equilibria, we can select the minimum-norm solution:
l2* (p y2) |13 = 157U (Myp + UL ME)|[5 + [ly213
e We can split C Ry, into sub-regions by solving the following mpQP for p € C'Ry:

y5(p) = argmin [|yz |3
s.t.CVa*(p,y2) + Dlip <el', i

1,...,N

o Alternative: given a social welfare cost f(x), solve instead the mpQP

y5(p) = argmin f(z*(p,y2)) eg: f(x) utilitarian sum of agents' objectives
s.t. OV a* (py2) + Di'p < €' -
Tt (py2) + Dip < e f@) =3 ' Qua+ (e + Fp)'x
i=1,...,N =2

¢ Inboth cases, set the unique equilibrium 2*(p) = 2*(p, y5(p)) (PWA function)

(€) 2026 A. Bemporad - Optimization methods fo

GNEPs 16/38



VARIATIONAL GNES

e Avariational GNE is an equilibrium where all the agents involved in a shared
constraint have equal dual variables (=cost sensitivity for that constraint)

e From the KKT conditions of each agent’s mpQP, we retrieve the dual variables
A (z—i,p) = Ayz—; + App + A\q associated with coupling constraints

e To compute a variational GNE:
- for each considered constraint c involving at least two agents, add
Na j+Mp+ N =AMz i+Ap+ A, Vj#i
to the equilibrium conditions M}z = M}p + MY

- recompute SVD and check if VGNE solutions z*(p) exist

- compute (sub)region CR;, C CRy, as before

(€) 2026 A. Bemporad - Optimization methods for GNEPs 17/38



PYTHON PACKAGE

nash_mpgp NashMPQP

dim = [2,3,2] # number of variables for each agent

split = "variational" # or None, "min-norm", "welfare", "variational-split"

nash_mpgp = NashMPQP(dim, pmin, pmax, xmin, xmax,
Q, ¢, F, A, b, S, 1b, ub, split = split)

nash_mpgp.solve()

1b, ub: bounds on variables (finite or f=00)
pmin, pmax: ange of parameters

xmin, xmax: ange of variables

P pip install nash-mpgp github.com/bemporad/nash_mpqgp

mization methods for GNEPs 18/38



github.com/bemporad/nash_mpqp

EXAMPLE: SIMPLE 2-AGENT GNEP

e 2 agents, each controlling one variable 21, 25 (Rosen, 1965)

1

. 2 : 2
min —(z1)° — 12 T min (wg)” + 172
m1202( 1) 122 + P21 230

st.—x1—29 < St.—xy —xo < py

Qi=[473], Fi=19¢] Q2=[13]

1
0

e Parameter vector: p = [p1 pz]'

e CRsof each agent’s
best-response mpQP:

(€) 2026 A. Bemporad - Optimization methods for GNEPs 19/38



EXAMPLE: SIMPLE 2-AGENT GNEP

e Critical regions: no splitting in the case of infinitely-many equilibria

10.0
754/
/
\
5.0 4 { ] | (]
Fs
\‘\ lll “\
254N T
Y % s CRi(1)
P2 50 e o - S CR(1)
/ [ m  CRs ()

—-2.51 / I,//
-5.01 / 3 °
=751

-10.0 T T T T L
-100 -7.5 =50 =25 0.0 2.5 5.0 7.5 100
P1

(1=single solution, oo = infinitely-many solutions)
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EXAMPLE: SIMPLE 2-AGENT GNEP

e Critical regions: adding variational-GNE regions

10.0
75407
5

/ W
II ||

5.0 ° \ | °
A

2.5 \“\\ ya ,/l ‘\\ /
3 A N s CR; (1)
~._ = CRy(1)

001 IR o w R W)
®  CRq ()
-2.5
_5.0 / °
-7.54

-10.0 T T T . —
-100 -75 =-50 -25 00 25 50 75 10.0
P1

P2

(1=single solution, oo = infinitely-many solutions, A = variational GNE)
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EXAMPLE: SIMPLE 2-AGENT GNEP

e Critical regions: use min-norm GNE solution criterion to split

10.0 —= =
;
754 / \
:Il \\ II “\
/ ' \
5.0 4 { ] | (]
i i i
i /
\ /M /
\ S /
254 %\ A1 /
R 4 < = CR1 (1)
... = CRy(1)
P2 004 5 -
- m CRsz(min)
% m  CR4 (min)
2.5 s
\\
-5.04 * ®
-7.514
-10.0

. T T T T L
-100 -75 -50 =25 0.0 2.5 5.0 7.5 10.0
P1

(1=single solution, oo = infinitely-many solutions, min = min-norm GNE solution)
Bemporad - Optimization methods for GNEPs 22/38
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EXAMPLE: SIMPLE 2-AGENT GNEP

o Critical regions: use welfare GNE solution criterion to split

10.0 —
.
N
7.54 \
X
)
3
\
5.0 [ ]
Va II‘,
254/ /!
1 CR1 (1)
. CR, (1)
Y CR3 (welfare)
kN CRy (welfare)
-2.51 \
—5.0 1 @
-7.51
-10.0 ; . . ’ e
-10.0 -75 =50 -25 00 25 50 75 100

P1

(1=single solution, oo = infinitely-many solutions, welfare = welfare GNE solution)
mization methods for GNEPs 23/38
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EXAMPLE: GAME-THEORETIC MPC

e 2-mass-spring-damper system with NV = 2 N M,
agents, each controlling one force (u; or us) b,

M1 = 3, M2 = 1,K = 05, 61 = 1.5,52 = 1(MKS units)

Each agent minimizes its own MPC cost over a horizon of N = 10 steps:

- Agent 1: min > (e1 — e2)? + (Aug + Auz)? (same tracking error, opposite Aw's)

- Agent2: min " e3 + 0.1(Auz)? (only on its own output and input increment)

State constraint: yo — y; > 1imposed over the first N, = 3 steps

Parameters: p = (2(t), u(t — 1), r(t)) € R4+2+2

(€) 2026 A. Bemporad - Optimization methods fo

GNEPs 24/38



EXAMPLE: GAME-THEORETIC MPC

e Solution: 4 critical regions with unique GNE, 3 with infinitely-many GNEs
o Split the latter using minimum-norm criterion -> 19 critical regions

o Compare with centralized MPC minimizing sum of costs + state constraints

inputs outputs
10
—— u2 Nash-MPC 10
51 —— u2 centralized
0+ 81
”] V |
6
S8 S T N E— /
0 2 4 6 8 10 =
10 4 —— ul Nash-MPC 41
ul centralized
51 / 5 —— y1 Nash-MPC
—— y2 Nash-MPC
01 1%
T y1 centralized
=51 04 —— y2 centralized
T T T T T T T T T T T T
0 2 4 6 8 10 0 2 4 6 8 10
Time [s] Time [s]

e Other criteria (v-GNE, minimum-norm, welfare) give similar closed-loop results

A. Bemporad - Optimization methods for GNEPs 25/38




NASHOPT LIBRARY

Contents based on the following paper:

A.Bemporad, “NashOpt: A Python library for computing generalized Nash equilibria and game design,” arXiv, 2025



LIBRARY CONTENTS

Solve nonlinear GNEs via nonlinear least-squares (=minimize KKT residuals)

Find (one or more) GNEs of linear-quadratic games via MILP

Solve game-design problems, such as inverse-games

Solve game-theoretic control problems (LQR and MPC)

ﬁ pip install nashopt N a s h O pt

(€) 2026 A. Bemporad - Optimization methods

for GNEPs 26/38




GENERAL PARAMETRIC GNEP

o General parametric GNEP with IV agents:

min,ep J(x*(p), p)
st. a7 (p) € argmin,, fi(z,p)
st. g(z,p) <0, h(z,p) =
l; <o <y

e Special cases:

- inverse game design: J(z*,p) = ||2* — Zdes||3
- feasibility: J(z*, p) = 0, to find any p such that a GNE z* (p) exists

- single GNEP: fix p = po (or no p), no cost J

(€) 2026 A. Bemporad - Optimization methods for GNEP
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OPTIMALITY CONDITIONS

o 2*(p) must satisfy the joint Karush-Kuhn-Tucker (KKT) (necessary) conditions

Ve, fi(,p) + Va,g(@,p) " Xi + Ve, h(z,p) " pi — vi + yi
d(Nij, —g;(x, p))
R(z,p) = | ¢(ik, ik —lik) =0
A(Yiky Uik — Ti k)
h(z,

p)

where z = (z, A\, p,v,y)and ¢(a,b) =0 < a>0,b>0,ab=0
(e.g., Fischer-Burmeister function ¢(a, b) = va? + b> —a — b)

e Solution methods:

single GNEP game-design problem
2*(po) € argmin. L||R(z, po)|3 mingep,. J([10]z,p) + £||R(z,p)|3
(nonlinear least-squares problem) (nonlinear optimization problem), p > 1

28/38




EXAMPLE: SINGLE GNEP

jax
jax.numpy as Jjnp
nashopt GNEP
sizes = [2, 1, 1] # [nl, n2, n3]

fl(x): # Agent 1 objective:
jnp. ((x[0:2] - jnp.array([1.0, -0.5]))**2)

f2(x): ...
£f3(x): ...

# Shared constraint g(x)<=0:
g(x):

jnp.array([x[3] + x[0] + x[2] - 2.0])

lb=np.zeros(4) # lower bounds
ub=np.ones(4) # upper bounds

gnep = GNEP(sizes, f=[fl,f2,£f3], g=g, ng=1, 1lb=lb, ub=ub, variational=False)
sol = gnep.solve()

(sol.x) # x* = [ 1. 0. 0. 0.5]

mization methods for GNEPs 29/38




EXAMPLE: GAME-DESIGN PROBLEM

e Solving a game-design problem:

nashopt ParametricGNEP

pgnep = ParametricGNEP(sizes, npar=2, f=f, g=g, ng=1l, lb=1lb, ub=ub,
Aeg=Aeq, beg=beq, Seg=Seq, h=h, nh=nh)

sol = pgnep.solve(J, pmin, pmax)

e Add (1/¢5 regularization term a4 ||z||1 + az||z||3 on J:

sol = pgnep.solve(J, pmin, pmax, alphal=alphal, alpha2=alpha2)

30/38
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LINEAR QUADRATIC GNEPS

e Linear-quadratic game-design problem:

min,, ;. J(x*,p)
st. a}(p) € argmin,, fi(z,p) =1z"Q'z+ (¢'+ Fip)'x
st. Az < b+ Sp, Aeq® = beq + SeqP
b <x <y
z_;=xz",p),i=1,...,N

e 2*(p) can be characterized via mixed-integer linear inequalities, by introducing
binary vars for modeling complementarity constraints (using the big-M method)

e If J(x*,p) is convex quadratic — MIQP problem. If J(z*, p) is piecewise affine
and convex (or zero)— MILP problem

e Multiple GNEs can be extracted sequentially by imposing “no-good”
constraints, that prevent combinations of active constraints already found

(C) 2026 A. Bemporad - Optimization methods for GNEP:

31/38



EXAMPLE: LINEAR QUADRATIC GAME

e Solving asingle linear-quadratic GNEP:

nashopt GNEP_LQ

GNEP_LQ(sizes, Q, ¢, F, lb=lb, ub=ub, pmin=pmin, pmax=pmax,

gnep =
A=A, b=b, S=S, M=le4, variational=variational, solver='highs')

sol = gnep.solve()
X = sol.x

Available solvers: highs (MILP), gurobi (MILP/MIQP), prox_admm?

e Get multiple GNEs (MILP only):

sol = gnep.solve(max_solutions=10)

¢ Solving game-design problem min,, %p’QJp + ¢;punder z*(p) being a GNE:

gnep_lq = GNEP_LQ(sizes, ... Q J=Q J, c_J=c_J, ...)

1 Proximal ADMM method of (Borgens, Kanzow, 2021), only for single vVGNEs
32/38

ptimization methods for GNEPs
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LQ GAMES - CPU TIME

e Compare solution methods on random LQ-GNEPs:

100
10t

o g 10°
£ £
> >
& 102 &
107
— MILP - HIGHS == MILP - HIGHS
MILP - Gurobi MILP - Gurobi
10-? — ADMM ., e ADMM
—_— LM 10 — LM

2 4 6 8 10 12 14 16 18 20 20 60 100 140 180 220 260 300
number of constraints

N = 5 agents, 2 variables each, increasing
shared inequalities

N agents, 2 variables each, 21V shared
inequalities

e Many agents, few constraints: prefer MILP (small number of binary variables)

e Few agents, many constraints: proximal ADMM could be preferable

D 33/38
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NON-COOPERATIVE LQR

e LQR gain K for given K _; is approximated by solving the algebraic Riccati
equation (ARE) by fixed-point iterations:
KE = (R + BIXEB) " BIXFA - BLK_)
Ap,=A-B_;K_; — B;KF
X = Qi+ ATXF A, + (KF)TR, K}

fork =1,..., NLqr, starting from X! = Q; (N.qr large enough)

e Define game with agents’ costs f;(K;, K_;) = ||K1.NLQR(K,Z-) — K;||% and
solve it via nonlinear least-squares method

o Alternative method: solve the coupled discrete-time algebraic Riccati
equations iteratively

(C) 2026 A. Bemporad - Optimization methods

for GNEPs 34/38




EXAMPLE: NON-COOPERATIVE LQR

e Compute Nash LQR gains K via nonlinear least-squares method:

nashopt NashLQR
nash_lqr =

NashLQR(sizes, A, B, Q, R, dare_iters=50)
sol = nash_lgr.solve(method = 'residual')
sol.K_Nash=K_Nash

o Computeinstead K; by solving directly the coupled AREs iteratively:

sol = nash_lgr.solve(method='riccati', riccati_iters=100, stop_tol=le-5)

(usually this method is much faster)

(€) 2026 A. Bemporad - Optimization methods for GNEPs
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GAME-THEORETIC MPC

e Game-theoretic MPC problem with input/output constraints:

T-1
(Au;, €;) € argmin <Z Wkt — (1) " Qu.i(yrs1 — 7(t) + AquQAu,iAui,k> + ge,i€
k=0

st.  xp41 = Az + Buy Yrt1 = CTp41
Ui = Uk—1,; + Dup u—1 =u(t—1)
Atmin < Aug < Aumax Umin < Uk < Umax

ymin_zfj\;l € Syk+l Symax"l‘zlj‘v:l € € >0
i=1,...,N,k=0,..., T —1.

o Agent #i's optimization variables: (Au; o, ..., Au;7-1,€;)

o LQ-GNE problem solved at each time t via MILP, given the fixed parameter

p = (2(t),u(t = 1),r(t))

36/38




EXAMPLE: GAME-THEORETIC MPC

Linear system: z € RS, u € R3,y € R3. Agent i controls u; and only weights y;

from nashopt import NashLinearMPC

nash_mpc = NashLinearMPC(sizes, A, B, C, Qy, Qdu, T, ymin=ymin, ymax=ymax,
umin=umin, umax=umax, dumin=dumin, dumax=dumax, Qeps=Qeps)

At each time ¢, compute the control move w(¢):

sol = nash_mpc.solve(x, ul, r)
u = sol.u

game-theoretic MPC

1 uy
—/_.—'—'_'_'_/ uy
0

0 5 10 15 20 25 30 35 40
time step ¢

centralized MPC

f—t

V u2
—

0 5 10 15 20 25 30 35 40
time step ¢
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CONCLUSIONS



CONCLUSIONS

e We have described different optimization methods to compute GNEs:

- Active-learning method for general GNEPs from best response data
- Multiparametric programming for linear-quadratic GNEPs

- Nonlinear LS/MIP + other solution methods for game-design and control problems

e Currentresearch:

- New solution algorithms for (convex) GNEPs
- Learn GNEs from data

- Stabilizing game-theoretic MPC
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