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Introduction

Multi-agent systems

Multiple self-interested agents that interact

Essential: Agents are coupled in their objectives
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Introduction

Multi-agent systems as games

Game theory: natural framework for analyzing interactions

Definiton of a game:

I' = {N, {./47;}7;6,/\/‘, {ri}ie./\/'}

- Characterize stable outcomes of multi-agent systems
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Challenges
Multi-agent systems with constraints

Central to multi-agent systems: Constraints

= Encode physical limitations, safety or regulartory requirements,
or inter-agent dependencies

— Ignoring constraints in multi-agent decision making results in
physical failures and safety risks

-> Action space A; is restricted to feasible actions

How to ensure outcome is not only stable but feasible?
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Challenges
Multi-agent systems with welfare objectives

Central to multi-agent systems: Inefficiency

- Self-interested decision-making can lead to inefficient outcomes
(congestion, overusage, inequality, etc.)

Individual perspective:
- Agent wants to achieve own goal:

T . A—=R

Global perspective:
- Central authorithy wants to maximize welfare objetive:

-4

How to ensure outcome is not only stable but efficient? S e e G UOE Y

I7/€Da‘M?¢N‘7" 320
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Overview

Ph.D. research overview
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! Part I: || Part Il: !
: Multi-agent systems with constraints : Multi-agent systems with welfare objectives '
| |
I » Chapter 3: Existence of constrained equilibriain I | » Chapter 5: Steering to efficient outcomes via
: games with coupling constraints : learning in Stackelberg games
| [Under review at Automatica] | [CDC 2025]
| |
: > Chapter 4: Learning constrained equilibria in | ., » Chapter 6: Learning efficient equilibria in
l games with private constraints I potential games via log-linear learning
\ [AISTATS 2024] )\ [TCNS 2026] N
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Other: » Eliciting truthful feedback for preference-based leanning [AISTATSZ2026]
» Reinforcement learning for scaffold-firee constnuction [SOF 2023 ]
» Preference-based distributed welfare maximization [Under review ot IOMIL]
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Part |
Multi-agent systems with constraints

['={N,{Ai}ien: {ritien: 19itien'}

—> Games are subject to constraints g; ()

—> Action aeA is feasible for agent i if g;(a) < 0

How to ensure outcome is not only stable but feasible?

| |

Existence conditions for Learning constrained
constrained equilibria equilibria
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Chapter 3

Existence of constrained equilibria
in games with coupling constraints

sycamere E PF L Anna Maria Maddux Ph.D. defense - Multi-Agent Systems under Constraints and Welfare Objectives 26.05.2026 10



Part |
Games with constraints

['={N {Ai}tien {Ti}ien 19itien}

» Playerwise coupling constraints:

gi:A >R VieN

» Common coupling constraints:

g:A—->R VieN

> Private constraints:

gi:cfli -> R VieN
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Part |
Existence of constrained correlated equilibrium

Definition

4 T
A distribution oeA(A) is arceqstiiibnieznredquilibrium if:

lestrﬁﬁﬂjm

> Bois éaahiligent i Bg.th (&)) = mux, cp, Eyos oo rifal]
N j

@ ERfEAS BSRU sty iRd ULk aAibférent quilibrd E..w_mr.@

—> Deviating is either unprofitable or infeasible

Unrealistic bu

Existence of constrained correlated equilibrium? necessary

» Games with playerwise coupling constraints: Strong Slater’s condition [1]

#olds for
» Games with common coupling constraints: Weak Slater’s condition [2] I\(I“ikp\igames

[1] E. Altman and A. Shwartz. “Constrained Markov games: Nash equilibria”. In: Advances in Dynamic Games and Applications. Springer, 2000.
[2] T. Ni*, A. Maddux*, and M. Kamgarpour, “On characterization and existence of constrained correlated equilibria in Markov games”. Under review: Automatica. 2025.
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' Chapter 4

Learning constrained equilibria in
games with private constraints
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Part |
Repeated game with private constraints

Consider game I' = {V', {A; }iens {1 }iew> 19:}ien } With private constraints g;: A; - R

a priori unknown - feasible action set c/llf = {a;eA; | g;(a;) < 0} unknown

At round t:
1. nglﬁeh@lxlaetssqfarameters a} = (K;,SP;,ST;) of building’s proportional controller

2. Hgentholdsehsesveskdedtrivityrdost ahyl zechperatiatdgiatibn from the setpoint temperature

) ﬂgﬂhﬂ]
H!!Hlil]#t‘.’lﬂ:llﬂ!lﬁ Q
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Part |
Constrained regret

Constrained regret of agent i:
Ry(T) = max E:,I:u,, _,]—Er,[u,, )
Il: -'k
[ |_— E_:l

Cumulative constraint violations of agent i:

o
WilT) = E[_‘I'I':.‘"::I]f
=1

Goal of learning agent i:

R;i(T)
T

» No regret —-0asT -

Vi(T)
T

—>0asT »

> No violation
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Part |
Estimates of the reward and constraint functions

1. Smoothness Assumption: w &= " =+  Fla) = (a’)
i =ar = alay) = glal)

2. Feedback: agent i observes: other agents’ action afi
noisy reward r;(a®) + &/, and noisy constraint g;(a;) + &,

: : BY(.
’ Smoothness assumption i — UCB*()
1 + feedback 1
) > 0 — f()
~ Gaussian process regression /LCBt(-)

Confidence lemma [1]: With probability at least 1 — §:

- Rewstrdifunction ,u{ﬁfﬁhﬁ}ﬂjﬁ;ﬁﬁﬂ#ﬂ}iuﬁ(@]ﬁﬁ'ﬂ%&lﬁﬂgﬁﬂ*:I:]qﬂl,:I
e e ———— S ——————

functiestiestitaates
L .-iﬂﬁl_i‘.‘[ﬁ‘,'p{'-: r.lldTHHE:_:]: T

[1] S.R. Chowdhury and A. Gopalan. “On kernelized multi-armed bandits”. In: International Conference on Machine Learning. PMLR. 2017.
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Part |
No-regret, no-violation algorithm

1: fort=1,...,T do

/* Check feasibility */ At round t, action q; is feasible if:
2: if min,, ¢4, LCB;‘, (a;) > 0 then > Cll'Ec/q{'t = {a;eA; | LCB;]:i(ai) < 0}
3: Declare infeasibility
4: end if

X* ; : *

/* Sample action from mmfd Sltmmg? 1/ - Repeated game with private constraints

5: Compute distribution p* using H;> " = {(a],a”;,7])};—; _
_ t  omt . =
: Sample a; ~ p", where Sleeping expert problem [1]
p'(a:) : t (g
pt(a;) = a,eA; P (@)’ if LCBy, (ai) <0, —> Action q; is feasible = Expert a; is awake
0, otherwise.

. oy Set pt as the update rule of the sleeping
* *
/* Update posterior mean and standard deviation */ expert algorithm AdaNormalHedge [2]

7: Observe 7} = r;(a’) + €., §¢ = gi(a}) + €, and a* ;. |
8 My =M U{(a", 7))} and Hy = He" U {(af, 3))}

9: Upda'te ug‘i(-)? o-’f'i ‘)3 N;i()g a'nd O’;z(')

10: end for

[1] Y. Freund et al. “Using and Combining Predictors That Specialize”. In: Proceedings of the Twenty-Ninth Annual ACM Symposium on Theory of Computing. Association for Computing Machinery, 1997.

[2] H. Luo and R.E. Schapire. “Achieving All with No Parameters: AdaNormalHedge”. In: Proceedings of The 28th Conference on Learning Theory. PMLR, 2015.
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Part |
No-regret, no-violation algorithm - Guarantees [ Holds for C‘”“G““é"]

Settings [1]

Theorem:

mt Assumptions hold and set ,Bﬁl. and ,Bgti adequately. Then for 6€(0,1) with probability at least 1 — § it holdsx
> R(T) = E?:[\/T(log(ff} + lﬂg(B}l) + \/Tlog(ﬂ,fé} + ;S‘E-,#T'}r,?:)

Sleeping expert Probabilistic  Estimate reward
regret guarantees  via GP framework

> V(1) =0(8] /7]

1
K Estimate constraint via GP framework %

Empirical joint distribution: " [a] = &|{t € [T] | a* = a}|

Proposition:

No-regret,no-violation
[[ After T rounds, o is an e-constrained CCE with & < max{maxieNRiTm,maxieNvi;T)} [1] }] O
learning constrained CCE

[1] A. Maddux and M. Kamgarpour, “Multi-player Learning in Contextual Games under Unknown Constraints”. In: Proceedings of the 27th International Conference on Artificial Intelligence and Statistics (AISTATS). 2024.
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Part |
Multi-building temperature controller design

» Each building’s heatpump is controlled by a P controller
» Problem:

ming,  energy cost J;(a;, a_;) s.t. temperature deviation g;(a;) < threshold,

where a; = (K;, SP;, ST;) = (controller gain, setpoint temperature, switching times)

E 25 i 1= a4 [ =
S | ] e — | e —
4{_6 204 W 24{'0
@ ] 1 i i chdaMarmalGP
15 1 1 | 1

g— ! ! ! ! GPMW «
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e i . min cos
8 ,| wight!Day i nNight iDay | Night 4 2000 - min feasible cost
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Overview

Ph.D. research overview

P B BN N S S S S S S S S S S B S B S e S e . S BN N S S S S e S S e S e S S e Ea e Eae e e .

/ S /7 N\
/ Nt Y
! Part I ! Part Il |
: Multi-agent systems with constraints : : Multi-agent systems with welfare objectives :
I I I
I » Chapter 3: Existence of constrained equilibriain =~ | 1 » Chapter 5: Steering to efficient outcomes via '
: games with coupling constraints : : learning in Stackelberg games :
| [Under review at Automatica] I [CDC 2025] !
| I '
: » Chapter 4: Learning constrained equilibria in : : » Chapter 6: Learning efficient equilibria in :
I games with private constraints I potential games via log-linear learning I
\ [AISTATS 2024] K '\ [TCNS 2026] )
N . . .~ _

Other: > Eliciting truthful feedback for preference-based learning [AISTATS 2026]
» Reinforcement learning for scaffold-free construction [SCF 2023 |
» Preference-based distributed welfare maximization [Under review at ICML]
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Part I
Multi-agent systems with welfare objectives

['={N,{Ai}ien: i }ien W}

- Games admit multiple equilibria with different values of
welfare W(-)

How to ensure outcome is not only stable but efficient?

| |

Incentive design:
Steering to efficient
outcomes

Equilibrium selection:
Learning efficient outcomes

sycamere E PF L Anna Maria Maddux Ph.D. defense - Multi-Agent Systems under Constraints and Welfare Objectives 26.05.2026 22



Chapter 5

Steering to efficient outcomes via
learning in Stackelberg games
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Part Il
Incentive design

C Central
Authority
-«

Multi-agent system (e.g. ride-hailing markets) with:

Agent (e.g. electric vehicle): maximize utility JJ; + X > H— R

- Inefficient decision-making

Central authority (e.g. governement): introduces tolls, pricing
schemes, subsidies etc.

- Minimize socialcost J : Il x X — R

Goal: Steer agents towards socially desirable behavior
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Part Il
Stackelberg game

1. Leader (Central authority): Set # & IT — R*

2. Foll Agents): Ob -
ollowers (Agents) Sesz;’eeﬂxi — :|L Lower-level is a game I'(x} = { A" {A; o AU o}

Laader I:"-:-II;:-:‘-:-H-
N, o1 ‘...I'[Tr,.':."'{n}:.l:, .l xl(w) € arg max E.J'.-[J':.-, x' (T); :l:i vie N

x"{m] = a unigue Naxh agailibrium (ME) of [x])[1]

—> A stable outcome is the Stackelberg equilibrium (7, x* (7))

[1] J B. Rosen. “Existence and uniqueness of equilibrium points for concave n-person games”. In: Econometrica: Journal of the Econometric Society (1965).
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Part Il
Challenges in Stackelberg games

Challenge: Leader does not know the agents' utilities {L7; };=
Remedy: Leader can observe its realized cost ./ #, x(#]]

Leadedcodes

pail u.,.E_ﬁ” vall®, S1W, (ThYL. ¢

Aggumption: Followers respond ¥(®) 5.t

E[Jz{r) — =" (x)]|%] < ¢

Can the leadat RupttaepmSrackislbergfntitniivenct comildbiurativnpofslsledalized cost?
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Part Il

Repeated Stackelberg games

At each round t:

Followers
1. Leader sets rt t g

I'(r) is black box

2. Followers respond with an approximate NE x*(7r?) for leader
3. Leader observes J(rt, xt (n!))

Leader’s regret:

T
R(T) = Z J{, 2 (7] — !r[:-:]l!:...lrl:'.'l'l 2 (7))
f=]

N .
= 3 diat 2t (1)) - I, 2 (7)) + 3 Jintxt (7)) - min I (r, 2 ()
=] =1 )

" e S e e e

L. 2.

- Leader's additional cost beyond its optimal value due to:
1. Followers learning an approximation xt(r?) of the unique NE x* (%)
2. Apriorinot knowing ®" & arg mit, S, 2 [%]]
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Part Il
Confidence bounds for misspecified feedback

1. Smoothness assumption: & &= & =+ J{# "7 = Jix, 2" (7))
2. Misspecified feedback: leader observes J(t, xt (")) rather than J (%, x* (%))

“] Smoothness assumption j
] + misspecified feedback . .
0] > 0 /](n'x (T[))
: Gaussian process regression z y .
N b — e E])
Confidence lemma [1]: With probability a:c“\ misspecification adjustment
)= (8" + Lyev't)e" Y= (Tl p “HE) 4+ (8" + Lievt)et™ "[17]
= i
LEr) Fiml

[1] I. Bogunovic and A. Krause. “Misspecified gaussian process bandit optimization”. In: Advances in Neural Information Processing Systems (NeurlPS) (2021).
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Part Il
Learning Stackelberg equilibria - Algorithm

j—t

cfort=1,...,T do
/* Followers learn approzimate Nash equilibrium */
2: Inner loop: Within K rounds, followers compute Z(n*) = ApproxNE(7?, K) s.t.

E[|jz* (") — &(x")||”] < C(x")K~°
No-regret algorithm for

3:  Followers set zt(7?) = z(n?). the leader

/* Leader updates its cost function estimate */

4:  Leader observes J(rt, z* (7). - N
5: Leader updates p!t! and ot*! via GP framework. No n.eed for '
6: Leader chooses and announces: gradient-based techniques.
t+1
7 € angmig S ) = ') - (8741 + L) o)
s ag
7. end for
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Part I
Learning Stackelberg equilibria - Guarantees

Theorem: [1]

éAssumptions hold. For &, 6¢(0,1) and adequate B¢, the following holds: \

1. With probability at least 1 — §:

RT) < O[5 + vATITK I + A7/47T)

ME approximation J unknown

1
2. Assume U;: X X II - Riis Ly, —Lipschitz continuous in xeX. If K(¢) = O(TE), then with probaility
at least 1 — 6 there exists a t*¢[T] such that:

K (nt*, xt” (nt*)) is an e-Stackelberg equilibrium. /

[1] A. Maddux*, M. Maljkovic*, N. Geroliminis, and M. Kamgarpour, “No-Regret Learning in Stackelberg Games with an Application to Electric Ride-Hailing”. In: 64th IEEE Conference on Decision and Control (CDC). 2025.
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Part I
Learning in ride-hailing markets

* Ride-haling companies (Followers): Allocate electric vehicles to districts with

I; € ||:.I'|"":I.I||-|:l|.|:.|IFI 'IJ'.' € R:-I |1I'T'l' :_" MII'

 Government/ Power provider (Leader): Set electricity prices we[0, 7,4, ]¢ and minimize social cost
mh g
Tix) = 175k - €1

=ik

LS &, = d4
% 08 e . 10~ |
I-:LE .-r - — I . T
v LI R P — | - " E S,
= " LI S — — 101 - ————
L 5o 15 W I hy L %“%:3{1 vy
B ¥ i R
TR [terntiom £ = in-2 o L0 '-._r'l- _"'-"I- I| B w rqlf::"l.:
i1 o= T o= L5 / | I"l.l'" R
o= 03 T 10-4 — =1 Ii' "'-.-"'r III
o= 0] T — = ]
(i I
G & 10 12 14 16 18 40 2% 24 f 1 15 Hi a5
leeration ¢ lterntson ¢
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' Chapter 6

Learning efficient equilibria in potential
games via log-linear learning
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Part Il
Potential game

7 N
Game T is potential with ®: AY: - [0,1], if:

Uilag, ) — Uilak, o) = $lag, a) — Plag, 0y

\ J

- Examples: Congestion games, Identical interest games

- In potential games a Nash equilibrium exists [1]:

a” € ArE MAX - 4~ "I'{l':l] COOPERAT
ﬁ#@ Hea
A A

Can an efficient Nash equilibrium be learned in potential games? " g Afb"
I SU N

By Christopher X Jon Jensen (CXJlensen) & Greg Riestenberg (Own work)
[CC BY-SA 3.0 (http://creativec .org/lici /by-sa/3.0)] via Wikimedia Commons

*h £
E DEFECT

- Nash equilibrium a* is termed efficient

COOPERATE

DEFECT

[1] D. Monderer and L.S. Shapley. “Potential games”. In: Games and Economic Behavior (1996)
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Part Il
Log-linear learning

Fort =1,2, ...

1. Agentiis randomly chosen

2. All other agents repeat their action, i.e. a®; = a';*
3. Agentisamples a;~pfeA(A) with

E=1.

(o) = —
R ST

'"'ll-l".-:I —#

- Log-linear learning induces an irreducible and aperiodic
Markov chain {X,},.n with:[1,2]

1 aAUilEa-)
TNY.eftdaia) Lyvia (i)
a'Ed ™
\_'_Il Y J\ Y J
1. 2. 3.

'F:l Y

I"-,n.' 05,685 lII||| 1. a,if
= =,
Fo d |
| |
| ..'. I -]I.
JI||I_||'._||'._|'.
— =l
'-.___ I
P 5,0 0k
1
fo { |
EE 12 [E

— Y
Fre, oo
Py ihgeah

L=

(O

-Ir- i I" i
| | |

|

i .II ! I

e e

Feyancie P

[1] J.R. Marden and J.S. Shamma. “ Revisiting log-linear learning: Asynchrony, completeness and payoff-based implementation ”. In: Games and Economic Behavior (2012).

[2] L.E. Blume. “The statistical mechanics of strategic interaction”. In: Games and Economic Behavior (1993).
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Part Il
Convergence time of log-linear learning

Theorem: [1]

/For £e(0,1) and initial distribution u°, assume agents follow log-linear learning with /@ = II:.’L. log “'1 j : Then\

E -t ®la) = max_ . qv $la) —e

for |
= (J\r!ﬂnl:-"-:" ]E:]
were pt = uOPtand & = mingq 44 401 1F(a*) — B{a]) is the suboptimality gap. J

» First finite-time convergence rate to s-efficient Nash equilbrium in potential games

> Convergence time grows polynomially in A and 1/; and exponentially in N

By exploiting suboptimality gap unavoidable

[1] A. Maddux*, R. Ouhamma?*, H. Catic, and M. Kamgarpour, “Finite-time convergence to an e-efficient Nash equilibrium in potential games”. In: IEEE Transactions on Control of Network Systems (TCNS). 2026.
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Conclusion

Key takeaways & future work

/ Qe WEN EEN EmL EEN EEL EEN REN SR RSN BN SEN RN RN RN RN RSN RN SN RN MR RN R R R S R Em EEm D Em = LS \ —_—
[ 1
: Existence of constrained correlated equilibria :
| . , , , : L The type of constraint sets dictate
I » Strong Slater’s condition necessary for playerwise coupling constraints | the existence condition
I > Existence under weakened Slater’s conditon for common coupling :
: constraints : Learning in games with coupling
\ / constraints
N e e e e e e e e e e e e e e e e e e e e e e e e e e e o e 7/ ]
B e ettt ~. T » Conditions?
[ \ » Settings?
! . . e e ' » Type of constraints?
;  Learning constrained coarse correlated equilibria (CCE) | YP o ,
: , Global equilibrium notions can be
L : | —
I > Developed a no-regret, no-violation algorithm recover(.ed from local strategy
I : . : : : ! improvements
i » Convergence to constrained (CCE) in games with private constraints |
, |
\ /
~ 7’
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Conclusion

Key takeaways & future work

/ S e L T T EEEEEE_—_——— ~ \
[ 1
: Incentive design in Stackelberg games :
I |
I » Developed no-regret algorithm for the leader '
: » Convergence to e-Stackelberg equilibria without needing followers’ :
| private utility gradients |
\ /]
N —_——a—e— e —m——m e " bt M M_H 7
/ S e L T T EEEEEEE_—_——— ~ \
| }
: Learning efficient Nash equilibria |
, |
: » Finite-time convergence guarantees of log-linear learning to :
: e-efficient Nash equilibria in potential games |
, |
\ /
N —_—_—a——e— e —m— bbb b b M _E—EE_——_L 7

Central authority learns optimal
— incentive that minimizes

social cost
» Extend to contextual Stackelberg

games

— » Consider preference feedback
for the leader

> De5|gn |ncent|ve scheme with

Agen can in pen dently
ub mearl creasm
- earnet outc mesm
ntr ThieRens

specific game settmgs
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Thank you!
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Appendix
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Part |
Constrained correlated equilibrium

» Stochastic modification of agent i: £4; : .-‘1.' —+ -':'l-[.-‘i.':l
» Modified distribution ¢; o o with geA(A): [y o) =57 o gl |l jerfad a ;)

> ¢; is i-feasible: E, 4 -olgla}| < (0

Definition

Ve N
A distribution oeA(A) is a constrained correlated equilibrium if:

> oisfeasible: E . |g;(a}| < 0

> Foreachagenti: E, . |riln)] & max,, 1o imsibie Bgedar [ Tila]]
\_ ' i J

- Deviating via a stochastic modification is either unprofitable or infeasible
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Strong Slater’s condition

Strong Slater’s assumption / : E :

[For any agent i and distribution o, there exists modification ¢; such that: E, . ..lgla)| < }]

- Under strong Slater‘s condition a constrained Nash equilibrium exists [1]
i} Holds for Markov

- Implies existence of a constrained correlated equilibrium §aMes

Can strong Slater’s condition be weakened?

- Not in games with playerwise coupling constraints

[1] E. Altman and A. Shwartz. “Constrained Markov games: Nash equilibria”. In: Advances in dynamic games and applications. Springer, 2000.
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Part |
Existence condition

—> Restrict to common coupling constraints (g;(-) = g() for each agent i)
- Deterministic modification of agent i: @;(k} : A; —+ A, with ke[K;] and K; = [{d;(E} - A, — A H

Weaker Slater’s assumption

[ N
For any agent i and distribution o such that E_.__|ip,(a}| = (I, there exists an aeA(K;) with ay > 0 for all k such that:
Ek—l:l'”i:E.-:--.;.l,.l.-::.:-l_E-":.I'!:ll < 1l
- J
Theorem
Let the weaker Slater assumption hold. Then, in games with common coupling constraints ﬁ Holds for Markov
games [1]

there exists a constrained correlated equilibrium.

[1] T. Ni*, A. Maddux*, and M. Kamgarpour, “On characterization and existence of constrained correlated equilibria in Markov games”. Under review: Automatica. 2025.
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Part |
Constrained coarse correlated equilibrium

Definition:

/A distribution oeA(cA) is a constrained coarse correlated equilibrium (CCE) |f\
> o isfeasible: E ., lg a1 <1

> Foreachagenti: K, |r(e)] = max B, . [rla, a_,)

& 0 €47 /

Empirical joint distribution: «” [a] = &|{t € [T] | a* = a}|

Proposition:

{After T rounds, o7 is an e-constrained CCE with £ < max{maxieNRiTm,maxieNvi;T)} [1]}]

1"#$%8&'()*+,-./0123456789:;RyFR<=R>FR? @ ABCDEFGHIEKLMNEORQRRRRRH#S. ) FE'0<6 829, 24.52-$%(7/138=0>? @PAREBCDERFGHIJKLEMNOPRQRSERREO Usaaa54cé@esiilifi 00668 0ud iyRRRERSTUVWXYZ[\]*_abcdefghi
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Part Il
Proof outline

By Holder’s inequality:

B,y [8(a)] 2 Eqey[P{a)] ~2 Jf — plzy max $a)
—_rm—" "- i o 1 AN

First term Second term 'u'l
o,

"

Lemma: = K, - g Pla) — 5 = 2t — plry max Pa)

Me— —

emima: ( For i =1} r' & Jq@;@gms&uﬁag B, fBED] = max,. gv BlaFl ef2
K wo 1 J \

For I = ] =k }; it holds that [[af — 7 = £, 2. We used that:

Lt = pllpy < e/2ift> b (loglog 1 +2lag 2]

k| -3 1 - =il
2. Forlog-linear-learning it holds that g FF*) = WA z:,..,:‘:""'ﬁ""' with fiyis = 5w and Pais = L

\_
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Part |l

1. Reduced dependence
on number of agents [1]

Consider symmetric potential games:

Uilan, .., ax) = Uiy (o130 -+ taa)

Assume agents follow modified
log-linear learning:

» Potential games:

=6t

» Symmetric potential games

=6 (x4)

Extensions of log-linear learning

2. Reduced feedback [2]

Consider binary log-linear learning:
Select between a;'~Unif (A) and af

» Feedback LLL: {Ui(ai; aii)}a_iedq

» Feedback binary LLL: Ui(ag, afi)
and U;(at,a’))

—> Same convergence time up to
constants

[1] D. Shah and J. Shin. “Dynamics in congestion games”. In: ACM SIGMETRICS Performance Evaluation Review (2010).
[2] G. Arslan, J. R. Marden, and J.S. Shamma. “Autonomous VehicleTarget Assignment: A Game-Theoretical Formulation”. In: Journal of Dynamic Systems, Measurement, and Control (2007).
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[ 3. Corrupted utilities

Consider noisy utilities with bounded
noise &1 [ij(a)l = U{a) + £ (a)

Assume agents follow log-
linear learning:

> Noiseless utilites:

E. . |®a) > max_. v $la) —e

» Noisy utilities:

E, ..t |[®a)] > max_ . v Bla) —e — QL)
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