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Today's Talk

Strategic interaction in dynamic
Challenge ) ,
multi-agent environment

Interaction between
decentralized RL
agents

dynamic
environment

Approach Markov Near-Potential Functions



Convergence of Decentralized Actor-Critic
Algorithms in General-sum Markov Games

C. Maheshwari, M. W\, 5. Sastry. Convergence of Decentralized Actor-Critic Algorithm in General-sum Markov Games. IEEE LCSS 2024
C. Maheshwari, M.Wu, D. Paj, 5. Sastry. Independent and Decentralized Learning in Markov Potential Games. IEEE TAC 2025



Decentralized RL algorithms in shared environments
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What is the long-run outcome of interaction between decentralized MARL algorithms!?




Related Works

[Static games] Fudenberg and Levine (1998), Leslie and Collins (2006), Marden, Arslan, and Shamma (2009),
Cominetti, Melo, and Sorin (2010), Panageas and Piliouras (2016), ...

[Purely Competitive + Purely Cooperative Markov Games] Leslie, Perkins and Xu (2020), Daskalakis, Foster,
and Golowich (2020), Sayin, Zhang, Leslie, Basar, and Ozdaglar (2027), Sayin and Ulnu (2022), Guo, Fu, Yang, and
Wang (20217), Sayin, Farise, Ozdaglar (2022), Baudin and Laraki (Z2022) ...

A policy * is e-Nash equilibrium if

Outcome
Nash ‘/z(//ta ﬂ;ka ﬂi) > ‘/z(/’tﬂ Tt ﬂikl) — €
equilibrium Viel,ue AW)

[Weaker Convergence] Borkar (2002), Jin, Liu, Wang and Yu (2023), Li, Chi, Wei and Chen (2022), Mao and Basar
(2022), Song, Mei and Bai (2022), Zhang, Kakade, Basar and Yang (2020), ...

Our goal is to analyze the convergence of standard reinforcement learning algorithms in dynamic
multi-agent settings, without assuming any structure on utility functions



Contributions

> First characterization of convergent set of interaction between decentralized
actor-critic algorithms in general-sum (aka mixed competitive and
cooperative) Markov games

> A new framework (Markov near-potential function) to study multi-agent
iNteraction N dynamic games

C. Maheshwari, M. W\, 5. Sastry. Convergence of Decentralized Actor-Critic Algorithm in General-sum Markov Games. IEEE LCSS 2024
C. Maheshwari, M.Wu, D. Paj, 5. Sastry. Independent and Decentralized Learning in Markov Potential Games. I[EEE TAC 2025



Decentralized Actor-Critic Algorithm

Critic: Update g-function only in previous state-action

action a., | I
: TD Error

Actor: Update policy only Iin previous state

: Previous local
reward 7,

: Previous local | g (s, a) = q(s, a)+ Vg0 (14 6m(s™) T qi(s™) — qi(s, a))
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Markov Near-potential Function

A function @ : § X I — R is called a Markov Near Potential Function (MNPF) for sgame G
with closeness parameter k if for all z;, n; € 11, 7_; € 11_;

| O, x,w_) — P, m,n_;) — (V(u,myn_) — Vu, m,m_)) | < «l||x; — x|

Change in potential due to unilateral shift Change in value due to unilateral shift Closeness

parameter
V2
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X. Guo, X. Li*, €. Maheshwari, S. Sastry, M. Wu. Markov a-Potential Games. IEEE TAC 2025
C. Maheshwari, M. WL, 5. Sastry. Convergence of Decentralized Actor-Critic Algorithm in General-sum Markov Games. IEEE LCSS 2024



Structural Properties

» Every Markov game admits a Markov near potential function with some closeness
parameter K

» Closeness of gradients: For any Markov game G and an associated near potential function @
with closeness parameter K,

10, m) oV, m)
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Theorem (informal)

Consider a Markov game G and an associated near-potential function @, with closeness
parameter k, such that game has finitely many Nash equilibria.

Then the decentralized actor-critic learning algorithms will converge to a neighborhood of

ﬁ

one of these equilibria

*K

Size of the neighborhood depends on |

» closeness parameter K

» exploration rates of users @
» ergodic properties of state transition

C. Maheshwari, M.Wu, S. Sastry. Convergence of Decentralized Actor-Critic Algorithm in General-sum Markov Games. IEEE LCSS 2024



Sneak Peek Into Analysis

» Asynchronous two-timescale stochastic approximation theory

» Fast time-scale: Assume that policy Is stationary and analyze g-dynamics

.

g (s, a;) = qi(s, @) + Vysa (1 + 0m(s ) ' qi(sT) — qi(s, @)

C. Maheshwari, M. Wu, D. Paj, S. Sastry. Independent and Decentralized Learning in Markov Potential Games. IEEE TAC 2025



Sneak Peek Into Analysis

» Asynchronous two-timescale stochastic approximation theory

» Fast time-scale: Assume that policy Is stationary and analyze g-dynamics

.

q;r(Sa a;) = q.s,a;) +y (s,a) (’"i + o7 )Tqi( ) — qi(s, Cli))

= u(s,a,m_)+ 5 Z P(s'|s,a;, ° )Vds; m, n%))

Contraction property of I D-operator s'eS

C. Maheshwari, M. Wu, D. Paj, S. Sastry. Independent and Decentralized Learning in Markov Potential Games. IEEE TAC 2025



Sneak Peek Into Analysis

» Slow time-scale: Assume convergent g-dynamics, analyze the policy updates

7 (s) € ms) + Py (arg max Z PT%‘(S)—”i(S)>
pEA(Al) CZEAZ-

l ql'(S) — Qi(Sa ﬂia ﬂfl)
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Main step: Take  @(7) = @, — P(x7) as an (approximate) Lyapunov function

d
f 7° i1s not a C(kx 4+ @)-Nash equilibrium then d—qﬁ(r) <0
T

C. Maheshwari, M. Wu, D. Paj, S. Sastry. Independent and Decentralized Learning in Markov Potential Games. IEEE TAC 2025



Theorem (informal)

Consider a Markov game G and an associated near-potential function @, with closeness
pDarameter k, such that

|. Game has finitely many Nash equilibria, ana

2. The near-potential function is Lipschitz continuous
Then the decentralized actor-critic learning algorithms will converge to a neighborhood of

ﬁ

one of these equilibria

*K

Size of the neighborhood depends on |

» closeness parameter K

» exploration rates of users @
» ergodic properties of state transition

C. Maheshwari, M.Wu, S. Sastry. Convergence of Decentralized Actor-Critic Algorithm in General-sum Markov Games. IEEE LCSS 2024
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a-RACER: Real-time Algorithms for
Autonomous Multi-Car Racing

C. Maheshwari*, D. Kalaria*®, 5. Sastry. Real-Time Algorithms for Game-Theoretic Motion Planning and Control in Autonomous Racing using Near-Potential
Function (L4DC 2025)



Autonomous Racing Is a becoming a popular testbed to design real-time
competitive strategies while operating vehicle at 1ts limrts

AUTONOMOUS
CHALLENGE

g 4

Overtake Defend



Key Question

How to adapt the optimal race-line In real-time to compute high-
performing trajectories for autonomous car?




Contributions

» Markov game with novel policy parametrization that enable competitive maneuvers

» Compute competitive trajectories by optimizing near-potential function

» Testing on 3 car racing that beats many baselines in simulations

Competitive

Markov Game . .
Trajectories

APD”QX'mate Markov Near- Optimize near-
Mmulti-agent

-t era o potential Function potential function




A policy 6* is e-Nash equilibrium if

Outcome
Nash Vilu, 07,0%) 2 V(u,0,0%) — €
equilibrium Viel,0,e®,uc AS)

Car2 CHD

Car | V4, V) Defending  [No Defending

. Overtaking
No Overtaking




Nash
equilibrium
Car?2 CEp
Car | Vs, Vs) Defending  |No Defending
Overtaking (5,2) | (10, O)
. No Overtaking | (0, 10) | (O, 20)

A policy 6* is e-Nash equilibrium if
Vi(//ta 6’1-*9 Hfl) 2 Vi(/’ta Hi? Hi) — €
Viel,d e, ue AlS)

l

Computing Nash Is hara

Can we approximate It?



Markov Near-potential Function

A function @ : § X I — R is called a Markov Near Potential Function (MNPF) for sgame G
with closeness parameter k if for all z;, n; € 11, 7_; € 11_;
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X. Guo, X. Li*, €. Maheshwari#, S. Sastry, M. Wu. Markov a-Potential Games. IEEE TAC 2025
C. Maheshwari, M. WL, 5. Sastry. Convergence of Decentralized Actor-Critic Algorithm in General-sum Markov Games. IEEE LCSS 2024



Structural Properties

» For any game, the maximizer of near-potential function yields a—approximate Nash eq




A policy 6* is e-Nash equilibrium if
‘/l(//ta Hi*a Hikl) Z ‘/l(//t9 Hi’ Hikl) — €

Nash
equilibrium Viel,te0,ue AS)
Car2 G
(V1, Vz) Defending  [No Defending - - (I)
Car |

Overtaking (5, 5) ( | O, O) Overtaking Defending 5

Overtaking No defending O

No Overtaking (O, ZO) (O, | O) No overtaking Defending 0

No overtaking No defending O




Multi-agent Autonomous Racing as a Dynamic Game

» [Set of player] Each car is assumed to be competing for winning itself

» [Set of states] [he state of it car is defined as | > Angular velocity

X' = (pk,p, ¢ vs, v}, w")

Position in Frenet | :l; | Velocity in Frenet
frame frame

Orientation

h car Is defined as

(d*, &%)

Throttle J -l; Steering

» [Set of actions] The action of i



Multi-agent Autonomous Racing as a Dynamic Game

» [Dynamics] We use dynamic car model that accounts for non-linear tire forces
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» [One-step Utility Function] Maximize its relative progress on the track compared to

previous time step

’I“i (Xt7 Ui, Xt—l-l) — (pfv,t-l-l — MaX g4 p;,t+1) o (p?’:’t - HHaXjz p;’t)

—

Progress relative to
others at time t+1

-

Progress relative to
others at time t



Novel Policy Parameterization

» Model Predictive Control (MPC) to track competitive reference trajectory

Reference o
Trajectory Control variation
K refik\ |2 K-1 Lk  k—1 2
Doy dy” — dy |
min Z ' Z Lk ci,k—1 Weight
() ()t v P k=1 g ’ Matrices
k+1 ok ik
S.t. xz _ fz(Xt,ll: ) D ﬂC]m/CS
1,0 4
Xy Xt
A < §F gL < ASE Wk =0,1,...,K — 1 |
min _Z ) e Input Constraints
) )
d. <d*<dg = Vvk=01,.,K-1
P < Wmax, Vk=1,..,K Track Constraints
1,k N5 min _ ' ‘
py,t Pyt >py s Vk=1,..,K,Vj#1 Collision Avoidance Constraints
3:’,]: _ m”’: > pmm, Vk=1,...,K,Vj # 14, (interpolated trajectory of other cars)




Design of Reference Trajectory

» [he optimal race line Is adjusted to account for overtaking and defending other cars

[Overtaking] Overtake from the side

\
FOﬁOn _____________________
. P S
Overtaking oflon — . .. IL ,
Parameters
- 5

Reference Iraj

[Defending] Defend if the following vehicle is faster

Defending . < —
barameters /
oo~ p \S 3 Reference Traj
=




Policy Parametrization

0=(0,R,s,5,,53) ——>  MPC Policy

L | | Overtaking and
MPC Objective Defending
Parameters

Parameters




Algorithmic Approach

[Offline Phase] Learning a nearest-potential function through simulated race data

Approximation
iéiﬁlmoe[ter Parametrized Parametrized Value function
a,¢ potential function (computed through simulated races)

S.1. ‘ (I)(X9 Hia H—i; ¢) o (I)(Xa Hl’,a H—i; ¢) o (‘/Z(Xa Hia H_i; I/) o ‘/l(Xa Hi’a H—i); I/)) | S a

Change in potential due to unilateral shift Change in value due to unilateral shift

Vielde,0_, €0_,xed

[Online Phase] Optimize the near-potential function

Computed
Offline

0* € argmaxgco P(x¢, 6; 0*) 11% — 7Ti(xt; 9*’i)
Policy

parameter Current state



Numerical Performance: 3 Car Racing

» [Offline Training] VWe generate simulated race data from 4000 races with randomly
chosen policy parameters

» [Online Optimization of Potential Function] VWe maximize the potential function
online

Frequency
- - NJ
o i o

w

0 0.0 0.5 1.0 1.5 20 25 3.0

Nash Regret (Percentage)

Potential function maximization results
in Nash Regret within 3%



Comparison with Baselines

Racing Scenario # wins (Ours) | # wins (O,) | # wins (O,)
Opponent use lterated Best Response 73 22 4
Opponent use self-play RL 91 14 1




Race with self-play RL
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Near-Potential Policy Optimization for General-
sum Multi-agent Reinforcement Learning

A. Kalanther, S. Bharvirkar, S. Sastry, €. Maheshwari. Near-Potential Policy Optimization for General-sum Multi-agent Reinforcement Learning
Working paper: https://arxiv.org/abs/2603.069 77/



Multi-agent Reinforcement Learning

> MARL Is a popular training pipeline that allows us to train autonomous agents In dynamic
multi-agent environments

> Popular MARL methods:

MAPPO / HAPPO: Designed for common-interest games
IPPO: Commonly works well for adversarial games

Self-play RL: Zero-sum games with identical roles or symmetric players

Can we develop a MARL algorithm for general-sum games with
heterogeneous players?




Contributions

> | everaging the near-potential structure to develop a deep MARL pipeline that
can be used In general-sum dynamic games

» Compare performance against state of the art MARL algorithms

A. Kalanther, S. Bharvirkar, S. Sastry, €. Maheshwari. Near-Potential Policy Optimization for General-sum Multi-agent Reinforcement Learning
Working paper: https://arxiv.org/abs/2603.069 77/



Markov Near-potential Function

A function @ : § X I — R is called a Markov Near Potential Function (MNPF) for sgame G
with closeness parameter k if for all z;, n; € 11, 7_; € 11_;

‘ (I)(//ta ﬂi,a ﬂ—i) _ (I)(/’ta ﬂia ﬂ—i) B (‘/l(/’ta ﬂi,a ﬂ—i) _ ‘/l(//t, ﬂia ﬂ_i)) ‘ S a

Change in potential due to unilateral shift Change in value due to unilateral shift Closeness
parameter

Structural Properties

» For any game, the maximizer of near-potential function yields a—approximate Nash eq

Gliven a game can we learn a near potential function @ which yields a—Nash
equilibrium with small value of a!

X. Guo, X. Li*, €. Maheshwari#, S. Sastry, M. Wu. Markov a-Potential Games. IEEE TAC 2025
C. Maheshwari, M. WL, 5. Sastry. Convergence of Decentralized Actor-Critic Algorithm in General-sum Markov Games. IEEE LCSS 2024



Proxy MARL Objective

A function @ : § X II - R is called a Markov Near Potential Function (MNPF) for same G
with closeness parameter k if forall 7, n; € I, n_, € 11_,i €1

‘ (D(/’ta ﬂi,a ﬂ—i) — (I)(/’ta ﬂia ﬂ—i) B (‘/l(//ta ﬂila ﬂ—i) - ‘/l(//t, ﬂia ﬂ_i)) ‘ S 04

Change in potential due to unilateral shift Change In value due to unilateral shift Closeness
parameter

Converting it to an optimization problem

min max\ (P, m;, m_;) — O, m,w_y) — (Viu, m,m_)) — V(u, /, m_;)) |
TT;, 0, TT_;

0, l

Key insight: [0 approximate Nash we only need to approximate potential
near a suitable “reference policy”

(Alphabetical, *Corresponding authors)X. Guo, X. Li*, €. Maheshwari®, M.\Wu, S. Sastry. Sastry. Markov a—potential Games. I[EEE TAC 2025



Proxy MARL Objective

» Consider a potential function candidate @

7Y s a Nash-equilibrium of cooperative game with value function as ®

ﬂi”r,CD

: 5 >I<,(I)
s a best-response of player 1 when opponents play 7

Proxy F (D)
Objective N

Change In potential due to unilateral shift ~ Change in value due to unilateral shift

Proposition

Suppose that, for some @, F,(P) < a for every player i. Then a®

Nash eq.

S a an @—approximate

A. Kalanther, S. Bharvirkar, S. Sastry, €. Maheshwari. Near-Potential Policy Optimization for General-sum Multi-agent Reinforcement Learning
Working paper: https://arxiv.org/abs/2603.06977



Overview of MARL Training Pipeline

F(®@) = @(r ) = @z, 7 ") = Vi(r ) = Vi(z, 7 )

> Our MARL training pipeline is based on solving min max F;(®)
O el

o

Potential
Function

M2: Adjusting
Potential

MI: Adjusting
Reference Policy




MARL Training Pipeline
F®) = ®(r *) = @z, *) = Vi(r ¥ = V'@, 7 )

> Our MARL training pipeline is based on solving min max F;(®)
O el

> Since this Is a non-smooth optimization, we consider the log-sum exp smoothing

- !
ngn Ig};( F(D) q m(;n Fp(®) = 5 log( ,-EZ/V exp(fr(®)))

As [ 1 00, Fjy(®) — max F(®)
ieN

> For tractability, we consider potential function @ that is parametrized by w € W (e.g.
neural network, linear parameterization, etc)




MARL Training Pipeline: Gradient Estimator

> We develop a gradient-based scheme to solve mi‘?,F 5(Dy,)
we

» Computing the (first-order)gradient is challenging due to the structure of Fy(®,,)

K

F(®,)=®,(r ") =@,z 7 ") =V ) = Vi P ™)

()

Dependence on w is not only due to @, but also due to policies 7P and

Approach: Ve use (randomized) zeroth-order gradient estimator



Randomized Zeroth-order Gradient Estimator
LRI R

Gradient estimator

. d
VL(x;v) = — (L(x + ou) — L(x — 5u)) u,

20

where p ~ 41

E[VL(x; u)] =

L(x + 6) — L(x — 6)

20

1-D case

Properties

|. Biased Estimator

Smoothed-out function

/

—[\A/L(x; )] =VLOK%) =V

2. Blas-Variance trade-off

= LeUnifga (X + ou)]

1

Bias « 0 Variance «x —

52




MARL Training Pipeline: Gradient Estimator

» \We develop a gradient-based scheme to solve mi‘al/F (D))
we

» Computing the (first-order)gradient is challenging due to the structure of F4(D,)

F(®,) =@, (7 ") = ®(x" 7 ") = Vi ) = Vi P, )

d
Py and ]Z'T’ W

l

Dependence on w is not only due to ®, , but also due to policies 7

Approach: We use (randomized) zeroth-order gradient estimator

dim(w)
- (Fﬁ(CDW) _ Fﬂ(%)) "

where u ~ Unif(gdmWw)y W=w+du W=w — Su



MARL Training Pipeline: Evaluating Gradient

» [0 evaluate F ﬂ((Dw), we need to compute estimate of 7z

= Com

DUT

(e.e. MA

M

D

PO,

V., Fyw; 8) =

ng 7 1A

AP

dim(w)
20

(Fy(@s) = F(@) ) u

@ T, @

and T

Ny cooperative game solver that converges to Nash equilibrium

°O etc)

- Computing 7% Any reinforcement learning solver (e.g. PPO, GRPO etc)



MARL Training Pipeline

Algorithm 1 Near-Potential Policy Optimization

1: Input: The zeroth-order step size parameter 0 > 0,
gradient descent learning rate n > 0, and smoothness
parameter 3 > 0.

2: Initialize 7, 7!'; for all agents 7 € [n], and w € W
3: for each iteration do
dim(w

: gZingiuwN_’_S(s(fan d( uvj): " — S |—> Sampling points for zeroth-order estimator
c. #® < COOPGAMESOLVER (7, 0, K, )j Cooperative game solver (e.g. MAPPO /
7. 7% < COOPGAMESOLVER(7®, %, K;) HAPPO) to evaluate 7
8:  for each agent i € N do
9: #! < RLSOLVER(7], %%, 7;, K5) Lo
10: 7/ < RLSOLVER(7!, 72, 1;, K>) |—> RL solver (e.g. PPO, GRPO etc) to evaluate 7"
11: end for
12: for each agent i € N do
13: Compute F;(®,;) and F;(Py)
14: end for
15: Set Fi3(®y) = %log(zi exp(BF;(Py)))
16: Set Fg(®y3) = % log(>., exp(BF;(®y4))) Zeroth order gradient evaluation
17: w o w— ) (Fa(®y) — Fa(®g))u
18: end for

®

19: return




Numerical Evaluation

Bl Bz Bl Bz

G= A, | (1,1) (1,1/2 O =wV,+(1-w)V, &,= A, 1 (1+w)/2
Ap | (1/2,7/4) (0, 2) Ay | (T—-bw)/4 2(1 —w)

> Note that this Is not a potential game

W

- 0.5 1 —_— L) 0.4 - 'I ~ — AJAgenl 0 | 0.4
—— (D [ - = AJAgent 1
Fr (P I .
; am— ger
J " ~— Ad Agent 1
N
ﬁt‘.l i~ ]
!
N ! \
-, \
iy E A Y
-~ %‘
|

Fil

Environment Steps (x10%) Environment Steps (10°) Environment Steps (x10%)



Numerical Evaluation

5

5

a - Al (1,—1)
As | (—1,1)

(
(

—1,1)
1,—1)

_|_

B B
(1—a)- A (1, 1) (1, 1/2)
Ay | (1/2,7/4) (0, 2)

> Here, we consider a parametrization of potential function as
2 2
D, y) ==& =w) =y —w)

Zero-sum game

Regret values (lower the better)

« | NePPO IPPO MAPPO
0.0 0.000 0.000 0.500
0.2 0.000 0.000 0.800
0.4 0.036 DNC 1.100
0.6 0.052 DNC 1.400
0.8 0.034 DNC 1.700
1.0 0.000 0.011 N/A




Numerical Evaluation

» Consider the simple_world_comm environment from MPE benchmark

one-layer NN
d (m) =, Z v’ (s, a;) Dw(St, at) = Z 0i(Wse +b) mi(se, ar)
k=0

teEN

Regret values (lower the better)| NePPO  IPPO  MAPPO
Simple World Comm 11.14 23.90 51.78

Regret Over Original Training Time

20.0
17.5
15.0
L 125
&
o
QL
< 10.0
p
T
=
1.5 1 leadadversary_0
adversary 0O
5.0 - adversary 1
adversary 2
25 agent 0
agent 1
-§= [Max Regret
0.0 -

5 10 15 20 25 30 35
Training Timestep (M)
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), O E
Porer et | [ (o

()]
77:6)4-

dynamic _ - ‘ D | = ,
environment =l Policy, Data Player 3

g D
M2: Adjusting Potential MI: Cooperative Game

Approach Markov Near-Potential Functions




References

» C. Maheshwari, M. W\, 5. Sastry. Convergence of Decentralized Actor-Critic Algorithm in General-sum Markov Games. IEEE LCSS 2024
» C. Maheshwari, M. Wu, D. Paj, S. Sastry. Independent and Decentralized Learning in Markov Potential Games. IEEE TAC 2025
» X.Guo, X. Li*, €. Maheshwari#, 5. Sastry, M. Wu. Markov a-Potential Games. IEEE TAC 2025

» D.Kalaria, C. Maheshwari, S. Sastry. Real-Time Algorithms for Game-Theoretic Motion Planning and Control in Autonomous Racing using Near-Potential
Function. L4DC 2025

» A.Kalanther; S. Bharvirkar, S. Sastry, €. Maheshwari. Near-Potential Policy Optimization for General-sum Multi-agent Reinforcement Learning 2026.
Working paper: https://arxiv.org/abs/2603.06977

Website / Email

Thanks to Collaborators

® Shankar Sastry e Addison Kalanther
e Manxi Wu e Sanika Bharvirkar
® Xin Guo ® Druv Pai

e Dvij Kalaria e Xinyu Li
) Y chinmay maheshwari@jhu.edu




