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Abstract— We propose a novel framework for robust dy-
namic games with nonlinear dynamics corrupted by state-
dependent additive noise, and nonlinear agent-specific and
shared constraints. Leveraging system-level synthesis (SLS),
each agent designs a nominal trajectory and a causal affine
error feedback law to minimize their own cost while ensuring
that its own constraints and the shared constraints are satisfied,
even under worst-case noise realizations. Building on these
nonlinear safety certificates, we define the novel notion of
a robustly constrained Nash equilibrium (RCNE). We then
present an Iterative Best Response (IBR)-based algorithm that
iteratively refines the optimal trajectory and controller for
each agent until approximate convergence to the RCNE. We
evaluated our method on simulations and hardware experi-
ments involving large numbers of robots with high-dimensional
nonlinear dynamics, as well as state-dependent dynamics noise.
Across all experiment settings, our method generates trajectory
rollouts which robustly avoid collisions, while a baseline game-
theoretic algorithm for producing open-loop motion plans failed
to generate trajectories that satisfy constraints.

I. INTRODUCTION

To operate reliably and efficiently, autonomous robots
deployed in real-world applications must design and enact
robust motion plans that account for both the future motion
of surrounding agents and the impact of unpredictable dis-
turbances on system safety. Recently, dynamic game theory
has emerged as a versatile framework for jointly modeling
prediction and motion planning in multi-agent interactions
[1]–[5]. The core insight of the dynamic games literature is
that the interaction outcome between self-interested agents
can be captured by computing the Nash equilibrium, a strat-
egy profile at which each agent selfishly best-responds to the
actions of all other agents while satisfying a prescribed set of
constraints. Across a wide range of robotics applications, the
Nash equilibria of dynamic games has indeed been shown to
describe nuanced interactions among self-interested agents
with deterministic, noise-free dynamics [2], [3], [6]–[8].

During real-world deployment, however, robots inevitably
encounter sources of uncertainty in their dynamics, such
as wind disturbances or friction, which may compromise
their safety and constraint satisfaction. Unfortunately, most
existing dynamic game formulations either do not explicitly
account for noisy dynamics [2], [3], [8], [9], and generate
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Fig. 1: (A) Top and (B) Side views of a hardware experiment
in which two heterogeneous robot teams, with 1 quadcopter
and 2 ground robots each, navigate within a shared environ-
ment. Within each team, one ground robot follows a second,
which in turn follows the quadcopter. Our method gener-
ated interactive motion plans for all robots which obeyed
prescribed proximity, line-of-sight, and collision constraints
despite dynamics noise (see Sec. VI-F).

trajectories that fail to robustly satisfy safety constraints (see
Sec. VI of our work), or prescribe overly conservative or
defensive motion plans which ensure constraint satisfaction
while greatly sacrificing computational efficiency [10].

To ensure robust constraint satisfaction in interactive mo-
tion planning despite unknown noise realizations, we con-
struct a novel algorithm for multi-agent prediction and trajec-
tory generation which integrates key techniques from the ro-
bust control literature within the dynamic games framework.
By coupling motion planning and robust control, our method
designs trajectories and error feedback policies that achieve
robust constraint satisfaction, yet are not overly conservative.
Concretely, we make the following contributions:

• Robust Dynamic Games via System Level Synthesis
(SLS): We extend the system-level synthesis (SLS)
framework for robust control to a class of multi-agent
dynamic games with nonlinear dynamics corrupted
with state-dependent additive noise, agent-specific con-
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straints, and shared team constraints. Leveraging recent
robust nonlinear SLS results, we jointly optimize the
nominal trajectories, robust controllers, and a lineariza-
tion error upper bound across all agents. We obtain
tractable safety certificates through A SLS-style robust
constraint satisfaction guarantees.

• Formulation and Computation of the Robustly Con-
strained Nash Equilibrium (RCNE): We introduce the
novel concept of a robustly constrained Nash equilib-
rium (RCNE), which describes interactions in which
each agent best responds to all other agents’ actions
while robustly satisfying a set of prescribed constraints.
We develop a novel Iterative Best Response (IBR)-
based algorithm to compute the RCNE, which greatly
exceeds centralized approaches (e.g., [2, Alg. 1]) in
computational efficiency when applied to the multi-
agent robust games studied in this work (Remark 3).

• Empirical validation: On a broad range of multi-robot
tasks, our approach produced trajectories and controllers
that enabled multi-robot teams to interact while avoiding
collisions and high-disturbance regions. Our method
scales to interactive scenarios involving up to 24 robots,
and can accommodate heterogeneous robot teams with
multiple air and ground vehicles. Our method generated
motion plans which satisfied all prescribed constraints
across all simulation outcomes, while a dynamic games
baseline produced open-loop trajectories which often
violated constraints under additive dynamics noise.

Notation: Given integers N1, N2 with 0 → N1 < N2, we
define [N1, N2] := {N1, · · · , N2} and [N2] := {1, · · · , N2}.
Given S ↑ Rn and M ↓ Rm→n, we define MS := {Mx :
x ↓ S}. Given M1, · · · , MK ↓ Rm→n, we denote by
diag{M1, · · · , MK} ↓ RmK→nK the block diagonal matrix
with Mk as the k-th block, ↔k ↓ [K]. We denote the horizon-
tal concatenation of M1, · · · , MK by

[
M1 · · · MK

]
↓

Rm→Kn. For any m, n ↓ N, we denote the m ↗ m identity
matrix by Im and the m ↗ n zero matrix by Om→n, with
subscripts omitted when dimensions are clear from context.
Given m ↓ N ↘ {+≃} and k ↓ N, we denote by Bk

m the
unit m-norm ball in Rk. ⇐

2 and ⇐ respectively refer to the
Hessian matrix and (vertical) gradient vector of a function,
taken with respect to all variables.

II. RELATED WORKS

Our work draws from and contributes to the rich liter-
ature on game-theoretic multi-agent motion prediction and
planning. In particular, [1], [8] designed state feedback poli-
cies under the feedback information setting, while [2], [3],
[9] computed open-loop, interactive multi-agent trajectories.
However, whereas [1]–[3], [8], [9] all describe agent motion
via deterministic dynamics models, our work considers agent
dynamics corrupted by state-dependent noise. Moreover, for
each agent, we design a trajectory and controller that satisfy
safety constraints despite worst-case noise realizations.

Many works in the game-theoretic motion planning litera-
ture incorporate dynamics or agent intent uncertainty within
their models. For instance, [5], [11] describe interactions

with agents who have uncertain intent, while [4] presents
dynamic zero-sum games-based methods to perform motion
prediction and planning in the presence of an adversarial
agent. [12], [13] present game-theoretic frameworks, with
noise-corrupted dynamics, in which agents jointly perform
multi-agent prediction, planning, and state estimation. How-
ever, unlike [4], [5], [11], which capture uncertain or ad-
versarial agent intent, we introduce a robust prediction and
motion planning framework which guarantees safety despite
uncertainty in agent dynamics. [12]–[14] consider noise-
corrupted agent dynamics but design open-loop trajectories
without guarantees of robust constraint satisfaction. In con-
trast, our method designs trajectories and controllers for
noise-corrupted nonlinear systems which provably satisfy
prescribed constraints regardless of the noise realization.

On a technical level, our method parameterizes robust con-
trollers via system-level synthesis (SLS) [15]. Under linear
dynamics, multi-agent control via SLS has been studied in
MPC formulations [16], [17], and games [14]. Meanwhile,
[18], [19] extend SLS to nonlinear dynamics but only under
affine constraints. Our framework extends [14], [16]–[19] to
nonlinearly constrained multi-agent dynamic games.

III. PRELIMINARIES

Consider an N -agent, T -stage discrete-time dynamic game
G, in which xi

t ↓ Rni and ui
t ↓ Rmi respectively represent

the state and control vector of each agent i ↓ [N ] at each
time t ↓ [0, T ]. We use xt := (x1

t , · · · , xN
t ) ↓ Rn and

ut := (u1
t , · · · , uN

t ) ↓ Rm to respectively denote the system
state and system control at each time t, where n :=

∑N
i=1 ni

and m :=
∑N

i=1 mi. We also write xi := (xi
0, · · · , xi

T ) and
ui := (ui

0, · · · , ui
T ) for each agent i ↓ [N ]. We also write

x := (x0, · · · , xT ) ↓ Rn(T +1) and u := (u0, · · · , uT ↑1) ↓

RmT to denote the system state trajectory and system control
trajectory, respectively. Moreover, we set ui

T = 0 ↔i ↓ [N ].
Each agent i ↓ [N ] is associated with an initial state xi

0 =
x̄i

0 ↓ Rni , as well as noise-corrupted dynamics given by 1:

xi
t+1 = f i

t (xi
t, ui

t) + Ei
t(xi

t)wi
t, (1)

where f i
t : Rni ↗ Rmi ⇒ Rni denotes the dynamics map,

wi
t ↓ Rni denotes additive noise, and Ei

t(xi
t) ↓ Rni ↗ Rni

describes state-dependent disturbance scaling.
Remark 1: Our dynamics model (1) can be straightfor-

wardly adapted to incorporate parametric uncertainty in the
agent dynamics, as considered in [19].

As specified below, each agent i ↓ [N ] aims to minimize
their own overall cost, while satisfying both their individual
constraints and a set of team constraints shared among the N
agents. Each agent has stage-wise costs Li

t : Rn
↗ Rm

⇒ R
and an overall cost J i : Rn(T +1)

↗ RmT
⇒ R, given by:

J i(x, u) :=
∑T

t=0 Li
t(xt, ut). (2)

We note that for each agent i ↓ [N ] and time t ↓ [T ], J i

and Li
t depend in general on all agents’ control decisions and

1Our experiments also model uncertainty in x0, which can be incorporated
into the dynamics noise. For details, see [19].
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resulting trajectories. Constraints specific to each agent i at
each time t are defined by a collection of ni

g scalar constraint
functions gi

t,k : Rni ↗Rmi ⇒ R and gi
T,k : Rni ↗Rmi ⇒ R

across all k ↓ [ni
g], as shown below:

gi
t,k(xi

t, ui
t) → 0, ↔ t ↓ [T ⇑ 1], k ↓ [ni

g]. (3)

Moreover, constraints shared by the N agents at each time
t ↓ [T ] are defined by a collection of nh scalar constraint
functions ht,k : Rn

↗ Rm
⇒ R and hT,k : Rn

⇒ R across
all k ↓ [nh], as shown below:

ht,k(xt, ut) → 0, ↔ t ↓ [T ⇑ 1], k ↓ [nh]. (4)

In our work, we assume the dynamic game G under study
is a constrained dynamic potential game with a correspond-
ing potential function P : Rn(T +1)

↗RmT
⇒ R, as described

in [3], [20] and defined below. Dynamic potential games
provide a versatile and widely used modeling framework for
motion prediction and trajectory generation in multi-agent
robotics and controls applications [2], [3], [12].

Definition 1: The game G is called a constrained dynamic
potential game if there exists a potential function P :
Rn(T +1)

↗RmT
⇒ R such that, for any feasible trajectories

(x, u), (x̂, û) ↓ Rn(T +1)
↗ RmT , and any agent i ↓ [N ]:

P (x̂i, x↑i, ûi, u↑i) ⇑ P (x, u) (5)

= J i(x̂i, x↑i, ûi, u↑i) ⇑ J i(x, u).

In words, P tracks the change in each agent i’s cost J i

corresponding to that agent’s unilateral deviation from one
state-control trajectory to another.

Assumption 1: G is a constrained dynamic potential game.

IV. ROBUSTLY CONSTRAINED NASH EQUILIBRIUM
(RCNE) AND PROBLEM FORMULATION

Here, we introduce core concepts in system-level synthesis
to design robust controllers for dynamic potential games
(Sec. IV-A), and formulate a novel notion of Nash equi-
librium that accounts for robust constraint satisfaction in
addition to optimal agent actions (Sec. IV-B). We formally
present our problem statement at the end of Sec. IV-B.

A. Robust Controller Synthesis for Dynamic Games via SLS
To enable robust controller synthesis for dynamic games

with noise-corrupted nonlinear dynamics, we leverage the
system level synthesis (SLS)-based methods in [18]. Within
the SLS framework, each agent i ↓ [N ] synthesizes a safe
controller for the noise-corrupted dynamics (1) based on the
decomposition of a nonlinear system into the sum of a nom-
inal nonlinear system and a set of linear time-varying (LTV)
error dynamics. Concretely, each agent i ↓ [N ] designs (a)
a nominal state trajectory zi := (zi

0, · · · , zi
T ) ↓ Rni(T +1),

nominal control trajectory vi := (vi
0, · · · , vi

T ↑1) ↓ RmiT ,
satisfying the nominal dynamics:

zi
t+1 = f i

t (zi
t, vi

t), ↔t ↓ [0, T ⇑ 1], (6)

and (b) a causal affine error feedback law of the form:

ui
t = ωi

t(xi
0:t) = vi

t +
∑t↑1

ω=0 Ki
t↑1,ω (xi

t↑ω ⇑ zi
t↑ω ). (7)

Consider the linearization of (1) about Agent i’s nominal
state-control trajectory (zi, vi). We define the trajectory and
control error, ↔i ↓ [N ], t ↓ [T ], by !xi

t := xi
t ⇑ zi

t ↓ Rni

and !ui
t := ui

t ⇑ vi
t ↓ Rmi respectively. Next, we define the

Jacobian matrices Ai
t : Rni ↗Rmi ⇒ Rni→ni and Bi

t : Rni ↗

Rmi ⇒ Rni→mi for the dynamics (1) and the disturbance di
t,

as follows. We note that di
t describes the impact of both the

linearization error and the dynamics noise:

Ai
t(zi

t, vi
t) := εf i

t

εxi
t

(zi
t, vi

t),

Bt(zi
t, vi

t) := εf i
t

εui
t

(zi
t, vi

t),

di
t := f i

t (xi
t, ui

t) ⇑ Ai
t(zi

t, vi
t)!xi

t (8)
⇑ Bi

t(zi
t, vi

t)!ui
t + Ei

t(xi
t)wi

t.

We can then express (1) in terms of the nominal dynamics
(6) and the following LTV error dynamics:

!xi
t+1 = At(zi

t, vi
t)!xi

t + Bt(zi
t, vi

t)!ui
t + di

t, (9a)

!ui
t =

∑t↑1
ω=0 Ki

t↑1,ω !xi
t↑ω , (9b)

where (9b) rewrites (7) using notation of the form !xi
t

and !ui
t. We stack the state and control error as ei

t :=
(!xi

t, !ui
t) ↓ Rni+mi .

A core tenet of the SLS framework is that, for each agent
i ↓ [N ], all causal affine error feedback gains

K
i := {Ki

t,ω : t, ϑ ↓ [0, T ⇑ 1], t ⇓ ϑ} (10)

can be parameterized by a set of system response matrices:

!i :={!i
t,ω = [(!i)x

t,ω ; (!i)u
t,ω ] ↓ R(ni+mi)→ni : (11)

i ↓ [N ], t, ϑ ↓ [0, T ⇑ 1], t ⇓ ϑ}

satisfying (13) (see [18, Sec. 3] [15, Sec. 2]). We formally
present this parameterization below in Prop. 1.

Proposition 1: (Adapted from [18, Sec. 3B]) Suppose
each agent i ↓ [N ] is associated with dynamics (1), a
nominal trajectory (zi, vi), and linearized error dynamics
(9a). Then for each agent i ↓ [N ], the following hold true:

1) Let a causal affine error feedback law (9b) be given.
Then there exists a system response !i of the form
(11), such that ↔t ↓ [0, T ⇑ 1], the rollout error ei

t =
(!xi

t, !ui
t) satisfying (9) is a linear function of the

disturbance terms {di
t : i ↓ [N ], t ↓ [T ]}, given by:

ei
t =

[∑t↑1
ω=0(!i)x

t↑1,ω di
ω∑t↑1

ω=0(!i)u
t↑1,ω di

ω

]
=

t↑1∑

ω=0
!i

t↑1,ω di
ω . (12)

2) Conversely, let a system response !i of the form (11),
encoding disturbance propagation as in (12), be given. If
!i satisfies (13) below, then it induces a unique causal
affine error feedback of the form (9b) corresponding to
the disturbance propagation described by !i:

(!i)x
t+1,ω = Ai

t(zi
t, vi

t)(!i)x
t,ω + Bi

t(zi
t, vi

t)(!i)u
t,ω ,

↔t, ϑ ↓ [0, T ⇑ 2], t ⇓ ϑ, (13a)
(!i)x

t,t = Ini , ↔t ↓ [0, T ⇑ 1]. (13b)
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We now present Prop. 2, a refinement of the characteriza-
tion of the robust constraint satisfaction in [18, Prop. III.3]
to the setting of non-linear constraints. Prop. 2 requires the
following mild assumptions on the boundedness of the states
xt, controls ut, noise terms wt, and state-dependent maps
Ei

t(xi
t) ↓ Rni→ni in our dynamic game model, as well as

the regularity of the dynamics and constraint maps f i
t , gi

t,
and ht, across agent and time indices.

Assumption 2: Let ” ⇔ Rn+m be the set of all (xt, ut)
satisfying (3)-(4). We assume ” ⇔ Rn+m is compact.

Assumption 3: The dynamics and constraint maps f i
t , gi

t,
and ht are twice continuously differentiable.

For each i ↓ [N ], t ↓ [T ], and k ↓ [ni], let f i
t,k : Rni ↗

Rmi ⇒ R denote the k-th scalar output of the dynamics map
f i

t . Given Assumption 3, we define, ↔i ↓ [N ], t ↓ [T ]:

µi
t,k := 1

2 max
(x̃t,ũt)↓!
ε↓Bni+mi

→

ϖ↔
⇐

2f i
t,k(x̃i

t, ũi
t)ϖ, ↔k ↓ [ni], (14)

ϱi
t,k := 1

2 max
(x̃t,ũt)↓!
ε↓Bni+mi

→

ϖ↔
⇐

2gi
t,k(x̃i

t, ũi
t)ϖ, ↔k ↓ [ni

g], (15)

ςt,k := 1
2 max

(x̃t,ũt)↓!
ϑ↓Bn+m

→

φ↔
⇐

2ht,k(x̃t, ũt)φ, ↔k ↓ [nh]. (16)

Assumption 4: Each noise term wi
t lies within the ≃-norm

ball in Rni , i.e., wi
t ↓ Bni

↗. Moreover, the state-dependent
disturbance multiplier functions Ei

t : Rni ↗Rni are Lipschitz.
Given Assumption 4, for each i ↓ [N ], t ↓ [T ], k ↓ [ni],

let Li
E,t,k > 0 denote the Lipschitz constant for the k-th row

of ni ↗ ni matrix Ei
t , denoted Ei

t,k : Rni ⇒ R1→ni below.
Concretely, for any xi

t, zi
t ↓ Rni :

↖Ei
t,k(xi

t) ⇑ Ei
t,k(zi

t)↖↗ → Li
E,t,k↖xi

t ⇑ zi
t↖↗. (17)

Remark 2: µi
t,k, ϱi

t,k, ςt,k, and Li
E,t,k can be estimated

via extreme value theory [21] or interval arithmetic [22].
We now present Prop. 2, the proof of which is given in

our ArXiv paper [23, App. A].
Proposition 2 (Robust Constraint Satisfaction):

Suppose nominal trajectories z = (z1, · · · , zN ), v :=
(v1, · · · , vN ) and system responses ! = {!i : i ↓ [N ]}
satisfying (13) are given. For each i ↓ [N ], t, ϑ ↓ [T ] such
that t ⇓ ϑ , we define #i

t(z, v) ↓ Rni→2ni , $t,ω (z, v, !) ↓

Rn→2n, µi
t ↓ Rni→ni , and Li

E,t ↓ Rni→ni as follows:

#i
t(z, v) :=

[
Ei

t(zi
t) ↖ei

t↖
2
↗µi

t + ↖ei
t↖↗Li

E,t

]
(18)

$t,ω (z, v, !) := diag
{

!1
t,ω #1

t↑ω (z, v), · · · , !N
t,ω #N

t↑ω (z, v)
}

(19)
µi

t := diag
{

µi
t,1, · · · , µi

t,ni

}
, (20)

Li
E,t := diag

{
Li

E,t,1, · · · , Li
E,t,ni

}
. (21)

If there exist auxiliary error upper bound variables ωi :=
(↼i

0, · · · , ↼i
T ↑1) ↓ RT such that the following hold ↔i ↓ [N ]:

gi
t,k(zi

t, vi
t) +

t↑1∑

ω=0

∥∥⇐gi
t,k(zi

t, vi
t)↔!i

t↑1,ω #t↑1↑ω (z)
∥∥

1

+ ϱi
t,k(↼i

t)2
→ 0, ↔t ↓ [T ], k ↓ [ni

g], (22a)

ht,k(zt, vt) +
t↑1∑

ω=0

∥∥⇐ht,k(zt, vt)↔$t↑1,ω (z, !)
∥∥

1

+ ςt,k ·

N∑

j=1
(↼j

t )2
→ 0, ↔t ↓ [T ], k ↓ [nh], (22b)

t↑1∑

ω=0
↖!i

t↑1,ω

[
Ei

ω (zi
ω ) (↼i

ω )2µi
ω + ↼i

ω Li
E,ω

]
↖↗ → ↼i

t,

↔t ↓ [T ⇑ 1], (22c)
↼i

0 ⇓ 0. (22d)

then, for any realization of the noise terms wi
t, we have

gi
t,k(xi

t, ui
t) → 0 ↔k ↓ [ni

g] and ht,k(xt, ut) → 0 ↔k ↓ [nh],
for each i ↓ [N ], t ↓ [T ], across all trajectory rollouts
(x, u) ↓ Rn(T +1)+mT .

B. Robustly Constrained Nash Equilibrium
We now utilize the SLS-based parameterization of the

affine error feedback for the LTV system (Sec. IV-A) to
define the robustly constraint-satisfying Nash equilibrium
(RCNE) solution to our dynamic game (Def. 2). In words,
the RCNE which characterize a set of steady-state agent tra-
jectories and controls at which each agent acts optimally with
respect to all other agents’ actions, while ensuring constraint
satisfaction even under worst-case noise realizations.

We first define the set of robustly constraint-satisfying
agent nominal trajectories and system responses by:

S :=
{

(z, v, !, ω) :(zi, vi, !i, ωi) satisfy
(6), (13), (22), ↔ i ↓ [N ]

}
, (23)

where z, v, and ! are as defined in Sec. IV-A, and ω := {ωi :
i ↓ [N ]}. Next, similar to [24], to control the uncertainty
propagation, we introduce the following augmented cost J̃ i

for each agent i ↓ [N ], which appends a convex, quadratic
regularization term Hi(!i) on Agent i’s system response !i

to Agent i’s cost:

J̃ i(z, v, !) := J i(z, v) + Hi(!i). (24)

We now characterize the best response map2 of each agent i,
and the set of RCNE nominal trajectories, system responses,
and error upper bounds. Below, z↑i

↓ R(n↑ni)T denotes the
nominal trajectories of all agents not indexed i, and v↑i,
!↑i, ω↑i are defined analogously.

Definition 2: For each i ↓ [N ], we define Agent i’s set
of best responses given other agents’ nominal trajectories,
system responses, and error bounds (z↑i, v↑i, !↑i, ω↑i) by:

BRi(z↑i, v↑i, !↑i, ω↑i; J̃ i) (25)
:= arg min

zi,vi,!i,ωi
J̃ i(z, v, !)

s.t. (z, v, !, ω) ↓ S.

We call a set of agents’ nominal state-control trajectories,
system responses, and error (upper) bounds (zϖ, vϖ, !ϖ, ωϖ)
a Robustly Constrained Nash Equilibrium (RCNE) if, at

2The system response !i, defined component-wise in Prop. 1, and the best
response map BR, defined in (25) describe different mathematical objects.
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(zϖ, vϖ, !ϖ, ωϖ), each agent best responds to all other agents
while robustly satisfying all constraints, i.e., for each i ↓ [N ]:
(ziϖ, viϖ, !iϖ, ωiϖ) ↓ BRi(z↑iϖ, v↑iϖ, !↑iϖ, ω↑iϖ; J̃ i). (26)
Problem Statement: We aim to formulate a computationally
tractable algorithm for computing all agents’ nominal state-
control trajectories, system responses, and error upper bounds
at Nash equilibrium, as defined in (26).

V. ALGORITHM

While a robustly constrained Nash equilibrium can in
theory be found by solving (26) for each i ↓ [N ], in practice
(26) is computationally intractable to solve with general-
purpose solvers, due to the high-dimensional and coupled
(across agent indices i ↓ [N ]) nature of (26). To sidestep
these computational difficulties, we present Alg. 1, which
refines the Iterative Best Response (IBR) algorithm [20, Prop.
1] in the potential games literature to incrementally search
for a Nash equilibrium solution. Concretely, Alg. 1 proceeds
in iterations. Within each iteration, each agent i ↓ [N ] takes
its turn applying an incremental best response step, with step
size ↽ ↓ [0, 1], with respect to all other agents’ nominal state-
control trajectories and system responses (Alg. 1, Lines 3-6).

It is known that, if each best-response update is performed
with maximum step sizes (i.e., ↽ = 1 in Alg. 1) and with zero
error, the IBR algorithm converges to a Nash equilibrium of a
dynamic potential game [20]. However, in our robust games
formulation, each computation of the best response map
(25) encodes a high-dimensional optimization problem that is
difficult to solve directly and efficiently. Instead, to efficiently
approximate the outcome of Alg. 1, Line 3, we employ the
Fast SLS algorithm introduced in [24]. Crucially, the Fast
SLS algorithm exploits the structure stage-wise composition
of the overall cost J i for each agent i ↓ [N ], given by
(2), to separately solve for the Agent i’s nominal trajectory
(zi, vi), controller K

i (through the system response !i), and
error upper bound ωi. The Fast SLS algorithm alternates
between updating Ki via a Riccati recursion, optimizing
the nominal trajectory (zi, vi) as per (6), and performing an
additional update of the error upper bound ωi. For details on
the original formulation of the fast SLS algorithm, see [24,
Sec. 3]. Whereas fast SLS [24, Sec. 3] solved QPs to recover
solutions to LQR-style problems, our algorithm solves NLPs
to recover solutions to more general control problems.

Remark 3: To motivate our use of the IBR algorithm,
we note that, when applied to N -agent, T -horizon dynamic
games in which the average agent state and control
dimensions are n̄ and m̄, respectively, our Fast SLS and
IBR-based approach yields a per-iteration complexity
O(T 2N(n̄ + m̄)3). (Here, “per-iteration complexity” is
associated with the time needed to execute Alg. 1, Lines
3-6). In contrast, a centralized implementation of the
form [2, Alg. 1] would yield a per-iteration complexity of
O(T 2N3(n̄ + m̄)3) to update each agent’s trajectory and
control designs, even when accelerated via Fast SLS.

VI. EXPERIMENTS

We evaluated our algorithm by generating interactive,
robustly constraint-satisfying motion plans across a broad

Algorithm 1: Iterative Best Response (IBR) for Com-
puting RCNE

Input: Maximum iteration count K, Error Tolerance
⇀, Step size ↽ ↓ [0, 1], Augmented Costs
{J̃ i(·) : i ↓ [N ]}, Initial nominal trajectories
and system responses
{(zi,(0), vi,(0), !i,(0), ωi,(0)) : i ↓ [N ]}

1 for k = 1, · · · , K do
2 for i = 1, · · · , N do
3 (ẑi,(k), v̂i,(k), !̂i,(k), ω̂i,(k)) ↓

BRi(z↑i,(k), v↑i,(k), !↑i,(k), ω↑i,(k); J̃ i)
4 vi,(k)

↙ ↽v̂i,(k) + (1 ⇑ ↽)vi,(k)

5 zi,(k)
↙ Unroll (6) using vi,(k)

6 !i,(k), ωi,(k)
↙ Implement Riccati updates in

Fast SLS using zi,(k), vi,(k).
7 ⇁(k)

↙ maxi↓[N ] maxt,ω↓[T ]
t↘ω

max
{

↖zi,(k)
⇑

zi,(k↑1)
↖2, ↖vi,(k)

⇑ vi,(k↑1)
↖2, ↖!i,(k)

t,ω ⇑

!i,(k↑1)
t,ω ↖2, ↖ωi,(k)

⇑ ωi,(k↑1)
↖2

}
.

8 if ⇁(k)
→ ⇀ then

9 (zϖ, vϖ, !ϖ, ωϖ) ↙ (z(k), v(k), !(k), ω(k)).
10 Break
11 else
12 (z(k+1), v(k+1), !(k+1), ω(k+1)) ↙

(z(k), v(k), !(k), ω(k)).
Output: zϖ, vϖ, !ϖ, ωϖ

range of multi-agent interaction scenarios in simulation and
on hardware. First, we present experiment settings used in
our reported experiments, such as agent costs and constraint
types (Sec. VI-A). We then evaluate our method on a “narrow
corridor” scenario, wherein trajectories generated by our
method remain robustly safe in confined spaces despite
dynamics noise (Sec. VI-B). Our approach efficiently gener-
ates robustly constraint-satisfying motion plans in scenarios
with up to 24 4D-unicycle agents (Sec. VI-C), with state-
dependent dynamics noise (Sec. VI-D), or heterogeneous
robot teams of quadcopters and 4D-unicycle ground vehicles
(Sec. VI-E, VI-F). In contrast, while operating under base-
line open-loop game-theoretic motion plans [9], the same
multi-robot systems often violated collision-avoidance con-
straints when deployed in narrow spaces or in the presence
of state-dependent dynamics noise (Sec. VI-B and VI-D).
Our codebase can be found at: https://github.com/
nexuszhan/Robust-Dynamic-Game-SLS.
A. Experiment Setup

Our experiments in Sec. VI-B-VI-F use the following types
of agent dynamics, constraints, and costs. Below, given the
state xi

t of an agent i at time t, we denote by pi
t, pi

x,t, pi
y,t,

and pi
z,t the component(s) of xi

t corresponding to the position
vector, x-position, y-position, and z-position respectively.

a) Dynamics models: We apply our methods to plan
trajectories for ground robots with 4D unicycle and airborne
robots with 12D quadcopter dynamics in simulation (Sec.
VI-B-VI-E), as well as ground robots with 3D Dubins car
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dynamics and airborne robots with 3D single integrator dy-
namics on hardware (Sec. VI-F). Across experiments, unless
otherwise stated, we discretize the above continuous-time dy-
namics models at intervals of !t = 0.1 and use a time hori-
zon of T = 80. All noise terms wi

t are drawn from the unit
2-norm ball Bni

2 . We set Ei
t(xi

t) = 0.002 I4 unless otherwise
stated (e.g., in Sec. VI-D, we define Ei

t(xi
t) as state-varying.)

b) Constraint types: We consider agent-specific con-
straints that encode component-wise bounds on position,
orientation, linear velocity, angular velocity, and linear accel-
eration. We also implement shared constraints ht,k between
pairs of agents i, j ↓ [N ] (say, with radii of ri and rj),
that encode (i) collision-avoidance, by setting ht,k(xt) :=
⇑↖pi

t ⇑ pj
t↖2 + ri + rj

→ 0; (ii) proximity constraints, by
setting ht,k(xt) := ↖pi

t ⇑pj
t↖2 ⇑ r̂ij

→ 0, for some prescribed
proximity distance rij > ri + rj ; and (iii) line-of-sight
constraints, of form described in [25, App. D.3]. Each line-
of-sight constraint enforced on a pair of robots, say, i and
j, requires the angle between (i) velocity vector of the first
agent, and (ii) the relative position of the second agent to the
first, to always be within a prescribed bound [⇑θij , θij ].

c) Agent Costs: Across our experiments, the cost J i of
each agent i will be a sum of some of the cost components
Ci

1, Ci
2, Ci

3, Ci
4 : R(ni+mi)T

⇒ R defined below, which
encode an LQR cost, a smoothness and goal-reaching cost, a
collision avoidance cost, and a proximity cost, respectively:3

Ci
1(x, u) = (xi

T ⇑ x̂i
T )↔Qi

f (xi
T ⇑ x̂i

T ) (27)

+
∑T ↑1

t=0
[
(xi

t ⇑ x̂i
T )↔Qi(xi

t ⇑ x̂i
T ) + ui

t
↔

Riui
t)

]
,

Ci
2(x, u) = (xi

T ⇑ x̂i
T )↔Qi

f (xi
T ⇑ x̂i

T ) (28)

+
∑T

t=1(xi
t ⇑ xi

t↑1)↔Qi(xi
t ⇑ xi

t↑1),
Cij

3 (x, u) = ⇑0.001 ·
∑T

t=0 ↖pi
t ⇑ pj

t↖
2
2, (29)

Cij
4 (x, u) = 0.001 ·

∑T
t=0 ↖pi

t ⇑ pj
t↖

2
2 (30)

Above, for each agent i, x̂i
T ↓ Rni denote specified goal

states, while Qi
f , Qi

↓ Rni→ni (resp., Ri
↓ Rmi→mi )

are symmetric positive semi-definite (resp., definite) weight
matrices. The above parameters in general vary from one
experiment to another, and will be specified as appropriate.

Unless specified elsewise, we set J i(x, u) = Ci
2(x, u) +∑

j ≃=i Cij
3 (x, u) when evaluating our method, which renders

the resulting game a dynamic potential game. We generate
baseline results using ALGAMES with the same cost J i.

d) Algorithm Implementation: For the parameters used
in Alg. 1, we fixed a maximum iteration count of K = 5 and
an error tolerance of ⇀ = 0.001. Although we varied the step
size ↽ across experiments (see Secs. VI-B-VI-F below) for
the first Q⇑1 iterations, we fixed ↽ = 1 for the last iteration
to enforce robust constraint satisfaction. Our experimental
results indicate that, even with a limited number of iterations,
Alg. 1 generates solutions that encode reasonable multi-agent
interactions while always satisfying constraints robustly. We
run all experiments on an Intel Core i9-13950HX CPU.

3In many of our experiments, we encode collision avoidance using both
a hard constraint and a soft penalty.
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Fig. 2: Narrow Corridor Experiment: In a confined space,
two 4D unicycle agents attempt to bypass each other safely
despite dynamics noise. Across 500 rollouts, our method
always generates safe trajectories (B), while the ALGAMES
baseline [9] violated constraints 91.8% of the time.

e) Hessian bounds and Lipschitz constants: To reduce
the conservativeness of the robust controller generated by
Alg. 1, we adopt a simplified implementation by setting
the Hessian bounds and Lipschitz constants µi

t,k, ϱi
t,k, ςi

t,k,
and Li

E,t,k to zero in (14)-(17). Alternatively, data-driven
estimates of these constants can be obtained to provide less
conservative, high-probability guarantees by following [26].
Although setting these constants to zero implies that we are
not guaranteed to over-approximate the error ei

t between the
nominal and realized trajectories, across our experiments, our
algorithm still empirically satisfy all constraints robustly.

f) Figure Conventions: In each figure depicting trajec-
tory rollouts from by our method, circles or balls indicate
the Minkowski sum of the volume of each agent, as given
by its radius ri, and regions of realizable trajectories, as
computed from the error upper bound values ωi. Figures of
trajectories generated by the ALGAMES baseline [9] depict
colored circles that indicate merely the volume of each agent.

B. Narrow Corridor Experiment

First, we generate trajectories in a narrow corridor experi-
ment using our Alg. 1 and the baseline ALGAMES approach
[9] (Fig. 2). In this experiment, 2 ground robots, each with
radius 0.1m, attempt to bypass each other in a confined space
over T = 60 time steps while robustly satisfying the set
of prescribed constraints described below, despite dynamics
noise. Each agent must satisfy collision-avoidance constraints
with respect to all other agents, as well as two obstacles, one
at (0, 0.5) with radius 0.3m and one at (0, ⇑0.6) with radius
0.4m. For our Alg. 1 implementation, we set ↽ = 0.3, and
use the cost J i(x, u) = Ci

1(x, u)+
∑

j ≃=i Cij
3 (x, u), with Q =

2I4, R = I2, and Qf = diag{5, 5, 0, 5}. To implement the
ALGAMES baseline, we set Q = I4, R = I2, and Qf = I4.

Across 500 rollouts, our method consistently generates
interactive trajectories which enable the two agents to safely
bypass each other while satisfying all of the constraints above
(Fig. 2B), despite dynamics noise. Our Alg. 1 runtime was
32.2s. In contrast, out of 500 rollouts with dynamics noise,
the baseline ALGAMES algorithm plans trajectories which
resulted in collisions 91.8% of the time (Fig. 2A, C, D).
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Fig. 3: Scaling Example: (A) Our method synthesizes ro-
bustly collision-free, interactive trajectories for 8 4D-unicycle
agents. (B) presents a snapshot of (A) at t = 40 when the
agents are in close proximity to each other.

C. Scaling Experiment

Next, we demonstrate that our method efficiently gener-
ates robustly constraint-satisfying trajectories even for multi-
agent games with large numbers of agents. Concretely, for
N = 4, 8, 16 and 24, we computed robust motion plans for
N 4D-unicycle agents, each with radius 0.05m, who aim to
navigate while robustly satisfying pre-specified constraints
despite dynamics noise (See Fig. 3 for the N = 8 setting).
Each agent must also satisfy collision-avoidance constraints
with respect to all other agents. We set ↽ = 0.1 for the
N = 4, 8 settings and ↽ = 0.5 for the N = 16, 24 settings.
We also set Q = 2I4, R = O, and Qf = diag{10, 10, 0, 10}.
Our Alg. 1 runtimes for the N = 4, 8, 16, 24 settings are
respectively given by 68.3s, 153.4s, 462.9s and 891.1s, with
standard deviations 0.7s, 0.3s, 4.2s and 5.9s. We generated 10
trajectory rollouts per agent for each of the N = 4, 8, 16, 24
settings, all of which robustly satisfied all constraints.

D. State-Dependent Noise Experiment

We show that Alg. 1 produces interactive trajectories that
robustly satisfy constraints in multi-agent interactions with
state-dependent noise, i.e., when Ei

t(·) is not constant, while
ALGAMES generates constraint-violating motion plans.
Specifically, we consider 4 ground robots who wish to
navigate a shared intersection while robustly satisfying con-
straints, located at the origin of a given 2D coordinate system,
despite state-dependent dynamics noise (Fig. 4). In particular,
we design Ei

t(xi
t) as shown below, to promote large realiza-

tions of dynamics noise near the origin, where agents would
be in close proximity near the middle of the time horizon:

Ei
t(xi

t) = 1
1000ϱ e↑25(p2

x,t+p2
y,t)I4. (31)

Each agent must also satisfy collision-avoidance constraints
with respect to all other agents. When implementing our Alg.
1, we set ↽ = 1, and choose Q = 2I4, R = O, and Qf =
diag{10, 10, 0, 10}. For our ALGAMES baseline, we choose
Q = diag{3, 3, 0, 1}, R = O4→4, and Qf = diag{3, 3, 0, 1}.

Across 100 trajectory rollouts, our method consistently
produced constraint-satisfying plans despite state-dependent
dynamics noise (Fig. 4), while enabling each agent to reach
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Fig. 4: State-Dependent Noise Example: Four 4D-unicycle
agents aim to cross an intersection at the same time despite
state-dependent noise with maximum noise realization at
the intersection (see (31)). Across 100 rollouts, our method
always generates safe trajectories (C), while the ALGAMES
baseline [9] generated trajectories that always violated the
constraints, in both the noise-free (A) and noisy (B) settings.

an average distance of 4.04cm away from their goal position.
Our Alg. 1 runtime was 60s. In contrast, all 100 trajectory
rollouts produced by the ALGAMES baseline violated the
constraints, with average goal deviation of 9.82cm.
E. Heterogeneous Team Simulation

In Sec. VI-E-VI-F, we show Alg. 1 computes robustly
constraint-satisfying interactive motion plans for heteroge-
neous robot teams in simulation and on hardware. We
first simulate two teams of three robots: a 4D unicycle
ground robot follows a second, which follows a 12D quad-
copter. Each ground robot and quadcopter has radius ri =
0.06m and ri = 0.05m, respectively. We set Ei

t(xi
t) =

diag{0.004 ↗ I3, 1 ↗ 10↑5I9} for each quadcopter, where
the first 3 coordinates represent the quadcopters’ x, y, z
coordinates, and Ei

t(xi
t) = 5 ↗ 10↑4I4 for each ground

robot. Each pair of robots must satisfy collision-avoidance
constraints. Each Dubin car must also satisfy, with respect
to its leader, proximity constraints with distance ↼ij =
0.5m and line-of-sight constraints with maximum angle
θij = ω/2 rad. When running Alg. 1, we set ↽ = 0.2
and J i(x, u) = Ci

2(x, u) +
∑

j ≃=i

[
Cij

3 (x, u) + Cij
4 (x, u)

]
,

with Q = diag{2I3, O3→3, 2I6}, R = O, and Qf =
diag{10I3, O3→3, 10I6} for each quadcopter and Q = 2I4,
R = O, and Qf = O for each ground robot. Using Alg. 1
with ↽ = 0.6, we computed 10 trajectory rollouts (avg. run-
time: 323s), which all robustly satisfied constraints (Fig. 5).

F. Heterogeneous Team Hardware Experiment

We present a hardware analog of the heterogeneous team
simulations in Sec. VI-E, over T = 30 time steps with !t =
0.4s. Each ground robot and quadcopter has radius ri = 0.06
and 0.1, respectively. We set Ei

t(xi
t) = 0.04I3 for each quad-

copter and 0.001I4 for each ground robot. Each pair of robots
must satisfy collision-avoidance constraints. The Dubins car
behind the quadcopter must also satisfy proximity constraints
with ↼ij = 0.75m, and line-of-sight constraints with θij =
ω/2 rad, with respect to the quadcopter. The other Dubins car
must satisfy proximity constraints with ↼ij = 0.5m, and line-
of-sight constraints with θij = ω/3 rad, both with respect
to the first Dubins car. When implementing Alg. 1, we set
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Fig. 5: Heterogeneous Team Simulation: In each of two
teams, one ground robot follows a second, which in turn
follows a quadcopter. Each team must satisfy proximity
and line-of-sight constraints besides collision avoidance with
other agents. Our Alg. 1 produced trajectories satisfying all
pre-specified proximity, line-of-sight, and collision avoidance
constraints despite dynamics noise. (A), (C) (resp., (B), (D))
show trajectories from two angles at t = 4s (resp., t = 8s).

↽ = 0.2, and use the cost J i(x, u) = Ci
2(x, u), with Q = 2I3,

R = O, and Qf = 10I3 for each quadcopter and Q = 2I3,
R = O, and Qf = O for each ground robot. Using Alg.
1 with ↽ = 0.2, we generated robustly constraint-satisfying
trajectory rollouts with an Alg. 1 runtime of 38.3s (Fig. 1).
Thus, our methods enable the safe, real-world deployment of
heterogeneous robot teams despite uncertain dynamics.

VII. CONCLUSION

We present a system level synthesis (SLS)-based formu-
lation for robust dynamic games with nonlinear dynamics,
nonlinear constraints, and state-dependent disturbances. By
coupling nominal planning with causal affine error feedback,
we derive tractable nonlinear safety certificates for individual
and shared constraints. We then introduce the robust
constrained Nash equilibrium (RCNE) concept and propose
an iterative best-response (IBR) method that leverages Fast
SLS for scalable joint trajectory–controller optimization.
In experiments, our method improved safety, proactively
avoided high-disturbance regions, reduced terminal error
versus baseline methods, and scaled to large, heterogeneous
teams. Our future work will develop convergence guarantees
for Alg. 1 and compare extensively against a range of single-
agent and multi-agent robust motion planning baselines.
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