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Risk-Minimizing Two-Player Zero-Sum Stochastic
Differential Game via Path Integral Control

Apurva Patil! Yujing Zhou?

Abstract—This paper addresses a continuous-time risk-
minimizing two-player zero-sum stochastic differential game
(SDG), in which each player aims to minimize its probability
of failure. Failure occurs in the event when the state of the
game enters into predefined undesirable domains, and one
player’s failure is the other’s success. We derive a sufficient
condition for this game to have a saddle-point equilibrium and
show that it can be solved via a Hamilton-Jacobi-Isaacs (HJI)
partial differential equation (PDE) with a Dirichlet boundary
condition. Under certain assumptions on the system dynamics
and cost function, we establish the existence and uniqueness of
the saddle-point of the game. We provide explicit expressions
for the saddle-point policies which can be numerically evaluated
using path integral control. This allows us to solve the game
online via Monte Carlo sampling of system trajectories. We
implement our control synthesis framework on two classes
of risk-minimizing zero-sum SDGs: a disturbance attenuation
problem and a pursuit-evasion game. Simulation studies are
presented to validate the proposed control synthesis framework.

I. INTRODUCTION

Interactions among multiple agents are prevalent in many
fields such as economics, politics, and engineering. Game
theory studies the collective decision-making process of mul-
tiple interacting agents [1]. Two-person zero-sum games in-
volve two players with conflicting interests, and one player’s
gain is the other’s loss. Pursuit-evasion games (competition
between a pursuer and an evader) [2] and robust control
(competition between a controller and the nature) [1] are
some examples of two-player zero-sum games. In this paper,
we consider a two-player stochastic differential game (SDG)
in which the outcome of the game depends not only on
the decision of both players but also on the stochastic input
added by nature.

When the game dynamics and cost functions are known,
the saddle-point equilibrium of a two-player zero-sum SDG
can be characterized by the Hamilton-Jacobi-Isaacs (HII)
partial differential equation (PDE). The analytical solutions
of the HJI PDEs are in general not available, and one needs to
resort to numerical methods such as grid-based approaches
[3], [4] to solve these PDEs approximately. However, the
grid-based approaches suffer from curse of dimensionality,
making them computationally intractable for systems with
large dimensions [5]. Moreover, in general, the solutions
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can not be computed in real-time using these methods; they
need to be precomputed as lookup tables and recalled for
use in an online setting [4]. Several reinforcement learning
algorithms have also been proposed to find approximate
solutions to game problems. A reinforcement-learning-based
adaptive dynamic programming algorithm is proposed in
[6] to determine online a saddle-point solution of linear
continuous-time two-player zero-sum differential games. A
deep reinforcement learning algorithm based on updating
players’ policies simultaneously is proposed in [7] to solve
two-player zero-sum games. These methods assume deter-
ministic game dynamics and do not consider system uncer-
tainties. In the presence of system uncertainties, the perfor-
mance and safety of both players are affected unpredictably,
if the uncertainties are not accommodated while designing
policies. An effective uncertainty evaluation method, the
multivariate probabilistic collocation, was used in [8] with
integral reinforcement learning to solve multi-player SDGs
for linear system dynamics online. A two-person zero-sum
stochastic game with discrete states and actions is solved in
[9] using Bayesian inverse reinforcement learning. Common
challenges in the learning-based methods include training
efficiency and rigorous theoretical guarantees on convergence
and optimality. Moreover, these approaches do not explicitly
take into account the players’ failure probabilities while
synthesizing their policies.

In our work, we formulate a continuous-time, nonlinear,
two-player zero-sum SDG on a state space modeled by
an Itd stochastic differential equation. Since the stochastic
uncertainties in our model are unbounded, both players have
nonzero probabilities of failure. Failure occurs when the state
of the game enters into predefined undesirable domains, and
one player’s failure is the other’s success. Our objective is
to solve a game in which each player seeks to minimize its
risk of failure (failure probability)! along with its control
cost; hence, the name risk-minimizing zero-sum SDG. We
explain the risk-minimizing zero-sum SDG via the following
example:

Example 1: Consider a pursuit-evasion game in which the
pursuer catches the evader if they are less than a certain
distance p away from each other. In this setting, the evader
wishes to minimize its probability of entering the ball of
radius p centered at the pursuer’s location. Whereas, the
pursuer wishes to minimize the probability of staying out
of the ball of radius p centered at the evader’s location. The
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goal of each player is to balance the trade-off between the
above probabilities (probabilities of failure) and the control
cost (e.g., their energy consumption). This problem can be
formulated as a risk-minimizing zero-sum SDG.

We derive a sufficient condition for this game to have a
saddle-point equilibrium and show that it can be solved via
an HJI PDE with Dirichlet boundary condition. Under certain
assumptions on the system dynamics and cost function,
we establish the existence and uniqueness of the saddle-
point equilibrium of the formulated risk-minimizing zero-
sum SDG. Furthermore, explicit expressions for the saddle-
point policies are derived which can be numerically evaluated
using path integral control. The idea behind the path integral
control is to use the Feynman-Kac lemma [12] and solve a
linear PDE via Monte Carlo samples of system trajectories
[13], [14]. The Monte Carlo simulations can be massively
parallelized through the use of graphics processing units
(GPUs); hence this approach is less susceptible to the curse
of dimensionality. The use of the path integral technique to
solve stochastic games was proposed in [15]. In this paper,
we generalize their work and develop a path integral formu-
lation to solve HJI PDEs with Dirichlet boundary conditions
and find saddle-point equilibria of risk-minimizing zero-sum
SDGs. The proposed framework allows us to solve the game
online using Monte Carlo simulations of system trajectories,
without the need for any offline training or precomputations.

The contributions of this work are as follows: 1) We
formulate a continuous-time risk-minimizing zero-sum SDG
in which players aim at balancing the trade-off between the
failure probability and control cost. A sufficient condition for
this game to have a saddle-point equilibrium is derived, and
it is shown that this game can be solved via an HJI PDE with
a Dirichlet boundary condition. 2) Under certain assumptions
on the system dynamics and cost function, we establish the
existence and uniqueness of the saddle-point solution. We
also obtain explicit expressions for the saddle-point policies
which can be numerically evaluated using path integral
control. 3) The proposed control synthesis framework is
validated by applying it to two classes of risk-minimizing
zero-sum SDGs, namely a disturbance attenuation problem
and a pursuit-evasion game.

Notation

Bold symbols such as x represent random variables. If a
stochastic process z(s),s > ¢ starts from z at time ¢, then
let P, (&) denote the probability of event £ conditioned
on z(t) ==, and let E, ; [F' (x)] denote the expectation of
a functional F (z) conditioned on z () = . Let 1¢ be an
indicator function, that returns 1 when the condition £ holds
and 0 otherwise. Tr(A) denotes the trace of a matrix A.

II. PROBLEM FORMULATION

We consider a two-player zero-sum stochastic differential
game (SDG) on a finite time horizon ¢t € [to,T], tg <
T. Consider a class of control-affine stochastic systems
described by the following Itd stochastic differential equation
(SDE):

de(t) =f (2(t),t) dt + Gy (x(t), t) u(z(t),t)dt
+ Gy (z(t), t) v (x(t),t) dt + 2 (z(t),t) dw(t)

where z(t) € R™ is the state, u(x(t),t) € R™ is the
control input of the first player (henceforth called the agent),
and v(z(t),t) € R! that of the second player (called the
adversary). w(t) € R¥ is a k-dimensional standard Wiener
process on a suitable probability space ({2, F, P). We as-
sume sufficient regularity in the functions f (z(t),t) € R",
Gy (z(t),t) e RV™ G, (z(t),t) € R™*! and X (z(t),t) €
R"*F so that a unique strong solution of (1) exists [12].
Both the control inputs u, and v are assumed to be square
integrable (i.e., of finite energy). In the rest of the paper,
for notational compactness, the functional dependencies on
x and ¢ are dropped whenever it is unambiguous.

Let Xs C R™ be a bounded open set representing a safe
region, X, be its boundary, and closure X, = X, U 0X,.
Suppose that the agent tries to keep the system (1) in the
safe set X for the entire time horizon [tg, T of the game,
whereas the adversary seeks the opposite. For example, in
pursuit-evasion games, the safe set X; could be a region
outside the ball of radius p, centered at the adversary’s
location. Or, in the disturbance rejection problems, if an
agent wishes to navigate through obstacles in the presence
of adversarial disturbances, then the region outside obstacles
could be considered as a safe set. Suppose, when the game
starts at o, the system is in the safe seti.e., (o) = xg € X.
If the system leaves the region X at any time ¢ € (to, T,
we say that the agent fails. On the other hand, the adversary
fails if the system stays in X for all ¢ € [to, T']. Therefore,
we define the agent’s probability of failure Pg5 as

)

PRf=Puo| \ z(t) ¢ X, )
te(to,T]

and the adversary’s probability of failure P2 :== 1 — Ppg.
We define the terminal time ¢; of the game as
b T, if x(t) € X,,Vt € (to,T),
P77 \inf {t € (to, T) : m(t) ¢ X},
Alternatively, £y can be defined as
ty = inf{t >ty : (2(t),t) ¢ Q} (4)

where Q = X X [tg,T) is a bounded set with the boundary
0Q = (0Xs x [to,T]) U (X5 x {T}), and closure Q =
QUAQ = X, x [tg, T]. Note that by the above definitions,
(x(ty),ty) € OQ and the agent’s failure probability Pp% in
(2) can be written in terms of £ as

3)

otherwise.

Poio| V 2(t) ¢ Xo| =Eagt Laeycon.]- (9
te(to,T)

Since the stochastic uncertainty of the system (1) is modeled
with an unbounded distribution, both the agent and the adver-
sary have nonzero probabilities of failure. In our two-player
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SDG setting, we assume that both players aim to design an
optimal policy against the worst possible opponent’s policy
such that their own risk of failure is minimized. Therefore,
we define the following risk-minimizing cost function:

C (z07t0; u?”) = nEQfg,to I:]lx(tf)eaXs:I

to

+Em,tolwx(tf))-nz(tf)e&+ [ Le0.u(0).000). 001 ©

The first term indicates the penalty associated with the
agent’s failure with the weight parameter n > 0. ¥ (z(ty))
and L (z(t),u(t),v(t),t) denote the terminal and running
costs, respectively. Note that the game ends at ¢ and the
system doesn’t evolve after that (this is motivated by the
applications where “collision” or “capture” ends the game).
Therefore, the running cost is integrated over the time
horizon [to,t]. The agent tries to minimize C by controlling
u, whereas the adversary tries to maximize it by controlling
v. The weight parameter 7 balances the trade-off between
the control cost and the failure probability.

Notice that if we define ¢ : X; — R as:

¢ (x) =Y (2) Leex, + 1 Lecox,, (N

then, the first term in (6) can be absorbed in a new terminal
cost function ¢ as follows:

ty
C(l‘o, to;u, ’U) :Eazo,to[Cb (.’L‘(tf))-‘r/ L((L‘, u,v, t) dt] (8)
to
In this paper, we consider the following running cost that is
quadratic in v and v:

L(z,u,v,t)=V(z, 1%)4—%uTlL%u(a:7 t)u— %’UTRU (z,t)v 9)

where V (z,t) denotes a state dependent cost, and

R, (z,t) € R™*™ and R, (z,t) € R*! are given positive

definite matrices (for all values of z and t¢). Now, we

formulate our risk-minimizing zero-sum SDG as follows:
Problem 1 (Risk-Minimizing Zero-Sum SDG):

ti(1 1
min max Ey ¢, [(;5 (z(ty)) —|—/ <2uTRu'u,— QvTva—i—V) dt}
u v t[]
s.t. dz =fdt + G udt + G,vdt + Ldw,

ZL'(to) = X9-

(10)

where the admissible policies u, v are measurable with
respect to the o-algebra generated by x(s),tg < s <.
Note that Problem 1 is a variable-terminal-time zero-sum
SDG where the terminal time is determined by (4).

III. SYNTHESIS OF MINIMAX POLICIES

In Section III-A, we show that Problem 1 can be solved via
an HJI PDE with appropriate Dirichlet boundary condition.
In Section III-B, we find a solution of a class of risk-
minimizing zero-sum SDGs via path integral control.

A. HJI PDE with Dirichlet Boundary Condition

Problem 1 can be solved by utilizing the principle of
dynamic programming. For each (z,t) € Q, and admissible
policies u, v over [t,T), define the cost-to-go function:

C (@, t;u,v) =Bt [ (z(ty)) ]

ti /1 1 1)
+E; . [/ <2uTRuu - ivTRv'v + V) dt} . (
t

Definition 1 (Saddle-point solution):  [16, Chapter 2]:
Given a two-player zero-sum differential game, a pair of
admissible policies (u*,v*) over [t,T) constitutes a saddle-
point solution, if for each (z,t) € Q, and admissible policies
(u,v) over [t,T),

Cz,t;u*,v) < C* = C(z, t;u*,v*) < C(x, t;u,v¥).

The quantity C* is the value of the game. The value of the
game is defined if it satisfies the following relation

C*=minmax C (x, t; u,v) = maxmin C (z,t; u, v) .
u v v u

The following theorem provides the sufficient condition for
a saddle-point solution of Problem 1 to exist.

Theorem 1: Suppose there exists a function J : Q@ — R
such that

(a) J(x,t) is continuously differentiable in ¢ and twice
continuously differentiable in z in the domain Q;
(b) J(z,t) solves the following stochastic HII PDE:

1
—8tJ:V+fT8IJ+§Tr (zxT02J)

1 V(z,t)€Q,
+ 5(8xJ)T(GUR;1GI—GuRglGI)@,J,
lim  J(x,t) = o(y), V(y,s) € 0Q.
(@,t)—=(y,s)
(z,t)EQ
(12)

Then, the following statements hold:

(i) J(z,t) is the value of the game formulated in Problem

1. That is,

J (z,t) =minmax C (z, t; u,v)
u v - 13
=maxminC (x,t;u,v), V (z,t)€ Q. (13)

v u
(i) The optimal solution to Problem 1 is given by

w(z,t) = =Rz, t) Gy (2, 1) pJ (2, 1), (14)
v*(z,t) = Ry (x,t) Gy (2, t) Op I (1) . (15)

Proof: Refer to the supplementary material [17, Ap-
pendix A] [ ]
Remark 1: Theorem 1 does not say anything about the
existence of a function J(x,t) satisfying statements (a) and
(b), and it is not in the scope of this paper. However, in
Section III-B, we focus on a special case in which (12) can
be linearized where the existence and uniqueness of such a
function are guaranteed.
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B. Path Integral Formulation

In this section, we derive a path integral formulation
to solve a class of risk-minimizing zero-sum SDGs that
satisfy certain assumptions on the system dynamics and
cost function. Let £(x,t) be the logarithmic transformation
(known as Cole-Hopf transformation in the PDE literature)
of the value function J(z,t) defined as

J(w,t) = —Alog (& (2, 1))

where A is a proportionality constant to be defined. Applying
the transformation in (16) to (12) yields

(16)

ag:% —%Tr(ZETQ%f) +

LA
28

1
2%
(0.6) (GuR;\G] —Gu Ry Gl ) 0,6~ fT0,¢,

Y(z,t) € Q,
Y(y, s) € 00.

(0:6)'E270,¢

lim
(z,t)—(y,s
(z,t)€EQ

(o) exp(42),

a7
Now, we make the following assumption:
Assumption 1: For all (x,t) € 0, there exists a constant
A > 0 such that
Nz, )5 (2,8) =AGy (7, ) Ry (2, 0) G (2,1)
—\Gy(z, )R (x, )G (x,1).
Assumption 1 is similar to the assumption required in the
path integral formulation of a single agent stochastic control
problem [18]. A possible interpretation of condition (18)
is that in a direction with high noise variance, the agent’s
control cost has to be low whereas that of the adversary
has to be high. Therefore, the weights of the control cost
R, and R, need to be tuned appropriately for the given
diffusion coefficient ¥(z,t) and the control gains G, (z,1)
and G, (z,t) in the system dynamics (1). See [13], [14] for
further discussion on a similar condition in the single agent
setting. Assumption 1 also implies that the stochastic noise
has to enter the system dynamics via the control channels.
Therefore, in what follows, we assume that system (1) can be
partitioned into subsystems that are directly and non-directly
driven by the noise as:

) = [fine o)+ oot et
+ [ ng)(z% t)]v(m,t)dt + {2(2) (m,t)}dw

where O denotes a zero matrix of appropriate dimensions.
By assuming a A satisfying Assumption 1 holds in (17), we
obtain the linear PDE in £ with Dirichlet boundary condition:

=2~ fT0,& — 1Tr (BXT02¢), V(z,1)€Q,
lim  &(z,t) :exp(—@), V(y,s)€0Q. (20)

(@,t)—=(y,s)
(z,t)EQ

(18)

19)

The solution of a linear Dirichlet boundary value problem
of the form (20) exits under a sufficiently regular boundary

condition, and it is unique [19, Chapter 6]. Furthermore,
the solution admits the Feynman-Kac representation [20].
Suppose Z(t) € R™ is an uncontrolled process driven by
the following SDE:

dz(t) =f(Z(t),t)dt+3(Z(t),t)dw(t)

and let £ := inf{t >ty : (#(t),t) ¢ Q}. Then, the solution
of the PDE (20) is given as

£(ont) = Ewe ewp(—350) )]

where S (1) denotes the cost-to-go of a trajectory 7 of the
uncontrolled system (21) starting at (x, t):

21

(22)

ty
S =@+ [ vennd )
t
Equation (22) provides a path integral form for the expo-
nentiated value function & (z,t), which can be numerically
evaluated using Monte Carlo sampling of trajectories gen-
erated by the uncontrolled SDE (21). We now obtain the
expressions for the saddle-point policies via the following
theorem:

Theorem 2: Suppose Assumption 1 holds and the system
(1) can be partitioned as (19). Then, a saddle-point solution
of the risk-minimizing zero-sum SDG (10) exists, is unique,
and is given by

E, exp(—3S (1)) 23z, t) dw]
E,. [exp(—15(7))]

u*(z,t)dt=G,(x,1t) , (24)

where
Gu=R, 'GP (GP RGP GO RGP

E, [exp(—15 (T))Z(z)({l,', t) dw]
Egt [exp(—55 (7))]

v*(z,t)dt=G, (z,1) , (25)

where
-1
Go=—R,'GP (GPRGP - GPR'GD) .

Proof: The existence and uniqueness of the saddle-
point solution follow from the existence and uniqueness of
the linear Dirichlet boundary value problem (20) [19, Chapter
6] and from Theorem 1. The saddle-point solution u*(z,t)
(14) and v*(x, t) (15) can be computed by taking the gradient
of (22) with respect to = and using the condition (18).
(The derivation of (14) and (15) is in the same vein as the
derivation of optimal controls in single agent settings [18],
[21]; not presented here for brevity.) [ ]
Equations (24) and (25) provide the path integral forms for
the saddle-point equilibrium. Similar to (22), the expectations
in (24) and (25) can be numerically evaluated in real-time
via the Monte Carlo sampling of the trajectories generated
by the uncontrolled SDE (21). The path integral framework
evaluates the solution locally without requiring knowledge
of the solution nearby so that there is no need for a (global)
discretization of the computational domain. This allows us to
solve the game online without requiring any offline training
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or precomputations. Even though Monte Carlo simulations
must be performed in real-time in order to evaluate (24, 25)
for the current (z,t), these simulations can be massively
parallelized through the use of GPUs.

IV. EXAMPLES

In this section, we apply the path integral framework
to two classes of risk-minimizing zero-sum SDGs (10): a
disturbance attenuation problem and a pursuit-evasion game.

A. Disturbance Attenuation Problem

Consider a special class of systems (1):
de=f(z,t)dt + G, (z,1) (u(:l:7 t)dt+uv (z,1) dt+dw) (26)

where u (z,t) € R™ is the control input, v (z,t) € R™
is the bounded disturbance and w(t) € R™ is a Wiener
process. Here, we have two sources of noise that corrupt
the system’s control input u: the bounded noise v whose
statistics are unknown, and the white noise dw. In the
disturbance attenuation problem, the objective is to design
a policy w in the presence of stochastic noise and bounded
disturbance v such that the system’s control performance
Eoy 1o {qs () + [ (SuTu+ V) dtJ
problem can be solved using the following zero-sum SDG,
where u is considered as a control input of the first player
(agent) and v that of the second player (adversary):

is minimized. This

ty 2
muin max Eeo.to {(b (a:(tf))—i—/ <;UT'U,— ,;UTU—F‘/) dt] . (27)
to

v is a given positive constant that determines the level of
disturbance attenuation. Theorem 3 provides an upper bound
on the system’s control performance (in the presence of a
bounded disturbance v) that can be obtained by solving the
game (27).

Theorem 3: Suppose (u?,v}) represent the saddle-point
policies of the SDG (27) for any +, and let

" tf
v [/ v'v dt]
to

5, = E (28)

zo,to
where the superscript on [E denotes the policies under which
the expectation is computed. Then, for all adversarial policies
v such that EZ;:) [ 'ttgvTv dt} < ¢ (for any & > 0),
we get the following upper bound on the system’s control
performance in the presence of disturbance v:

ul vk ty 1 T 72
s b (G )a] « T s
0
ul v ty 1 T
> B ottt (uTusv)al.
to

Proof: Please refer to the supplementary material [17,
Appendix B] -

(29)

In order to solve the HJI PDE associated with the game (27)
via the path integral framework described in Section III-B, it
is necessary to find a constant A > 0 (by Assumption 1) such

that \ (1 — 712) = 1. Therefore, for all v > 1, Assumption

1 is satisfied and as a consequence, the zero-sum SDG (27)
admits a unique saddle-point solution.

We now present a simulation study of the disturbance
attenuation problem using a unicycle navigation example.
Consider the following unicycle dynamics model:

dp Pz scosf
Py __ g Py gy 55001
ds s 0
de 0 0 30)
0 0
0 0 a Aa c 0
+]00 qw]dm{m]m{o V}dw),
0 1

where (p;, py), s and 6 denote the position, speed, and
the heading angle of the unicycle, respectively. The control
input u = [a w] consists of acceleration a and angular

speed w. v = [Aa Aw]T is the bounded disturbance
acting on the system’s control input, and dw € R? is the
white noise with ¢ and v being the noise level parameters.
As illustrated in Figure 1, the unicycle aims to navigate
in a two-dimensional space from its initial position (rep-
resented by the yellow star) to the origin (represented by
the magenta star), in finite time, while avoiding the red
obstacles and the outer boundary. The white region that
lies between the outer boundary and the obstacles is the
safe region X5. This is a disturbance attenuation problem
since the unicycle aims to design its control policy w in
order to minimize the control performance and risk of failure
(collision with the obstacles or the outer boundary) under
worst-case disturbance v. Therefore, we can formulate this
problem as the risk-minimizing zero-sum SDG (27). In the
simulation, we set 0 = v = 0.1, &k = 0.2, t; = 0,
T =10, 20 = [-04 04 0 0], V(z) = p? + p?
and ¢ (2(T)) = p2(T) + p3(T). In order to evaluate the
optimal policies (24) and (25) via Monte Carlo sampling,
10* trajectories and a step size equal to 0.01 are used. We
demonstrate two experiments.

1) Experiment 1: In this experiment, we set n = 0.67
and plot in Figure 1 100 sample trajectories generated using
synthesized saddle-point policies (u*,v*) for two values of
~. The trajectories are color-coded; the blue paths collide
with the obstacles, while the green paths converge in the
neighborhood of the origin (the target position). The figure
shows that for a higher value of ~ i.e. when the adversary
becomes less powerful, the failure probability of the agent
PP% reduces.

2) Experiment 2: In this experiment, we set 72 = 3,
n = 1, and study the effect of ignoring the adversary.
First, we compute saddle-point policies (u*, v*) for the game
(27) same as Experiment 1 and plot in Figure 2-(a) 100
sample trajectories generated using (u*, v*). In this case, the
agent is aware of the adversary and designs its policy u*
cautiously. The probability of failure is 23%. In the second
case, the agent is not aware of the presence of the adversary
and computes its policy (say) u* by solving a single agent
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Fig. 1. Unicycle navigation in the presence of bounded and stochastic
disturbances. The start position is shown by a yellow star and the target
position (the origin) by a magenta star. 100 sample trajectories generated
using saddle-point policies (u*,v*) for two values of -y are shown. The
trajectories are color-coded; blue paths collide with the red obstacles or the
outer boundary, while the green paths converge in the neighborhood of the

magenta star. The failure probabilities of the agent Pf‘?ﬁl are noted.

0.1 0.1
0 * 0

-0.1 - -0.1
02 £-0.2

-0.3 % -0.3
-0.4 -0.4
-0.5 -0.5

-0.5-0.4-03-02-01 0 O. -0.5-0.4-03-02-0.1 0 041

Dz Pz

(a) Agent is aware of the
adversary, P = 0.23

(b) Agent is not aware of
ag __

the adversary, P;;; = 0.65

Fig. 2. Unicycle navigation in the presence of bounded and stochastic

disturbances. (a) The agent is aware of the presence of an adversary. 100

sample trajectories generated using saddle-point policies (u*,v*). (b) The

agent is not aware of the presence of an adversary. 100 sample trajectories

generated using (@*,v*). The failure probabilities of the agent szgﬂ are
noted for each case.

optimization problem. However, in reality, the adversary is
present and suppose it follows the policy v*. Figure 2-(b)
shows 100 sample trajectories generated using (u*,v*). In
this case, the agent’s performance is poor, it fails 65% of the
time. The color-coding of the trajectories is the same as in
Experiment 1.

B. Pursuit-Evasion Game

Consider a two-player zero-sum SDG on a finite time
horizon [to, T, in which the adversary is chasing the agent
and the agent is trying to escape from the adversary. We will
call the adversary as a pursuer and the agent as an evader.
Suppose the evader and the pursuer are moving in a two-
dimensional plane according to

dp? = u,dt + oF dw?

dp); = uydt + o dw,

dpt = v,dt + o dw?

x ) 31
dp5 vydt—l—afdwg,( )

where zp = [p¥ pf]T is the position and u =

[u$ uy]T is the control input of the evader. Similarly,
P P T T ., .

zp = [p p]] and v == [v, wv,] are the position

and control input of the pursuer. wZ, w), w?,w] are inde-
pendent one-dimensional standard Brownian motions. If at
any time ¢ € (to, T, the pursuer gets within a distance p of
the evader, then it catches the evader and the evader fails. On
the other hand, if the evader avoids getting within a distance
p of the pursuer for the entire time horizon [tg,T], then
that’s a failure for the pursuer. The pursuer aims at designing
its control policy v in order to maximize the probability of
catching the evader, whereas the evader seeks the opposite
by designing u. For this two-player differential game, it
is the relative position of the pursuer and evader that is
important (and relevant), rather than their absolute positions.
Let z := [p, py] be the evader’s position with respect to
the pursuer where p, = pZ —p, p, = pJ —p} and
the origin coincides with the pursuer’s position. Thus, the
coordinate system is attached to the pursuer and is not fixed
in space. The system z follows the SDE

“Wﬂ@hﬁ?ﬁ“ﬂ% ﬂm )

Uy Uy 0 oy
where 0, = /(0F)? + (a1)?, oy = (/(0f)? + (0}))?
and w is a two-dimensional standard Brownian motion.
In this game, the safe set X5 can be defined as X, =
{z € R?: ||z|| > p}. Suppose the control cost matrix R,
of the evader is unity and that of the pursuer R, = 7,2,
where 7, is a given positive scalar constant. Therefore, the
risk-minimizing zero-sum SDG takes the form:

Ty

t 2
muin max Ex.to {(;5 (x(tf))—f—/t f(;uTu— 2'vTv+V) dt} . (33)
0
In order to solve the associated HJI equation of this game via
the path integral framework, it is necessary to find a constant

A > 0 (by Assumption 1) such that A (1 — rv%) =1.

Therefore, for all r, > 1, Assumption 1 is satisfied and
as a consequence, the zero-sum SDG (33) admits a unique
saddle-point solution.

In the simulation, we set o = o) = ol = o] =
VOI, p = 01, g = 0, T = 2, 2, = [0.3 03],
V() = ¢ ((T)) = 0, n = 02, r,2 = 2. Figure 3

shows a plot of two sample trajectories of the system (32)
generated using synthesized saddle-point policies (u*,v*).
The trajectories start from xy shown by the yellow star.
The red disc of radius p = 0.1, centered at the origin
represents that the pursuer is within a distance p of the
evader. The green trajectory never enters the red disc in the
horizon [tg,T], thus, it represents a case when the evader
escapes from the pursuer. The blue trajectory, on the other
hand, enters the red disc and thus represents a case when
the pursuer catches the evader. Figure 4 shows a plot of
failure probabilities of the agent (i.e., evader) as a function
of r,, when the players follow the saddle-point policies
(u*,v*). These values are computed using naive Monte Carlo
sampling, with 400 sample trajectories. The plot shows that
as the control cost weight r,, of the adversary (i.e., pursuer)
increases, the chances of the evader getting caught reduces.
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Fig. 3. Two sample trajectories of the relative position of the players
in a pursuit-evasion game. The start position of the trajectories is shown
by a yellow star. The red disc of radius p = 0.1, centered at the origin
represents that the pursuer is within the distance p of the evader. The green
trajectory never enters the red disc in the horizon [to, T, thus, it represents
a case when the evader wins. The blue trajectory enters the red disc and
thus represents a case when the pursuer wins.
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Fig. 4. Failure probabilities of the agent (i.e., evader) as a function of r,,
when the players follow the saddle-point policies (u*, v*).

The aim of the presented simulation studies is to validate
the proposed theoretical formulation of the risk-minimizing
zero-sum SDGs. Future work will emphasize scaling this
framework to higher dimensional and more complex game
dynamics.

V. CONCLUSION

The paper presented an HJI-PDE-based solution approach
for a risk-minimizing two-player zero-sum stochastic dif-
ferential game (SDG). This is a variable-end-time game in
which each player tries to balance the trade-off between
the probability of failure and the control cost. A sufficient
condition for a saddle-point solution of this game was derived
and it was shown that this game can be solved via an HJI
PDE with the Dirichlet boundary condition. We developed a
path integral framework to numerically solve a class of risk-
minimizing zero-sum SDGs whose associated HJI PDE can
be linearized and established the existence and uniqueness
of the saddle-point solution. The presented approach allows
the game to be solved online without the need for any offline
training or precomputations. Application of our approach
to two classes of risk-minimizing zero-sum SDGs: a dis-
turbance attenuation problem and a pursuit-evasion game
was presented and the framework was validated through
simulation studies. In the future, we plan to conduct sample
complexity analysis for path integral control in order to
investigate how the accuracy of Monte Carlo sampling affects
the solution of SDGs. The central challenge in using the
path integral framework is the particular requirement on

the relationship between the cost function and the noise
covariance. This requirement restricts the class of applicable
system models and cost functions. In future work, we plan
to find alternatives in order to get rid of this restrictive
requirement (one such solution is provided in [18]). Another
topic of future investigation could be chance-constrained
stochastic games in which each player would aim to satisfy
a hard bound on its failure probability.
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