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from optimal control and differential game problems. The subproblems are independent
and they can be implemented in an embarrassingly parallel fashion. This is ideal for
perfect scaling in parallel computing. The algorithm is proposed to overcome the curse
of dimensionality [1,2] when solving H] PDE. The major contribution of the paper is to

Keywords: change either the solving of a PDE problem or an optimization problem over a space of
Hamilton-Jacobi equations curves to an optimization problem of a single vector, which goes beyond the work of [40].
Viscosity solution We extend the method in [7,9,15], and conjecture a (Lax-type) minimization principle to
Hopf-Lax formula solve state-dependent HJ PDE when the Hamiltonian is convex, as well as a (Hopf-type)
Nonconvex Hamiltonian maximization principle to solve state-dependent H] PDE when the Hamiltonian is non-

Differential games

: convex, as a generalization of the well-known Hopf formula in [18,25,50]. We showed
Optimal control

the validity of the formula under restricted assumption for the sake of completeness,
and would like to bring our readers to [62] which validates our conjectures in a more
general setting. We conjectured the weakest assumption of our formula to hold is a
pseudoconvexity assumption similar to one stated in [50]. Our method is expected to have
application in control theory, differential game problems and elsewhere.
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1. Introduction

Hamilton-Jacobi-Isaacs partial differential equations (HJ PDE) are crucial in analyzing continuous/differential dynamic
games, control theory problems, and dynamical systems coming from the physical world, e.g. [20]. An important application
is to compute the evolution of geometric objects [42], which was first used for reachability problems in [33,34], to our
knowledge.

Numerical solutions to H] PDE have attracted a lot of attention. Most of the methods involve the introduction of a grid
and a finite difference discretization of the Hamiltonian. Some of these well-known methods using discretization include
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ENO/WENO-type methods [41] and Dijkstra-type [16] methods such as fast marching [59] and fast sweeping [58]. However,
with their discretization nature, these numerical approaches of H] PDE suffer from poor scaling with respect to dimension
d, hence rendering them impossible to be applied to problems in high dimensions.

Research has therefore been conducted by several groups in search of possible algorithms that can scale reasonably
with dimension. Some new algorithms are introduced in e.g. [14,27,28]. In [7,9,15], the authors proposed a causality-free
method for solving possibly non-convex and time dependent H] PDE based on the generalized Hopf-Lax formula. Using the
Hopf-Lax formula, the PDE becomes decoupled and the solution at each point can be effectively calculated by d-dimensional
minimization, with d the space dimension.

In this work, we propose to extend the method in [7,9,15]. The major contribution of the paper is to change either the
solving of a PDE problem or an optimization problem over a space of curves to an optimization problem of a single vector.
We conjecture the (Lax-type) minimization principle to solve state-dependent HJ PDE when the Hamiltonian is convex. We
also conjecture a (Hopf-type) maximization principle to solve state-dependent HJ PDE when the Hamiltonian is non-convex
but when the initial data is convex. In particular the conjectured (Hopf-type) maximization principle is a generalization of
the well-known Hopf formula in [18,25,50]. We validated our conjectures under restricted assumptions and refers to [62]
for the validation of our formula under a less restricted setting. The optimization problems are of the same dimension as
the dimensions of the HJ PDE. A coordinate descent method is suggested for the minimization procedure in the generalized
Lax/Hopf formula, and numerical differentiation is used to compute the derivatives. This method is preferable since the
evaluation of the function value itself requires some computational effort, especially when we handle higher dimensional
optimization problems. The use of multiple initial guesses is suggested to overcome possibly multiple local extrema since
the optimization process is no longer convex. A simple numerical ODE solver is used to compute the bi-characteristics in the
Hamiltonian system. A numerical quadrature rule is used for computing integrals with respect to time inside the minimiza-
tion or maximization principles. Coordinate descent is also used and a numerical differentiation is performed to minimize
the number of calculation procedures in each iteration steps. In this paper we illustrate the practicality of our method us-
ing the simplest ODE solvers, quadrature rules and finite difference methods, namely the forward Euler, rectangular rule,
and forward difference methods. Nonetheless, all these components of the optimization can be improved by using better
numerical methods, e.g. pseudo-spectral methods for ODE, Gauss-Lobatto quadrature rules, etc. These choices, together with
choosing an appropriate mesh-size in time, minimize errors effectively. Our method does not use a mesh in space, and solu-
tions can be computed at each point (x, t) in a totally decoupled and embarrassingly parallel manner. Moreover, the solution
to the HJ PDE is evaluated at each point (x, t) by coordinate minimization described by the minimization or maximization
principles at that point.

As for high dimensional control, we would like to compare our work with [40], which is concerned with discrete ap-
proximations of a particular set of control, namely the discrete linear-convex control problems involving a quadratic control.
In the paper, both the final parameter v as well as the whole curve representing controls are unknowns. The major contri-
bution of our paper are to remove the optimization over the control (getting the HJ PDE as in [7,9,15]), as well as extending
our method in [7,9,15] to a much more general setting, i.e. differential games/nonconvex problems and the Hamilton-Jacobi
limit. Also, our algorithm is faster comparing with [40] even at the discrete level because we remove the optimization over
the control. We have also proposed both the Lax and the Hopf version, while [40] focuses only on the analogue of a Lax
type formula. We would like to remark that by considering and working on the dual, the algorithm can be made much
faster in many cases, especially when the initial data is convex.

Our formal statements of the conjectures that are used for computation will be given in section 3. However, before we
give an exact formulation of our conjectures, let us briefly provide our main conjectures. In what follows, we denote p as
the co-state variable and H(x, p,t) as the Hamiltonian, as well as ¢(x,t) as the value function satisfying (2.1)-(2.2). We
also denote (y (t), p(t)) as the bi-characteristic curve in the phase space that shall satisfy the constraints in the following
formulae. Then we conjecture the followings:

1. Minimization principle (Lax Formula) Assume H(x, p,t) € C? and is convex w.r.t. p, and (A5) is satisfied, then there
exists tp such that the viscosity solution to (2.1)-(2.2) can be represented as for t <ty that:

P, t) = m]iRrg {g(y(x, v,0) + / {(P(x,v,9), pH(Y (%, v,5), p(x,v,5),9) — H(Y (x,v,5), p(x, V,$),5)} ds :
0

y(x,v,8) =0 H(y(x,v,5), p(x,v,5),5), }

p(x,v,s) =—0xH(y(x,v,s), p(x,v,5),5), (1.1)

Yy, v,t)=x, px,v,t) =V
and its discrete approximation given a small §,

N-1
¢(X’ t) ~ m]llé’tli {g(XO(X, V)) + 8 Z {(pﬂ(x7 V)’ BPH(XH(X5 V)a pn(X7 V), tn)) - H(Xn(xa V), pn(x’ V), tn)} :
ve

n=1
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Pn—-1(X, V) — pu(X, v) = 80xH (Xn (X, V), pn(X, V), tn),
XN =X,DN=V
We would like to remark that the bi-characteristics (y (x, v, ), p(x, v,-)) depend on the two initial conditions x and v,
and this dependence is emphasized using notations that include the two independent variables.
2. Maximization principle (Hopf Formula) Assume H(x, p,t) € C2 and g(p) € C? is convex w.r.t. p that satisfies (A5).
Assume the pseudoconvex condition stated in Conjecture 3.12 holds, then there exists tp such that the viscosity solution
to (2.1)-(2.2) can be represented as, for t < to, that:

Xnr1(X, V) — xn (X, v) = 8dpH(Xn (X, V), pn(X, V), tn), }

P, 1)
t

= max{(x, vy —g*(p(x,v,0)) — /{H(y(x, v,S), p(x,v,s),s) — (okH(y (x, v, ), p(X, v, ), ), Y (¥, v,s))}ds:

veRd

p(x,v,s) =—0xH(y(x,v,s), p(x,v,5),5), (1.2)

y(X,v,s) =0pH(y(x,v,5), p(x,V,5),5), }
yX,v,t) =X, pX,v,t) =v

and its discrete approximation given a small §

(x,t)

N N-1
~ max { (XN, VN) = 5 (P1(X, V) =8 ) H(n(x, V), Pa(X, V), tn) +8 D (Xa(X, V), dH (¥ (X, V), Pn(X, V), tn)) ;
ve n=1 n=1

Xn(X, V) — Xp—1(x, V) = 80p H(Xn (X, V), pn(x, V), tn),
Pn(X, V) — Pny1(X, v) = 80xH (Xn (X, V), pn(x, V), tn), }
XN =X,pDN=V

and in both cases the argument v attaining the minimum or the maximum in the respective formula is dx@(x, t) when ¢ is
smooth at (x, t). These are the key conjectures from a practical point of view. When H(x, p, t) is non-smooth (e.g. in the case
when H(x, p,t) is homogeneous of degree 1 w.r.t. p), more general forms of the respective conjectures are also available.
We must emphasize that these modifications of the formulas are necessary when H is non-smooth or otherwise some
part of sub-gradient flow will be missed and the formula will be incorrect. We notice that, in particular, our conjectured
(Hopf-type) maximization principle is a generalization of the well-known Hopf formula in [18,25,50].

Our approach of using the minimization or maximization principle goes between the indirect method (Pontryagin’s max-
imum principle) and the direct method (direct optimization over the spaces of curves) and is optimal for computational
efficiency. This way we are able to minimize the number of variables to be optimized; since a discretization of curve needs
a lot of variables, meanwhile, we keep a variable and the functional to maintain a descent algorithm that guarantee con-
vergence to a local minimum. The correctness of the computed limit (i.e. if it is a global minimum) can be checked by the
condition p(0) € 9g(y (0)).

The rest of our paper is organized as follows: in subsection 2.1 we introduce the general class of HJ-PDE that we are
interested in, and then we briefly explain the connection between HJ-PDE and differential games subsection 2.2. Then in
section 3, first in subsection 3.2, we showed the formula are true in a restricted set of assumptions; and then we discuss the
major formulae that we use in our work: the conjectured minimization principle (Lax formulation) in subsection 3.3 and the
conjectured maximization principle (Hopf formulation) in subsection 3.4. We then go on to explain briefly our numerical
techniques in section 4 and the certificate of correctness. Numerical examples are given in section 5.

We would like to bring the readers to notice that after a previous version of our paper in arXiv is out, [62] showed that
our conjectures hold in a more general setting than we did. However for the sake of completeness, we keep the proof with
restricted assumptions, and we refer our readers to the more general case shown in [62].

2. Review of Hamilton-Jacobi equations and differential games
2.1. Hamilton-Jacobi equations
In this work, we are concerned with an approximation scheme for solving the following HJ PDE:
%(p(x, t) + H(x, Vxp(x,t),t) =0 inRY x (0, ), (2.1)

where H:R? x RY x R — R is a continuous Hamiltonian function bounded from below by an affine function, %(p and
Vi@ respectively denote the partial derivatives with respect to t and the gradient vector with respect to x of the function
Q: RY x (0, 00) — R. We are also given the initial data
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p(x,00=gx) inR?. 2.2)

We aim to compute the viscosity solution [12,13] at a given point x € RY and time ¢ € (0, co).

Viscosity solution to (2.1)-(2.2) is explicitly given by the Hopf-Lax formulae when H is x independent, since the integral
curves of the Hamiltonian vector field (i.e., bi-characteristics in the phase space) are straight lines when projected to x-space.
In general, when H is x-dependent, we have shown in section 3.2 that, under restricted assumptions, a minimization
or maximization principle approximates the solution to the HJ PDE. They are formulated using a KKT condition which
gives bi-characteristics in the phase (i.e. follow the flow along the Hamiltonian vector field generated by H). We then
postulate in section 3 that the minimization and maximization principles may hold true for more general cases. In [62]
the authors verified our main conjectures under a more relaxed set assumptions using the notions of minimax, in both the
Hamilton-Jacobi-Ballman situation and in some special cases of Hamilton-Jacobi-Issac situation (i.e. when the Hamiltonian is
non-convex). This is a first and monumental work which suggests the validity of our conjecture in a more general situation.

In fact, another closely-related theory, namely the minimax viscosity solution, is introduced in [32,54,55], and connec-
tions are made to control problems and differential games can be found in [30,31,53,56]. The theory goes in parallel with
the definition and theory of viscosity solution [20] coming from differential game, and in the case with convex Hamiltonian,
they always coincide. A general notion of minimax viscosity solution (with non-convex but smooth Hamiltonian) helps to
recast the solution using a formulation that involves patching the graph of multi-valued geometric solutions in a correct
manner, e.g. in [6,5]. In the convex case, under further assumption, the solution can be formulated as a mini-max saddle
point problem of a functional over the spaces of curves [5]. With convex Hamiltonian, the minimax solution is actually also
known as the principle of least action, e.g. [5,48]. A slightly different but very similar direction, which uses Wentzell-Freidlin
theory and construct minimum action methods, are also developed, as in e.g. [17,22,23,60]. However, it is known that the
general formulation of minimax solution coincide with the viscosity solution only if the dynamically programming principle
(i.e. the semigroup property) is satisfied for the minimax solution [4,61]. In fact, in the work [61], the author shows further
that the viscosity solution can be constructed by a limiting sequence of minimax solutions, but such a limiting process may
defy the purpose of formulating the solution of the viscosity solution as a calculable process in the form of an optimization.
Besides, in full generality e.g. in [6,5] the generating function is assumed to be quadratic at infinity and they are described
using deformation retract and relative cohomology (in the spirit of Morse theory), and this may bring difficulty for compu-
tational purpose. For more exposition of the minimax solution and development of this relationship with control problem,
we refer the readers to [62].

On the other hand, there is a well-known notion of Pontryagin’s maximum principle [45] giving us an optimality condi-
tion for the control. In particular, work e.g. in [10] links the maximum principle and dynamic programming, which discussed
in the non-smooth case when will the costate variable coincide with a partial generalized gradient of the value function (cf.
[10]) for a clear definition. However the optimality condition has a final condition for the state variable and an initial con-
dition for the co-state variable, We hope to avoid forward-backward iteration to compute for an optimal. The motivation of
our conjecture over this KKT condition is to keep a Lyapunov functional such that a numerical algorithm can minimize, and
therefore guarantee descent of a functional and convergence of a subsequence of an algorithm even with more pathological
behaviors of H and g, e.g. non-convexity, etc.

The purpose of our conjecture is to find an appropriate generalization of Hopf formula such that it still involves a d
dimensional optimization problem, thus one may apply a good optimization algorithm for computing the viscosity solution.
We are not aiming at full generality; as one will need more sophisticated mathematical language while the resulting for-
mulation may not be easy for computational purpose. On the other hand, we would also prefer to obtain generality that is
sensible and not restricted to a restricted class of Hamiltonian H(x, p,t) (convex w.r.t. p, concave w.r.t. x and satisfying a
finite concavity-convexity assumption, cf. Assumptions (A) and Theorem 2.3 in [48]) (see also Theorem 4.8 in [49]). Since
it is unclear how far such conditions and notions can be generalized as well as remained computable, we only show in a
restricted case that our formulas hold in subsection 3.2. We leave a more general version as a conjecture.

2.2. Differential games and its connection with non-convex Hamilton-Jacobi equations

In this subsection, we give a brief introduction to the specific optimal control and differential game problems we are
considering, and a brief explanation as to how we recast them as problems of solving H] PDE’s. We follow discussions in
[7,9,15,20], see also [18], about optimal control and also for differential games, and their links with H] PDE.

To start with, we first consider two convex compact sets C and D, in which control parameters lie. Then let
us denote A = {a:[t,T]— C : ais measurable}, which is referred to as the admissible set of Player I; and B =
{b:[t,T]— D : b is measurable}, which is referred to as the admissible set of Player II. We call the measurable functions
a:[t, T]— C in the set A and the function b : [t, T] — D in the set B3 as controls performed by Players I and II respectively.

We start with a system of differential equations given as follows. Fix 0 <t < T, x € RY. We consider

dx _
{E(S)—f(s,X(S),a(s),b(s)) t<s<T, (2.3)
x(t) =x.

We assume that the function

f:[0,T]xRY x Ax B—R"
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is uniformly continuous and

|f(t,x,a,b)| <Cq
[f(t,x,a,b) — f(t,y,a,b)| <Cq1]x—yl,

for some constant C; and forall 0 <t <T, x,y € R™, a € A, b € B. The unique solution to (2.3) is called the response of the
controls a(-), b(-). Then we introduce the payoff functional for a given pair of (x,t):

T
P(a,b) := Px(a(-),b(-)) 1=/h(5, X(s),a(s), b(s))ds + g(x(T)),
t

where g : R? — R satisfies

g < C2

1g(x) — g(¥)| < Calx — v,
and h satisfies

lh(t,x,a,b)| <C3
|h(t,x,a,b) —h(t,y,a,b)] < C3|x—y|,

for some constants C»,C3 and all0 <t <T, x,y € R™, a€ A, b € B. In a differential game, the goal of player I is to maximize
the functional P by choosing his control a whereas that of player II is to minimize P by choosing his control b.

Now we are ready to define the lower and upper values of the differential game, based on the notation introduced above.
We first define the two sets containing the respective controls of players I and II:

M(t) :={a:[t,T] — A:ais measurable},
N(t) :={b:[t, T] — B :ais measurable}.
Define a strategy for player I as the map
o:N(@E)— M(t)
for each t <s <T and b, b e B such that
b(t) = B(r) forae.t <t <s=«a[bl(r) = a[B](t) forae.t <t <s.

Therefore a strategy for player I «[b] is the control of player I given that of player II as b. Similarly, let us define a strategy
for player II as

B:M(t) — N(t)
for each t <s<T and a,d € A such that

a(t)=d(t) forae.t <t <s= Bla](r) = Bla](r) forae.t <7 <s.

Again a strategy for player II B[a] is the control of player II given that of player I as a.
Now let I'(t) denote the set of all strategies for I and A(t) for Il beginning at time t. We are well equipped to define the
upper and lower values of the differential game. The lower value V (x, t) is defined as

V(x,t):= inf sup P¢x(a, Bla])
BEAM) geM(t)

T
= inf sup /h(s, x(s), a(s), Blal(s))ds + g(x(T)) ¢
BEA®) geM(t) /
where x(-) solves (2.3) for a given pair of (x, t). Likewise, the upper value U (x, t) is defined as
Ux,t):= sup inf P x(x[b],b)
ael(t)beN@®)

T
:= sup inf /h(s,X(s),a[b](S),b(S))dS+g(X(T)) ,
ael(t) beN(t) /

where x(-) again solves (2.3) for a given pair of (x, t).
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In fact, derived from dynamic programming optimality conditions in [20], the lower and upper values V and U are the
viscosity solutions of a certain possibly nonconvex HJ PDE. For the sake of exposition, we first define the following two
Hamiltonians:

HT(x, p,t) = maxmin{—(f (t,x,a,b), p) — h(t, x,a,b)},
beB acA

H™(x, p,t) = minmax{—(f(t, x,a, b), p) — h(t, x, a, b)}.
aeA beB

A very important case of this class of Hamiltonian is when H¥(t, x, p) are homogeneous of degree 1, which is highlighted
in this work. In fact, in the case where

ft,x,a,by=a—b
h(t,x,a,b) = —=Z¢, (x,t)Ax,t) (@) + Ly (x,0)Bx,6) (B),

where Zg, is the indicator functions of the sets €, i.e.

0 ifxeQ

Ta®=1 0 ifx¢0

and A(x, t) and B(x, t) are balanced, then

H'(x, p,t) = maxmin{(b — a, p) + Ze, x.) Ax.t) (@ — Zey (x.)Bx.) (D)}

beB acA
= max min  {(b—a, p)}
becy (x,t)B(x,t) aecy (x,t) A(x,t)
= max min {(b—a,p)}

[c2(x,0)]~1beB(x,t) [c1(x,0)] " 1acA(x,t)

= max min {(c2(x,t)b —ci(x,t)a, p)},
beB(x,t) acA(x,t)

H™(x, p,t) = minmax{(b — a, p) + Ze, ) Ax.t) (@ — Zey (x.)Bx.) (D)}
acA beB

= min max {(b—a, p)}
aect (X,t)A(x,t) becy (x,t) B(x,t)
= min max {(b—a,p)}

[c1(x, )]~ YacA(x,b) [ca(x,t)]~1beB(x,t)

= min  max {{c2(x,t)b —c1(x,t)a, p)},
acA(x,t) beB(x,t)

thus it holds that H* and A~ coincide, as well as the following relationship:

H*(x,p,t)= max min {c1(x,t)(a, p) — c2(x,t){b, p)}
beB(x,t) acA(x,t)

=ci1(x,t) min {(a, p)} —c2(x,t) max {(b, p)}
aceA(x,t) beB(x,t)
= —C1(x, t)If\(x,t) (p) +ca(x, t)TE(x,t) (p).
In this case, H¥(x, p,t) can be written as a difference of two positively homogeneous (of degree 1) Hamiltonians
Dy (x, -, t), Pa(x, -, t), namely,
HE(X, p,t) = —c1(X, DP1(x, p, 1) + C2(x, ) D2 (X, p, 1)

where ®(x, -, t) and ®,(x, -, t) have their respective Wulff sets as A(x, t) and B(x, t) (see [21,24,43] for more details of the
Wulff set). ~
Now, for a general pair of HE(x, p, t), we have the following well-known theorem:

Theorem 2.1. [20] The function U is the viscosity solution to the HJ PDE :

BU—H (%, VxU,0)=0 onRI x (—00,T),

U, T)=g(x) onRY.

Similarly, the function V is the viscosity solution to the HJ PDE:
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BV -—H ViV, )=0 onR¢x (—c0, T),
Vx,T)=gx) on R,

It is worth mentioning again that, in a general setting where h is possibly nonconvex, the two Hamiltonians HT(x,p,t)
and H™ (x, p, t) may not coincide. But, when they do, there is the following corollary:

Corollary 2.2. [20] If

Htx, p,t)=H (x,p,t)on[t,T] x RY x RY,
then it holds that U = V.

Hereafter, when U =V, we write ¢(x,t):=U(x, T —t) =V (x, T —t), and write H(x, p,t) = HE(x, p, T —t), then

2o+ Hx Vxp,)=0 onR? x (0, 00),
P(x,0) = g(x) onRY.

Note that in general, the Hamiltonians H can be nonconvex and/or nonconcave, and this is one very important occasion
in which nonconvex HJ PDE arises. We would like to mention that the convention to write the HJ-PDE as an initial value
problem or terminal value problem is a matter of convention. One may write that either with the variable t or with the
variable T —t and switch between the two formulations. Since for many applications it is stated as an initial value problem,
we would like to stick to the convention using initial value problem.

In the next section, we will discuss possible representation formulae of the HJ-PDE equation, which may help us to
compute the solution quickly and in parallel. We will prove they hold for restricted assumptions, and refer to the readers
to [62] for the case with less restricted assumptions.

3. Representation formulae for viscosity solution of H] PDE

In this section, we prove in subsection 3.2 that the two formulas hold under restricted assumptions. Then we go on to
making a conjecture of a (Lax-type) minimization principle for the viscosity solution to (2.1)-(2.2) when H is convex, and a
(Hopf-type) maximization principle when H is non-convex but when g is convex that they shall still hold in this case other
less restricted assumptions. In several examples given in the paper, when a Hopf formula is known for the solution, our
conjectured representation reduces to these known formulae. We refer our readers to [62] for a proof that our conjectures
shall hold for a less restricted set of assumptions.

Before we provide our formal statements of the conjectures, for the sake of exposition, let us emphasize that the formulae
stated in Section 1 are the key conjectures from a practical point of view. When H(x, p,t) is non-smooth, more general
forms of the respective conjectures are necessary. The precise statements and proof under restricted assumptions will be
given in the following subsections. Then we make our conjecture that the two formula still hold under less restricted
assumptions. One point to remark is that our conjectured Hopf formula is a generalization of the well-known Hopf formula
in [18,25,50].

3.1. Asimplified system

In order to show the formula is true in a simplified setting, for the sake of exposition, let us consider first a simplified
system of differential equations: Fix 0 <t < T, x € R%. We consider

sy = f(s.x(s),u(s)) t<s<T,
x(t) = x,

where u(:) eUd(t) ={u:[t,T]— U : u is measurable} is again a control and U is the admissible set. We again assume that
the function

f:00,TIxRY x U > R™

is uniformly continuous and

Ift,x, W] <C
|f(t,X,u)—f(t,y,u)|§C1|X—y|,

for some constant C; and forall 0<t <T,x,y € R™, ueU.
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We also consider the following simplified payoff function
T
P(u) := P x(u(")) := / h(s, x(s), u(s))ds + g(x(T)).
t
We consider also the value function
T
U(x,t) ;== inf P;x(u)= inf /h(s,x(s),u(s))ds+g(x(T)) ,
uel(t) ueu(t)
t
and the Hamiltonian

Hx, p,t):= maJ({—(f(t, x,u), p) —h(t,x,u)} aswellas H(x, p,t) = H(x, p, T —t). (3.1)
ue

This is actually the special case of the setting as discussed in Section 2.2 when the set C = {0} is a singleton, after we
denote b(-) as u(-) instead. In this special case H(t, x, p) is always convex w.r.t. p.

One point to note is that, the argument to get either a Lax and a Hopf formula in the general case with differential games
as discussed in section 2.2 shall be similar with the standard assumption on the set of strategy following the causality.

3.2. Verification of minimization/maximization principles under restricted assumptions

Before we go to our statement of conjectures, let us show that the formula in section 1 holds for some restricted
assumptions for the sake of completeness. A proof under less restricted assumptions can be found in [62]. In this subsection,
we suppress the time dependency of f and h (and thus H) to simplify the statements and proofs of the theorems. We note
that the same statements remain true with time dependency. We keep the time dependency in the next subsection.

In what follows, we first state the set of assumptions that we may use. For notational sake, let us write

H(x, p,u) :=h(x,u) + (p, f(x,w)).
Let us consider the following list of assumptions that we will consider:
(A1) U is a compact convex set in RY;
(A2) H(x, p,u) is proper lower semi-continuous and quasi-convex w.r.t. u.

(A3) H(x, p) as defined in (3.1) is proper upper semi-continuous and quasi-concave w.r.t. X.
(A4) H(x, p) is equi-coercive (under parameters p) w.r.t. x in the following sense: for all K > 0, there exists N (independent

of p)
|H(x, p)| > K.

whenever ||x|| > N.
(A5) g(x) is proper lower semi-continuous and convex w.r.t. x, and is coercive w.r.t. x in the following sense:

8COIl = oo as [|x]| — oo

(A6) H(x, p) is proper concave w.r.t. X, and is H(x, p) is equi-coercive (under parameters x) w.r.t. p.
(A7) H(x, p,u), H(x, p), g(x) and g*(p) are all in C2 in all its variables.

3.2.1. Verification of minimization principle under restricted assumptions
Before we proceed, we would also like to state the following lemma directly from definition:

Lemma 3.1. Under the assumption (A2), H(x, p, t) as defined in (3.1) is convex and lower semi-continuous w.r.t. p.
Proof. Both properties follow from the fact that H(p, x, u, s) is linear w.r.t. p. O

With these assumptions at hand, we have the following lemmas. We would like to remark that the following is a more
discrete version of the minimax formula appeared in [5].

Lemma 3.2. Let (X, U, P) := ({2 (ui =y (pu))=) ) € RN and

N-1 N-1 N-1

Fi(X,U,P):=g(X0) +8 ) _ h(xn, un) + ) (Pn Xn41 —Xa) +8 ) _ (Pn, f(Xn, un))

n=0 n=0 n=0
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and
N—-1 N—-1
F1(X,P):= g(X0) + ) _ (Pn X1 — Xn) — 8 Y H(xn, P, Sn).
n=0 n=0

If (A1) and (A2) are satisfied, then we have

min inf ~sup Fi(X.U,P)= inf sup F1(X,P). (3.2)

{unnzg €UN (n}p g (p)N=) Pndico (pail!

Proof. Fixing X, consider F;(X,-,-): (U,P) — F{(X,U,P). Since F; is affine in P, together with (A1) and (A2), we apply a
classical minimax theorem, e.g. strong Lagrange duality satisfying Slater’s condition [3,47] or Sion’s minimax theorem [29,
52] (an extension of Von Neumann minimax theorem[39], see also [46]), to deduce for a fixed X,

1nf sup Fl(XU P)= sup inf  F{(X,U,P).
{tn 2 €U (pa (pulllg unln g €U

Now taking the infimum at both hand sides w.r.t X, and noticing

m1n inf  sup F1(X,U,P)= inf min sup F1(X,U,P),

{(un)pg €UN (xn})Zg {po ] (o {un}p=g €UN (p, N1

the result now follows from the definition of H(t, x, p) in (3.1). O

Notice Lemma 3.2 is a version of representation formula with a minimal amount of assumption, and this expression
gives the finite dimensional analogy well-known principle of least action as in e.g. [5,48].

Lemma 3.3. If (A1), (A2), (A4), (A6), (A7) are satisfied, then we have

min mf sup F1(X,U,P)
{Un}N 1€UN {Xn}n —0 { pn}N 1

N-1

. Xn+1
= lnﬂgd{g<xO)+a§ (pn, LT 82 H(n. pn) :
ve n=0

)

Pn—1(X, V) — pn(X, v) = 80xH (Xx(x, V), pn(x, v)), (3.3)

Xnp1(X, V) —Xp(X, V) = 88pH(Xn(x, V), Pn(X, V), }
XN =X,PDN=V

Proof. Let (X,P) := <{xn}n R ) e R@N-1Dd From Lemma 3.2, since (A1) and (A2), are satisfied, we have that (3.2)
holds. Therefore it remains to show that the term inf{xﬂ}N__O] SUp{pn}N_‘(} F1(X, P) equals to (3.3). Notice that

inf  sup Fi(X,P)=inf inf sup Fi(xo,X,P).

g (pa)] 0 {2y (patly

We now wish to argue that under assumptions (A6), (A7) and (A8), for a fixed xo, either that there exists (f(* (x0), P*(x0))
(depending on xg) such that the mini-max problem mf 1N 1sup( I Fi(x0,X,P) = Fl(XO,X*(xo),P*(XO)), or one has
1nf{xn

In fact, for a fixed set of (xo,f(), by (A6), either SUP,, N1 F1(x0. X, P) is attained and thus, by (A7) there is P*(xg, X)
nipn=0

}rl;lz—]l Sup{p")y;(; F] X,P)=

smoothly depending on (xo, X) s.t.

Xn1(X, V) = X (%, V) = 89y H (xa (X, V), P (X, V, (x0, X)))
holds, or the supremum is infinity. Now let us take infimum over X. For xg such that for all X the value SUP,, N1 F1(x0, X, P)
nip=0
= 00, we have that mf JN-1SUp, N F1(x0, X, P) = co. Otherwise, for xp such that there exists X with Sup{pn}N—Ol Fi(x0, X, P)

n 1

# 00, by (A4) and (A ), we again either have X" satisfies

N-1 N—1
0% (Z(p:;(x, v, (x0. X)), X4 (X, V. X0) — Xs(X, V. %0)) — 8 Y H(X5(X, V. X0). Pi(X. V. (Xo. 5(*)))) =0,

n=0 n=0
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which gives, fixing xg, the following for all n =1, ..., N — 1, using the smooth dependence of (xo, X) > P*(xo, X) and a chain
rule, that

PE_ (v, (X0, X)) — Pi(x, v, (X0, X)) — 83xH (X5 (X, v, X0), PE(X, v, (x0, X))

N—1
=-— (Z (X:*H(& v, X0) — X (x, v, X0) — 83p H(X (x, v, X0), P} (X, V., (xO,f(*)))) dg, P} (%, v, (xO,f(*))) ,
=0

N—-1
=- <Z <X1+1 (%, v) —x1(x, v) — 89, H(X1(x, v), pf (X, v, (X0, X)), sl))
1=0

0% P (. v, (xo, 5(*))) :
X=X

=0

where the last equality comes from the optimality condition defining (%0,X) +— P*(x0,X); or that
inf{x JN-1 SUP( N1 F1(xo,X,P) = —oco. However the case that the infimum get to —oo will arrive at absurdity since we
Nin= nip=0

have tracing back Lemma 3.2

—oco< inf inf sup Fi(x0,X,P)= inf sup F{(X,P)=—o0
{uoln=) Xaln=y (pa)y g (i)
which arrives at contradiction.

Concluding the above argument, for each Xy, either we have inf{xn)

inf, nor supy, it Fi(x0. X, P) = i (x0. X' (x0). P* (x0)) for some (X" (x0). P*(x0)) = (X (x0). P*(x0. X)) sit.

N-1 SUP ) N-1 F1(x0.X,P) = oo or
n—1 Pnlh—o

Xn+1(X, V) — Xn (X, V) = 80p H(xn (X, V), pn(X, v)),
Pn-1(x, V) — pn(X, v) = 80xH (Xn(x, V), pn(x, v)), (3.4)
XN =X.
Notice the condition as the initial condition dxg(xg) = po do not appear because we fixed a value xg. Now for any choice of
(X(x0), P(xp)) satisfying (3.4) will give the same value F1(Xo, X(X0), P(x0)) by concavity of Fi(xo, X, P) w.r.t. P. Therefore,

inf inf sup F1(x0,5(, P) = min { oo, in inf F4 (xo,f(*(xo), P*(x0)) ¢t .
X0 {Xn},l:l;]I {pn}N:Ol Xp€{x0:3(X*(x0),P*(xp)) satisfying (3.4)} VN

The conclusion of the lemma follows from the surjection between v € R? and xq € {xp : I(X*(x0), P*(x0)) satisfying (3.4)}
via the correspondence py (xo) =v. O

We would like to have the following two remarks: (1) in fact if 7 is non-smooth w..t. u, even H(x,p,s) =
maxycy{—H(x, p,w)}, in general we do not have d,H(x, p,s) = —dpH(x, p,u*)} where u* is such that H(x, p,u*) =
maxycy{—H (X, p, u)}. Therefore in general the KKT condition (which is also referred to as Pontryagin’s maximum prin-
ciple [45] in the continuous case) would be stated using . However under appropriate regularity assumption (e.g. (A2),
(A6) and (A8)), we have the two partial derivatives coinciding, i.e. 9, H(x, p) = —9pH(x, p, u*)}. (2) actually our assumptions
(A1), (A2), (A4), (A6), (A7) already guarantee the existence of the adjoint variables, and even smooth dependence, that there
exists P*(xg, X) smoothly depending on (xo, X) in the middle of the proof. These assumptions are clearly stronger than what
we need, but we assume here for the simplicity of our argument.

A clear connection made between the maximum principle and dynamic programming is discussed in literature, e.g. in
[10], which discussed in the non-smooth case when will the costate variable coincide with a partial generalized gradient of
the value function (cf. [10]) for a clear definition.

3.2.2. Verification of maximization principle under restricted assumptions
Using a similar but slightly different argument as in Lemma 3.2, we also obtain similarly the following lemma:

Lemma 3.4. Write (X, U, P) := ({xa)= (w5 (palily ) € BN, R U P) i= ((xalio s (NS (Pl ) € RON-11,

n=1"
N—-1 N—-1 N—-1
Fa(X,U,P):=g(X0) +8 ) _ MXni1,Uunt1) + Y (Pnt1:Xng1 — Xn) +8 D (Put1s f Kn1, Ung1)),
n=0 n=0 n=0

and
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N N—-1
Fo(X,P):= (PN, X) — g (1) =8 ) H(n, Pn) + ) (Pn — Pns1, Xn).
n=1 n=1

If (A1), (A2), (A3), (A4) and (A5) are satisfied, then we have then we have

min inf sup Fo(X,U,P)= sup il}vflf’z(f(,P). (3.5)

{un}no €UN (xnlng {pall_, ol bl

Proof. The first part of the argument goes similar as in the proof of the previous lemma. In fact, fixing X, we see that
Fr(X,-,-): (U,P)—~ F2(X,U,P) is affine w.r.t. P. Together with (A1), (A2) and Definition (3.1) of H(t, x, p) and summation
by part, we again apply a classical minimax theorem, e.g. strong Lagrange duality [3,47], to get

inf sup Fa(X,U,P)= sup inf  F(X,U,P)= sup FAZ(X,P),

{un}n = €U (pal_, (P}, lunly g €U L,
where
N-1 N-—1
Fa(X, P) := g(X0) — (P1,X0) =8 D H(nt1, Pag1) + Y (Pn — Prt1, Xn) + (PN, X).
n=0 n=1

Hence we get

min inf sup Fo(X,U,P)= inf sup F}(X,P).

{unlno €UN (xnlng {pail_, o (pui,

Now since H(s, x, p) satisfies (A3), we have F5(X, P) is lower-semicontinuous and quasi-convex w.r.t. X. Since (A4) and (A5)
are satisfied, there exists a compact (and convex, w.l.o.g.) CN c RN such that

inf  sup F}(X,P): inf sup F}(X,P)

N—-1 -1
(ndnso ), Bnlnzo €CV (pa)

From Lemma 3.1 F»(X, U, P) is upper-semicontinuous and quasi-concave w.r.t. P. Therefore we may apply Sion’s minimax
theorem [29,52] to get

inf  sup Fo(X,P)= sup inf F2(X,P)

N-1 N—
{nlnzo €CV (pa)_, Pl (ndpg €CN

and in fact inf{x |N-lcen €an be replaced by min <cn+ Now considering (A4) and (A5) again, we obtain
Nip=0

N-1
{xntn—o

sup inf F}(X, P) = sup ir}vf : FAZ(X, P).

(Pl fxn}h=g €CV o), (b

Our conclusion now comes from the fact that
i)ngAz X,P) = F2(X,P)
by the definition of Fenchel-Legendre transform [35]. O
Lemma 3.5. If (A1), (A2), (A4),(A5), (A6), (A7) are satisfied, then we have

min inf  sup F»(X,U,P)
{unhy o €UN (xalZo (pull

N N-1
= sup {<pN,x> — g () =8 ) Hen ) +8 Y (=P )

veRd n=1 n=1

Pn(X, V) — Pny1(X, v) = 80xH (xn (X, V), pn(X, v)),

Xn(X, V) — Xp—1(x, V) = 80p H(Xy (X, V), pn(x, V)), }
XN=X,DN=V
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Proof. Let (X,P):= ({xn}ﬁ’:, {pn},’fzz) e R@N=2d_ Again since (A6) and (A7) imply (A3), from Lemma 3.4, we have that

(3.5) holds. Therefore it remains to show that the term SUP(p, N inf{x |-t F»(X, P) equals to (3.6). Notice again that
Nin= Nin=1

sup inf Fo(X,P)=sup sup inf Fz(X p1,P).
(uliy (xalay P1 {pall, Balny
Now as in Lemma 3.4, we now wish to argue that under assumptions (A6), (A7) and (A8), for a fixed P, either
that there exists (X*(p1),f’*(p1)) (depending on pq) such that the max-min problem SUPp, N, i f{x 1N 1 Fa(X, pl,P) =
Fz(f(*(pﬂ,p],f’*(p])), or one has SUP{p, N f{X - F2(X, p1,P) = —
Now, for a fixed set of (pi,P), by (A4) and (A5), either 1nf{xn}N:11 Fz(f(,p],f’) is attained and thus, by (A7) there is
)~(*(p1, P) smoothly depending on (pl,f’) s.t.

Pr(X, V) = 1 (X, v) = 80 H (X (X, v, (p1, P)), pu(X, V),
holds or the infimum is minus infinity. Now let us take supremum  over P. For p; such that for all P the value

f{ AN Fa(X, pN,P) = —o00, we have that SUP(p, i f{x - Fa(X, pN,P) = —o00. Otherwise, for p; such that there exists
P with mf N Fa(X, p1,P) #+ —o00, by (A6) and (A7), we again either have P* satisfies

N-1
((pN(x v.p1),X +Z Pr(x. V. P1) = Phyr (X V. p1). Xs(x. v, (p1.P"))

n=1

N
—8 ) H&Gx, v, (p1,P)), pi(x, v, pl))> =0,

n=1

where we notice the last term is ~ir1depe~nder1t of P, and thus gives, fixing p1, the following for all n =2, ..., N, using the
smooth dependence of (p1,P) — X*(p1, P) and a chain rule, that

X, v, (p1, BY)) — X (%, v, (p1, B)) — 88, HXE (X, v, (1, P7)), pE(X, v, p1))

N-1
- (0 + 37 (Pr v 1) = iy (6 v, pr) = 80cH G (k. v, (1, B)), BT (X, v, PND)) 8, X (X V. (1, f’*») ,
=0
1

N—
~ =%k
- (Z (Prx, v) = Pri (%, v) = 88H (X (v, (p1. B, pix, v) ) ‘ 0, X' (%, v, (p1, P ))) :
1=0 P=
=0
where the second equality used the fact that 9 x",;,(x v, (pl,f’*)) = 8~ x = 0 the last equality comes from the optimality
condition defining (p1, P) > X" (p1, P); or that SUP(p, f{ N Fa(X, p1,P) = 0o. However again case that the supremum

get to oo will arrive at absurdity since we have tracmg back Lemma 3.2

co> inf inf sup Fi(xo,X,P)= sup inf Fo(X, pn,P) =00
{uolp=y xaln=y {paiNy (., (xalp
which arrives at contradiction.

Concluding the above argument, for each pg, either we have SUP(p N, 'f{x - 1 F2X, p1,P) = —o0o0 or

SUpyp, v infie vt Fa (X, p1.P) = F2X" (p1). p1. P (p1)) for some (X*(p1). P*(p1)) = (X (p1). P*(p1.X)) sit.
Xn(X, V) = Xn—1(X, v) = 83p H (xn (X, V), Pn(X, V),
Pn(X, V) = Pr1(X, V) = 83xH (Xn (X, V), pn(X, V), (3.7)
XN =X.

Notice the condition as the initial condition dxg*(p1) = x1 do not appear because we fixed a value p;. Now for any choice
of (X(x0),P(xp)) satisfying (3.4) will give the same value Fq(xg,X(xp), P(xo)) by concavity of Fi(xg, X, P) w.r.t. P. Therefore,

sup sup inf Fy(X, p1,P)=max { —oo, sup sup F2 (X, p1,P)
P {paiN, (nlp] p1e(p1:3(X*(p1),P*(p1)) satisfying (3.7)) VN
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The conclusion of the lemma follows from the surjection between v € R? and pq € {p1 : I(X*(p1), P*(p1)) satisfying (3.7)}
via the correspondence py (p1) =v. O

Again, assumptions (A1), (A2), (A4), (A5), (A6), (A7) already guarantee the existence and smooth dependence of (p1, P)
)~(*(p1, P). These assumptions are stronger than what we need, but we assume them in this work for the simplicity of our
argument.

Before we proceed, we again notice that all the statements above would with h and f depending on time s. From now
on, we do not suppress the time dependence in the notation to indicate sometimes the necessity of a change of variable
s+ T —s. This, although mathematically trivial, may bring computational error if one is not fully aware of it, and is hence
kept from now on.

3.3. Generalized Lax minimization principle for Convex/Concave Hamiltonian

We first describe how we obtain to a Lax formula under restricted assumptions and applying Lemma 3.2 and Lemma 3.4:

T
ox,t):=Ux,T—t):= inf / h(s, x(s), u(s))ds + g(x(T))
ueU(T—t)
T—t

We derive our formula as follows. Following [40], we shall first consider the following discretization (approximation) for a
given & such that N =t, by denoting s, = én and xy = x (and flipping the sign),

P, 0) ~ @y (x, )

where
1
n (X, t)

N-1

= min g(xo)-i-(SZh(T—sn,xn,un):xn+1—xn:—éf(T—sn,xn,un)forn:O,...,N—1,xN:x ,
{Un}h =g €U —0

= min inf  sup F1(X,U,P),

{unlnZo UM (xalnZ (po) =y

where F; is given as in Lemma 3.2, and the second equality comes from reformulating the problem with Lagrange multiplier.
Therefore, applying Lemma 3.2 and Lemma 3.4, we get the following:

Theorem 3.6. If (A1), (A2) are satisfied, then

ph(x, )= inf sup Fi(X,P).

N-1 _
{(*n}n=o {Pn},[;;ol

If (A1), (A2), (A4), (A6), (A7) are satisfied, then we have

N—1 N-1
. X — X

P 0) = med{g(xO>+52<pn,%>—82H(xn,pn,sn>:
ve

n=0 n=0

Xn41(X, V) — Xn (X, V) = 80p H(Xn (X, V), pn(X, V), sn),
Pn—1(X, V) — pn(X, v) = 89xH (xn (X, v), pn(X, V), Sn), } .
XN =X,pN =V

We would like to remark that (A5) is not needed for the validity of the above formulae.

However, we notice that the resulting formula that we conjectured seems to be correct beyond these assumptions, as
the numerical results show (especially when we take the minimum over all the paths satisfying the KKT conditions). We
hope to get rigorous criteria for this formula to hold in the future. In fact, passing to the limit, in the special case when
H(x, p, t) is smooth also w.r.t. p, we conjecture the following Lax formula.

Conjecture 3.7. Assume H(x, p,t) € C2 and is convex w.r.t. p, and (A5) is satisfied, then there exists tq such that the viscosity solution
to (2.1)-(2.2) can be represented as (1.1) for t < to. Moreover, if ¢ (x,t) is differentiable w.r.t. x at a neighborhood of (x, t) and the
infimum is attained by v, then we have dxp (x, t) = V.
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We refer to it as the minimization principle, or the generalized Lax formula. This conjecture was validated under less
restricted assumption in [62] after a previous version of our paper in arXiv in [8] was launched. [62] is a very important
and monumental work which suggest the validity of our conjecture in a more general situation.

Remark 1. When H(x, p,t) is not differentiable at some given point p, then we believe that in formula (1.1), the Mor-
dukhovich subdifferential, 3, H, as defined in [36-38], should be used instead of dxH. In that case the constraint becomes
the inclusion y (x,v,s) € dp H(y (x, v, 5), p(x, v, 5),5), and infimum is taken over also all the curves (y, p) € C* satisfying
the inclusion.

In below there are several examples for the conjecture, that we only provide a brief account.

Example 1. For Hamiltonian H(x, p, t) which is convex w.r.t. p, concave w.r.t. x and satisfying Assumptions (A) in [48], the
following minimization principle holds for the viscosity solution to (2.1)-(2.2) (see Theorem 2.3 in [48] and Theorem 4.8 in
[49]):

t

_ ey ) +/L(J/(S), Y (s), s)ds}

0

(x.t)= _inf
¢ yeC®,y(t)

where the Lagrangian L is defined as
L(x.q,s) =sup{(p.q) — H(x, p,D)}.
p
This example may not satisfy either the assumptions in Lemma 3.2 and or Lemma 3.4, since U may not be compact.

Example 2. When H(x, p, t) is a convex homogeneous degree-1 functional w.r.t. p of the following special form

HEx, p,t) =c(x)®(p),

where ¢ € C* with Cy > c(x) > co for some Cp,co > 0, and & is homogeneous of degree 1 functional. We recall the
definition of the Wulff set W [43] of ® defined as the set W such that the following equality holds:

®(p) = max(p, x) = Zy, (p)
xeW

with * denoting the Fenchel-Legendre transform. We furthermore assume closed, strictly convex, balanced (i.e. —-W = W),
absorbing (i.e. for all y e RY, y € tW for some T > 0) with smooth boundary 8W € C® [21,24]. Then it is ready to check
that the subdifferential of ® is given as follows:

9, ®d(p) €0W ifp#0

apw(p):{w if p=0.

For convenience sake, let us also define, for a closed, strictly convex, balanced, absorbing set W with smooth boundary
oW e C*, the Minkowski functional of W [21,24], as follows

pw () =inflt >0:yetW}.
With this, we are ready to define a metric on R? as follows:
d(x, y) = tigg{t (Y eC®y0) :=xyO) =y, 7(S) €c(Y(sHW].
It is ready to check that d defines a metric and thus (R, &) forms a metric space.

Lemma 3.8. Assume the metric space (R, d) is complete. If we define

(y,p)eC™®
Yy, v,8) =0, H(y (x,v,5), p(x,v,5)),
p(x,v,s) =—0xH( (X, v,s), p(x,v,5)),
yx,v,)=x,px,v,t)=v

cxt:=J {rxv.0:

veRd

and
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Y, v,s) =pH(y(x,v,5), p(x,v,5)),
B(x,t) = U U y(x,v,0): p(x,v,s) =—0xH(y(x,v,s), p(x, v,5)),

0<r=t yeRd\ {0} yx,v,rn=x,pkx,v,r=v
Then for all (x,t) € R x (0, T), we have B(x, t) is well-defined and

C(x,t) =B(x,t)

Proof. Before we get to the proof of well-definedness of B(x,t) and the equivalence of B(x,t) and C(x, t), let us first notice
that for any curve (y, p) € C* satisfying the following inclusion

Y, v,8) €c(Y(X,v,9)3, D(p(x,v,5)), px,v,8)=—ke(yY (X, V,5)P(p(x, v,S)) (3.9)
We have that

P(p(x, v, ) =—(I(x, v,5), tc(y (X, v, $))P(P(x, v, 5))

where I(x, v,s) € 9, (p(x,v,s)), i.e. we get that

P(p(x,v,s)) =d(v)exp ({I(x,v,s), xc(y(x,v,s)))) >0foralls & &(v)>0

From the fact that W is absorbing, we conclude that

px,v,s)#0foralls < v#0.

With the above observation, now we would get to the proof of our lemma:

1. B(x,t) is well-defined:
Since for all (y, p) € C* satisfying (3.9) with y(x,v,r) =x, p(x,v,r) = v, if v #0, by the above statement, we have
that p(x,v,s)#0 for all 0 <s <r, and therefore ®(p(x, v,s)) is smooth. Therefore 9, ®(p(x, v,s)) is well-defined for
all s. By uniqueness and existence of ODE system, we have well-definedness of B(x, t) for all (x,t) € Rt x (0, T).

2. B(x,t) C C(x,t):
For y € B(x, t), there exists a pair of curves (y,p) € C* and v #0, 0 <r <t such that

')P(x, v,s)=0dpH(y(x,v,s), p(x,v,$)),
p(xv v, S) = _aXH(y(Xa v, S), p(xv v, 5)),
yx,v,r)=x,pXv,r=v

and y(0) =y. Then y(x,v,s) = dpH(y(x,V,s),p(x,v 5)) € dW € W. Now let us define y as a rescaling by y :=
y (x, v, sr/t) where r/t <1, then we notice that y € C*,  er/tdW € W and y (t) =x, ¥ (0) = y. Now choose p(s) =0
for all 0 <s <t. Thus we have (y, p) € C* satisfying the differential inclusion defining C(x,t) and y(t) =x, p(t) =0
initial value. Thus y =y (x, v, t) € C(x, t).
3. C(x,t) C B(x,t):
For all y € C(x,t), there exists (y, p) € C* such that
Y (X, v,8) =0, H(y (x,v,$), p(X, v, ), P(X, v, 5) = = H(y (X, v, 5), p(x, v, 5))

and

yx,v,0)=y,yX v, t)=x,p(x,v,t) =v.

Since the metric space (R, [1) is complete (and locally compact), by the Hopf-Rinow—Cohn—\{ossen theorem [11,26], there
exists a (globally) length minimizing geodesic y € C* such that y(0) =y, y(r) =%, and d(x, y) =r for some r. Notice
that

r=d(x,y) <t

by definition since y (x, v, -) satisfies the conditions y € C*°, y(0) :=x, y(t) =y, y(s) € c(y(s))W. Consider the vector
I(s) :=y(s)/c(y (s)). Now rewrite

t
- A
d(x, d
*.y) = yeyeC®, t>0y(0)7x}/(t) }’0/< (C(V(S)))) ’




Y.T. Chow et al. / Journal of Computational Physics 387 (2019) 376-409 391

From the fact that for any given y € C*°,

ye) +hs) _ y©) h(s) P {(Vxc(y (5)), h(s)

c(y(s) +h(s))  cy(s)  cy(s) le(y ()12
for all h € CZ°, we obtain directly from variational calculus that the following optimality condition that y necessarily
satisfies, for all perturbation h € C2°:

+ 0 (1> + [h(s)1?)

r

/ (h(s). (B(5) + Vxc(7(5)) (B(5).1(5)) ))ds =0 forsome  p(s) € 8™ [Zw](I(s)) -
0

By the definition of Legendre transformation, the above condition is equivalent to the existence of p such that

p(s) = —Vac(F(NP((s),  1(s) € 9, D(P(s)). (3.10)

Now we would like to show that we may furthermore choose the dual vector p(s) # 0 for some s (i.e. the strict
complementary condition is satisfied and p # 0 as a function). In order to do so, we would like to argue that if we
enlarge our constraint set from W to W€ := (1 + €)W for any € > 0, we still have a global optimizer but the optimizer
differs from the original case when € = 0. In fact, for all € > 0, consider the problem

dé(x, y) == glg{t (Y €C®y0):=xy )=y, y() ec(y(sHW},
then by reparametrization of each curve y € C*° by a:s+ s/(1+ €), we get that

dxy)=01+eldx y)

and the new metric space (R?, de) is also complete, and by Hopf-Rinow-Cohn-Vossen theorem [11,26], we have a unique
minimizing geodesic y€. Since the new optimization problem to obtain d€(x, y) comes from a rescaling of the original
problem d(x, y), we have € = ¢ o a. Therefore the optimizer 7€ # ¥ unless € = 0. Hence there is a dual vector p
satisfying (3.10) that satisfies a strict complementary condition, i.e. p(s) # 0 for some s. Now since (y, p) satisfies (3.9)
and p(s) # 0 for some s, one concludes that p(s) # 0 for all s, and therefore ap‘fb(ﬁ(s)) = 0pP(p(s)). Hence there exists
(¥, p) € C*™ that satisfies the bi-characteristic equation and y(0) =y, y(r)=x and 0 <r <t. Hence y € B(x,t). O

Corollary 3.9. Assume Conjecture 3.7, i.e. (1.1), and Remark 1 are true. Assume the metric space (R, d) is complete. Then

Y(x,v,8)=—c(y(x,v,8)dp®P(p&, v,s)),
e, t)= inf min {g(y(x,v,r): px,v,s)=0x(y X, v,s)P(px,V,s)), . (3.11)
veR?\{0} 0=r=t Y, v,0)=x,p(x,v,0)=v

Proof. Apply Lemma 3.8 and a change of variable from v to —v and from s to t —s. O

We wish to remind that if ®(p) = |p|2, we have 3, P(p(v,s)) = p(v,s)/Ip(v, s)|2. However, notice this example satisfies
the assumption in Lemma 3.2, but does not satisfy the assumptions in Lemma 3.4. In fact the formula (3.11) is the Hugyens
principle in disguise.

3.4. Generalized Hopf maximization with Hamiltonian H that are possibly neither convex nor concave, but the initial data g is convex

When the Hamiltonian H is neither convex nor concave, but the initial data g is convex, the aforementioned conjectured
minimization principle does not seem to hold any longer. In light of the fact that in some special cases a Hopf formula
holds, we conjecture that a generalized Hopf-type maximization principle shall hold for a wide class of problem.

We now describe how we get to a Hopf formula under restricted assumption by Lemma 3.4 and Lemma 3.5:

T
ex,t):=UXx,T—t):= inf / h(s, x(s), u(s))ds + g(x(T))
ueld(T—t)
T—t

We again derive our formula formally as follows. Again, following [40], we shall first consider the following discretization
(approximation) for a given § such that §N =t, by denoting s, =én and xy = x

P, 1) & PR (X, 1)

where
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2
o (x, 1)

N
:= min {g(xo) +82h(T — Sn, Xn, Up) :Xn1 — Xn = =8 f (T — Sp1, Xnt1, Uny1) forn=0,...,N—1,xy =x,
{un}l_ €U —
= ir%’f sup Fo(X,U,P),
{xn}n—o {Pn}ﬁl:1
where F; is defined as in Lemma 3.4 and the second equality comes from reformulating the problem with Lagrange multi-
plier.
Now again if we apply Lemma 3.4 and Lemma 3.5, we get the following:

Theorem 3.10. If (A1), (A2), (A3), (A4) and (A5) are satisfied, then we have then we have
@i (x,t)= sup inf Fy(X,P). (3.12)
(Paly nlnzy

If (A1), (A2), (A4), (A5), (A6), (A7) are satisfied, then we have

veRd

N N—-1
- 1
PR (X, 1) = sup {(mm)—g*(p])—éi H(Xn. Pn.Sn) +8 ) (Bn = Pn+t Sp'”  Xn) :
n=1 n=1

Pn(X, V) — Pny1(x, v) = 80xH (xn (X, V), pn(x, V), tn),

Xn(X, V) — Xn—1(X, V) = 8dpH(xn(X, V), Pn(X, V), tn), }
XN =X,DN =V

Again, nonetheless, we notice that the resulting formula that we conjectured seems to be correct beyond these assump-
tions, as the numerical results show (again especially when we take the maximum over all the paths satisfying the KKT
conditions). We hope to get some rigorous criteria for this formula to hold in the future.

In order to state our conjecture, in view of [50], let us define the following before we proceed.

Definition 3.11. Given a set S € RY. A function G : co(S) — R is pseudoconvex on S, where co(S) is the convex hull of S, if
for all {si}‘ij;“l1 €S and {oz,-}?:]] such that o; > 0 and qu ai =1, we have

1
d+1 d+1
G (Z Oli$i> <> aiGs).
i=1 i=1

Now, passing N to the limit, we arrive at the following conjectured Hopf formula:

Conjecture 3.12. Assume H(x, p, t) € C? and g(p) € C? is convex w.r.t. p that satisfies (A5). Consider the set

So(x,t)
t

= argmGX{<x, v) —g*(p(x,v,0)) —/ {H(y(x, v,s), p(x,v,s),s) — (oxH(y (x,v,s), p(x, v,s),s), y(x, v,s)>}dsz
veRd
0

y(x,v,5) =0pH(y (x,v,s), p(x,v,s),5),
p(x,v,s)=—0dH(y(x,v,s), p(x,v,s),s), }
yx,v,t)=x,px,v,t)=v

Assume further that for all (x, t), we have that the function

G:co(Sox,t)) > R
Vi H(x,v,s) — (0xH(x, v, ), X)
is pseudoconvex on So(x, t). Then there exists to such that the viscosity solution to (2.1)-(2.2) can be represented as (1.2) for t < to.

Moreover, if ¢ (x, t) is differentiable w.r.t. x at a neighborhood of (x, t) and the infimum is attained by 7, then we have dx@(x, t) = V.

We may refer to it as the maximization principle, or the generalized Hopf formula. One point to remark is that the
conjectured Hopf formula is a generalization of the well-known Hopf formula in [18,25,50]. A proof that our formula holds
under less restricted assumption that shown above is also done in [62], after a previous version of our paper [8] was
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arXiv-ed. A proof that our formula holds under less restricted assumption that shown above is also done in [62], after a
previous version of our paper [8] was arXiv-ed. We suspect the weakest assumption of our formula to hold is the above
assumption of pseudoconvexity, similar to one stated in [50].

Remark 2. When H(x, p, t) is not differentiable at some given point p, then we believe again that in formula (1.2), the Mor-
dukhovich subdifferential, 3, H, as defined in [36-38], should be used instead of dxH. In that case the constraint becomes
the inclusion y (x, v, s) € 9, Hly (x,v,s),p(x,v,5),5), and infimum is taken over also all the curves (y, p) € C* satisfying
the inclusion before supremum over v is taken.

Remark 3. We expect a candidate of less restricted assumption than [62] as the above convexity assumption in the variable
p in view of the theorem in [50]. A rigorous approach toward this formula might be following an approach of [50] to show
the postulated formula is a minimax viscosity solution following the notations in [50] and references therein.

Below we present several examples where this conjecture is valid. We notice that none of the followings satisfies the
assumptions of Lemma 3.4 and Lemma 3.5 given in the proof of our formula, since by Lemma 3.1, the Hamiltonian H(x, p, t)
given as in (3.1) under our assumptions are automatically convex.

Example 1. When H(x, p,t) = H(p, t), we have p(v,s) = dsH(y (v, s), p(v, s), s) = 0. Therefore assuming Conjecture 3.12, i.e.
(1.2), and Remark 2, the conjectured formula gives

(y,p)eC™
! Y. v,s)€d, H(p(X,v,5),5),
@(x,t) =— inf {g*(p(x,v,O))+/{H(p(x,v,s),s)—(O,y(x,v,s))}ds— (x,v): px,v,s)=0, }
veR? o Y (X, v, t) =X,
px,v,t)=v

t

=— inf {g*(v)—i—/H(v,s)dS—(x,v)}
0

veRd

which gets us back to the Hopf formula [50]. Note that in this example assumption in Lemma 3.4 or in Lemma 3.5 may not
be satisfied since U may not be compact.

Example 2. When H(x, p, t) is a non-convex homogeneous degree-1 functional w.r.t. p in the following form:

H(x,p,t) = c1(x,0)®@1(p) — c2(x, 1) P2(p)

where ®1 and ®; are with their Wulff sets W1, W, [43] as strictly convex set with smooth boundary dW; € C*,i=1,2,
then by definition of Mordukhovich subdifferential, we have

c1(x, )0 P1(p) — 2(x, 0)dpP2(p) ifp#0

Therefore assuming Conjecture 3.12, i.e. Equation (1.2) and Remark 2, we have:
t
PR, ) =~ ﬂiél{m} {g*(p(x, v, 0)) +/ {(a(y(x, v,s),8) — (0xc1(y (%, v,5),5), Y (X, v,s)>><l>1(p(v,5))
ve
0

—(Cz(y(x, Vv, $),8) — (0xC2(Y (X, Vv, 5),5), V (%, v,S)>><I>z(p(x, v, S))}ds —{x,v):

i)(X, v, S) = _8XC1 ()/(X7 v, S)» S)CD] (p(X, v, S)) - 8XC2()/(X7 v, S)a S)q>2(p(X, v, S)), (313)

Y X, v,8) =c1(y(x,v,5),9)dpP1(p(x, v,5)) —2(y (X, V,5),5)0p P2 (p(X, v, 5)) }
yx,v,t)=Xx, px,v,t)=v .

When H(x, p,t) = —c(x)|p|2, we have, from (3.13) and integration by parts, that

Y, v,s)=ca(y(x,v,))p(,v,5)/|p(v,s)|2
@(x,t) = sup {g()/(x,v,t)): p(x,v,s) =—=dC2(y (x,v,)|p(x, v, 5)l2, }
veRN\{0} yx,v,0)=x,px,v,0)=v

This is again Hugyens principles in disguise. In these examples, assumption in Lemma 3.4 or in Lemma 3.5 are not satisfied.
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When H(x, p,t) is, on the other hand, a convex homogeneous degree-one functional w.r.t. p, i.e. when c2(x,t) =0, and
hence H(x, p,t) = c(x,t)®(p) for some c > 0 and &, then assuming Conjecture 3.12, i.e. Equation (1.2) and Remark 2, we
obtain

o(x,t)
t
=— ﬂi{}f{o} {g*(p(x, v,0)) +f {(c(y(x, V,S),S) — (0xCc(Y (X, v,S),5), Y (x, v,s)))dD(p(v,s))}ds —(x,v):
ve
0
(y.p)eC™

Y&, v,s)ec(y(x,v,s),5)0, ®(px,v,s))
P(x,v,8) = —h(Y(X,v,5), )P(p(x, v,9), |
Y, v,t) =X, px,v,t) =Vv

Note that in this example assumptions in Lemma 3.4 are satisfied but that of Lemma 3.5 are not satisfied.
Example 3. When the H] PDE comes from an ODE system in a differential game, we have the following finite horizon

problem with initial state x € R%. We consider the (Lipschitz) solution x: [t, T] — RY of the following linear dynamic system
with initial condition x at time ¢:

%(s) = Mx(s) + Nc(s)a(s) + Np(s)b(s) in (t, T)
x(t) =x

where M is a given d x d matrix independent of time, and {N¢(S)}t<s<T, {Np(S)}t<s<7 are two families of d x d matrices
with real entries. Using the notation in section 2.2, if we let

f(t,x,a,b) = Mx(s) + Nc(s)a+ Np(s)b
h(tv X, d, b) = _IC(t)(p) +ID(t)(P),

for some family of convex sets {C(s)};<s<T C C, {D(S)}t<s<T C D , our Hamiltonian read:

A*(x, p.t) = max min {—(Mx+ Nc(t)a+ Np()b, p)} = —(Mx, p) + @c(t) (—NEB)P) — Ppry (—Np (D)p).
beD(t) aeC(t)

where
Sy (p) := max(x, p).
xeW

After a change of variable to get from a finite time PDE problem (—oo, T) to an initial time PDE problem (0, co), we have
the upper/lower values ¢(x,t) :=UX, T —t) =V (x, T —t) satisfy:

Do+ Hx Vep,t)=0 onR? x (0, 0),
@(x,0) = gx) on R4

where the Hamiltonian H is now

HX, p,t) = H*(x,p, T —t) = —(Mx, p) + @) (=N&(T = )p) = Ppr—t) (=N (T — 1)p).

Now, notice that H is smooth w.r.t. x, assuming Conjecture 3.12, i.e. Equation (1.2) and Remark 2, together with the fact
that dyH(x, p,t) = —M™*p and a change of variable, we get the same formula as in (2.5) in [9]. In fact, the generalized Hopf
formula gives

@(x,1t)

t
=— min {g*(e—M*Tp) + f { Per—s (1=e™MTIN(T = $)1°p) = ®p(r—s) (I—e ™M TN (T = )]*p) }ds
peRd ;

— (e7MT=Dx, p)}.

If we write z=e"MT-x and write J(z) = g(eM”z), then this change of coordinate in the state variable by eMT gives rise
to a symplectic change of coordinate in the phase variables by diag(eM”, e=M"T), hence
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J*(p)=g* e ™M Tp),

and therefore we get to

Px(2),1)

t
= — min {]*(p) +/ {CDC(T—s) <[—6_M(T_S)NC(T - S)]*P) — dp(r—s) ([_e_M(T_S)ND(T - S)]*P> }dS —(z, P)}
peRd ;

which is the same formula as in (2.5) in [9]. Note that in this example, both the assumptions in Lemma 3.4 and Lemma 3.5
are satisfied.

4. Numerical methods
4.1. Optimization methods: coordinate descent

In order for computation of optimization (in either the Lax formulation or the Hopf formulation) to be efficient, we have
recast the initial value H] PDE problem to minimization problem in d dimensions, where the curves y and p inside the
function evaluation (given a vector v) are defined explicitly as the solutions to the bi-characteristic equation. We suggest
to solve the ODE’s numerically, given a pair of (x, v), up to time t using any ODE solver. This way the minimization/maxi-
mization problem reduces to optimization of a finite-dimensional problem (as a function of v). Similar to [9], we suggest to
apply coordinate descent to the following functionals with argument v for a given pair (x, t):

t
Fo(v) =gy (x,v,t,0)) +/{(p(x, v,t,5), pH(y (X, v,t,5), p(x, v,t,5),5)) — H(y (X, v, t,5), p(X, v, t,5),5) } ds
0
or (noticed we omitted r in this functional, but r is actually the final time of the ODE (y, p) stated below)

Fi(v) = [min {e(yx,v,r,0)}

or
t
Gx.t(v) :=g*(p(x,v,t,0)) +/ {H(y(x, v, t,8), p(x, v,t,5),s) — (0xH(y (x, v, t,s), p(x, v, t,5),5), Yy (x, v, t,s))]ds
0
- (X, V)

where in either case, the pair y (x, v, t,s), p(x, v, t, s) solves the following final value problem for the given pair of x, t (with
the dependence of the curves w.r.t. x, t clearly indicated in the notion):

yx,v,t,8) =0, H(y (x,v,t,5), p(x, v,t,5),5),
p(x,v,t,s)=—0xH(y(x,v,t,s),p(X, v,t,5),S5),
y(x,v,t t) =X,

px, v, t,t)=v.

Now, to minimize Fy (), F2,(-) or Gy (), we utilize a cyclic coordinate descent algorithm. We illustrate our algorithm
with the functional Gy ¢(-):

Algorithm 1. Take an initial guess of the Lipschitz constant L, and set count := 0. Initialize j; := 1 and a parameter « :=1/L.
For k=1, ...., M, do:

1:
VT = vk 9iGy (V0 ifi = ji,
Vi = vk otherwise.
2:
Jepri=Jr+ 1.

If j41 =d+1, then reset ji i =1.
3:1If |V£'<+1 - V1<| > &, then set count := 0. If k = M, then reset k :=0 and set o := /2 (i.e. let L :=2L).
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4: If |vk*t1 — vk| < g, set count := count + 1.
5: If count =d, stop.

Return Vs = v,

We minimize .7-")}’[(-). f,ﬁt(-) in a similar fashion. In this algorithm, we will need to discuss how to evaluate the functional
values and also their numerical derivatives. This will be discussed in the next subsection.

4.2. Evaluation of functional and its derivatives: ODE solver, numerical differentiation and integration

In this subsection, we discuss several numerical approximation used in our numerical experiments. First, in our step, we
need to devise by ODE solvers. We suggest to use the standard forward Euler solver for a given stepsize As. Of course the
performance can be improved by using more advanced solvers, such as the pseudo-spectral method, etc. We also need to
deal with approximating integrals. Similar to [9], we suggest to evaluate either the derivatives of }—;,t or Gy by numerical
quadrature rules for integral computations. As for fit, we compute the maximum by directly choosing the maximum
around the computed grid from the ODE solver in the case when H(x, p,t) = H(x, p), since the ODE will be the same in
this case and the ODE solver will get to the function values of y(v,s) easily.

Faiv)~ iaomin ey (x,v.ri, 00} (41)
with a same choice of As as the ODE solver. We also suggest, as in [9], a numerical differentiation rule for derivative
computations. We integrate using a standard rectangular quadrature rule (we use ‘F?},f to illustrate):

Fee(v)

~ gy x,v,t,0)
—i—Z {(p(x, v, t,iAs), pH(y (x, v, t,iAS), p(x, v, t,1AS),iAs)) — H(y (X, v, t,iAs), p(x, v, iAs), t,iAs)} As

1

(4.2)

again with the same choice of As as in the ODE solver. We suggest approximating the partial derivative 9; Fx((p) (which
means the differentiation of the function w.r.t. the direction e;) by a finite difference:
Fai(v4oe) — Fi(v)

0 Fxt (V) ~ p

(4.3)

with a given choice of o. By using numerical differentiation, we have the advantage of not necessarily handling tedious an-
alytic computations of the derivative of Hamiltonian which might be singular at times. Also, we only have two evaluations
of the function value per iteration. By performing numerical approximations, either ODE solvers, differentiation or integra-
tion, we are bound to introduce numerical errors. These errors introduced by numerical approximation can be effectively
controlled by choosing appropriately small sizes of As and o.

4.3. Certificate of correctness

The method we compute a sequence is guaranteed to converge to a local minimum under an assumption of lower
semi-continuity and boundedness of the functional. However such a descent type algorithm cannot guarantee convergence
to global optimal. However, we can check the correctness of the vector v that is computed p(0) € dg(y (0)). With this
certificate, in case a local optimal does not satisfy the assumption, we can discard the value thus computed and restart the
algorithm with another initial guess.

5. Numerical results

In this section, we provide numerical experiments which compute viscosity solutions to HJ PDE with a time-dependent
Hamiltonian arising from control system. For a given set of points (t,z), we use Algorithm 1 to compute (2.1)-(2.2). We
set M =500 and have a different initial guess of the Lipschitz constant L in each example. We evaluate (x,t) in a given
set of grid points over some 2 dimensional cross-sections of the form [—3,3]% x {0}9~2. We choose our error tolerance
in the coordinate descent iteration as & = 0.5 x 107, which acts as our stopping criterion. The step-size in the numerical
quadrature rule in (4.1), (4.2) as well as the forward Euler ODE solver is set to be different in each example, and they
are all denoted as As. The step-size for numerical differentiation in (4.3) denoted by o, and the Lipschitz constants L in
Algorithm 1 are also chosen differently in each example. In all our examples, we set random initial starting points uniformly
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distributed in [-2, 2]%. We always consider the initial value to be a function with zero level set as an ellipse enclosed by
the equation (x, Ax) =1 where A l= diag(1,25/4,1/4,1/4, ...,1/4), i.e. our initial condition for the HJ PDE is

1
g0 =S ((x. Ax) —1)

with the aforementioned A. For a convex Hamiltonian, we make one initial guess, and for a non-convex Hamiltonian, we
perform at most 20 independent trials of random initial guesses to get rid of possible local minima or in places when
the derivative of the viscosity solution does not exist. We present our run-time in the format of a x 10~s x k where k
is the number of initial guesses made in the respective example. When d = 2, clear comparison is performed with our
solution to the solution computed by a first order Lax-Friedrichs monotone scheme [41] with At =0.001 and Ax = 0.005.
We perform such comparison because we do not have an explicit solution for neither one of our examples, and therefore
Lax-Friedrichs scheme (which has theoretical convergence guarantee) is used to compare with the solution we computed
using the minimization/maximization principles. Our algorithm is implemented in C++ on an 1.7 GHz Intel Core i7-4650U
CPU. In what follows, we present some examples.

Example 1. We solve for the state-dependent Hamiltonian of the linear form

Hx,p,t)=—-0.2c(x) —Vcx)-p,

where

c(x) =143 exp(—4|x—(1,1,0,0..., O)I%).

The minimization principle (1.1) is used to compute the solution ¢. The temporal stepsize is chosen as As = 0.02. In
this example, since the Hamiltonian is linear, there exists only a unique v such that the constraints of (y, p) in the bi-
characteristics are satisfied, and therefore there is nothing to optimize, thus no choices of o and L are necessary. Fig. 1
(left) gives the solutions when d =2, T =0.12. The runtime using C++ is 9.929 x 10~7s x 1 per point. Fig. 1 (right) is the
solution computed by the Lax-Friedrichs scheme, which illustrates that the two solutions coincide. Fig. 2 gives the solutions
when d = 1024, T = 0.5. The runtime using C++ is 4.342 x 10~2s x 1 per point. The computation time is reasonably fast
for a 1024 dimensional problem (although in this toy example, there is no optimization to solve). This example satisfies the
assumptions in Lemma 3.2, but does not satisfy the assumptions in Lemma 3.3, Lemma 3.4 and in Lemma 3.5.

Example 2. Next we solve for the state-dependent Hamiltonian, the well-known harmonic oscillator:

1
H*(x,p,t) = i§(|p|§ +[x13).

The maximization principle (1.2) is used to compute the solution ¢ for both of the + cases. The temporal stepsize is chosen
as As =0.02. The other constants are chosen as follows: stepsize ¢ =0.001 and L = 3. Fig. 3 (left) gives the solutions when
d =2 and sign of H is negative, i.e. H~, T =0.5. The runtime using C++ is 2.366 x 10~>s x 5 per point. Fig. 3 (right) is the
solution computed by the Lax-Friedrichs scheme for comparison. Fig. 4 (left) gives the solutions when d =2 and sign of H
is positive, i.e. HT, T = 0.5. The runtime using C++ is 2.605 x 10™>s x 5 per point. Fig. 4 (right) is the solution computed by
the Lax-Friedrichs scheme for comparison. Fig. 6 gives the solutions when d = 7 and sign of H is negative, i.e. H~, T =0.2.
The runtime using C++ is 3.717 x 10~%s x 5 per point. The computation time is minimal for a 7 dimensional problem.

In order to test for an example with convex Hamiltonian but a non-convex initial condition, we take another initial
function g(x) as the following Rosenbrock function:

g(X)=0.4x 1073 x (—1oo+ (1= x1)2 +100(1 + x; —x%)z) . (5.1)

The Hamiltonian is chosen as H* which is convex, and T = 0.5. We choose d = 2 for comparision. Fig. 5 (left) gives the
solutions using the minimization principle. The runtime using C++ is 3.847 x 10~ per point. Fig. 5 (right) is the solution
computed by the Lax-Friedrichs scheme for comparison. To remark, both the convex case H* and nonconvex case H™ in
this example does not satisfy the assumptions of any of the lemmas proved in this work since U may not be compact.

Example 3. We solve for the state-dependent Hamiltonian of the form
H*(x,p,t) =£c®)|pl2,
where

c(x) =143 exp(—4|x—(1,1,0,0..., 0)|§).
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Fig. 1. Zero level sets of the solution ¢(-,t) for t =0.02,0.04,...,0.12 in Example 1 with d = 2; left: minimization/maximization principle, right: Lax-
Friedrichs.
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Fig. 2. Zero level sets of the solution ¢(-,t) for t =0.05, 0.1, ...,0.25 by minimization/maximization principle in Example 1 with d = 1024; left: full-size;
right: close-up.
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Fig. 3. Zero level sets of the solution ¢ (-, t) for t =0.1,0.2, ..., 0.5 by minimization/maximization principle in Example 2 with H~ and d = 2; top: full-size;
bottom: close-up.
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Fig. 4. Zero level sets of the solution ¢ (-, t) for t =0.1,0.2, ..., 0.5 by minimization/maximization principle in Example 2 with H* and d = 2; top: full-size;
bottom: close-up.
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Fig. 5. Zero level sets of the solution ¢ (-, t) for t =0.1,0.2,...,0.5 by minimization/maximization principle in Example 2 with H*, d =2 and non-convex
initial data (5.1); top: full-size; bottom: close-up.
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Fig. 6. Zero level sets of the solution ¢ (-, t) for t =0.1,0.2 by minimization/maximization principle in Example 2 with H~ and d =7.
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Fig. 7. Zero level sets of the solution ¢(-,t) for t =0.1,0.2,0.3 in Example 3 with H* and d = 2; left: minimization/maximization principle, right: Lax-
Friedrichs.

The minimization principle (1.1) is used to compute the solution ¢ for both of the £ cases. The temporal stepsize is chosen
as As = 0.02. The other constants are chosen as follows: stepsize o = 0.001 and L = 0.02. Fig. 7 gives the solutions when
d =2 and sign of H is positive, i.e. HT, T =0.3. The runtime using C++ is 6.865 x 10~*s x 5 per point. For comparison,
Fig. 7 (right) is the solution computed by Lax-Friedrichs scheme. Fig. 8 gives the solutions when d =2 and sign of H is
negative, i.e. H-, T = 0.5. The runtime using C++ is 1.417 x 10~3s x 5 per point. Fig. 8 (right) is the solution computed
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Fig. 8. Zero level sets of the solution ¢(-,t) for t =0.1,0.2,...,0.5 in Example 3 with H~ and d = 2; left: minimization/maximization principle, right:
Lax-Friedrichs.
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Fig. 9. Zero level sets of the solution ¢ (-, t) for t =0.1,0.2, ..., 0.4 by minimization/maximization principle in Example 3 with H~ and d = 10; top: full-size;
middle and bottom: close-up.
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Table 1

Convergence table of the value with re-
spect to o =0.02,0.03,..,0.06 and As =
0.005 with HT in Example 3 at the point
x=(-0.93,-0.35),t =0.3.

40 50 60 70

Table 2

Convergence table of the value with
respect to o = 0.01 and As =
0.01,0.015, ..,0.03 with H* in Example 3
at the point x = (—0.93,-0.35),t =0.3.

403

Fig. 10. Error with respect to the number of iterations with H* in Example 3 at the point x = (—0.93, —0.35), t = 0.3 when As =0.01 and o = 0.005.

o Error As Error

0.06 3.539 x 10~ 0.03 9.466 x 1073
0.05 2.903 x 1074 0.025 7.804 x 1073
0.04 4.468 x 1074 0.02 6.083 x 103
0.03 6.185 x 10~ 0.015 4314 x 1073
0.02 1.818 x 10~* 0.01 1.024 x 1073

by Lax-Friedrichs scheme for comparison. The angles where a discontinuity of derivative is present are computed more
accurately using our maximization principle. Fig. 9 gives the solutions when d = 10 and sign of H is negative, i.e. H™,
T = 0.4. The runtime using C++ is 2.470 x 10725 x 5 per point. The computation time is still excellent for a 10 dimensional
problem. To remark, again the convex case H™ in this example satisfies the assumptions in Lemma 3.2, but does not satisfy
the assumptions in Lemma 3.3, Lemma 3.4 and in Lemma 3.5. Whereas for the nonconvex case H™ in this example does
not satisfy the assumptions of any of the lemmas proved in this work.

In order to compare convergence of the method with respect to different discretization parameters, we compute the
solutions with different As and o to compare our result. We choose H* and compare our solutions computed at the point
x=(—0.93, —0.35), t = 0.3 with that of using the finest set of parameter As =0.005 and o = 0.01. We first fix As=0.005
and compute the values of the function ¢(x,t) using parameter different o =0.02,0.03, .., 0.06. The convergence table of
the value with respect to the discretization parameter is shown Table 1. In the comparison of this discretization parameter
o, the error does not show a clear trend of diminishing and shows a bit of oscillatory behaviour, although it is overall
small as As goes to 0. We then fix 0 = 0.01 and compute the values of the function ¢(x,t) using parameter different
As=0.01,0.015, ..,0.03. The convergence table of the value with respect to the discretization parameter is shown Table 2.
In the comparison of this discretization parameter As, the error shows a clear trend of converging as goes to 0. In order
to show convergence rate, as an example, Fig. 10 shows the convergence of the algorithm As=0.01 and o = 0.005. As we
may observe from the figure, the convergence is sublinear.

Example 4. To test our maximization principle for a general state-dependent non-convex Hamilton-Jacobi equation, we use
a state-dependent non-convex Hamiltonian of the following form given in [19] but a different problem from [19]:

H(x, p,t) =—c(X)p1+2|p2| —/IP11* + |p2I> — 1,

where we write p = (p1, p2) and

c(x) =2 (1 +3exp(—4ix — (1, 1)|§)) .
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Fig. 11. Zero level sets of the solution ¢(-,t) for t =0.025,0.05,...,0.1 in Example 4 with d = 2; left: minimization/maximization principle, right: Lax-
Friedrichs.
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Fig. 12. Zero level sets of the solution ¢(-,t) for t = 0.1,0.2,0.3; left: minimization/maximization principle in Example 5 with k =1 and d = 2, right:

Lax-Friedrichs.
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Fig. 13. Example 5 with k=1 and d = 2. Left: functional to be minimized at x = (—0.93, —0.35), t = 0.3 (black star: global minimum; red stars: an iterate
of coordinate descent with random initial guess; green star: final iterate of the coordinate descent method.) Right: 2 norm of the gradient of the functional.
(For interpretation of the colors in the figure(s), the reader is referred to the web version of this article.)

The maximization principle (1.2) is used to compute the solution . The temporal stepsize is chosen as As = 0.005. The
other constants are chosen as follows: stepsize o =0.001 and L = 4. Fig. 11 gives the solutions with T =0.1. The runtime
using C++ is 7.279 x 10725 x 5 per point. Fig. 11 (right) is the solution computed by the Lax-Friedrichs scheme for compari-
son. The example is to illustrate that the maximization principle coincide with the Lax-Friedrichs solution in a quite general
case. To remark, for this case, the example does not satisfy the assumptions of any of the lemmas proved in this work.

Example 5. We solve for the state-dependent non-convex Hamiltonian of the form

H(x, p,t) =c1(X)|p1,...kl2 — C2(X) | Piy1,...dl2 »

where

G =cx), %) =c(—x), c(x)=2(1+3exp(—4|x—(1,1)|§)).

In this case the maximization principle (1.2) is used to compute the solution ¢. The constants are chosen as follows: the
temporal stepsize As = 0.02, stepsize in numerical differentiation o = 0.001 and L = 50.

Fig. 12 gives the solutions when d =2 and k =1, T = 0.3. The runtime using C++ is 9.094 x 10~2s x 20 per point. To
compare, Fig. 12 (right) is the solution computed by Lax-Friedrichs scheme for comparison. Now there is small defect in the
solution computed by the maximization principle at one point of the wave-front close to x = (—1, —0.4), owing to the high
non-convexity and non-smoothness of the corresponding functionals around that point.

In order to pin down the exact problem causing the defect, let us fix x = (—0.93, —0.35) and t = 0.3 Fig. 13 (left) shows
the functional to be minimized. The black star is the global minimizer. It is clear that we now have a local minimizer
(attractor) which has a comparable size of basin of attraction as the global minimizer. Moreover consider Fig. 13 (right),
which shows the norm of the gradient for the functional to be minimized, we can clearly see that around the two basins of
attractions, there is a long V-shape trench with gradient of very small magnitude. With this kind of structure, it is very likely
that a gradient type method either get stuck at a local minimum (as one may see, there is almost at least 0.5 probability
that one may fall into the basin of attraction of the local minimum); or it will drag very slowly along the trench and is very
difficult to leave it before converging to a global minimum. In fact, this truly happen quite often. As shown in Fig. 13 (left)
the red stars show the path of an iteration of coordinate descent with a random initial guess and green star is the final
iterate. It is clear that the iterates drag along the trench and fall into the attraction basin of a local minimum. In fact, this
structure of the functional make descent-type algorithms less easy to find the global minimum, unless better optimization
methods are considered, e.g. adding momentum [44,51,57]. Fig. 14 gives the solutions when d =7 and k=1, T =0.3. The
runtime using C++ is 5.428 x 10~ 's x 20 per point. The computation time is still acceptable for a 7 dimensional problem
which is fully non-convex and state-dependent. To remark, again, this example does not satisfy the assumptions of any of
the lemmas proved in this work.
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