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Abstract— Finding Nash equilibria in non-cooperative games
can be, in general, an exceptionally challenging task. This
is owed to various factors, including but not limited to the
cost functions of the game being nonconvex/nonconcave, the
players of the game having limited information about one
another, or even due to issues of computational complexity. The
present tutorial draws motivation from this harsh reality and
provides methods to approximate Nash or min-max equilibria
in non-ideal settings using both optimization- and learning-
based techniques. The tutorial acknowledges, however, that
such techniques may not always converge, but instead lead
to oscillations or even chaos. In that respect, tools from
passivity and dissipativity theory are provided, which can
offer explanations about these divergent behaviors. Finally, the
tutorial highlights that, more frequently than often thought, the
search for equilibrium policies is simply vain; instead, bounded
rationality and non-equilibrium policies can be more realistic
to employ owing to some players’ learning imperfectly or being
relatively naive — ‘“bounded rational.” The efficacy of such plays
is demonstrated in the context of autonomous driving systems,
where it is explicitly shown that they can guarantee vehicle
safety.

I. INTRODUCTION

Game theory is a mathematical and scientific field that
investigates the interactions among multiple decision makers
with self-interests [1]. Such interactions have long been
ubiquitous in civilian and military applications, hence the
research interest in game theory has been incessant, contin-
uously advancing it and making it more applicable to real-
world systems that operate in multi-agent environments [2]—
[4]. At the same time, it is generally acknowledged that game
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theory is unable to offer a panacea, i.e., a universally effective
algorithm that can enable agents (also called players) to adapt
or learn the “best” strategies to respond to other players.
This is especially true when the other players’ strategies are
unpredictable and imperfect—“bounded rational.”

Central to game theory is the concept of the Nash equi-
librium, which is often used to model perfectly rational
players, i.e., players that optimally respond to other (perfectly
rational) players. It describes a play which, when followed
by all players, nobody has an incentive to deviate from it, and
can thus be quite attractive to seek. However, computing or
searching for Nash equilibria is not always a straightforward
task; factors such as the cost function of each player being
nonconvex/nonconcave, or the inability of certain players to
compute best-response strategies, can significantly hinder the
process of finding a Nash equilibrium.

In scenarios where players are unaware of the strate-
gies of one another, particularly increasing attention has
been drawn to the question of how players might reach a
Nash equilibrium through some sort of iterative process,
i.e., through dynamics [5]-[7]. The field investigating this
question is known as learning in games, and its literature
is extensive [8]-[16]. Depending on the specifics of the
game, learning algorithms can, in fact, lead to convergence
to a Nash equilibrium. However, there are many cases
where learning in games does not exhibit such a pleasant
convergent behavior, but instead leads to oscillations or even
chaos. Motivated by these issues, this tutorial introduces a
variety of algorithms in learning in games, answering the
question of why these may converge or diverge. Specifically,
we study the behavior of better and best reply dynamics,
joint strategy fictitious play, log-linear learning, gradient
play, and reinforcement learning (RL), in the settings of
zero-sum games [17], potential games [18], weakly acyclic
games [19], and strictly/strongly monotone games [20]. In
addition, insights into why some algorithms/dynamics work
smoothly in certain game settings and others do not are
also provided from a dissipativity/passivity perspective [20].
However, the tutorial still acknowledges that Nash equilibria
are not panaceas and that the search for such equilibria is not
always justified, especially when the assumption that each
agent plays perfectly is false.

An alternative to the notion of the Nash equilibrium,
which is often found to impose less restrictive assumptions
regarding the other players’ behaviors, is bounded ratio-
nality [21]-[24]. Its underlying principle is found in the
augmentation of each player with a prespecified cognitive

4363



ability, which dictates their behavior during play. Hence,
unlike the equilibrium, bounded rationality does not require
all agents to perform a perfect play. This tutorial analyzes
three such models of bounded rationality. In the first model,
named level-k thinking [21], [24]-[26], each agent assumes
that everyone else has a cognitive level immediately lower
than theirs, and—given such an assumption—chooses their
policy to be the best response to them. In the second model,
named cognitive hierarchy [22], [23], [25], [26], each agent
conjectures that the rest of the agents have a cognitive level
that is lower than theirs, but follows a distribution instead of
being deterministic. In the third model, a predictor-corrector
structure is employed to correct the agents’ expectations of
other agents’ behaviors [27]. The tutorial showcases that
bounded rationality models can in fact be effective in real-
world settings, such as in autonomous driving.

The rest of the tutorial paper is organized as follows.
Section II studies two-player min-max games. Section III
investigates learning algorithms in multi-player general-sum
games. Section IV explains the behaviors of these learning al-
gorithms from a dissipativity/passivity perspective. Section V
proposes two models to account for agents’ possible bounded
rationality. Section VI develops a predictor-corrector game
and applies it to autonomous driving.

II. CONVERGENT SECOND-ORDER METHODS FOR
MIN-MAX OPTIMIZATIONS

In this section, we restrict our attention to two-player
min-max games and construct algorithms with local super-
linear convergence to local minima and local min-max.
Specifically, we address the use of second-order methods to
solve optimizations of the form

min max f(u, d), (1)
for a twice continuously differentiable function f : U x D —
R and sets 4/ < R™, D < R"<. This type of optimization
arises in many applications, including robust machine learn-
ing [28], model predictive control [29], and in reformulating
stochastic programming as a min-max optimization [30].

When the sets ¢/ and D are compact and convex and the
function f(u,d) is convex with respect to u and concave
with respect to d, the min and max in (1) commute [31]
and the optimization becomes relatively simple. However,
we are especially interested here in problems for which such
assumptions do not hold, the min and max do not commute,
and for which the optimizations may have local optima that
are not global.

Lacking stringent convexity/concavity assumptions, it is
generally not possible to construct efficient optimization
algorithms that guarantee convergence to global optima of
(1) so we will be satisfied with convergence to appropriately
defined “local” optimal. However, we will still strive to con-
struct algorithms exhibiting super-linear convergence (i.e.,
faster than exponential). We start by reviewing the case of
a simple unconstrained minimization, which we then use to
motivate the algorithm for min-max optimization. The reader

is referred to [17] for the proofs of the results presented here
as well as for the constrained optimization case.

A. Minimization

Consider the unconstrained minimization min,ey f(u),
U = R™. A second order iterative method for this opti-
mization can be constructed by using Newton’s root-finding
algorithm to solve the first-order optimality condition

Vuf(u) =0, 2

which leads to the iteration
u(k +1) = u(k) — Huf (u(k)) "' Vaf(uk), @)

where V,, f (u) and Hy, f (v) denote the gradient (as a column
vector) and Hessian matrix of f(u), respectively, computed
at the point u. A few observations are in order:

1) On the positive side, when f is a strictly convex
quadratic form, the iteration (3) converges to the
(unique) global minimum in a single iteration. Further,
if f is not quadratic but still strongly convex, the
iteration (3) converges super-linearly as k — o0 to
the (unique) global minimum. We recall that a twice
differentiable function is strongly convex if the Hessian
matrix satisfies Hy, f(u) > eI, Vu for some ¢ > 0.

2) On the negative side, for a general twice differentiable
function f, any stationary point of f (i.e., any point
for which (2) holds) is an equilibrium point of (3). In
this case, the iteration (3) may converge either to local
minima or local maxima.

This last observation reveals the major weakness of (2):
the Newton root-finding iteration (3) ignores whether we are
looking for a minimizer or a maximizer and would remain
unchanged if we replaced the optimization criterion from

f(u) 0 —f(u).
Example 1. Consider the optimization,

min u® — 3u, (@)
ueR

for which Vu € R,
fu) =u®—3u, V,f(u)=3u*—3, Hyu(u)=>6u.
The corresponding Newton iteration (3) is of the form
3u(k)? — 3
o Gu(k)
for which both the local minimum ™" := 1 and the local

maximum u™** := —1 are locally asymptotically stable
equilibria with super-linear convergence. Specifically,

u(k + 1) = u(k)

uw(0) >0 = wu(k) > u™" = 1,(local minimum),
u(0) <0 = wu(k) > u™* = —1, (local maximum),
u(0)=0 =

iteration fails since Hy,(u) = 6u is not invertible.

Moreover, the iteration never actually “converges” to the
global “infimum” v — —oo0. O

The example and discussion above motivate the question:

4364



“Can we modify the Newton iteration (3) so that local min-
ima become (locally) asymptotically stable, whereas local
maxima become unstable?” We shall see the answer is yes!

To proceed we consider an alternative interpretation of (3),
which is based on the second order Taylor expansion of the
twice differential function f around a point u € U:

flu+6u) =f(u) + Vo f(u) ' du
+ %6uTHuu(u)6u + O(|oulP).

For a strongly convex function f, the iteration in (3) can then
be written as u(k + 1) = u(k) + du(k), where the update
du(k) is the optimal increment that minimizes the quadratic
approximation at the point u(k), i.e.,

Su(k) = arg min f(u(k))

dueR™u

+ Vo f (u(k)) " 6u+ %(MTHW (u(k))ou  (5)
= —Hy(u(k)) " Vuf (u(k)),

where the last equality uses the fact that f is strongly convex
and therefore Hy,(u(k)) is positive definite.

Suppose now that we modify the update du(k) in (5) to:
u(k) = arg min f(u(k)) + Vuf(u(k))Téu
SueR™u

b gou” (Hu(ul®) + () )ou— ©

= —(Huu(u(k)) + 6(u(kz))l>7lvuf(u(k))a )

with €(u) = 0 chosen so that the minimum in (6) is finite
and unique, i.e., so that

Hyy(u) + €(u)I > 0. (8)

The modified Newton step in (7) gained an important feature
that holds even for non-convex criterion f(u): the computa-
tion of (7) never fails since Hy, (u(k)) +€(u(k))I is always
non-singular, and yet the equilibrium points of the modified
Newton step remain precisely the stationary points of f since
su(k) = 0 <« V,f(u(k)) = 0. More importantly,
as suggested in [32] and stated formally in the result that
follows, all locally stable equilibrium points for the modified
Newton step in (7) must be strict local minima. We recall
that a strict local minimum u* is a unique global minimum
in a sufficiently small neighborhood of u*.

Theorem 1 (Theorem 1 in [17]). Let f : U — R, U =
R™ be a three times differentiable function and € : U —
[0,0) any differentiable function for which (8) holds. For
every equilibrium point u* of (7), u* is locally asymptotically
stable if and only if u* is a strict local minimum of f. []

The condition (8) on ¢(u) is quite mild and can always be
made to hold by choosing e(u) sufficiently large. However,
by selecting large values for e(u) the convergence speed
slows down. In fact, we only get super-linear convergence
for e(u) = 0, because only in this case (7) jumps in a single
step to the minimum of the quadratic approximation to f.
In practice, this means that we should select e(u) > 0 only

when H,,(u) is not positive definite.

Example 2. For the optimization in (4), the modiféed Newton
step in (7) becomes u(k + 1) = u(k) — Sulh) =3 _ and,

6u(k)+e(u(k))
for (8) to hold, we need

e(u) =0 u > 0,
{egu; > —6u u<0. 2
In this case,
w(0) > um™* = -1 = y(k) > u™t =1
(local minimum),
) u(0) <um®™®:=-1 = wu(k) > —©
(global “infimum”),
u(0) = u™* = -1 = w(k) =™ Vk
L (unstable equilibrium).
Selecting the function € with e(u) = 0 around u™" results

in super-linear convergence to u™?®, but if e(u™") # 0,
the convergence is only exponential. For example, picking
e(u) = —6u + n with n > 0, (9) holds for all u, but the
modified Newton step in (7) becomes u(k + 1) = u(k) —

2
%373, which is just a gradient descent. ]

B. Min-Max optimization

An intuitive (but surprisingly recent) definition of local
min-max for (1) can be stated as follows: a pair (u*,d*) €
U x D is called a local min-max if

1) d* is a local maximum of the function d — f(d,u*),

and
2) u* is a local minimum of the function
= Je = da ’
= ge(u) deDIrrwl%}f(d*) fld,u)

for every sufficiently small ¢ > 0, where B.(d")
denotes a closed ball centered at d* with radius € [33],
[34].

In essence, this means that v* achieves the outer minimum
in (1) in any sufficiently small neighborhoods of d*, which
can be any point that achieves in the inner maximization (for
u = u*).

As for local minima, this characterization of local min-
max admits fairly simple first-order and second-order condi-
tions for optimality:

Theorem 2 (Propositions 18-20 in [33]). Assume that f :
UxD—-R U:=R", D:=R" is twice differentiable.

1) Necessity: If (u,d) is a local min-max point, then

Vuf(u,d) =0, Vgif(u,d)=0. (10)
2) Sufficiency: If (u,d) satisfies (10) and
Hyaf(u,d) <0, (1
Huu f(u,d)
— Huaf(u, d)(Haa f (u,d)) ™" Hawf (u, d) > 0
then (u,d) is a local min-max point. O
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In the statement of Theorem 2, V,, f (u, d) and Hy, f (u, d)
denote the gradient and Hessian of the function u —
flu,d); Vaf(u,d) and Hyqf(u,d) the gradient and Hessian
of the function d — f(u,d); and Hyf(u,d) € R™u>x"d,
Hy, f(u,d) € R™*™ matrices with second derivatives of f
with respect to the entries of v and d.

The construction of a second order method could be based
on applying Newton’s root finding algorithm to the first
order optimality conditions (10) [29]. However, motivated
by what we saw in Section II-A, we will instead construct
a second order method by solving a (potentially modified)
local quadratic approximation to (1). Specifically, we will
use the iteration

[u(k + 1)] B [u(k) + 5u(k)]

Ak +1)| = | d(k) + éd(k)

with updates du(k), dd(k) that are local min-max to the
following quadratic approximation to (1)

12)

ou
: T T
pipmaxf + [Val Vaf'] [M] a3
14 1 [ Huf + €l Huf ou
+§[5U od :I|: Hduf Hddf_ﬁd-[ sdl’
where all derivatives and the functions f,e,,eq: U x D —
R are all computed at the current point u(k),d(k). The
quadratic approximation in (13) is accurate up to third order
terms when €,, and ¢4 are both zero, but strictly positive terms
may be needed to make sure that (13) has a min-max point.

In fact, it is straightforward to show that a unique min-max
exists provided that

Huyf —eqd <0,
Huf + eI — Haf (Haaf — €al) " Hauf > 0,
in which case we have

[fm(k)] _ [Huuf +eul  Huf ]‘1 [vuf] 1)
od(k)| Ha f Haaf — eal Vaf |’

In the minimization in Section II-A, selecting the modifi-
cation €l so that the quadratic approximation in (6) had a
(finite) unique minimum sufficed to guarantee that all locally
asymptotically stable equilibrium points of the modified
Newton iteration corresponded to strict local minima. For
min-max optimizations, existence of a (finite) unique min-
max to (13) turns out not to suffice to create instability for
equilibrium points that are not local min-max.

When the function f is three time differentiable and
the functions ¢,, €4 are differentiable, it is straightforward
to show that the local linearization of the dynamical sys-
tem (12), (15) around an equilibrium point (u,d) has dy-
namics given by

Huuf + 6uI Hudf :| ! [Huuf Hudf] (16)
Ha f Haaf —eal Haf Haaf |’

If we always selected €,, = €4 = 0, this matrix would be zero,

which would be consistent to super-linear convergence at

every equilibrium point. Instead, we will select the functions

€4, €q 1o satisfy the following three conditions:

(14)

I —

Cl1  Min-Max sufficiency for quadratic approximation: The

inequalities in (14) always hold.

C2  Minimal modification: Whenever the original min-
max optimality conditions in (11) hold, we must have
eq(u,d) = 0.

C3  Instability: Whenever the original min-max optimality
conditions in (11) do not hold, the matrix in (16)
must have at least one eigenvalue with absolute value
strictly larger than 1.

The condition C1 guarantees that the increments in (15)
are indeed min-max points to the quadratic approximation
in (13); the condition C2 enforces that we do not modify
the quadratic form with some e¢; # 0 when this is not
needed and turns out to also guarantee local exponential
stability of min-max points for the original optimizations;
and the condition C3 guarantees instability of points that
do not satisfy the sufficiency condition (11) for local min-
max. While not necessary for local exponential stability of
the min-max points, in C2 it would make sense to actually
require €4(u, d) = €,(u,d) = 0, as this would lead to super-
linear convergence. The result that follows formalizes these
observations:

Theorem 3. Let f : U x D — R, U := R™, D = R" pe
a three times differentiable function and €,,€q : U x D —
[0, 00) be any differentiable functions that satisfy C1-C3. For
every equilibrium point (u*,d*) of (12)—~(13), we have that:
1) Ifthe 2nd order min-max sufficient conditions (11) hold
then (u*,d*) is locally exponentially stable.
2) If the 2nd order min-max sufficient conditions (11) do
not hold, then (u*,d*) is unstable. ]

To use Theorem 3, it remains to show how to select functions
€y, €q that satisfy C1-C3. This can be done as follows:

1) For values wu,d for which the original min-max op-
timality conditions in (11) hold, we can simply set
eu(u,d) = €,(u,d) = 0. These values guarantee that
both C1 and C2 hold.

2) For values u,d for which the original min-max opti-
mality conditions in (11) do not hold, we first pick
€q = 0 sufficiently large so that Hyyf — €4l < 0, holds
and then ¢, > 0 sufficient large so that Hy, f + ¢, I —
Hyaf (Hagf—€al) ™ Haof > 0 and therefore C1 holds.
If C3 does not hold for these values of €4, €, further
increase €, until it does (see Lemma 1 below, which
is implicit in [17, proof of Theorem 3]).

Lemma 1 (Theorem 3 in [17]). Suppose that (11) does not
hold and that Hyq f — eqI < 0 for some €4 = 0, then there
exists a constant €, > 0 sufficiently large so that Hy, f +
ewl — Hyaf (Haaf — edI)_lHduf > 0 and the matrix in
(16) must have at least one eigenvalue with absolute value
strictly larger than 1. O

We restricted our attention to unconstrained optimization,
but the results presented have been extended in [17] to con-
strained optimizations. An important question that remains
mostly unanswered is the construction of similar algorithms
applicable to problems for which global min-max are not
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local min-max, which is a possibility that cannot arise in the
minimization of smooth functions, but can arise in min-max
optimizations of smooth functions.

III. LEARNING IN FINITE GAMES

In the preceding section, we investigated min-max opti-
mization problems, and presented procedures that are able to
guarantee convergence to a corresponding min-max optimal
point. This form of min-max optimization can naturally be
interpreted as a two-player game, where the first player wants
to maximize the utility function, while the second player
wants to minimize it. Therefore, it cannot be of use in games
where more than two players are participating, and where the
stationary points form a Nash equilibrium instead of a min-
max one. Towards this direction, in this section we shift our
focus to multi-player general-sum games, and investigate the
behaviors of a variety of learning algorithms in such settings,
including best and better reply dynamics, fictitious play, log-
linear learning, and gradient play.

A. Preliminaries

We consider that there is a set of players, N =
{1,--- , N}, where N can be greater than 2. Each player has
a finite set of actions, A; = {1,--- ,n;}. The joint action set
is A= A; x---x Ay. A joint action a € A may be written
as a = (a1, -+ ,ay) with each a; € A;. Alternatively, we
may write a = (a;,a_;), which denote the action of player
i, a;, and the actions of all other players, a_;. The utility of
player i is a function u; : A — R. The collection of players,
N, actions sets, A;, i = 1,--- , N, and utility functions, u;,
i=1,---, N, fully specify a finite (normal form) game.

A pure strategy Nash equilibrium is a joint action, a* =
(af,a*;) € A, such that for all i € N, u;(af,a*;) >
ui(aj,a*;), Va;e A;. Note that, depending on the specific
utility functions, there may be a unique Nash equilibrium,
multiple Nash equilibria, or none. For both potential games
and weakly-acyclic games, a Nash equilibrium is guaranteed
to exist. Note that potential games are a subset of weakly-
acyclic games in that for potential games, all directed paths
terminate at a Nash equilibrium.

The following definitions lead to alternative expressions
for a Nash equilibrium and will be useful in defining certain
learning dynamics. Particularly, define the best reply set as

Bl (a_;) = {a; e A

i.e., the set of actions that maximize the utility for player @
in response to a_;. In terms of the best reply set, a* is a
Nash equilibrium if for all i € N, a} € B} (a*,).

Define the better reply set as

Bl-(ai,a,i) = {CL; € .AZ

wiay,a_;) = ui(ai, a_;),Va; € Ai} ,

Ui(a;,afi) > Ui(aiaaﬂ')}
i.e., the set of actions that are an improvement to a baseline
action. Note that B*(-) and B(-) have different domains.
Furthermore, the strict inequality in the better reply set
definition implies that the better reply set can be empty.
The better reply set induces the directed better reply graph,
defined as follows. The nodes are the set of joint actions, i.e.,

the set A. Given two joint actions, a and a’, there exists an
edge from a to a’ if:

« The two actions deviate by the action of a single player,
ie., a = (a;,a_;) and o' = (a},a_;) for some i € N.
« For the deviating player 4, a, € B;(a;,a—;), i.e., the
deviating player experienced an increase in utility.
By definition, a Nash equilibrium is a node that will not have
any outgoing edges in the better reply graph.
Some discussions will apply to special classes of games:
« Potential games [18]: There exists a potential function,
¢ : A — R, such that for any two joint actions a =
(ai,a—;) and a’ = (a},a_;) that deviate by the action
of a single player,

P(ai,a_;) — ¢(az,a—;) = wi(ai, a—;) — ui(aj, a_;).

o Weakly-acyclic games [19]: For any joint action a € A,
there exists a directed path that terminates at a Nash

equilibrium.
o Zero-sum games: There are two players, i.e., N =
{1,2}, and uy(ay,az) = —ua(a, az).

We also will be interested in dynamics that utilize ran-
domized actions. Towards this end, let S = {s1, -, Sk},
be a finite-set, and define A[S] < R™ to be the probability
simplex over S. We will use the following notations to
discuss randomized actions:

« s = rand[p| indicates the element s is randomly
selected according to the probability distribution, p €
A[ST];

« s = unif[S] indicates the element s is selected accord-
ing to a uniform distribution over S;

o vert[s;] € A[S] denotes the simplex vertex vector
associated with element, s; € S. For example, for
S = {s1, 82, 83},

1 0 0
O], {1],{0],
0 0 1
are the vertex vectors associated with si, s, and s3,

respectively.

B. Special Cases of Convergence to Nash Equilibrium

We will consider learning dynamics that evolve over
discrete time, t = 0,1,2,---. Informally, at stage ¢, the
action of player 4 is selected according to a;(t) = L(Z;(t)).
Here, Z;(t) denotes the information available to player i
up to stage t, L : Z(t) — A[A;] is a learning rule that
maps player i’s information to the probability simplex of
its actions, and a,(t) is randomly selected according to this
probability distribution. In some cases of learning dynamics,
the above will apply only to players that are activated at
stage t, i.e., given the opportunity to revise their action.
Non-activated players must repeat their previous action, i.e.,
a;(t) = a;(t — 1), if player i is not activated.

o Best and Better Reply Dynamics

A very simple example of a learning rule is the best reply
dynamics. Introduce the inertia probability, p, with 0 < p <
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1. Let a(0) € A be an arbitrary initialization. At each stage
t=1,2---,

az(t) = ai(t — 1),
a;(t) = unif[B] (a_;(t — 1))],

with probability p, or
with probability 1 — p.

In words, a player is activated with probability 1 — p and
selects the best reply to the previous actions of other players.

A slightly more sophisticated learning rule is better reply
dynamics. As before, introduce the inertia probability, p, with
0 < p <1, and let a(0) € A be an arbitrary initialization.
At each stage t =1,2,.--,

ai(t) = ai(t — 1),
a;(t) = unif[B;(a;(t—1),a—_;(t—1))], with probability 1—p.

with probability p, or

In case the better reply set is empty, then a;(t) = a;(t — 1).
Under better reply dynamics, an activated player selects an
action that is an improvement, as compared to its previous
action, given the previous actions of other players.

Proposition 1. (i) For potential games, best reply dynamics
converge to a Nash equilibrium; (ii) For weakly acyclic
games, better reply dynamics converge to a Nash equilib-
rium. N

The proof stems from Nash equilibrium being a stationary
point of the associated dynamics. Convergence is guaranteed
since, from any joint action that is not a Nash equilibrium,
there is a positive probability to reach a Nash equilibrium.

These dynamics presume that the actions of other players
are observable. Alternatively, one can assume that a player
can only observe its realized utility. That is, at stage ¢, player
1 observes wu;(t). In this case, it is possible to derive algo-
rithms that have nice properties for weakly acyclic games.
These algorithms introduce an experimentation probability,
€. The notion of convergence is slightly weakened, however.
Rather than the joint action, a(t), converging to a Nash
equilibrium, one has that a ¢ — oo, the joint action a(t) is
at a Nash equilibrium with high probability, and this prob-
ability approaches unity as the experimentation probability,
€, approaches zero [9].

« Joint Strategy Fictitious Play

In joint strategy fictitious play [10], players keep a running
tally of the utility associated with each action. For player @
at stage t, define
uz(17 a—; (t))

: e R™.

ui(ni, a—i(t))

This vector indicates the hypothetical utility that would have
been received by player ¢ at stage ¢t for each of its actions.
Now define V;(t) = (1 —~(t))Vi(t) +~v(¢)U;(t). For ~(t) =
Hil, V;(t) is a running average of the utility associated with
each action of player . For constant 0 < y(¢) = v* < 1,
V;(t) represents a fading memory weighted average of U;(¢).

Joint strategy fictitious play proceeds as follows. As be-
fore, introduce the inertia probability, p, with 0 < p < 1.

U(t) =

For each i, let V;(0) be an arbitrary initialization. For ¢ =
1,2, -,

az(t) = ai(t — 1),
a;(t) = arg max Vit =1),--- Vit —1)}.

with probability p, or

Proposition 2. For potential games, joint strategy fictitious
play converges to a Nash equilibrium. O

See [10] for the full presentation, including specific tech-
nical assumptions, and proof.

o Log-Linear Learning and Equilibrium Selection

Log-linear learning, introduced in [8], is a modification
of best reply dynamics in which players take a noisy best
reply. That is, there is a positive probability of playing any
action—not just a best reply. One can view not playing a
best reply as a form of experimentation, and the probability
of experimenting depends on the loss of utility as a result of
the experimentation. To proceed, first define the Boltzmann
distribution as follows. For v € R¥ and for T > 0, define
B(v;T) € R™ as the vector whose k" component equals
Br(v;T) = Lev*/T, where Z is a v-dependent normalization
factor so that B(v;T) is a probability distribution, i.e.,
S B T) = 1.

Now, log-linear learning is defined as follows. Let a(0) €
A be an arbitrary initialization. At each stage t = 1,2, -,
select a single player, say ¢*(t), uniformly at random. Then,
a;(t) = BU;(t — 1);T), i = i*(t), otherwise, a;(t) =
a;(t — 1). Here, U;(t — 1) is the hypothetical utility vector
defined under joint strategy fictitious play.

The interpretation of log-linear learning being noisy best
reply dynamics stems from the properties of the Boltzmann
distribution. For large 7', the Boltzmann distribution ap-
proximates uniform probability. For small 7', the Boltzmann
distribution favors a maximizer of its argument, i.e., 5(v;T)
places vanishing weight, as 7" | 0, on all but the maximal
elements of v.

Proposition 3 ([8]). Consider a potential game with poten-
tial function ¢. For any a € A, under log-linear learning,

1
ZeHT,

where Z is a normalizing factor Z = Y}, 4 e?@)/T,

tli_}no% Prla(t) =a] =

O

Log-linear learning induces a finite-state Markov chain
where the states are the set of joint actions, i.e., A. Accord-
ingly, the joint actions, a(t), never converge. Nonetheless,
one can characterize long-term behavior as follows. This
proposition characterizes the stationary distribution of the
associated Markov chain. In doing so, it introduces an
element of equilibrium selection in learning. Thus far, it was
stated that certain learning rules (for potential and weakly
acyclic games) converge to a Nash equilibrium. Log-linear
learning demonstrates a preference among Nash equilibria.

For a potential game, let a* denote the maximizer of
the potential function, i.e., a* = argmaxgea ¢(a). Note
that a* is a Nash equilibrium, since by the definition of a
potential game, no individual player can increase its utility by
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deviating from a*. Under log-linear learning the probability
that a(t) = a* in the long run approaches unity as T
approaches zero. Since a* is one Nash equilibrium out of
possibly many, this property reflects favoring a specific Nash
equilibrium.

Further details may be found in [35], which considers vari-
ations on log-linear learning such as limited observations of
other players, simultaneous play, and constrained evolution.

C. Learning over Mixed Strategies

While the learning algorithms discussed thus far involve
some form of randomization over action, the discussion has
been limited to convergence to pure strategy Nash equilibria
where players do not randomize. We now discuss learning
over mixed strategies, where the notion of equilibrium itself
involves randomization.

o Setup

Without changing notation, we now define utility functions
extended to the probability simplex, ie., u; : A[A;] %
- x A[Ax] — R. Let p; € A[A;] have components

p; = (pz-(l), . ,pi(ni)) , and for each i € \V, define

ui(p1,- -+ ,PN)

= > pi(a1)p2(az) -+ pn(an)ui(ar, - an),
(al, s ,aN)eA

i.e, the expected utility when players randomize indepen-
dently over the mixed strategies (p1, - ,pN)-

We now define mixed strategy Nash equilibrium in a sim-
ilar manner to pure strategies. A mixed strategy Nash equi-
librium is a set of joint probabilities, p* = (p},--- ,py) €
A[A1] x -+ x A[An], such that for all i € N,

ui(p,p%s) = wip;py),  Vp; € ALA]
In case each p; lies on a vertex of A[A;], the associated
equilibrium is a pure strategy equilibrium. Unlike the case
of pure strategy Nash equilibria, there will always exist at

least one mixed strategy Nash equilibrium (e.g., [36]), which
need not be unique.

o Smooth Fictitious Play

To simplify the exposition, we will restrict the discussion
to games that have a pairwise interaction structure. For
such games, there exist matrices, M;; € R™*", so that
wi(pisp—i) = Djenj+i Pi Migpj-

As before, play proceeds over stages t = 1,2,---. At
stage t, player ¢ selects an action according to a;(t) =
rand[p;(t)], where we will define p;(t) € A[A;] momen-
tarily. For each player, ¢, introduce the associated empirical
frequency vector ¢;(t) € A[A;], which evolves according to

qi(t+1) = (1- v(t)) i(t) + y(t)vert[a;(t)],
with step size y(t) = t+1 In case ¢;(0) = 0, ¢;(t) tracks
the histogram of actions taken by player i, i.e., the relative
frequencies that player ¢ used each of its actions.

In smooth fictitious play [37], players choose their actions

as a noisy best response to these empirical frequencies, i.e.,
Z M;jq;(); T)7
JEN j+i
where [3(-) is the previously defined Boltzmann distribution.

The noisy best response can be viewed as a best response
to a perturbed utility function. For T' > 0, define

> bl Myp; =T ) pilk
JEN j+i k=1
which is the original utility function perturbed by the entropy
of strategy p;. Setting 7' = 0 results in the original utility
function. With this modification,

ﬂi(ﬁ( > p?Mijpj;T),pfi;T)
JeN j+i
= ’l](p;,p,i;T>7 vp/i € A[A],
i.e., the best response to the perturbed utility takes the form
of the Boltzmann distribution.

Following the terminology in [11], a Nash distribution
is a Nash equilibrium of the perturbed game, i.e., p* =
(p1,-++,pN) € A[A1] x -+ x A[An], such that for all
ieN,

wi(pi, p—i;T) = ) log(pi(7)),

Vpg eA [.AZ] .

Proposition 4 (See [12], [13]). For any T > 0, empirical
frequencies converge to a Nash distribution for zero-sum and
potential games. O

ai(py,p* 5 T) = wi(pi, p* 33 T),

The work in [12] also discusses additional classes of
games under which smooth fictitious play converges. See
also [38].

o Gradient play

Recall the utility function under pairwise interactions is

Z pi M;jp;.

JEN jFi

Taking the gradient from the perspective of player ¢ yields

Z Mijq;-
JEN jFi

In gradient play [39]-[44], a player’s action moves its
empirical frequency in the direction of the gradient of its
utility function. Empirical frequencies are computed as in
smooth fictitious play. Instead of a noisy best response at
stage t, a;(t) = rand[p;(¢)] with

pi(t) =Ta [Qi(t) + 2] Miqu‘],

JEN i

Usg pu

V. wi(pis 0

where II : R™ — A[A;] is the projection to the simplex.
o Analysis

Learning over mixed strategies induces a discrete-time
stochastic process. A widely method of analysis is to con-
struct a deterministic continuous time dynamical system
derived from the stochastic discrete-time iterations. This
approach, known as the ODE (ordinary differential equation)
method of stochastic approximation, is detailed in [45], [46]
and applied to learning in games in [14]-[16].
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In the case of smooth fictitious play, the associated differ-
ential equation is

Gi=—a+B( Y, Myg(tsT), i=12, N
JEN j#i
Similarly, the associated differential equation for gradient
play is
qi:_qi"_HA[Qi(t)"_ Z Mijqj]v i=1,2,--- aN‘
JEN j=+i

Informally, applying the methods described in [45], [46]
leads to the following: the stochastic iterations converge to
(1) with strictly positive probability to a local attractor of
the ODE; (ii) with probability one to a global attractor of
the ODE; and (iii) with zero probability to an exponentially
unstable equilibrium of the ODE. Once the analysis falls
on the side of continuous dynamical systems, then one can
appeal to a variety of analysis techniques [47], including
methods derived from feedback control perspectives [48]—
[51].

D. Limitations on Learning and Uncoupled Dynamics

The discussion thus far has been about positive exam-
ples of convergence. There are many known cases of non-
convergence [47, Chapter 9] of learning dynamics as well:

« Best and better response dynamics need not converge
in games with a pure equilibrium [52, Chapter 3].

« Fictitious play need not converge in games with a pure
equilibrium [53].

« Fictitious play need not converge in games with a
unique mixed equilibrium [54].

o Gradient play cannot converge to a mixed strategy
equilibrium in matrix games (based on a zero-trace
condition in the associated ODE).

It is important to recognize that learning in games is not
about the computation of Nash equilibria, which is known
to be intractable from the perspective of both computation
[55] and communication [56]. Rather, the motivation is to
understand, even as a plausibility argument, how a Nash
equilibrium may arise out of simple adaptive interactions.
Accordingly, non-convergence need not constitute a disqual-
ifying behavior and has been proposed as a possible solution
concept in itself [57].

A common restriction of dynamics studied under learning
in games is the notion of uncoupled dynamics, introduced
in [58]. Learning dynamics are considered uncoupled if the
evolution of a player’s strategy does not depend explicitly on
the utility functions of other players. There may be implicit
dependence through the actions of others. This restriction
again stems from the program of learning in games not being
one of computation, but rather motivated by modeling.

We see that all the dynamics presented herein—best/better
reply, fictitious play, log-linear learning, and gradient play—
are uncoupled dynamics. For pure Nash equilibria, reference
[59] shows that there are no uncoupled rules with one-stage
memory (as in best/better reply dynamics) that converge
to Nash equilibria in all games for which there exists a

pure Nash equilibrium. Uncoupled dynamics play a role in
reference [58], which shows that a broad class of fixed-order
learning dynamics cannot converge to Nash equilibrium for
a specific 3-player/2-action game [54] (although higher-
order learning dynamics [60], [61] are able to overcome
this perceived impossibility [42]). These results illustrate
the lack of a universal (uncoupled) dynamic that converge
to Nash equilibrium for all games. In contrast, there are
universal algorithms for stochastic notions of convergence
(e.g., meta-stability) [62] or alternative solution concepts
(e.g., correlated equilibria) [63].

IV. PASSIVITY AND LEARNING

The preceding discussion renders clear that, in general,
it can be very difficult to guarantee that learning dynamics
will converge to a Nash equilibrium. This is because each
individual learning algorithm’s behavior highly depends on
the corresponding game setting. The purpose of this section
is to thus shed some light on these dependencies, and discuss
how they can be explained if one regards them through a
passivity point of view.

Passivity is a general input-output system property, a
special case of dissipativity, a concept introduced by Willems
[64]. These concepts have had numerous applications in
control, but in game theory they have started to be used only
recently. In [65] passivity was used to analyze gradient-play
for a particular CDMA power control application, while in
the context of population games, the notion of §-passivity
was used to analyze certain game dynamics in [66]. Here,
we use incremental and equilibrium-independent passivity,
[67], drawing on results from [61].

We focus on two representative instances in RL: payoff-
based play, [5], and Q-learning, [6]. We show how one
can exploit geometric features of different classes of games,
together with dissipativity/passivity properties of intercon-
nected systems to guarantee global convergence to a Nash
equilibrium. Besides simplifying the proof of convergence,
one can generate algorithms that work for classes of games
with less stringent assumptions, by using passivity and basic
properties of interconnected systems.

A. Game Theory and Nash Equilibrium Seeking

In this section we review the framework of learning or
seeking a Nash equilibrium in multi-player games. Consider
a set of players or agents N' = {1,...,N} involved in a
game. The game can be a continuous-action game, where
each player ¢ € A has a continuous action set to select its
decision from €; « R™, or a finite-action game, where it
has a finite set of actions (pure strategies) A;, |A;| = n;,
[7], [68]. Each player i € N aims to take a decision z;,
so as to minimize its (expected) cost J; or maximize its
(expected) payoff/utility U; = —J;. Its cost/payoff depends on
the opponents’ strategies x_; and such inherent intertwining
between the agents’ decisions introduces challenges in solv-
ing a game: when optimizing for its own reward, an agent
needs to know the others’ decisions. A Nash equilibrium
is a state where none of the agents has any incentive to

4370



Agents/Players Game Environment

T
P; AU 2
= ?{( v )
lL'—z,,"/ N
P U_i(-, x;)
T—;

Fig. 1: A generic RL NE seeking dynamics.

change its decision, in that sense called individually optimal.
In a classical setting, an introspective calculation of a Nash
equilibrium requires complete knowledge: namely, that each
player knows the cost/payoff functions and the strategies of
all the other players, [7]. This is quite restrictive. An agent
has some knowledge, but this is limited/incomplete, so it
must be supplemented with whatever information an agent
can get by feedback.

We consider a repeated game, where players use previous
game iterations to gather information about the other agents
or the game, and correspondingly, adjust their decisions, that
is “learn.” Typical learning rules/dynamics proposed in the
game theoretic literature are best-response (fictitious-play),
projected-gradient (better-response) play, proximal play, RL
(payoft-based learning) and so on, [7], [68]. Some are
motivated by the (potentially bounded) rationality of the
players, [7], others are motivated by biologically inspired
learning mechanisms, such as imitation or RL, [68]. These
processes can be modeled either in discrete time or in
continuous time. Let P; denote the algorithm or dynamics
by which agent i € N updates in time its decision z;
(action/strategy). All agents P;s are interconnected one with
another, directly or indirectly, depending on the feedback an
agent gets. This results in one big interconnected dynamic
system denoted as P, which is the overall Nash equilibrium
(NE) seeking (or learning dynamics) system. This system
can be equivalently written as the feedback interconnected
system P = (P;, P_;), where P_; denotes the learning
algorithm/dynamics used by everybody else, except player
i. A generic RL NE seeking dynamics is shown in Figure 1.
Two properties are essential:

(C1) an equilibrium point of P is (related to) a NE of the
game denoted z*, and
(C2) such equilibrium is (globally) asymptotically stable.

It is in this context that passivity can help. Dissipativity and
passivity play a critical a role in analyzing interconnections
of dynamical systems, but classical notions are defined with
respect to the origin as equilibrium point, [64], [69]. On the
other hand, equilibrium independent dissipativity and passiv-
ity (EID/EIP) are defined for an arbitrary equilibrium point,
[67], [70]. A dynamical system X, given by & = f(z,u),y =
h(zx,u), with @, T, 3 an equilibrium condition, is Equilibrium
Independent Passive (EIP) if there exists a differentiable,
positive semi-definite storage function Vz : R" — R such
that Vz(z) < (y —¥) " (u—7). X is output-strictly EIP if for
some 8 > 0 Va(a) < (y—7) " (u—17) — By — 72

v

Fig. 2: Feedback configuration

Such individual properties of the component subsystems
can help in analyzing stability properties of an interconnected
system without precise knowledge of an equilibrium point,
but only knowing that it exists. Furthermore, for an intercon-
nected system made up of EID/EIP subsystems, a good can-
didate for a Lyapunov function is the sum of the individual
storage functions, [67]. A static nonlinear EIP/incrementally
passive mapping is, equivalently, monotone.

Since the Nash equilibrium z* is unknown a-priori,
equilibrium independent properties are particularly useful
to exploit in NE seeking. For the interconnected system
P = (P, P_,), if each individual P; has EIP properties, the
problem is easily solved. However, because of the coupling
between agent objectives, such individual EID/EIP properties
do not hold in a game in general. An alternative idea is
to see if the overall NE seeking dynamics/system P can be
recast as an interconnection of some (strictly) EIP systems.
In the next section, we show that two popular RL algorithms
can be recast as a feedback interconnection (3, —U), cf.
Fig. 2, between some EIP/EID dynamical system X and a
specific game mapping ¥. Once (C1) holds, then (C2), that
is (global) stability of the equilibria of P, or convergence to
a NE of the game, follows easily from passivity properties
of interconnected systems.

B. RL and Passivity

In this section, we consider a repeated finite-action game
and two instances of RL, namely, payoff-based RL (P-
RL) and Q-learning, respectively. In this setting, an agent
i does not necessarily know the structure/form of its own
payoff/cost function U;/J; but can know its own realized
payoff/cost m; as a result of some action it takes. This
represents the reinforcement signal it gets from playing the
game, [5], [6]. Update rules build off this setting are called
RL algorithms, cf. Fig. 1.

At each iteration k of play, each player i € N uses an
action j € A; or a pure strategy e;(k), selected randomly
out of its n; possible choices, with probability x;;(k).
Equivalently, P[e;(k) = e;] = z;;(k), where e; is the j
unit vector in R™. Accordingly, player 7 receives a payoff
value m;(k) :=U;(e;(k),e_;(k)), called its realized payoff
at step k, where e_;(k) denotes the pure strategy profile
used by the others, except player <. Player i’s mixed strategy
x; (k) := (z4;(k))jea, € A; specifies the probabilities with
which actions/pure strategies are selected, with A; denoting
the simplex. Because of randomization, each player ¢ is
optimizing its expected payoff U;(x;, z_;).

In RL, (mixed) strategies are updated based on the re-
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ceived payoff m; and some internal score variables. Con-
sider that each player i € N keeps a score z; € R™
of all its actions (updated based on its received payoff
m;) and maps this score into a mixed strategy x; € A;
via a static choice map o; : R™ — A;, z; = 04(%).
A typical choice map is the soft-max function o;(z;) :=
Zeﬁ[exp(lzﬂ). . .exp(lzim)]T, where € > 0 is
jeA; p(ezlj) € €
a regularization/temperature parameter, [71]. As € — o0,
actions are selected with uniform probability (“exploration”),
while as € — 0, the soft-max function selects the action asso-
ciated with the highest score (best-response/“exploitation”).
Consider that at the k-th instance of play, player ¢ updates
its score z;(k) and mixed strategy x;(k) as

ik + 1) = 2(k) + (k) mi(k) diag <be>> es(k)

This is known as P-RL, [71], related to that proposed by
Erev and Roth, [5]. Alternatively, when the update is

2k +1) = 2 (k) +ai(k) diag <W) e; (k)

the scheme is known as the (individual) Q-learning algorithm
[6], [72]. In the above, «;(k) is a diminishing step-size,
for example k%rl 1 is the all ones vector and diag(ﬁ)
denotes the diagonal matrix with 1/z;;(k) on its diagonal.

It is known that P-RL converges in 2x2 games, in 2-player
partnership (potential) games, but cycles in 2-player zero-
sum games with a unique mixed NE. A prototypical example
of the latter class of games is the standard 2-player Rock-
Paper-Scissor game. On the other hand, Q-learning converges
in all these classes of games, (Proposition 4.2, [6]). What is
the reason for such a different behavior? In the following,
we show that this can be explained via passivity.

Under standard assumptions, the long-term behavior of
stochastic processes (17) and (18) can be analyzed via
stochastic approximation, [73], based on the behavior of
their deterministic mean dynamics. The mean dynamics can
be obtained by taking the expectation of the stochastic
iterate increments, using E (m(k) diag (%(k)) el-(k)) =
Ui(z_;(k)), where E(-) denotes expectation and U, (x_;) :=
(Ui(ej,x—i))jea,. The mean dynamics of P-RL (17) is

P {Zz = Ui(z—s),

v x; =U,‘(Zi>7 ZZ(O)GRm
This processing is shown in Fig. 3, where x_; and A_; are
the mixed strategy and simplex set for everybody else, except
1. In particular, the score z; is the dual variable to the primal
variable ;. Therefore, (19) describe the evolution of learning
in the dual space R™, whereas the strategy trajectory in A;
is induced via the choice map, o;.

The mean dynamics of Q-learning (18) are

P {Zl = Ui(l‘,i) — Zi, ZZ(O) e R™

19)

€Xr; = O'i(Zi), (20)

Primal Space Dual Space

S

e
7z

Fig. 3: Payoff-based RL.
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Fig. 4: RL in the Rock-Paper-Scissor game.

which is an “exponentially discounted” score dynamics.

Consider the Rock, Paper, Scissor (RPS) game, a 2-player
zero-sum game, a benchmark game where the two payoff
matrices are

0o -1 1
A=| 1 0 -1 |,B=AT.
-1 1 0
The expected payoffs of the two players are U (z1,z2) =
x{ Ary and Us(wy,72) = x| By, respectively. The ex-

pected payoff vector U (z) = (Ui(z—;))ien = (Va,Ui(x))ier
is U(z) = BT 0 ®z, where ® + @7 = 0.

The RPS game is a zero-sum (null) monotone game, with a
unique (mixed) NE strategy at (1/3,1/3,1/3) . Fig. 4 shows
strategy trajectories for player 1, under payoff-based (P-
RL) dynamics (blue) and under Q-learning dynamics (red),
respectively. Q-learning converges to the unique mixed Nash
equilibrium (1/3,1/3,1/3) T, while P-RL dynamics cycles.
A passivity approach in the dual space can be used to
explain this behavior. The overall P-RL learning of all agents

xr =

(19) is
p.lé= U(z), =z(0)eR"™ o1
x =0c(2),
where o.(z) := (0(2;))ien, With equilibria T8 = o.(z*)
A"Z H ‘12
o IX%—‘- oe() T TIQ}HT
‘ ~U() -U(")

Fig. 5: P-RL and Q-learning
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such that U(z*) = 0. Here z = (2i)ienr € R", z =
(2:)iens € A and U(z) = (U;(x—;))ien denote the player
stacked scores, mixed-strategies and payoff game mapping,
respectively.

The overall Q-learning of all agents (20) is

P {,ézU(z)z, 2(0) € R” 2
x = 0¢(2).
Any equilibrium of (22) is characterized by T* = 0.(z*),
U(E*) = z*, or is a fixed-point T% = o.(U(Z*)). Any
such equilibrium is called a Nash distribution, [6], that is
a Nash equilibrium of an e-perturbed game. For small €, T*
approximates the Nash equilibria of the game, [72].

Then, P in (21) and (22) can be represented as a feedback
interconnected system (X,U) shown in Figure 5 (left) and
(right), respectively. On the feedback path, U is the payoff
game mapping. On the forward path, X is the cascade
connection between a bank of integrators (left) or a bank of
low-pass filters (right), respectively, and the static map o..
The soft-max mapping o.(-) is monotone and e-cocoercive
(output-strictly EIP) and is the gradient of the Ise function
[61, Prop. 2]. Based on this, it can be shown that ¥ in
Figure 5 (left) is EIP, while ¥ in Figure 5 (right) is output-
strictly EIP (OSEIP), respectively, both with storage function
the Bregman divergence of lse, [61, Prop. 3]. Leveraging
this output-strictly EIP, (global) asymptotic stability of the
closed-loop system for Q-learning (22) in Figure 5 (right)
can be shown for any € > 0, in any N-player monotone
game, that is when the (negative) payoff game mapping —U
is EIP (monotone). The standard Rock-Paper-Scissor game
belongs to this class of games. On the other hand, for the P-
RL system in Figure 5 (left) 3 is only EIP and as a result only
stability can be shown when —U is monotone (EIP). We note
that passivity techniques can be used to extend Q-learning
results to the larger class of hypomonotone games, as well as
to design higher-order Q-learning dynamics. The main idea
is to balance the shortage of passivity on the feedback path
in Figure 5 (right) by the e—excess of passivity of X on the
feedforward path, [61, Thm. 1]. Additionally, generalizations
are possible to continuous-kernel games, in the form of
mirror-descent dynamics [74] and even to bandit learning
and their higher-order variants [75], [76]. The analysis for
other instances of such algorithms can be found in [20].

V. NON-EQUILIBRIUM LEARNING IN STOCHASTIC
GAMES

Thus far, our discussion has focused on how individual
learning algorithms may or may not converge to a stationary
point of a game, be it either a NE or a min-max optimal
point. At the same time, it has been made clear that there is
no universal algorithm guaranteeing that such convergence
will be attained; rather, convergence is highly dependent on
the corresponding game setting, and is often only local. Con-
vergence to a NE is also further jeopardized when the players
of the game are bounded rational, either due to cognitive
limitations or because of physical constraints. Hence, we are
now motivated to move away from the elusive idea of the NE

and study alternative solution concepts, particularly based on
bounded rationality theory.

A. Problem Formulation

Consider an N-player (agent) stochastic game, defined by
the tuple (S, N, A, r, p, 7), where S = {1,...,|S|} is
a finite state space; N = {1,...,N} is a set of players;
A= A" x A%... x AN is a joint action space, with A’
being the individual finite action space of player i, Vi € A/}

= {rl, ..., vV} is a joint immediate reward function,
with 7* : & x A* x A7" x S — R! being the individual
immediate reward function of each playeri € A'; p: S x A x
S — [0, 1] is the conditional probability transition function,
so that p(s’,a',...,a", s) is the probability of transitioning
from a state s € S to a state s’ € S given actions a’ € A,
Vie N; and v € (0,1) is a discount factor.

For brevity, we also denote as p'(s’,a’,a~"%, s) the prob-
ability of transitioning from a state s € S to a state s’ € S
given actions a’ € A’ and a~% € A7, Vi € V. In addition,
Vi € N, we define as M*, M™¢ the space of the mappings
S — A', S — A~ respectively, and as J the space of the
mappings S — R.

Given the stochastic game, each agent ¢ € N interacts over
time with the environment and the other agents and takes an
action ai € A" at every time instant ¢+ € N. Owing to those
actions, a sequence {s;}sen of states s; € S will be visited
at each time instant ¢ € N, depending on the conditional
transition probabilities given by p and the initial state sg.
In this context, the goal of the player i € N is to choose a
policy ¢ € M, i.e., a mapping describing which action a’ €
A’ is taken at any state s € S, to maximize their expected
discounted cumulative reward, or value, given by

J’ ; lE Yt (seqr,m (se),m " (5e),5¢)

So=s|,

(23)
where 7% = {77} ;cnn gy € MY, and the expected value
operator [E,, is taken over the transition probabilities p.

The optimal policy 7** € M? of player i, which maxi-
mizes (23), can be obtained from:

7*(s)

) € arg max Zp (s',a', 77 (s), 5)
ate Al Jes

. (rz‘ (s,a", 77 (5),8") + 7 Touu i (s ’)), Vse S,

where an i € J is the optimal value, which satisfies the

Bellman equatlon
Jhie poi(s) = max Z P (s al,

: (’“i (s,a’,77(s),8") + ny};i*m_i(s’))  VseS. (24)

Given (23)-(24), it is evident that the value of agent i €
does not depend only on their policy, but also on the other
agents’ policies 7%, These policies are generally unknown,
thus it is not straightforward for agent ¢ to maximize (23); a

X A, YieN.
JeN\{i}

'We denote A% =
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model of the policies 7% of the players in A"\{i} is needed
for the maximization to be performed.

A common solution to this problem of lack of knowledge
is for each agent ¢ € A/ to assume that all agents in A\{:}
will also optimize their own values, and that this assumption
is made by all agents. Hence, in this case, finding a policy
that maximizes (23) is ultimately equivalent to computing a
Nash equilibrium [77].

Definition 1. The tuple {u™*, p=*}, i € N, with p™* €
M and =™ = {*}jenn iy € MY, constitutes a Nash
equilibrium if Vu* € M?, Vi € N, it holds that

J:Li’(’u—i* (S) = JZLi,H—i* (8), VseS. [

Adopting the approach of the Nash equilibrium to model
other agents’ behaviors leads to two important issues. First,
due to the finite nature of the action set .4, finding a Nash
equilibrium requires a mostly intractable amount of compu-
tations even if all agents share the same reward functions
ri, Vi € N [78]; second, in a realistic scenario, it is not
necessary that all agents are perfectly rational?, hence they
may not operate on a Nash equilibrium [21], especially
during initial plays of the learning mechanisms. Therefore,
instead of relying on the concept of the equilibrium, we
will instead seek bounded rationality models to capture other
agent behaviors.

B. Recursive Reasoning

Inspired by [21] and [24], we will now model the different
levels of rationality for each agent 7 € A/ participating in the
stochastic game, using recursive reasoning.

o Level-k Thinking

Level-£ thinking is a model of bounded rationality used
to represent a player’s strategy, while also relaxing the
assumption that every agent seeks a policy that is based
solely on the notion of the Nash equilibrium. In particular,
level-k thinking defines different levels of rationality, where
at each level an agent assumes that the rest of the players
follow a policy given by an immediately lower level. Then,
the agent proceeds to optimize their cumulative reward (23)
given such an assumption. Taking the aforementioned into
account, we formulate a level-£ thinking model as follows.

Level-0: An agent i € N with rationality of level-0, also
defined as a level-0 agent, is a player that behaves naively
[22], [24]; such an agent neither considers a model of the
other agents’ behavior, nor tries to maximize their own
cumulative reward (23). Hence, the policy 73" € M® of a
level-0 agent ¢ € A/ can be chosen arbitrarily, so that

o (s) =a', a'e A", Vs e S.
Apart from choosing it as a constant one, the level-0 policy
can also be chosen to be uniformly random [24].

Level-k € Ny : Unlike a level-0 agent, an agent i € N
with a rationality of level-k, & € N,, reasons about the

(25)

’In the sense that not every agent may be able to find the Nash
equilibrium; that not every agent assumes that the rest of the agents will
optimize their own values; or that not every agent actually seeks a Nash
equilibrium.

Algorithm 1 Level-Recursive Computation
Input: Sufficiently small constant € > 0, maximum level

k* e Ng.
Output: Level-k policies 7% = 7i*, Vi € N, Vk €
{0,...,k*}.
1: procedure
2 fori=1,...,N do > Initialization
3 7 (s) < i (s), Vse S.
4: for k=1,... k" do
5: Initialize J}(s) randomly, Vs € S.
6 end for
7 end for
8 for k=1,...,k* do > Level-k policy estimation
9: fori=1,...,N do
10: repeat
11 v(s) < Ji(s), Vs€S.
12: Ji(s) < T;r,i v(s), VseS.
k—1
13: until || Ji —v||  <e
14: it (s) < argmax (Q° _, Ji)(s,a'), Vs€ S.
ate At -1
15: end for
16: end for

17: end procedure

behavior of the other agents. In particular, for £k € N, a
level-k agent assumes that the level of rationality of the
rest of the agents is £k — 1. Based on this assumption, a
level-k agent acts strategically by trying to maximize their
expected discounted cumulative reward, and by choosing a
level-k policy mi* € M that satisfies, Vk € N,

T i(s), VseS, (26)
> Mg—1

T € arg max
e
where 7,4 = {ﬂ-‘]z;*_l}je‘/\/\{i} € M™%, Since the action space
A and the state space S are finite, there exists at least one
policy satisfying (26). Hence, for any agent ¢ € N, it is
necessary and sufficient for a level-k policy 7 to satisfy

JE, e (8) = Ji, i (8), Vs€S, vrt e ME.
k—1 k—1

T, Tt

o Level-Recursive Computation of Level-k Policies
We proceed to find the level-k policies described by (26),
Vk € N,. To this end, we define the Bellman operator T;,i

and the Q-factor operator QZ,“ Vi € N, that map functions
of the form J € J to functions of the form

(Tﬁ_iJ) (s) & max ;Spi (s',a’, 7 (s), 5)

(1 (s,0', p7H(s),8') + 7 (5)), Vs €S, (27)

(r (s,a', 1w (s),8") + 4 J(8)), VseS, a' e A", (28)

for any policies =% € M™% Using these operators, a
level-recursive procedure for computing the level-k policies
can be implemented through Algorithm 1. For a detailed
convergence analysis of this Algorithm, see [26].
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Algorithm 2 Level-Paralleled Computation
Input: Sufficiently small constant € > 0, maximum level

k* e Ng.
Output: Level-k policies 7% = 7i*, Vi € N, Vk €
{0,...,k*}.
1: procedure
2 fori=1,...,N do > Initialization
3 7 (s) < mi*(s), Vse S.
4: for k=1,... k" do
5: Initialize J}(s) randomly, Vs € S.
6 end for
7 end for
8 repeat > Level-k policy estimation
9: A 0.
10: for k=1,...,k" do
11: fori=1,...,N do
12: v(s) < Ji(s), Vs S.
13: Ji(s) < T ; v(s), VseS.
k—1
14: ﬁi(s)earggle%(Q;;ilJé)(s,ai), VseS.
15: A<—max{A7 HJ,i—vHOO}.
16: end for
17: end for
18: until A <e.

19: end procedure

o Level-Paralleled Computation of Level-k Policies

The recursion presented in Algorithm 1 has a computa-
tional hurdle; for the execution of step k € N to begin, the
previous step k—1 needs to have terminated. Hence, one may
desire to implement a version of Algorithm 1 that updates
the value and policy estimates J}, 7%, simultaneously, over
all k£ € N, . Such a procedure is described in Algorithm 2.

While Algorithm 2 allows for the parallel estimation of
the level-k policies over all the levels k € N, its convergence
— the proof of which can be found in [26] — relies on
the following uniqueness assumption, commonly imposed in
multi-agent frameworks [78].

Assumption 1. The cost functions of any two distinct
policies are distinct, i.e., for any two policies p?, ﬂ,i e M?
and a joint policy ;=% € M™%, i e N, it holds that

/li #* /l/i = J,317 ui #* Jf‘/i’ i ]
Remark 1. The “for-loop” in lines 10—17 of Algorithm 2 can
be executed in an asynchronous manner (as in [79]), without
affecting the convergence of the algorithm. In fact, several
iterations of this loop can be omitted at multiple instances of
the wider “repeat-while” loop in lines 8 — 18. Hence, if the
state space S is large, a significant speed-up can be attained
with respect to the level-recursive Algorithm 1. O

Given Assumption 1, Algorithm 2 can be effectively exe-
cuted, in an asynchronous manner, to offer a computational
improvement with respect to Algorithm 1. Nevertheless, if
the communication or the memory overhead is high, then
the benefits of executing Algorithm 2 asynchronously will
be overshadowed; in such cases, Algorithm 1 is preferable.

o Cognitive Hierarchy

According to the level-k thinking model presented pre-
viously, a level-k agent assumes that the rest of the agents
are level-(k — 1), Vk € N,. However, such an assumption
can be restrictive; if the rest of the agents are at a lower
level of rationality, but not exactly at k — 1, all optimal-
ity guarantees are dropped. Therefore, it is of interest to
construct a more generalized model of bounded rationality,
which will allow for the other agents’ levels to vary, and not
be deterministically equal to k£ — 1. To this end, we construct
a bounded rationality model based on cognitive hierarchy
[21], in order to generalize level-k thinking. According to
this model, a level-k agent does not necessarily assume that
the rest of the agents are level-(k—1), but that their cognitive
level follows a distribution over {0,1,...,k — 1}. If g is a
probability mass function over N, then such a distribution
Py over k € {0,1,...,k — 1}, k € Ny, can be defined by
the probability mass function:

9(r)
3o 9(i)
It is common to select g(+) to represent a Poisson distribution,
since experiments have shown that the proportion of players
with a cognitive level of £—1 usually decreases as k increases
[80]. By adopting the Poisson model, one has

Mg
g(k) = R

Pr(k) = , Ve e{0,1,...,k—1}. (29)

(30)

where A > 0 is the mean and the variance of the model.

Given (29)-(30), the cognitive hierarchy model derives the
following policies i € M’ at each level k € N, Vie N.

Level 0: The level-0 policy in cognitive hierarchy is
defined exactly as in the case of level-k thinking. That is,

pi(s) =a', a'e A", Vs e S.

Level k € N,: According to the bounded rationality
model of cognitive hierarchy, an agent i € A of level-k,
k € N, assumes that each of the other agents has a level of
intelligence k, given by the distribution (29)-(30). That is,
Kk ~ Py. Since x is a random variable, it is in the interest of
agent ¢ € A/ to maximize the expectation of their value over
Kk ~ Py, and pick their policy according to

pic € arg max B [thi’ ) |~ Pk] VsesS, ()
where ;" = {pl*};eanqiy- By slightly modifying the
operators (27)-(28), so that they are taken with respect to
the expected value of the now random policies of the agents
in M\{i}, one can extend Algorithms 1 and 2 to solve (31).

C. Limited Communication

So far, only time-triggered policies have been derived.
That is, every player updates their action in each time step
of the stochastic game, and an infinite amount of commu-
nication resources is assumed to be available. As this might
be a restrictive assumption, here will present an intermittent
version of the bounded rational policies presented previously.
Two different approaches will be particularly considered.
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o Concurrent Estimation

In the first approach, one can design an intermittent
rule that will be incorporated within the models of level-
k thinking and cognitive hierarchy. Specifically, at each
level k of level-k thinking, an intermittent policy that is
the best response to an intermittent level £k — 1 policy is
designed. Similarly for cognitive hierarchy, at each level k,
an intermittent policy that is the best response to a distri-
bution of lower-level intermittent policies is constructed. In
short, when computing their intermittent policies, bounded
rational agents of any level consider the fact that the other
agents also use intermittency. In what follows, we focus on
derivations for the level-k thinking model, as the results are
similar for the cognitive hierarchy case. Towards designing
the aforementioned policies, we define an augmented state
space of the form S = S8 x A [81]. This set includes the
nominal states s; € S, along with the actions a;—; € A
played by each player in the previous time step t — 1 € N,
creating a pair x; = (8¢, a—1) € S. The tuple of the
stochastic game is also redefined into (S, N, A, 7, p, ), so
that the reward 7 and the transition probabilities are defined
over 5. We additionally define as M the set of policies of
agent i € N over the space S.

To optimize communication resources concurrently with
the rewards r*, we construct the augmented reward 7 for
agent i € A/ by adjoining a communication reward to r*:

Fwesr,ay, 7 (ze),21) = p'r'(se41, ap, 7 (24), 5¢)
+ (1= p)gi_ar » (32)

1

where z;41, x4 € S are the augmented states at time ¢t+1 and
t, al € A is the action of player i at time ¢, 7% € M~ are
joint policies of players in A\{i}, and p’ € [0, 1]. Evidently,
the reward function (32) is a convex combination of the
original reward ¢ as well as the indicator function Toicai -
The latter term forces constant policies to be more favorable,
which subsequently reduces the communication burden of
player i. The constant p’ is a measure of the communication
capabilities of player i; if p° = 1, then player i has infinite
communication resources and is not penalized for updating
their action at each time step; whereas if p° = 0, then player
1 has zero bandwidth and will be rewarded only if they do
not update their action. In a realistic scenario, p’ will take a
value between zero and unity.

Over the new state space sequence {x;}:n, and consid-
ering the reward function (32) that is augmented with a
communication penalty, the cumulative reward is:

o =£L’]

where z; € S. Hence, following the reasoning of Section
V-B and for all k € N, the level-k policy of agent i € A/
with incorporated intermittency can be obtained as:

[e0]
Jiiaoi(@)=Ep | D "7 (@1, 7 (20) 7 (20)20)
t=0

7i* € arg max j:rb i (7), VT € S. (33)
frle./\/ﬁ ? k—1

Notice that, unlike (26), in (33) the value function is de-

fined over the summation of the rewards (32), which are
augmented with a communication reward. Accordingly, the
base level-0 policy of the time-triggered case (25) can be
generalized to the intermittent case, so that for every agent
1 € N it will be defined as:

~ ik

7o (wy) = 75 (8¢, az_1) = al_y, ai_; e A’ Vs € S.
(34
In essence, a level-0 agent’s policy is constant, as they
will always play the action used in a previous time step.
Notice that, as (33)-(34) are of the same form as (25)-(26),
Algorithms 1 and 2 can be effectively utilized to compute
the event triggered level-k policies 7i*, Vi € N, k € N.
While equations (33)-(34) describe an effective way of
optimally incorporating communication constraints within
the level-k thinking model, they suffer from a drawback;
information regarding the actual best-response policies is
diluted by the intermittency as the levels of intelligence
increase, and depending on the value of p°, i € N. This is
because intermittency “quantizes” a player’s policy, making
it piece-wise constant to save communication resources.
o Sequential Estimation
In the second approach, one can design the intermittency
rule a posteriori, so that it is distinct from the models of
bounded rationality. In particular, the level-k policies are
initially derived as in Section V-B, and they are subsequently
“quantized” in order to obtain their intermittent version.
As a result, although each level-k agent can follow an
intermittency scheme a posteriori, they do not assume that
the lower-level agents do so as well. This approach can solve
the problem of information dilution described previously, but
it has a different drawback; it leads to overall suboptimality,
as the decision of whether to communicate or not is taken
after the level-k policies have been designed.
Given the nominal level-k policies (25)-(26) for player
i € N, a communication aware policy 7% at the level k € N
can be designed in an a posteriori sense, so that:
- aj_y Yilzk) =0
i) {w;;(sw ha) =1 O
In (35), 7 e I & S > {0,1} is an event that indicates
whether communication will take place or not, and which
should be optimized. In that sense, its optimal value ~yi*
should be such that

vi* € arg max j; —iw (), Yz € S, (36)

yiel Kk Th—1

where
A ® . . .
Ty e =B | 07 e bl iy o0 ) 20a |

t=0
Hence, given (35) and (36), the optimal intermittent policy,
designed in a sequential, a posteriori manner, is given by

- % aj_y Vi (xx) =0
Tk (.'I?k) = % ix
{wk (sk) i (zx) =1
Remark 2. The optimization (36) can be performed using
standard policy or value iteration techniques. O
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VI. POTENTIAL GAMES IN AUTONOMOUS DRIVING

As already pointed out, solution seeking in game-theoretic
approaches is generally complex, hence leading to scalability
issues for real-time operations in autonomous systems. In
addition, the possible lack of information and the bounded
rationality of other agents raise concerns regarding the
system performance, especially for safety-critical systems
like autonomous driving. In this section, we will introduce
a predictor-corrector game structure to address these chal-
lenges and see how to make game-theoretic approaches more
practical and reliable to autonomous driving applications.

A. Problem Formulation

Consider a set of traffic agents N represented by the
following discrete time models: z;(t + 1) = f;(x;(¢), a;(¢)),
where z;(t) € X; < R™ and a;(t) € U; < R™ are,
respectively, the state and action of agent ¢ at the time
step t, ¢ € N, and f; is the system evolution model.
Denote the state of all other agents except for agent @

as r_;, e, x—; = {T1,...,Ti-1,Tit1,-.., TN} Simi-
larly, let a_; = {al, ey A1, Ay e ,GN} and f; =
{fi,---, fi=1, fi+1,---, [n}. Denote the dimension of a_;

as m_;, i.e., a_;(t) € R™-i. Denote the global state, action,
and dynamics as x = {z;,z_;}, a = {a;,a_;}, and [ =
{fi, f=i}, respectively.

In a driving scenario, every traffic agent has its own driving
objective, e.g., tracking a desired speed without collisions
and with ride comfort. We use the cost function J; : A — R
to characterize agent ¢’s objective, where A = A; x Ay x

- x An with A; representing the strategy space of agent
i. We notice that human drivers’ maneuvers are generally
motivated by a foreseen gain or loss within a finite prediction
horizon, and therefore, their decision-making process can be
modeled as a receding horizon optimal control process. That
is, at each ¢, agent ¢ aims to find its optimal action sequence
(or called strategy) a(t) € A; such that

aj(t) € arg min J;(a;(t),a_;(t))

a;(t)eA;
t+T—1

= arg min U, (xi (1), 2—i(7),a; (1), a—; (7)),

a;(t)eA; r—¢

where a;(t) = {a;(t),a;(t+1),...,a,(t+T—1)} € A;, A;
is determined by U;, a_; = {a1,...,a,-1,a;41,...,an} €
A_; is the set of all other agents’ strategies except for agent 1,
W, is the instantaneous cost at each time instant, 7' € Z ; is
the horizon length. After deriving a}(¢), agent 4 implements
the first element o} (¢) and repeats the same procedure at the
next time instant, ¢ + 1, to timely respond to any change in
the environment.

As we can see from (37), agent ¢’s cost J; depends on
not only a; but also a_;, indicating that agent ¢’s driving
performance is jointly affected by both its own and the
surrounding agents’ behaviors, characterizing agents’ inter-
actions. At each t, if every agent ¢ aims to optimize its
own performance J;, then the multi-agent optimization (37)
becomes a multi-player game, and the set of all agents’

(37

optimal strategies {aj(t),a3(t),---,ak(t)}, if nonempty,
composes a pure-strategy Nash equilibrium (PSNE).

Although the receding horizon multi-player game formu-
lation (37) is consistent with human driver decision making,
it is generally difficult to solve, and the difficulties include:
a) PSNE existence: Given arbitrary J;, a PSNE that solves
(37) may not exist; b) PSNE convergence: Even if a PSNE
exists, a solution seeking algorithm, e.g., best response (BR)
dynamics, may not necessarily converge; c) Computational
scalability: To solve (37), multiple and iterative optimiza-
tions are generally required at each ¢, causing significant
computational burden; and d) Lack of global situation
awareness: To find PSNE, the ego vehicle needs to know
all agents’ cost functions, which may not be realistic in a
traffic setting.

B. Predictor-Corrector Potential Game

To address the above challenges and to solve (37) in
real time, we develop a predictor-corrector potential game
(PCPG) approach, featuring a potential game (PG) based
Predictor and a best-response based Corrector.

o PG Predictor

In the Predictor, the ego vehicle (denoted as agent %)
assumes that the surrounding agents’ behaviors are governed
by a pre-determined typical cost function jj : A —- R
Such a jj can be learned offline via inverse RL or imitation
learning from realistic traffic datasets by the ego vehicle and
does not necessarily equal J;, which is agent j’s actual
cost function. Mathematically, the ego vehicle solves the
following N-player game at each t.

a; (t) € arg min Ji(aj(t),a_;(t))
a;(t)eA;

where j € N, and J; = J;.

(38)

Assumption 2. jj is everywhere differentiable on an open
super-set of A, Vj e N, A; # &, Vi € N, and A is a
connected and compact set. ]

To address the challenges caused by game complexity,
we formulate the game (38) as a continuous exact potential
game, which is defined as follows.

Definition 2 (Continuous Exact Potential Game [82]). Under
Assumption 2, The game (38) is a continuous exact potential
game if and only if there exists a function F' : A — R
such that F' is everywhere differentiable on an open super-

set of A, and an(g;",a”') = aF(Z’é’j) holds Va; € Aj,
Va_; € A_;, and V5 € N. The function F is called the
potential function. ]

In this section, the term PG always refers to the continuous
exact PG, and the word “continuous exact” may be omitted
when no confusion is caused. A PG has many appealing
properties, including guaranteed PSNE existence and best-
response dynamics convergence. We refer the readers to [82]
for a detailed discussion. The following Theorem shows how
to make the game (38) a PG.
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Theorem 4 (Theorem 6 in [82]). Let the cost function jj in
(38) satisfy

jj(aj(t) a_;(t))
_ aJself( (t)) + 5 Z ij(aj(t)7ak(t))a

keN k5

(39)

where Jjelf : Aj — R is a function determined solely by
agent j’s action, Jji, : A; x A — R satisfies
Jie(a;(t), a(t)) = Jr;(ar(t), a;(t)),
Vi ke N,j#k, and Ya; € Aj,a; € Ay,
and o and (B are two real numbers. Then the game (38) is
a PG with the following potential function,

a(t)) =a Y J3M(a;(1))

JeN
(40)
+B Y DT Tin(a(t), ak(t)).
JEN keN k<]
]

Theorem 4 states that if jj is designed to be a linear
combination of two components: J5*" and Y, rr i ks
then the resulting game is a PG. Such a cost function design
can meet the autonomous driving application needs in gen-
eral, as the first term J; ;elf can be used to model self-focused
objectives such as tracking a desired speed, minimizing fuel
consumption, and maintaining ride comfort, and the second
term >3, 1, Jjk can be used to capture symmetric pair-
wise agent interactions such as a pairwise collision penalty.
Please see [2], [3] for examples where AV cost function
design follows, or can be slightly revised to follow, the form
(39). After formulating the game as a PG, the PSNE seeking
problem, which generally requires multiple and iterative
optimizations, can be solved by one simple optimization [82],
addressing the computational scalability challenge. Specifi-
cally, the PSNE a*(t) = {a] (t),a; (t),--- ,a}(t)} of the
game (38) can be found by a™(t) € arg min, ;). 4 F'(a(?)),
where F' is determined by (40).

o PG Corrector

The Predictor finds the ego vehicle optimal strategy by
assuming pre-determined others’ cost functions jj. We ac-
knowledge that jj may not equal J;, which may lead
to at,(t) # a*,(t), where a*,(t) = {a*,(t),a*;(t +
1),-+-,a*,(t + T — 1)} is the surrounding agents’ actual
strategies at t. To account for such a discrepancy, we design
a best response-based Corrector.

Define action deviation at ¢ as

w—i(t) = a”;(t) — aZ;(t).

In the Corrector, the ego vehicle aims to find its best
response to a corrected prediction on the surrounding agents’
strategies, i.e.,

(41)

a (1) € arg min Jy(ay(t), &° (1), @)
a;(t)eA;
with &%, (t) =a®,(t) + ©_i(1); @—i(t) = Lr Quw_;(t — 1),

where ® represents the Kronecker product, and 17 is a vector
of ones with T elements. Note that .J; in (42) is the cost

function of the ego vehicle and hence is supposed to be
known. The corrected prediction &* ;(¢) in (42) takes into
account both the prediction from the PG, a*,(t), and the
observed action deviation at ¢t — 1, w_;(¢ — 1). By assuming
constant deviations over [t —1,¢+7T —1], we are considering
consistent driving styles of the surrounding agents: If agent
7 performs more aggressively than a typical agent at ¢t — 1,
then a similar aggressiveness level should be expected over
the horizon [t,t + T — 1]. We define the prediction error
e(r), T € [t,t + T — 1], 7 € Z, as the difference between
the predicted other agents’ actions from (42) and their actual
actions, i.e., e(7) = a* (1) — a* (7).

The following theorem shows that with the PCPG, the
prediction error e(7) admits a bound.

Theorem 5. [Bounded prediction error [27]] Assume that
a*;, : Zy — R™- and afi : Zy — R™—i are Lipschitz
continuous functions with

laZ;(r) —aZ;(t =D < Ky - (1 =t + 1) - At,
laZi(r) —al(t = DI < K- (1 —t+1)- At

where K1 € Ry and Ky € R, are two constants, and At €
Ry 1 is the sampling time. Then |e(7)| is bounded by

le(n)| < (K1 + K2) - (t—t+1)- At (43)
Vre[tt+T 1], 7€Z,. O

Theorem 5 shows that the prediction error e(7) remains
bounded over a finite prediction horizon, and the bound
depends on the sampling time At, horizon length 7', and
the constants /&y and K. In autonomous driving, the value
of K can be determined from acceleration, jerk, and angular
acceleration limits of the individual vehicles, and the value of
K5 can be determined from offline closed-loop simulations
of the multi-agent system operating according to the PG
(38) assessed at the worst case with respect to variations
in parameters. Given the bound (43), we denote

E(r)={eeR™||e|<C-(t+71—1)-At},

as the set of all possible prediction errors at 7 € [t,t+7T —1].

(44)

C. Performance Analysis

With the PCPG designed above, the ego vehicle safety can
be guaranteed under certain conditions, despite the unknown
cost functions of others.

Define a safe set X% (x_;(¢)) as the set of all z;(¢) such
that if z;(t) € X5 (x_;(t)) for a given x_;(t), then the
ego vehicle is considered safe at ¢. An example of such a
safe set, if = represents vehicle position, is X4 (z_;(¢)) =
{z;(t)||zi(t) — x;(t)] = dsate, V7 € N_;}, where dge > 0 is
a predefined safe distance. Denote X_;(7|t), T € [t+1,t+T],
as the set of i",i(ﬂt) generated by the set of action sequences
{ar,(t) + é(t), - ,a*;(r — 1) + é(r — 1)}, where é(k) €
E(k), ke [t,T— 1], and E(k:) is defined in (44), i.e.,

—i(

(r=1) +e(r—1)})

H-
=
—~—
| *
L
—
o~
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*+
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where

Fei (2i(8), 488 (1) + 608, a* (7 — 1) + (7 — 1)),

with a slight abuse of notation, represents the

surrounding agents’ state at 7 if the action sequence

{a*,(t) +é(t),---,a*;(t — 1)+ é(r — 1)} is implemented.
Denote A% (¢, T) < A; as the set of a;(t) such that V7 €

[t+1,t+T],

xi(1) = fi (xi(t), {ai(t), -

holds V2 _;(7|t) € X_;(7]t).
Next, we summarize the PCPG safety performance.

vai(1 = 1)}) € X (2i(7]t))

Theorem 6 (Safety [27]). If the ego vehicle cost function J;
is designed such that

arg min J;(a;(t), &% ,(t)) < AS°(t, T),
a,i(t)EAi

(45)

and
A5, T) = &, (46)

then the PCPG guarantees the ego vehicle safety within the
horizon [t + 1,t + T, i.e., aX(t) from (42) leads to x;(T) €
xgafe(x* (7)),V7 € [t+1,t+ T, where x* ;(T) denotes the
surrounding agents’ actual state at T. ]

The above theorem states that PCPG guarantees the ego
vehicle safety under two conditions: 1) The ego vehicle is
safety-conscious, i.e., (45) holds; and 2) A safe strategy ex-
ists, i.e., (46) holds. A safety-conscious ego vehicle requires
that if A% (¢, T) # ¢, then a global minimizer of .J; should
belong to A$€(¢,T). To design such a cost function, one
may consider incorporating the safety constraint as a barrier
in J;. Consider the interior-point method [83] as an example.

Next, we consider the optimality of a}(t). With a
slight abuse of notation, we denote (a}(t),a*(t)) (resp.,
(ar(t),a*,(t))) as the strategy profile that agents —i

take a*_;(t) (resp., a*,(t)) and the ego vehicle takes
aj(t) € argming cq, Ji(ai(t),a”;(t)) (resp., aj(t) €

arg min,, (e 4, Ji(ai(t),8%;(1))).
Theorem 7 (Optimality [27]). Consider the PCPG designed
in Section VI-B and the action deviation in (41). If w_;(t)
varies slowly with time, and w_;(t) — w_;(t — 1) — 0,
where 0 is a vector of zeros with proper dimensions, then
(a7 (1),a%,(1)) — (aj (1), a”;(t)). O
The above theorem shows that if the action deviation
function w_;(t) varies slowly with time, then the outcome
from the PCPG approximates the actual PSNE of the system
nicely, despite the unknown cost functions of others. Note
that although a slowly time-varying w_;(t) is desirable from
the optimality point of view, it is not required in the safety
guarantee. We refer the readers to [27] for more details and
for performance in specific traffic scenarios.
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