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Abstract

The Nash equilibrium (NE) is a classic solu-
tion concept for normal-form games that is sta-
ble under potential unilateral deviations by self-
interested agents. Bayesian optimization (BO)
has been used to find NE in continuous general-
sum games with unknown costly-to-sample util-
ity functions in a sample-efficient manner. This
paper presents the first no-regret BO algorithm
that is sample-efficient in finding pure NE by
leveraging theory on high probability confidence
bounds with Gaussian processes and the maxi-
mum information gain of kernel functions. Un-
like previous works, our algorithm is theoreti-
cally guaranteed to converge to the optimal so-
lution (i.e., NE). We also introduce the novel
setting of applying BO to finding mixed NE
in unknown discrete general-sum games and
show that our theoretical framework is general
enough to be extended naturally to this setting
by developing a no-regret BO algorithm that is
sample-efficient in finding mixed NE. We empir-
ically show that our algorithms are competitive
w.r.t. suitable baselines in finding NE.

1 INTRODUCTION

The Nash equilibrium (NE) is a classic solution concept for
normal-form games with self-interested utility-maximizing
agents (Nash, |1951). An NE is a stable solution such that
no agent can increase its utility by unilaterally deviating
from the NE. So, it provides predictability of obtained util-
ities compared to unstable solutions which may be arbi-
trarily worse in deployment. The NE has been used to
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analyze many real-world scenarios like sustainable use of
natural resources (Thorpe et al., 2017), international con-
flicts (Schellingl |1980), and traffic, power, and wireless net-
works (Djehiche et al., 2017).

There is extensive literature on the theory and computation
of NE for both discrete (Shoham and Leyton-Brown| 2008))
and continuous games (Basar, 1987 |Debreu, [1952; Reeves
and Wellman, 2012) with known utility functions. On
the other hand, empirical, simulation-based, or black-box
games have unknown utility functions and hence require
using a learning-based approach to find an NE from sam-
ples of the utility function (through oracle calls) (Vorobey-
chik et al., 2007, 2008; |Wellman, 2006). However, these
works do not assume a cost (e.g., time or money) for the
samples and can become impractical when the samples are
costly. To illustrate the importance of sample efficiency,
suppose that the vector x := (z1,72) € R? of decision
variables represents an abstract joint policy over two pri-
vate hire drivers 1 and 2 with abstract individual policies
x1 and x5 and unknown utility functions u; : R? — R
and uy : R? — R, respectively. The utility of each driver
depends on the individual policies of both drivers: If both
drivers try to pick up passengers in the same areas, they will
reduce each other’s utility. The controller may want to de-
ploy the drivers at an NE so that they do not deviate from
their prescribed policies and there is predictability of the
obtained utilities. However, the utility functions can be un-
known and must be learned from real-world deployments
(through samples). A single sample of the utility function
may take days, so the controller must find an NE in as few
samples as possible.

To additionally account for the costly samples (i.e., our
problem setting), a novel line of work has investigated the
use of Bayesian optimization (BO) (Garnett, 2022) to find
NE with unknown utility functions in a sample-efficient
manner (Al-Dujaili et all 2018; Picheny et al.l 2019).
These works have proposed heuristic algorithms that have
been shown to perform well empirically, but do not provide
theoretical performance guarantees which are desirable in
ensuring generalization to untested settings. Also, such
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works have only considered pure NE in which each agent
selects only one strategy deterministically. There may be
situations in which each agent selects its strategy stochasti-
cally and their decisions are better modeled as a probability
distribution over strategies instead. In this case, we wish to
find mixed NE. It is unclear how existing algorithms can be
adapted for this purpose.

To tackle the above challenges, this paper presents novel
BO algorithms with provable performance guarantees that
are sample-efficient in finding pure and mixed NE in
general-sum games with unknown costly-to-sample utility
functions. To achieve this, we first leverage classic proof
techniques from sequential optimization (Srinivas et al.,
2010) to develop a BO algorithm with a no-regret perfor-
mance guarantee, i.e., its incurred average cumulative re-
gret tends to O by selecting decisions to sample function
values arbitrarily close to an optimum (in our setting, an
NE) as the number of BO iterations tends to infinity. Inter-
estingly, such a theory informs our algorithm (as opposed
to prescribing an algorithm based on heuristics) by explic-
itly selecting the decisions (to sample the function values)
for both exploitation and exploration that are required to
guarantee convergence. Then, we develop the novel set-
ting of applying BO to finding mixed NE and show that
our theoretical framework is general enough to be extended
naturally to this setting by developing a no-regret BO algo-
rithm for finding mixed NE. The specific contributions of
our work here are as follows:

e To our best knowledge, we develop the first no-regret BO
algorithm that is sample-efficient in finding pure NE in
unknown continuous general-sum games (Sec. [4));

e We introduce the novel setting of finding mixed NE with
BO in unknown discrete general-sum games, show that
our general theoretical framework can be extended natu-
rally to this setting (albeit not a simple application of our
aforementioned theory for pure NE due to the adoption
of a practical learning setting, as discussed in Sec. [5.1)),
and consequently develop a no-regret BO algorithm that
is sample-efficient in finding mixed NE (Sec. [3));

e We provide experimental results to show that our algo-
rithms are competitive w.r.t. previous work in finding
pure NE as well as w.r.t. suitable baselines in finding
mixed NE (Sec. [6).

2 RELATED WORK

To use BO for finding NE with unknown utility functions
in a sample-efficient manner, |Picheny et al| (2019) have
developed probability of equilibrium (i.e., analogous to a
conventional BO acquisition function called probability of
improvement) and an entropy search algorithm, while |Al-
Dujaili et al.| (2018) have proposed an e-greedy algorithm
with best-response approximation. However, they do not
provide theoretical guarantees on the convergence of their

algorithms and only consider pure strategies. [Vorobeychik
et al. (2008) have tackled the same problem using simu-
lated annealing. However, since they do not assume a prior
over the utility functions to exploit a probabilistic model,
their method is sample-inefficient (i.e., ~1000x the num-
ber of function samples compared to BO algorithms). An-
other line of work has focused on minimax problems, both
with BO (Bogunovic et al.,|2018; Marchesi et al., [ 2020) and
without (Liu et al., [2020; Wang et al., 2022). These works
are applicable to zero-sum games but not in our more gen-
eral setting of finding NE for general-sum games. |Viqueira
et al.| (2019} 2020) have focused on a related but different
setting in which they have access to a conditional game and
sample entire utility functions at a time, as opposed to our
setting in which we only sample the utility function values
of specific strategy profiles at a time. More generally, other
recent works leverage BO within a multi-agent framework
for purposes other than finding NE (Dai et al .| [2020aj |Sessa
et al.;[2019/2020,2021).

3 BAYESIAN OPTIMIZATION (BO) AND
GAUSSIAN PROCESSES (GP)

Before we describe the problem setting of finding Nash
equilibria, we will present a primer on standard BO (Gar-
nett, 2022). BO is a well-established framework for
sample-efficient black-box optimization that has seen nu-
merous successes in real-world applications with unknown
costly-to-sample objective functions such as hyperparame-
ter optimization of machine learning models (Chen et al.,
2018) and drug and antibody sequence design (Stanton
et al., 2022). A learner is required to find the maximizer
x* := argmax, f(x) of an unknown function f w.r.t. de-
cision variables x. The learner obtains information about f
through samples of f at arbitrary decisions. Specifically, in
each iteration ¢, the learner selects a decision x; to sample
f at and receives a corresponding sampled noisy function
value y; = f(X;) + & to form the sample (X;,y;) where
& ~ N(0,0?) with noise variance o®. Such samples are
assumed to be costly in terms of time, money, or some other
resource, hence it is in the learner’s interest to find x* in as
few iterations as possible. To achieve sample efficiency,
BO adopts a Bayesian approach by assuming a prior over f
and using the samples gathered thus far to derive a posterior
over f that is exploited by an acquisition function to guide
the learner in selecting future decisions so as to reduce the
number of samples required to find the maximizer.

Though any Bayesian model can be used, the Gaussian
process (GP) model (Williams and Rasmussen,, [2006) is the
standard model of choice as it allows tractable exact poste-
rior inference with small datasets, as is the case with BO.
Given a dataset D; = {(X;,y;)}}_, of samples gathered
up till iteration ¢, the GP posterior mean and variance at any
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decision x in the decision space are given by

pe(x) = ke (%) (K + AD "y 1
o2(x) = k(x,x) — ki (x) " (K; + \I) 7'k (x) ()

where y; = (yj)§:1 € RY, k is a positive semidefinite ker-

nel (i.e., covariance function), k;(x) = (k(x,%;))5_; €
RY, Ky = (k(Xj,%;))5 ;=1 € R, and X is a free pa-

rameter for algorithm design (Chowdhury and Gopalan,
2017) (to recover the true posterior in this setting, A =
c?). The choice of kernel k encodes our prior distribu-
tion over f: Briefly, & determines the reproducing ker-
nel Hilbert space (RKHS) in which the GP posterior mean
lies (Scholkopf and Smola, 2002). The kernel choice also
affects a quantity of interest known as the maximum in-
formation gain in iteration T' (Srinivas et al.} 2010): v =
max z,)r_ 0.5log det(I+o~?Kr) where the maximum is
taken over all possible combinations of 7" decisions. Note
that vy is considered a measure of sample complexity as it
is used to upper bound the regret of an algorithm in various
works on sequential optimization (Abbasi-Yadkori, 2012}
Chowdhury and Gopalan, 2017} Srinivas et al., [2010) and
in this work (Theorems|T} [2] and [3).

4 PURE NASH EQUILIBRIA (NE)

In the pure NE setting, we consider continuous normal-
form general-sum games with n self-interested agents:
A = {1,...,n}. A pure strategy (or action) x; of each
agent i € A lies in a compact set X; — R% of possible
pure strategies (i.e., a.k.a. pure strategy set). A pure strat-
egy profile is denoted by a vector x € R? concatenating
all agents’ pure strategies X1, ...,%, whered = >, d;.
Each agent i € A is associated with an unknown utility
function u; : R — R that maps each pure strategy profile
to its obtained utility when that strategy profile is played.
Each u; is assumed to belong to the RKHS associated with
k. The space of all possible pure strategy profiles is denoted
by X = xI_,;X; = R% Given a strategy profile x € X,
the best-response payoff of agent i € A for the pure NE set-
ting is defined as max,/e v, u; (x5, x—;) —u;(x) where x_;
denotes a vector of all agents’ strategies in x except agent
i’s; we overload the notation u; (X}, x—;) = u;((x},x—;))
here s.t. (x},x_;) is a concatenated vector. The larger this
payoff is, the less stable (i.e., worse) x is since agent 7
has a larger incentive to deviate. To cast our setting as a
maximization problem, we consider agent i’s negative best-
response payoff instead:

fi(x) = ui(x) — maxycx, wi(xj, x—;) <0. (3)
A pure NE is a strategy profile x s.t.
X4 EXy i ={xeX|VieA fi(x)=0}.

In general, a pure NE is not guaranteed to exist. We thus
rely on a relaxation known as a pure e-Nash equilibrium

(e-NE) which is denoted by strategy profile x.:
Xce X, ={xeX|VieA fi(x) = —e}.

A pure e-NE always exists if € is arbitrary as e can simply
increase until some strategy profile x. satisfies the condi-
tionVi € A fi(x.) = —e. Fig.[Laillustrates an example of
a 2-agent game with 1-D strategy sets and the game’s NE.

4.1 Finding Pure NE with No-regret BO Algorithm

Our learning setting involves a single learner who is able
to sample at a pure strategy profile x; € X in each itera-
tion ¢; so, the learner’s decisions are pure strategy profiles.
The learner then receives a sampled noisy function value
Yir = u;(X¢)+&; ¢ fromevery agent ¢ € A to form the sam-
ple (X4, y; ) for updating a separate GP model (each with
kernel k) for each agent . We assume that the learner has
full control over the agents during learning and the game
(with potential unilateral deviations from the prescribed
strategy profile) only starts during deployment after learn-
ing; these are similarly and commonly adopted in multi-
agent reinforcement learning utilizing centralized training
for decentralized execution (Lyu et al., 2021)

In each iteration ¢, the learner also reports a pure strategy
profile that it thinks to be an NE using any available infor-
mation. This reported strategy profile x; serves a different
purpose from the sampled strategy profile X, and is used to
measure an algorithm’s performance through the notion of
regret. We define the cumulative pure Nash regret as

= 5, s — i f(50).
€y 1= inf{ﬁeR‘Xeig}'

Since a pure NE may not exist, the pure Nash regret com-
pares the performance of each reported pure strategy profile
against the best achievable ¢-NE (i.e., one with the smallest
relaxation e possible). The learner is assumed to be un-
aware of the value of €.

To develop our algorithm, we first define upper and lower
confidence bounds of the underlying utility functions:

Ujp—1(x) = Ni,t—l(x) + Bror—1(x) ,
Uip—1(X) = pip—1(x) — fror—1(x),
B == B +0(2(vi—1 + 1 +1n(1/5)))?

where B is an upper bound of the RKHS norms of each
u;. From Lemma E] (Chowdhury and Gopalan, 2017),
with probability of at least 1 — §, for any x and ¢, the

"We emphasize that our setting differs from that of multi-agent
online learning in which the agents aim to minimize their own
losses, have individual policies, and usually know their utility
functions, e.g., in (Cesa-Bianchi and Lugosi, 2006, Ch. 7). In
contrast, our setting considers a single learner who aims to find a
NE, coordinates the actions of all the agents during learning, and
does not know their utility functions.



No-regret Sample-efficient Bayesian Optimization for Finding Nash Equilibria with Unknown Utilities

min f; _
ieA fl,t 1 0.0

Agent 2 utility

Agent 1 utility

|
o
wn
|
o
wn
|
I
wn

-1.0

15 0.0

=i

Agent 1 strategies
o
o

Agent 1 strategies

-2.0

o
o

0.5

o
0

Agent 1 strategies
o o
o °

Agent 1 strategies
o
°

-15 I
1.0
-1.0

=25

1.0
-1.0

1 1

—05 00 05 1.0
Agent 2 strategies

-05 0.0 0.5 1.0
Agent 2 strategies

.0
-1.0 -0.5 0.0 0.5 1.0

Agent 2 strategies

.0
-1.0 -05 0.0 0.5 1.0

Agent 2 strategies -3.0

(a) Utility functions and pure NE x. (b) UCB-PNE’s reported and exploring strategy profiles.

Figure 1: Pure NE: (a) shows the underlying utility functions of a 2-agent continuous general-sum game and the NE
X4. At X4, neither of the agents can improve their utilities by unilaterally changing their strategies; each agent’s space of
possible other strategies is denoted by the dotted lines. The left plot in (b) shows the minimum (over agents) of the upper
confidence bounds of each agent’s negative best-response payoff in iteration ¢. The reported strategy profile x; maximizes
this function. The right plot assumes the exploring agent j; = 1 and shows the upper confidence bound of agent 1’s utility
in iteration t — 1. Agent 1’s exploring strategy profile x* maximizes this function over all strategy profiles with agent 2’s

strategy being held constant.

true u;(x) will lie between these confidence bounds, i.e.,
UZ(X) € [ﬁi,t_l(x), ﬂm_l(x)] forallx € X and t € Z+.

We use these confidence bounds to further define the upper
and lower confidence bounds of f; in iteration ¢ as

fz‘,t—l(x) =
f\{i,tfl(x) =

and the exploring strategy profile of agent 7 w.r.t. X in iter-
ation ¢ as

Ui p—1(x) — maXx/ex; Ujp—1 (X, X—i) @)

Ui p—1(x) — maXx’ex; Uj 1 (X5, X—i)

Xt = (argmaxxge& ﬂi’t,l(xg,x,i),x,i) .0
Our first lemma proves that these confidence bounds of f;
are valid and the width of the resulting confidence inter-
val at any x is upper bounded by some function of the GP

posterior standard deviations at x and x*:

Lemma 1 With probability of at least 1 — 0, for all i € A,
x € X, and t € ZT, the following hold:

Fir1(®) < fi(%) < fiia (%),
J?i,tfl(x) — fiam1(x) <26, (o1-1(x) + 01 (x")) .

Note that the GP posterior standard deviation o;_1 (Equ. |2[)
does not have a subscript to index the agent since it is the
same for all agents. This is because the GP posterior stan-
dard deviation only depends on the past selected decisions
(5(]»);;11 (and not on the corresponding noisy function val-

ues (y;, j)z‘;ll) which are available to all agents.

Our acquisition function for finding pure NE called UCB-
PNE is described in Algo. [T} UCB-PNE samples at either
the reported strategy profile x; or the exploring strategy
profile xJ* depending on which has the higher GP poste-
rior standard deviation. Fig. [Ib]illustrates an example of

Algorithm 1 UCB-PNE

1: Input: n GPs each with kernel k£, max. iteration 7’
2: for iterationt = 1 to T do
3:  Report strategy profile R
Xy = argmax,ey Minge 4 fi —1(X)
4:  Sample at strategy profile
Xy = argmax

j _1(x) wher
ety 911 () where

Je = argmin;e 4 fj1—1(%¢)

5. foragenti =1tondo
6: Observe y; ¢ == u;(X¢) + & where & ~ N(0,0?)
7: Update agent ¢’s GP posterior with

Diys = Die—1 U {(Xe,vit)}

an iteration of UCB-PNE with the reported and exploring
strategy profiles of that iteration. Algo.[T|can be interpreted
as a double application of the classic ‘optimism in the face
of uncertainty’ (OFU) principle [1985): The re-
ported strategy profile x; := argmax,, y min;e 4 ﬁ,t—l (x)
is the maximizer of the minimum (over agents) of up-
per confidence bounds of f; while the exploring agent
Ji = argmin;c 4 fj,t,l (x¢) is the agent with the minimum
of lower confidence bounds of f; (i.e., the agent who can
potentially receive the largest best-response payoff). The
exploring strategy profile xJ* (Equ. i of 7, then optimisti-
cally assumes that the upper confidence bounds of u;, de-
termine what this largest best-response payoff is. Com-
puting the reported strategy profile x; requires solving a
bilevel optimization problem; we elaborate on our method
of solving such a problem in App. Using Lemma [T]
we guarantee the no-regret performance of UCB-PNE:

Theorem 1 With probability of at least 1 — 9, the sequence
of reported strategy profiles (x;)1_, selected by UCB-PNE
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(Algo.[1) incurs a cumulative pure Nash regret bounded by
Rr = O (Br/Trr). ©)

For the commonly used squared exponential kernel, vy =
O((log T)4*+1) < O(+/T) (Srinivas et al., 2010). By drop-
ping the polylogarithmic terms, Theorem (l|implies that the
average pure Nash regret Rp/T = O(1/V/T) — 0 as
T — oo0. So, UCB-PNE incurs no regret, which implies
that x; converges to an €,-NE. The proof bounds the pure
Nash regret in each iteration ¢ in terms of the GP posterior
standard deviations of the reported strategy profile and ex-
ploring strategy profile of exploring agent j; via Lemmal[I}
Then, Rt can be written as a sum of GP posterior standard
deviations which can be bounded by the RHS of Equ. [f] via
Lemma@] (Chowdhury and Gopalan, [2017). UCB-PNE’s
design is determined by Theorem|T|that prescribes the sam-
pled strategy profiles required to incur no regret.

Interestingly, under some further assumptions, the se-
quence of sampled strategy profiles (along with the re-
ported ones) can also be shown to be no regret:

Theorem 2 Suppose that the following assumptions hold:
(1) For alli € A, u; is continuous and bounded; (2) Agent-
wise maximizers are unique, i.e., Yx € X Vie A Ilx; €
Xi wi(Xi,X—y) = maXy e, u; (X}, %_4); (3) There exists
a unique NE x,; (4) yv < O(T). Then, with probability
of at least 1 — 0, the sequence of sampled strategy pro-
files (x4)L_; chosen by UCB-PNE (Algo.|l)) is no regret (in
terms of cumulative pure Nash regret):

limp_,q 771 Z;‘F=1 —€s — mingeq fi(X¢) = 0.

To see the intuition of Theorem [2] the reported strategy
profiles x; converge to the unique NE x, by Theorem [T}
Since agent-wise maximizers are unique and the exploring
strategy profiles xJ* maximize the upper confidence bounds
along an agent’s dimensions, the same maximum informa-
tion gain argument can be leveraged to show that xJ* con-
verges to x, as well. The challenge is in proving this fact
when x; only converges to X, instead of being equal.

S MIXED NASH EQUILIBRIA (NE)

In the mixed NE setting, each agent i € A is still asso-
ciated with a compact set X; — R% of pure strategies.
However, we now consider discrete normal-form general-
sum games in which each agent ¢’s decision is a vector-
valued mixed strategy x; € R™i (subject to 17x; = 1
and x; > 0) corresponding to a probability distribution
over a finite set QEZ- of m,; strategies that is a discretiza-
tion of X;. A mixed strategy profile is denoted by a vector
x® € RXi-1™i concatenating all agents’ mixed strategies
x7,...,x45. Each agent is again associated with an un-

r

known utility function u; : R? — R in the RKHS of k&

that maps from each pure strategy profile to its obtained
utility when that strategy profile is played. In this discrete
game setting with m := [[!_, m; possible pure strategy
profiles, each u; can be equivalently represented by a vec-
tor u; = (ui(i(j)));”:l e R™ where %9 is the j-th pure
strategy profile in X := x?_, X; ¢ R%s.t. |X| = m. De-
fine the mapping p(x*) : RXZi-=1™ — R™ s.t. the j-th
element of p(x*) is the probability that the j-th pure strat-
egy profile () e X is played when mixed strategy profile
x* is played. In other words, p(x*) is a probability distri-
bution over X (subject to 1Tp(x*) = 1 and p(x*) > 0)
and can be constructed by taking each agent’s mixed strat-
egy in x* to be independent and taking the product of the
probabilities of the strategies that correspond to a particular
pure strategy profile. Fig. [2a]illustrates an example of x*
with p(x*). We can thus overload the notation w; to refer
to agent i’s expected utility under x*:

We define agent i’s negative best-response payoff in the
mixed NE setting as

fi(x®) = u;(x*) — maxx,ex, ui(x;,x2;) .

Note that when taking the maximum over agent ¢’s strate-
gies, we only need to consider pure strategies and not
mixed ones as the maximum is attained by assigning all
probability mass to the one strategy with the largest ex-
pected utility given all other agents’ mixed strategies. The
space of all possible mixed strategy profiles is denoted by
X*. A mixed NE is a strategy profile x5 s.t.

Xy e Xy = {x"eX*|Vie A fi(x})=0}.

The e-relaxation is unnecessary here as there always exists
at least a mixed NE when the number of agents and the
number of strategies are both finite (Nash,|1951).

5.1 Finding Mixed NE with No-regret BO Algorithm

In each iteration ¢, the learner is allowed to sample at any
pure strategy profile X; € X and receive sampled noisy
function values in the same manner as that in the pure NE
setting (Sec. [4.1). The learner is not allowed to sample at
arbitrary mixed strategy profiles as it is not feasible in prac-
tice to directly observe the expected utility of a mixed strat-
egy profile, especially since the samples are costly (Sec.[I).
In each iteration ¢, the learner reports a mixed strategy pro-
file x;* that it thinks to be an NE. We define the cumulative
mixed Nash regret as

Ry =Y, —mineq fi(x7) . (7)

There are two possible model choices for constructing a
GP posterior over each agent’s utility: Firstly, we can
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Figure 2: Mixed NE: (a) shows agent 1’s utility (and omits agent 2’s utility to ease exposition) in a 2-player discrete
general-sum game with an example mixed strategy profile x* (red and blue bars). Each row (or column) corresponds to
one of agent 1’s (or 2’s) pure strategies with m; = mo = 4, and each box corresponds to a pure strategy profile. The colour
of each box represents the utility agent 1 receives from that pure strategy profile, and the numbers in the boxes are the joint
probability distribution p(x*) induced by x*. (b) assumes that x; is the shown mixed strategy profile, j; = 1, and qj, is
the strategy represented by the first row. The set of pure strategy profiles supp(x, ) is shaded yellow and supp(q;,, x" ,73&)
is shaded green. UCB-MNE samples at the pure strategy profile X, with the largest posterior standard deviation among the

shaded strategy profiles.

use a pure-space GP model to represent u; with deci-
sion space X and kernel k. Since u; is a finite vector,
this simplifies to placing a multivariate Gaussian prior on
u; with distribution A'(0, K := (k(fc(j),i(é)));{’z:l). In
this model, if u; is distributed according to A'(m, S) for
some mean vector m and covariance matrix S, then the
expected utility w;(x*) will be distributed according to
N(p(x*)Tm, p(x*) TS p(x*)) since it is a linear trans-
formation of a Gaussian. Alternatively, we can use a mixed-
space GP model to directly represent u,;(x*) with decision
space X'*. However, since the decision space is no longer
a subset of X, kernel k£ cannot be directly used for the
mixed-space GP model. In order for any finite collection
of u;(x7),...,ui(x7) to be distributed in the same way as
if we had used a pure-space GP model, we require an ap-
propriate transformation to k, as given by the next result:

Proposition 1 Let k* be a positive semidefinite kernel de-
fined as k*(x},x5,) = p(x?)Tf{ p(x},). Then, a mixed-
space GP model with prior mean 0 and kernel k* yields
the same predictive mean of any u;(x*) and covariance
between any u;(x;) and u;(x},) as that obtained with a
linear transformation of the pure-space GP predictive dis-

tribution over u; with prior mean 0 and kernel k.

It may seem at first glance that we can use Algo. [I] and
Theorem [I] with a mixed-space GP model and the kernel
k* to guarantee convergence towards a mixed NE by treat-
ing X'* as a ‘pure’ strategy profile space. This would be
the case if the learner is allowed to sample at an arbitrary
x* to directly observe a noise-corrupted u;(x*). However,
this violates our practical learning setting that the learner
can only sample at pure strategy profiles. Algo.[T]and The-

orem [I]are thus not directly applicable with a mixed-space
GP model. Moreover, using Algo. [T] prevents us from ex-
ploiting the structure of the mixed NE problem (without
non-trivial modifications), e.g., by choosing to first search
for mixed NE at which all agents have supports of equal
size pp. 56). We find that working with
pure-space GP models allows the previously developed the-
ory for pure NE to transfer elegantly with some necessary
modifications and also enables us to take advantage of ex-
isting mixed NE solvers that exploit the problem structure.
So, the rest of this section is devoted to finding mixed NE
via pure-space GP models.

We first define upper and lower bounds of the negative best-
response payoff using the overloaded notations of the up-
per and lower confidence bounds of the underlying utility
functions 2;(x*) := p(x*) T1; and 7;(x*) = p(x*) "1;:

Jit—1(x2) = Qs 1 (x*) — maxx,ex; Ui—1(Xi, x2;)
it—1\X"7) == ﬁi,t—l X7 ) — MaXx,ex; ﬁi,t—l XiyX_;) -
fig—1(x?) : (x*) (xi,x2;)

We also redefine the exploring pure strategy profile w.r.t. a
mixed strategy profile x* for mixed NE as

xt = argmaX,coupp(q;,x ) or—1(x') ®)

q; = argmax, ¢y, Ui,¢—1(xj, x2;) 9)
where supp(x*) is the set of all pure strategy profiles with
non-zero probability under p(x*), and define an additional

exploiting pure strategy profile w.r.t. a mixed strategy pro-
file x* as

X 1= argmaXyeqpp(x2) Ot—1(X) - (10)
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The next result is a direct analog of Lemma [I]for the mixed
NE setting. The additional insight is that the pure strategy
profiles forming the upper bound of the width of the con-
fidence interval of f; are those in the supports of x* and
(qi,x2;) with the largest GP posterior standard deviations.

Lemma 2 With probability of at least 1 — 6, for all i € A,
x* € X2, and t € 7™, the following hold:

Fir1(x%) < fi(x®) < fira(x®),

Form1(x2) = fiim1(x®) < 28; (040-1(R) + -1 (x7)) -

Our acquisition function for finding mixed NE called UCB-
MNE is described in Algo. [2] and illustrated in Fig.
In each iteration ¢, UCB-MNE samples a utility function
0; ;1 foreachagentis.t. U; ;1 < 0;¢—1 < U;—1 (using
the vector representation of utility functions) and computes
the reported mixed NE x; using each @, ;—; as ground
truth; we elaborate on our method of computing mixed NE
in App. Based on x;, UCB-MNE then samples at
either the exploiting strategy profile X; (Equ. [I0) or the ex-
ploring pure strategy profile x;* (Equ. of the exploring
agent j; = argmin;c 4 ﬂt_l(xf) depending on which of
the two has the larger uncertainty. Similar to UCB-PNE,
this may be interpreted as a double application of the OFU
principle: By sampling the utility functions within the con-
fidence bounds, we optimistically assume these functions
to be ground truth and compute a potential mixed NE based
on those functions. Since j; is the agent with the poten-
tially largest best-response payoff, UCB-MNE again opti-
mistically assumes that the upper confidence bounds of u;,
determine what the potential best-response payoff is when
selecting the exploring pure strategy profile. The theory
transfers elegantly: We prove using Lemma [2] that this se-
quence of reported mixed strategy profiles incurs no regret
and so, xtA converges to a mixed NE; proof sketch is similar
to that of Theorem |I|but adapted to mixed NE setting:

Theorem 3 With probability of at least 1 — 6, the se-
quence of reported strategy profiles (x;)iI_, selected by
UCB-MNE (Algo. ) incurs a cumulative mixed Nash re-
gret bounded by

Ry = O (Br/Tor) .

6 EXPERIMENTS AND DISCUSSION

We empirically evaluate our acquisition functions in var-
ious games in both the pure and mixed NE settings. We
first describe the games defined by their utility (objective)
functions, followed by the acquisition functions tested in
both settings; App. [C] details the full description of the
utility functions, acquisition function hyperparameters, and
computation time. All experiments are tested over 5 RNG

Algorithm 2 UCB-MNE

1: Input: n GPs each with kernel k, max. iteration T’
2: for iterationt = 1 to 7" do
3:  Sample utility functions u; ;1 s.t.
ﬁi,tfl < fli’t71 < ﬁiﬁtfl forallie A
4:  Report mixed strategy profile x; < mixed NE com-
puted using @; ;—; for all ¢ € A as ground truth
5:  Sample at strategy profile
X; 1= argmax

xe(ze,xity Tt—1 (x) where

Je = argmin;¢ 4 fia—1(x7)
6: for agent: =1tondo
Observe y; ¢ == u;(X;) + & where & ~ N(0,0?)

~

8: Update agent i’s GP posterior with
Dit = Dir—1 U {(Xt, yit)}

seeds which affect the utilities, the initial samples, and
acquisition functions with randomness. The code for the
experiments can be found at https://github.com/
sebtsh/nash-bol

Synthetic Random Functions (RF): We construct a 2-
player general-sum game by sampling two random 2-D
functions from a GP prior and using them as utility func-
tions. Each agent’s strategy is in [—1, 1]. To test the acqui-
sition functions’ ability to handle games with non-0 €., we
chose 5 RNG seeds s.t. €, = 0.05 in the resulting games.

Generative Adversarial Networks (GAN) on 1-D Data
Manifold: GANSs are a class of generative models that con-
sist of a generator and a discriminator. The desired gener-
ator and discriminator parameters form a Nash equilibrium
of a 2-player general-sum game (Salimans et al., 2016). We
evaluate our algorithms on a simple GAN setup inspired by
the experiments in |Fedus et al.| (2018)). The generator gen-
erates data on a 1-D manifold with strategies (parameters)
in [—1,1]?, while the discriminator is a binary classifier
with strategies in [—1, 1]3. This setup has €, = 0.

Binary Classifiers’ Additive Adversarial Attack and
Defense (BCAD): We evaluate our algorithms on finding
NE in the 2-player zero-sum game of additive adversar-
ial attacks and defenses on binary classifiers, as described
in Pal and Vidal| (2020). We use a simple binary clas-
sifier that classifies points in R?. The attacker selects a
vector field of perturbations parameterized by strategies in
[—1,1]2. The defender selects a constant perturbation pa-
rameterized by strategies in [—1, 1]2. Pal and Vidal| (2020)
show that an NE always exists when the utility functions
are defined in a specific way and so, €, = 0 in this setup.

Pure NE. For the pure NE setting, we compare UCB-PNE
with Probability of Equilibrium (PEﬂ (Picheny et al.,|2019)

2PE is not designed for continuous strategy profile sets: To
make it work, we discretize each agent’s strategy set into a finite
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Figure 5: Mean and standard error of simple mixed Nash regrets.

and BN (Al-Dujaili et al.l 2018). We also do an ablation
study of UCB-PNE by removing its ability to select an
exploring strategy profile to sample at and call this UCB-
PNE no-exp. For PE and BN, the reported strategy profile
is computed in each iteration by taking the GP posterior
means as surrogates to each u; and solving the bilevel op-
timization problem argmax, y min;e 4 f;(x) (App. B.I).
Fig. 3] shows the simple pure Nash regret minj<; —es —
min;e 4 fi(x;) incurred by the reported strategy profiles
of each acquisition function with each game at each iter-
ation; 0 indicates that the e,-NE was exactly reported at
some iteration. It can be observed that UCB-PNE incurs the
least simple pure Nash regret by the end in RF and GAN.
While PE performs well in the games with €, = 0 (GAN

set with uniform random sampling in each iteration as we found
performance to be poor with a fixed strategy set at every iteration.
We do not compare to SUR (Picheny et al., |2019) (i.e., also not
designed for continuous spaces) as PE was empirically shown to
perform on par with or better than SUR in both previous works.

and BCAD), it performs poorly in RF when €, > 0, which
is expected as its behavior is unknown when the probabil-
ity of an equilibrium is 0 everywhere. In GAN and BCAD,
UCB-PNE continues to improve its simple regret in the last
few iterations while PE stops improving in the last 200 or
so iterations. We also plot the simple pure Nash regret in-
curred by the sampled strategy profiles in Fig. ] It can be
observed that UCB-PNE again generally outperforms the
rest and only incurs slightly higher regret than UCB-PNE
no-exp by the end in GAN.

Mixed NE. For the mixed NE setting, since there is no prior
work, we compare UCB-MNE to its ablated form with-
out exploring strategy profiles (and call this UCB-MNE
no-exp) as well as to two simple heuristics: one sampling
at the pure strategy profile with the largest GP posterior
variance (i.e., maximum entropy) and one sampling at a
profile selected uniformly at random. We discretize each
agent’s strategy set into 10 strategies for RF and GAN, and
16 strategies for BCAD. Fig. [5] shows the simple mixed
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Nash regrets min;<; — min;e 4 fi(x§) for different acqui-
sition functions and utility functions. It can be observed
that UCB-MNE and UCB-MNE no-exp consistently incur
the least simple mixed Nash regret by the end. While both
are able to outperform the simple heuristics by the end,
UCB-MNE finds solutions with low regret in slightly less
iterations: The ability to sample at exploring strategy pro-
files allows the learner to find better solutions faster.

7 CONCLUSION

This paper describes the first no-regret BO algorithms
that are sample-efficient in finding pure and mixed NE in
general-sum games with unknown costly-to-sample utility
functions. This line of research has several potential av-
enues of further exploration. In particular, the algorithms
tested in this work are difficult to scale to domains with
a large number of dimensions due to the bilevel optimiza-
tion for UCB-PNE and due to the need of discretization
for PE and UCB-MNE. Future work may explore acqui-
sition functions that are able to find NE in high dimen-
sions (Hoang et al.| 2018) in a computationally tractable
manner. Finally, we will consider generalizing our algo-
rithms to cater to deep neural networks as the surrogate
model (instead of a GP model) (Dai et al., [2022b)), batch
mode (Daxberger and Low, [2017), information-theoretic
acquisition functions (Nguyen et al 2021cle), prefer-
ences (Nguyen et al.|[2021d)), multi-fidelity function evalu-
ations (Zhang et al., 2017} 2019)), nonmyopic planning with
lookaheads (Kharkovskii et al., 2020bj [Ling et al., [2016),
uncontrollable environmental random variables (Nguyen
et al.,|2021alb} Tay et al.|[2021)), fairness (Sim et al.| [2021)),
differential privacy (Kharkovskii et al.| [2020a), early stop-
ping (Da1 et al.l 2019), delayed feedback (Verma et al.,
2022), federated learning (Dai et al.l 2020b, 2021} |2023))
and meta-learning (Dai et al., [2022a)) settings, and con-
sider its application to neural architecture search (Shu et al.|
2022alblc) and inverse reinforcement learning (Balakrish-
nan et al., [2020). For applications with a huge budget
of function evaluations, we like to couple our algorithm
with the use of distributed/decentralized (Chen et al., 2012,
2013albl 2015; |Hoang et al.} 2016, |2019; |Low et al., 2015}
Ouyang and Lowl 2018)), online/stochastic (Hoang et al.|
2015, 2017; [Low et al., [2014; [Xu et al., 2014; |Yu et al.,
2019b), or deep (Yu et al., [2019a} 2021) sparse GP mod-
els to represent the belief of the unknown utility functions
efficiently.
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A  PROOFS

A.1 Proof of Lemmal[ll
Lemmal(dl With probability of at least 1 — 6, foralli € A, x € X, andt € Z™,

Firm1(x) < fi(x) < fipo1(x)

ﬁ,tfl(x) — ﬁ,t—1(X) < 26, (Ut71(X) + Ut,l(xi)) .

Proof From Lemma@ with probability of at least 1 — §, for all i € A, x € X, and ¢ € Z™, the following holds:
Ui t—1(%) < ui(x) < Uip-1(x) -
For the first statement of the lemma,

fip—1(%) = 4—1(x) — H'lgz)(( (Ui p—1(x7,X—4))
X EX;

i

< Uig-1(X) — max (Ui,1—1(x}, x4))
X,EX;

< Uip-1(%) = max (ui 1 (x5, %)) = fip-1(x)

i

< i1 (%) = max (ui 1 (x5, X))
xeX;

< Ujp—1(x) — H}gg (Wip—1 (x5, X)) = fie—1(x).
Xi i

For the second statement of the lemma, define
q; = argmax(U; ¢—1 (X}, x_;))
xeX;

w; = argmax(U; +—1 (X}, x_;)).
X;EX,;

The quantity fm(x) — fi’t_l(x) is bounded by

fi,t(x) - fi,tfl(x) = ai,tfl(x) - Ui,t71(Wi,Xfi) - fi,tfl(x)
= Ujp—1(x) = Ui p—1(X) + Ui p—1(Qi, X)) — Ui p—1 (W4, X_;)
= 284041 (%) + Wi,t—1 (i, X—) — U p—1 (Wi, X_;)

(7) ~ o
< 26p04—1(x) + U p—1(Qis X—i) — Uip—1(is X—i)

= 26t (Ut—l(x) + Ut—l(qiax—i))
= 2B (04-1(x) + 041 (x"))

where (4) follows from the definition of w;, hence completing the proof.
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A.2 Proof of Theorem[l

Theorem [ With probability of at least 1 — §, the sequence of reported strategy profiles (x;)I_, selected by UCB-PNE
(Algo.[I) incurs a pure Nash regret bounded by

Rr<O <5T\/ﬂ) .

Proof Recall the pure Nash regret:

T
= Z I}é nfz(xe*) - rjIég‘lf](Xt)

We now derive an upper bound for Rp.

Ry = Z mmfl (Xey) — Ijléi}llfj(xt)

N=
Nl L
“5

Hfl t—1(Xey) — g%i}\lfj(xt)

-
I
—

NE
b=

Igég‘l fi—1(x¢) — rjfgll fi(xe)

_

N
s
*B

-
Il
—

nin fi1 () = min fo1 (x0)
o1 (%0) = fi1(x0)

T .
Z (O’t 1 Xt +0’t,1(X€t))
Tt’ |
2 43; max <O’t 1(xt), aH(x{t))

< 487 (Z max (Jt1(Xt),Ut1(X{t)>>
< 4 AT+ 27 = O (Br/Tr)

where j; = argmin 4 ijt_l(xt), (i) follows from Lemma |1} (i¢) follows from our choice of reported strategy profile
Xy, (#t1) follows from Lemma |1| again, and (iv) follows from Lemma [10| and the algorithm’s choice of pure strategy
profiles x; sampled at. |

u Mﬂ
“h>

N “f

A.3 Proof of Theorem 2]

Theorem 2] If the following assumptions hold:

1. Forallie A, u; is continuous and bounded;

2. Unique agent-wise maximizers, i.e., Vx € X Vi € A, !x; € X; such that u;(X;,X—;) = maXy/cx, i (x5, x—4);
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3. There exists a unique NE X

4. Yr < O(T),

then with probability of at least 1 — 0, the sequence of sampled strategy profiles (X;)1_, chosen by UCB-PNE (Algo.
incurs no regret (in terms of pure Nash regret), i.e.,

T
o1 . .
i, 7 24 6~ g Sk =0

Proof For ease of exposition, define the following functions:

x,’iEXi

Ti(x) = (argmax wi (x5, x_4), xi>

Tit—1(x) = (argmaxﬁi,tl(xg,xi),xi> =x'.

xieX;

Denote Trp © Zg as the set of all iterations in which the reported strategy profile was sampled at, and Tex, < Zg
as the set of all iterations in which the exploring strategy profile was sampled at. The sequence of sampled strategy
profiles (X;)7_, can be decomposed into two disjoint subsequences: the decisions that are chosen as the reported strategy
profiles (X¢)ser,,, and the decisions that are chosen as the exploring strategy profiles (7, :—1(X¢))ter,,. Since all infinite
subsequences converge to the same limit if the original sequence converges, by Theorem (1| and Assumption 4, (X¢)¢eT,,
has the desired no-regret performance guarantee. To prove that the entire sequence incurs no regret, it remains to show that
(7j.,t—1(X¢))teT,, incurs no regret (or is sublinear). To do this, it is sufficient to show that (noting that €, = 0 under our
assumptions)
1 Z
Jim t; —min fi(Tj,1-1(x¢)) = 0.

From Lemma and Assumption 1, for all ¢ € A, f; is continuous, and hence so is min;e 4 f;. Since min;e 4 fi(x4) = 0
where x is the unique NE by Assumption 3, for all ¢ > 0 there exists 6 > 0 such that

Vx € B(x4,0), mg\lfl(x) > —¢y (11)
€

where B(X., ¢) is an open ball centered at x, with radius 6. To reduce notational clutter, let B denote 5(xx, ). Note that
Xy € B.

Consider the preimage of 5 under 7;:

7-._1([)’) = {xeX|7(x)e B}

K2

Note that 7;(x4) = x4 € B for all i € A by Assumption 2, so x, € 7; *(B). Denote the intersection of these sets as
—1(p) . —1
T (B) = njear; (B)

which contains X

From Lemma 4] X\7~!(B) is a compact set. Since X'\7~!(B) is compact and min;e4 f; is a continuous function,
min;c 4 f; achieves a maximum value on X\7~1(B). Since X\7!(B) does not contain X, this maximum value, de-
noted as €}, is less than 0. If X \771(B) is an empty set, we may simply reduce & until X\7~!(B) is non-empty, and
Equ. [TT] will still hold. Concretely,

fo= i i < 0.
E‘f xeé‘t’r?ral_}i (B) IZIéLI\l f (X)
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Hence, we can decompose the average cumulative regret of the exploring strategy profiles:

lim —= Z mlnfZ Tjot—1(%¢))

T—

1
= — lim —(Z]leﬁ 1(B) mlnfl(TJtt 1(x))

T—wo T
T

+ 3 Le(ane—1(8) min fi(fjt,t—l(x)))-
i=1

From Lemma 5] and the fact that f; is bounded (e.g., by M) since u; is bounded by Assumption 1,

m —— Z Lxie(ae\r—1 () Wi [i(Tj, 4-1(x))

< lim 71M|XTO(X\T '(B))|=0

T—o0

where X7 := {x;}7_, is the set of reported strategy profiles until iteration 7. Hence,

lim —— ZmlnfZ Tot—1(X¢))

T—0

-~ Jim & Z Lert () 0D fi(75,-1(x)

T

= —711_{1;0*21]1&9 1)1 Fip ot 1(xt)eBmlan(TJtt 1(x))

1 T
— lim *Z]lxteT 1syls, 1(xt)eX\Bm1n.f1(TJtt 1(x))-

Similar to the above argument, from Lemmal6] Assumption 4 and the fact that f; is bounded,
1 Z
lim — Z ]lxter_l(B)ﬂTh 1—1(x¢)eX\B mln fZ(Tjt t— 1(X)) = 0.

T—owo T
- i=1

Hence,
Th—IEo_i 2 m1nf1 T t—1(X¢))
T

= —Tlgréo* le]lxter 1)1 Py t—1(x0)EB mlnfz(TJf t—1(x¢))

(4)
< lim — Z Iy,er- 1(6)]17'“ +—1(xs)eB €f

T—oo 1’
< €f

where (i) follows from the definition of B. As the above is true for all €, > 0, it follows that

lim —— Z rnmfZ Tit—1(x¢)) =0

T—00

which concludes the proof.
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Lemma 3 If u; is continuous, then ; and f; are continuous.

Proof We first prove that 7; is continuous with a proof by contradiction. Assume that 7; is not continuous. This means
that at some decision x°,

Jeo > 0.t V8> 0,3 s.t. (|x° — x| < 0) A (7:(x') ¢ Bey (1:(x°))). (12)

where B, (7;(x°)) is an open ball centered at 7;(x°) with radius ¢ and |-|| is an arbitrary norm on R9.

Let X;(x°) denote the following affine set that contains x°:

XZ'(XO) = {(Xi,Xiiﬂ X; € Xz}
Note that 7;(x°) € X;(x°).
Since there is a unique agent-wise maximizer 7;(x°) by Assumption 2, for any ey above

= Ui\ T ° — i > 0. 13
O < e ) (13)

Construct a sequence of distances from x° (§/ )) 2, such that lim;_, & (9) = 0. For each §(%), by Equ. there exists a
x0) such that

(7 = x| < 69) A (1 (x17)) ¢ Be, (:(x7))).
Construct such a sequence (x(7))% 21~ This gives us the associated sequence (7; (x() ))7=1- By construction, all the elements
of this sequence lie outside the €, open ball around 7;(x°). Furthermore, by letting p(x) := (x;,x° ;) be the projection of

x onto X;(x°) and noting that 7; does not change the strategies of players other than i and that x(ﬂ) — X, we claim (to be
proven later)

lim |7;(xY)) — p(r;(x))| = 0. (14)

j—o
Using the triangle inequality,
I7i(x*) = p(7i(x D] + [7:(x9) = p(7i (x| = 7i(x°) = 7i(xD)]| > eo.

Hence,

lim
o0

ni(x) = p(r(x )| > o (1s)

As u; is a continuous function on a compact set X, u; is uniformly continuous on X. Hence, given w/3, there exists
€9 < €p such that

Vx,x' € X |x — x| < e = |ui(x) —u;(x')] <w/3. (16)
From Equ. and Equ. choose a value 5’ such that

I7:(x°) = p(r(xU))]| > €0 — €2 a7
I7:(xUD) = p(rs(xYN))| < es. (18)

This implies that
wi(ri(x)) = i (p(ri(x7))) =
wi(ri(x07)) = ui (p(m(x)) | <

2
- 1
i (19)
-1
3"

To see why Equ. is true, let v be the closest point to p(7:(xU")) that is not in B, (7;(x°)). From Equ. |13} I
u;(v) = w. For large enough 5/, from (7)), ||p(7;(x"))) — v| < €. Equ. then follows from applying Equ. 1
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For all x; € B, (7;(x°)), from Equ.

i (7 (%)) — wa(x1)| < %w.

Hence, for all x; € B, (7;(x°)),
ui(x1) — ui(r;(xY)))
= ui(x1) = (7)) + a7 (%)) — ui (p(r(x)))

s (p(r(x)) ) = ws(r(x9) 4+ a7 (x)) = ()

o 1.2, 1
3@ T 3¥ T3

= 0.

Since the intersection X;(xU")) n B, (1;(x°)) is non-empty due to Equ. and 7:(xU)) ¢ B, (1:(x°)) since 7;(xU")
is outside the €y open ball around 7;(x°) and €y > ey, there exists x’ € &;(xU)) A B, (7;(x°)) such that u;(x’) >
u;(7;(x"))) which is a contradiction since 7;(x")) is the unique maximizer of u; in X;(x/)). We thus conclude that 7;
is continuous. Since f;(x) = u;(x) — u;(7;(x)) and both u, and 7; are continuous, f; is continuous.

What remains is to prove the claim Equ.[T4]

lim [7;(x7)) — p(r:(x"))| = 0.
J—0

By our construction of (x(j));?ozl, lim; e [x¥) — x°| = 0. Since any two norms in R? are equiva-
lent, lim;_o [|x) — x°|s = 0. Since [x9) — x|y > |7n(xY) — p(r;(x()))[2 for all j, it follows that
lim; o ||7:(x)) — p(7i(x1))[]2 = 0. By norm equivalence again, lim;_,o ||7:(x)) — p(7;(x1))|| = 0 which

completes the proof of the claim and concludes the proof of the lemma.

Lemma 4 The set X\71(B) is compact.

Proof Since
X\t (B) = [ X\, (B),
i€ A
to prove that X'\~ (B) is compact, we only need to show that X'\, (B) is compact. Define

7”—._1(6) ={x€ Rd|n(x) € B}

K2

where R? > X. Since 7; is a continuous function and B is an open set, the preimage 7:271(6) of B under 7; in
R? is an open set, i.e., its complement (7:{1([3'))C is a closed set. Since each X is compact, X is compact, and so
X\77 1 (B) = X n (7 1(B))° is a compact set. Furthermore, X\7; '(B) = X\7; !(B). Hence, X'\, ' (B) is a compact
set. |

Lemma 5 The number of reported strategy profiles that fall outside 71 (B) is sublinear. Let X1 := {x;}I_, be the set of
reported strategy profiles until iteration T'. Then,

lim %P{T A (X (B)) | = 0.

T—w
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Proof We can rewrite Rt as

T
Rr = —t;fziéglfi(xt)
=— ) minfix)- ) minfix)
xeXT N1~ 1(B) xeXT N (X\T71(B))
S Y min A - a (N (B)))
xeXTNT—1(B) '€
> €} Xr 0 (X\771(B)) |-

\%

Since Ry is sublinear,

Lemma 6 Ifyr < O(T), then

Jim xier=1(B) L4, 1 (x)ex\B = 0.

nske

Proof Let

€y

xer1(B) ieA (ui(n(x)) T xie(xieX(x x_)¢B) ual(x l)))

Since 7;(x) is unique by Assumption 2 and x; € 7~ (1) implies that 7;(x;) € Bforalli € A, €, > 0

Define
Uj, (%jt ,t—1 (Xt)) .

Tu(Xt) = Uy (Tjt (Xt)) -

Hence, if 7, ;—1(x¢) € X\B,
ry(Xt) = €.

T
Z xe7—1(B) T]t,t,l(xt)eB Tu(xt)

T
Z x.e7—1 B)Tu xt
t=1

t=1
xtE‘r_l(B)]lT]t t—1(x¢)EX\B Tu<xt)

XtET 1 B)]lTJt t—1(x¢)EX\B-
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From Lemma since yr < O(T), Zthl 7 (%) is sublinear, i.e., limp_,o ZtT=1 r.(x¢) = 0. Hence,

T
1
lim — Z Tg,er1(Byru(x:) < lim T Z ry(x¢) =0

T—owo T e e

1
lim T €u Z Lyer—1)Ls, . 1 (x)ex\B < hm = Z Ly,er1Byru(xe) =0

T
—o T e

1
A, T tzl Lyer—13) 13, o1 (xex s =0

Hm Z lete"' 1(3)]17.“ t—1(x¢)EX\B = 0.

T—owo T

|
Lemma 7 If vp < O(T), then Zle 74 (X¢) is sublinear, i.e.,
T
lim —
T T ;
Proof The proof is similar to GP-UCB’s proof (Srinivas et al.,[2010):
T T
D) = D, (7, (x0)) — s, (7, 0-1(x2))
t=1 t=1
T
< DA, o1 (75, (%)) = gy -1 (B, o1 (%4))
t=1
T
< DA, o1 (Fg-1(%e)) = T, -1 (-1 (%e))
t=1
T
= Z 2Bt01—1(Tj,,—1(xt))
t=1
T
< Z 280t -1(X¢)
t=1
< 287VA(T + 2)yr = O(Brv/Tyr)
where the last inequality follows from Lemma Since vy < O(T), Zthl 74 (X¢) is sublinear. [ |

A.4 Proof of Lemmal[2
Lemma 2] With probability of at least 1 — 6, for all i € A, x* € X*, and t € Z™,
Firm1(x®) < fi(x®) < fipo1(x*)

and

Fram1(x%) = Frm1(x°) < 26, (00-1(%) + 001 (x7)) -

Proof From Lemma@ with probability of at least 1 — &, for all ¢ € A, pure strategies x € X, and t € Z™, the following
holds:
Ugp—1(%) < ui(x) < Ugp—1(x)
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To extend these inequalities to any mixed strategy profile x* € X*, we write the expected utility and its upper and lower
confidence bounds in terms of vector inner products:

U1 (x%) = p(x*) W01

For the first statement of the lemma, using these inequalities,

Jitm1(x?) = U ¢—1(x*) — max U; ¢—1(x;,%x2,)
XiEXi

N

u;(x%) — max Ujp—1(x4,%2,)
3 k3

N

wi(x%) = max u;(x;, X2;) = fi(x")

< Ujg—1(x”) — max u;(x,x2;)
X, EX;

< Ujp—1(x®) — max U -1 (x4, X2,) = fir—1(x").
xiEXi

For the second statement of the lemma, we first bound the difference in the upper and lower confidence bounds of the
expected utility of any mixed strategy profile x*:

(XA)TlAli,tq - P(XA)Tlvlz‘,tq
(XA)T(ﬁi,tfl — 1)
(XA)T(QﬁtO'tﬂ)

B: max oy_1(x) 20)

xesupp(x*)

ai,t71<xA) - Ei,tfl(xA) P

[
T T

N
[

where o,_; € RIL=1™: is a vector consisting of the GP posterior standard deviation of each pure strategy profile in the
domain, i.e., oy_1(x) for each of the m pure strategy profiles x € X'.

fit—1(x2) = fir—1(X®) = U p—1(x*) — U p—1(x*) + max U;—1(x;,x2;) — max ;1 (x;,x2;)
X EX; x;€X;

S Ujp—1(X®) = Ui p—1(xX°) + Ui p—1(qi, X2;) — Ui p—1(qi,X2;)
(1)
<28 max o 1(x)+ 26 max or1(x')

xesupp(x*) x’esupp(qi,x2 ;)

= 20 ( max o;_1(X) + max )atl(x’)>

xesupp(x*) x’esupp(qi,x”;

=26, (04-1(%) + or-1(x"))

where q;, X and x* are defined in Equ. EI, Equ.|10jand Equ. respectively, and (¢) follows from Equ. |

A.5 Proof of Theorem[3|

Theorem 3] With probability of at least 1 — §, the sequence of reported strategies (x;)1_, selected by UCB-MNE (Algo.
incurs a mixed Nash regret bounded by

R} <O <5T\/ﬂ) .
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Proof The mixed Nash regret is bounded by

T
Ry =) —min fi(x})

~
i

N
1=

—min f A
min fir—1(xy)

“
I
—_

—Fioi-1(xr)

[
N

~

Iz
b= L

o -1 (%) = maxe @, o1 (X, X25,) = foe-1(xp)
Jt Jt

—_

Jot—1(Xp) — . g, 115, %25,) = fie-1(xp)

/A
D= 5
<)

-
I
—

Jot—1(Xy) — . Uj, 115, %25,) = fie-1(xp)

N
Nl
<)

-
I
—

Froam1(x0) = Froema(x5)

[
D=

-
I
—

T
< Z 43, ( max atl(x)>

t xe{itvxzt}
)
ABrA/ AT +2)yr = O (57“\/ T'YT)

where j; = argmin; 4 fi,t_l(xf) and u;, 41 is a random function such that @;, ;—1(x) < @j,1—1(x) < Uj, -1(%)
for all x € X. (i) follows from Lemma [2| (i7) follows as the reported mixed strategy profile x; was chosen as a
computed mixed NE based on a sampled 4, ;—1, hence @, ;—1(X;) — maxx;, ex;, @j,,t—1(X;,,%x2;,) = 0, (iii) follows
from Lemmaagain, and (iv) follows from Lemmaand the algorithm’s choice of pure strategy profiles x; sampled at. l

A.6 Proof of Proposition|[l]

Proposition[] Let k* be a positive semidefinite kernel defined as k* (x]‘?7 x?,) = p(x?)TKp(xﬁ/). Then, a mixed-space
GP model with prior mean 0 and kernel k* gives the predictive mean of any u;(x*) and covariance between any ul(x]A)
and ul(xﬁ,) to be equal to those obtained with a linear transformation of the pure-space GP predictive distribution over
u; with prior mean 0 and kernel k.

Proof We first verify that £ is a positive semidefinite kernel. Since £ is a positive semidefinite kernel, K isa positive
semidefinite symmetric matrix and has the Cholesky decomposition K = LLT. kﬁ(x]‘?7 XJA,) can then be written as

k4(x5,x5,) = p(x}) 'Kp(x])
~ p(x)"LLp(x})
= (LTp(x})) " (LTp(x}))
= {o(x7), 6(x5))
where ¢(-) = LTp(-). k* (X?, xj‘i) is thus a positive semidefinite kernel since it can be written as the inner product of
¢(x5) and ¢(xj,) for any x and x, and some map ¢ (Schélkopf and Smola, 2002, pp. 34).
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This proof will rely throughout on the following fact: If u; is distributed according to A/ (m, S) for some mean vector
m and covariance matrix S, since u;(x*) = p(x*)Tu;, the expected utility u;(x*) will be distributed according to
N(p(x*)"m, p(x*)TSp(x*)) since it is a linear transformation of a Gaussian.

We next show that for any agent 4, the mixed-space GP prior mean of any w;(x*) and covariance between any uz(x]A)
and wu; (X?,) with k* is the same as that obtained through a linear transformation of the pure-space GP prior mean and
covariance on u; with k.

The mixed-space GP prior mean function on any ul(x?) is 0 by assumption. Since the pure-space GP prior mean function

on u; is also 0 by assumption, trivially, 0 = p(x*) "0 and the prior means are equal as desired. For the prior covariance
between any u;(x;) and u;(xj,), observe that

[Ui(xz))] ~ [p(x2) p(xj‘i)]Tui

ui(x‘
~ N (0.[p05) p0)] K [pG) pOxj)]) @

Jl

since the pure-space GP prior over u; is A/(0, K) The prior covariance is then given by the (1,2)-th element of the
covariance matrix of the distribution in Equ.21] i.e.,

Cov(ui(xf)7ui(x?,))—[é]T[p(Xﬁ) p(x3)] K [p(x5) p(x5)] m

= p(x;) " Kp(x})
= kA(xJ S X)

which is the prior covariance given by the mixed-space GP model with kernel £* as desired.

Finally, we show that, for any agent i, the mixed-space GP posterior mean of any w;(x*) and covariance between any
u;(x;) and u;(x,) with & is the same as that obtained through a linear transformation of the pure-space GP posterior
mean and covariance on u; with k, both conditioned on the same set of observations of pure strategy profiles. Suppose the
pure-space GP model is conditioned on the set of observations D, := (X, y;, j);:r Note that each pure strategy profile X;
has a unique representation 5(? in the mixed strategy profile space, at which all agents simply place all probability mass
on their strategy in X;. The set of observations D, in pure space thus has an equivalent representation in mixed space
Dy = (X}, i, j)zz , on which the mixed-space GP model is conditioned.

The pure-space GP model gives the posterior distribution over u; to be

i~ (H’t)zt)
Pig = kt( V)T (Ky + AD) yig
2= K = I (X) T (K + D)7y (X)

[kt( )] = k(x g,i“) +(X) e R
(K] :k( X¢), Ky e R™

The mixed-space GP model gives the posterior mean of any wu;(x*) to be

ni(x®) = X ()T (K + Ay (22)
[l (x2)]; = B(x", %5, kg (x°) € !
[KA]][ ( A "A) KA €Rm><m

Define the matrix P, € R™*?;

P, = [p(X}) p(X3) - px;)] (23)
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k7 (x*) can then be written as

ki (x*)

— P/ Kp(x*) 24)

Note that when X% and i]‘i are pure strategy profiles and hence admit the representations X; and X/, k* (X X o) =
k(x;,%,) since we have shown that the prior covariance for any two mixed strategy profiles is the same via both pure- and
mixed-space GP models. We thus have that

K; = K;. (25)
From Equ. 24] Equ. 23]and Lemma 8] the mixed-space GP posterior mean (Equ. 22)) becomes
pa(x®) = ki (x*) T (K§ + M)y
(xﬁ)TKPAKt + D)y
P(x*) ke (X) (K¢ + AD) "y
(XA) Mt t
which is the posterior mean given by a linear transformation of the pure-space GP posterior distribution as desired.

The mixed-space GP model gives the posterior covariance between any u;(x; ) and u;(x,) to be

COV(ui(X?);ui(x§/)) = [0] ([lljzg 27 j]i)) ZA((;(?Z((Z))] -

[k; (x5) kf(x]%)]T<Kf+>\I)*l [ki (x5) kf(xﬁ,)]) m
= (x5, x5) — ki (x5) T (Kp + AD) 7 'ke (x5).

Again using Equ. 24] Equ.[25]and Lemma|8] the mixed-space GP posterior covariance becomes

Cov(ui(x}), ui(xj)) = k*(x5,x5,) — ki (x S TKD + ML)~ ke (x5)
= p(x}) 'Kp(x5) — p(x;) "KP,(K; + \I)'"P/Kp(x)
= p(x5)T (K ~KP, (K, + \I)~ 1PTK) p(x})
=p(x;)" <K_kt( )T (K + AI)~ )p

= p(x}) " Zep(x;j)

which is the (1,2)-th element of the posterior covariance matrix of u;(x) and u;(x},) given by a linear transformation of
the pure-space GP posterior distribution as desired and completes the proof.

Lemma 8 With P, defined as in Equ.|23} k,(X) = P/ K.
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Proof Since the sampled decisions 5(? for all 1 < j < ¢ are pure strategy profiles, by definition of p(-), p(chA) is a one-hot
vector. Specifically, p(Xj) € R™ has a 1 in the s(j)-th element and 0 everywhere else, where s(j) is a map such that X

is equivalent to the s(7)-th element in X. P, is thus a selection matrix of the form

Pi=len) e - e
where each e,y is a one-hot vector as described above. PtTIN{ is then a R®*™ matrix such that the j-th row of P, K is
equal to the 5(j)-th row of of K, i.e.,

[P/K]jr = k(x“0), %)

=k ,
= k(ija 5(([))

which is the definition of k;(X') as desired. [ |

A.7 Other lemmas

Lemma 9 ((Chowdhury and Gopalan, 2017) Theorem 2) Let 3; = B + 04/2 (y1—1 + L + In(1/0)) where B is the
upper bound of the RKHS norms of each u;. With probability of at least 1 — 6, forallie A, x€ X, andt € 7T,

pti,e—1(%) — ui(x)| < Broe—1(x)

where ;11 and o, are defined in Equ. and Equ. with A=14+nandn:=2/T.

Lemma 10 ((Chowdhury and Gopalan),2017) Lemma 4) Let (X:)]_, be a sequence of strategies that the algorithm
samples at. Then

Z O't_l()A(t) < \/4(7‘ + 2)’)/7— .
t=1

B COMPUTATIONAL DETAILS

B.1 Bilevel optimization for computing pure NE in continuous general-sum games

In the standard BO setting, to (approximately) optimize acquisition functions over continuous decision variable sets, one
typically uses (sample-inefficient) black-box optimization algorithms such as DIRECT (Jones et al.l [1993) or gradient-
based optimization (e.g., L-BFGS-B) with multiple starts. In the pure NE setting, we encounter multiple bilevel optimiza-
tion problems:

1. To compute a ground-truth NE, we need to solve argmax, y min;e 4 f;(x) (Equ. .

2. To compute the reported strategy profile in UCB-PNE (Algo. , we need to solve argmax,. , mMin;e 4 ﬁ_’t_l(x)
(Equ. ).

3. To compute the reported strategy profile for baselines PE and BN (Sec. [6), we need to solve
argmax,c y minge 4 (. 1—1(x) — maxg,ex, (i —1(t;, x_;))) where u; ;1 is agent i’s GP posterior mean (Equ. |1} in
iteration ¢.

These are bilevel optimization problems as the inner functions have a maximization operation. In principle, one can nest
any black-box optimization algorithm within a second black-box optimization algorithm to compute these quantities to
any desired accuracy. In practice, doing so incurs a large computational burden. In our experiments, we use DIRECT as
the outer algorithm and a simple algorithm we name ‘sample-and-shrink’ as the inner algorithm. In sample-and-shrink,
we randomly choose 2'3 points in a Sobol sequence within the function’s bounds and find the point with the maximum
function value. We then shrink the function’s bounds by a factor of 4 around this point and choose another 2'2 points in a
Sobol sequence within these smaller bounds. We then return the point with the maximum function value. We find that this
choice of outer and inner algorithms strikes a good balance between accuracy and computation time. For case 1, we use
DIRECT with 200 iterations. For cases 2 and 3 (which need to be computed once every BO iteration), we use DIRECT
with 50 iterations.
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B.2 Computing mixed NE in general-sum games

While our theory for mixed NE is applicable to n-agent games, in our experiments, we focus on two-agent general-sum
games due to the relative simplicity of computation. We refer the reader to of [Shoham and Leyton-Brown| (2008, Sec. 4.2)
for a detailed exposition on the computation of mixed NE in two-player general sum games. In brief, one may use the
Lemke-Howson algorithm by formulating the problem as a linear complementarity problem (Lemke and Howson, [1964)),
or the support enumeration method (SEM) (Porter et al.| [2008)). While both Lemke-Howson and SEM have a worst-case
time complexity exponential in an agent’s number of strategies, SEM has been shown to be faster than Lemke-Howson
in some experimental settings (Porter et al.||2008)), hence we adopt SEM in our experiments. SEM leverages the fact that
computing a mixed NE reduces to a linear feasibility program given that the support of the mixed NE is known. It then
simply iterates over all possible supports (smartly pruning some based on conditional domination) and tests each support
by attempting to solve the linear feasibility program. In our implementation, we observe that caching the found supports
from previous BO iterations and iterating over those first reduces the computation time significantly. We hypothesize that
this speedup is due to the GP posterior means not changing much towards the end of the iterations and hence a mixed NE
is likely be found with the same support. We use uniform random sampling to sample each 1; ;.

C EXPERIMENTAL DETAILS

C.1 Acquisition functions

In this section, we declare the hyperparameters used for each acquisition function.

C.1.1 UCB-PNE

We use 8, = 2 forall t < T'. We use DIRECT (Jones et al.l [1993) to compute both the reporting strategy profile (bilevel
optimization, refer to App. for more details) and the exploring strategy profile (100 DIRECT iterations).

C.1.2 Probability of Equilibrium (Picheny et al., 2019)

Following the experimental setup in |Al-Dujaili et al.| (2018), we discretize each agent’s strategy set into 32 strategies (31
in previous work). This discretization is uniformly randomly sampled in each iteration, as we found that using a fixed
discretization leads to poor performance.

C.1.3 BN (Al-Dujaili et al., 2018)

We use v = 2. For the inner maximization, we use the Monte Carlo method (with 1000 samples) to approximate the
regret instead of the closed-form method as the previous work showed empirically that the Monte Carlo strategy performed
slightly better. For the outer maximization, we use DIRECT (Jones et al.,|1993) with 100 iterations. Following the previous
work, the e-greedy policy uses an exploring probability e = 0.05 (not to be confused with € in the main paper).

C.14 UCB-MNE

We use 3; = 2 for all ¢ < T'. Refer to App.[B.2]for details on computing the reported mixed strategy.

C.2 Utility (objective) functions

C.2.1 Synthetic Random Functions (RF)

We construct a two-player general sum game by sampling two random 2-D functions from a GP prior and using them as
utility functions. Each agent’s strategy is in [—1.0, 1.0]. The GP prior used a squared exponential kernel with lengthscales
[0.5,0.5]. The learner uses the kernel of the GP prior for the GPs modeling the utilities. We used noise standard deviation
o = 0.001 and 5 initial samples where the decisions are chosen uniformly at random. To test the acquisition functions’
ability to handle games with non-zero €, we chose 5 RNG seeds such that the resultant games had €, > 0.05. Specifically,
we used seeds 4, 19, 20, 70, and 102 for the NumPy and TensorFlow RNGs.
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C.2.2 Generative Adversarial Networks: 1-D Data Manifold (GAN)

Generative adversarial networks (GANs) are a class of generative models that consist of a generator and a discriminator.
The generator maps realizations of a random variable to generated data, while the discriminator is trained to distinguish
between real and generated data. The generator is trained to fool the discriminator by producing generated data as close
to the real data as possible. Through this process, we obtain a generative model that produces realistic data. The desired
generator and discriminator parameters form a Nash equilibrium of a two-player general sum game (Salimans et al.,[2016)).

We evaluate our algorithms on a simple GAN setup inspired by the experiments in|Fedus et al.|(2018). The real data lies on
a 1-D manifold in 2-D space with probability distribution p, obtained by multiplying some uniformly randomly sampled
true parameters w € [—1,1]? with samples from N(0,1). The generator generates data on a 1-D manifold in the same
way with probability distribution pg and has parameters g € [—1,1]%. The goal is to learn the true parameters, i.e., have
g = w. The discriminator is a simple binary classifier Dy, : R? — [0, 1] that outputs the probability that the input is real.
D, is parameterized by v € [—1,1]3 and has the form

D(z) := 5(z' Vz)

V= [ U1 502]

5 U2 V3

where z € R2. The utility function of the discriminator is the expected log-likelihood of the binary classification task on
the real and fake data, which is the negative of the usual discriminator loss (Goodfellow et al.,[2014):

up = Ezvp, [log D(z)] + Ezvp, [log(1l — D(z))]
The utility function of the generator is the negative of what|Fedus et al.| (2018) terms the non-saturating loss:
ug = Ex~p, [log D(z)].
A pure NE exists at g = w and v = 0, because when g = w, the discriminator utility becomes
u} = Egznp, [log D(z) + log(1 — D(z))]

and any function that assigns D(z) = 0.5 everywhere on supp(ps,) maximizes u%,. This condition is satisfied by v = 0
as it assigns D(z) = 0.5 everywhere. In this case, uq is the same for all possible values of g and thus we have an
NE. This problem thus has e, = 0 in the pure NE setting. The learner used a squared exponential kernel with lengthscales
[0.5,0.5,2.0,2.0,2.0] for the GPs modeling the utilities. We used noise standard deviation o = 0.001 and 5 initial samples
where the decisions are chosen uniformly at random. We used seeds 0 — 4 for the NumPy and TensorFlow RNGs.

C.2.3 Binary Classifiers: Additive Adversarial Attacks and Defenses (BCAD)

We evaluate our algorithms on finding NE in additive adversarial attacks and defenses on binary classifiers as described
in Pal and Vidal| (2020). We have a binary classifier that assigns the label sgn(g(z)) to each point z € R? where

1 1
9(z) = sz - 52122 — Zzg
1 Z1 — %2
\Y == .
9(z) = 5 [Zl _ ZJ

The attacker’s strategy is a vector field of perturbations with /5 norm less than some margin €. Concretely, the attacker
perturbs each point z with the function a,, : R? — R?, parameterized with v € R3:

= —€-8gn V4 7bv(Z)
aV(z) T g (g( ))”bv(Z)H

vz + Vg 29
by (z) = [1}3(2'1 N 22)] .



No-regret Sample-efficient Bayesian Optimization for Finding Nash Equilibria with Unknown Utilities

The defender’s strategy is a constant perturbation d € R?, ||d|| < e. The perturbed point Z is then both attacker’s and
defender’s perturbations added to z:
z:=z+ay(z)+d.

The attacker’s utility given a particular point z is

wa(a) o {1592 (22))  senlgn(2.7)
A ' —1 otherwise.

g1(z,2') == g(z) + Vg(z) " (z' — z).

The attacker gains utility if the added perturbations change the sign of z using a linear approximation of g around z. The
attacker’s utility is then their expected utility under the distribution of z p,:

wp = Eqep, [ua(2)].

The defender’s utility is —u 4 which makes this a zero-sum game. The defender gains utility if the chosen d maintains
the sign of z using a linear approximation of g around z in expectation. We choose p, to be a uniform distribution over a
randomly sampled rectangle with area 1 within the bounds [—1, 1]2. We approximate the expectations with Monte Carlo
sampling.

From [Pal and Vidal| (2020), under the defined utility function, choosing a according to the Fast Gradient Method (FGM)
and d according to Randomized Smoothing results in an NE. FGM is recovered when v = (1/2,—1/2,—1/2) and Ran-
domized Smoothing selects some d, € R?, ||d4|| < e which is also our domain for d, hence the NE is achievable.
This problem thus also has €, = 0 in the pure NE setting. The learner used a squared exponential kernel with lengthscales
[1.5,0.5,1.0,0.5,0.5] for the GPs modeling the utilities. We used noise standard deviation o = 0.001 and 5 initial samples
where the decisions are chosen uniformly at random. We used seeds 0 — 4 for the NumPy and TensorFlow RNGs.

C.3 Computation time
C.3.1 PureNE

Table 1: Mean and standard error of computation times of each acquisition function in each game in the pure NE setting in
CPU seconds.

RF GAN BCAD
PE (without reporting)  43.38 + 0.76 99.66 + 0.42 102.73 £0.20
PE (with reporting) 11770.84 £ 30.71  10980.22 £ 12.86 12312.04 £ 17.72

BN (without reporting)  270.15 + 56.96 380.67 £+ 21.08 454.75 + 18.20
BN (with reporting) 12214.34 £ 17.78  11242.32 £ 66.51 12632.13 £ 24.40
UCB-PNE no-exp 5796.41 £+ 7.45 6638.85 + 9.52 9658.40 + 13.67
UCB-PNE 5848.52 +22.72  6670.05 + 9.34 9659.24 + 11.50

Table [T] shows the computation times in CPU seconds of the acquisition functions in each game in the pure NE setting for
the hyperparameters used. These times were obtained using GPs with a dataset size of 100 and measured over 5 different
acquisition function computations. Majority of the computation time arises from the bilevel optimization used to
compute the reported strategy profile in our learning setting. UCB-PNE was designed with this requirement to report a
strategy profile in mind and hence does not have a variant without reporting.

C.3.2 Mixed NE

Table 2] shows the computation times in CPU seconds of the acquisition functions in each game in the mixed NE setting for
the hyperparameters used. These times were obtained by measuring the mean time per iteration in each of the experiments
(used to compute Fig[5), then taking the mean and standard error over the 5 different RNG seeds. We chose to measure
computation time for mixed NE in this way (compared to fixing a dataset) as it better illustrates the variability of compu-
tation time when using SEM to compute a potential mixed NE. All the acquisition functions tested use SEM to compute a
potential mixed NE and differ only in the choice of sampled pure strategy profile. We observe that the computation spent
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Table 2: Mean and standard error of computation times of each acquisition function in each game in the mixed NE setting

in CPU seconds.
RF GAN BCAD
Random 0.34 +0.16 248.14 + 150.52 10.14 + 3.78
Max entropy 0.78 +£0.59 234.49 +137.38 1.39+0.26
UCB-MNE no-exp 0.30 +0.12 287.30 + 162.12 4.72+1.24
UCB-MNE 0.30 £ 0.09 239.89 +145.61 9.10 + 3.32

on the sampled strategy profile is minimal compared to the computation spent on SEM. The standard errors for mixed NE
are much larger in proportion to the mean compared to in pure NE due to SEM: Some sampled utilities from the GPs take
much longer to compute a mixed NE for using SEM as it heavily depends on the size of the support of a mixed NE for
those sampled utilities. As such, there is large variability in the computation time per iteration.

C.4 Implementation

The experiments were implemented primarily with Python, NumPy (Harris et al., [2020), and GPflow (Matthews et al.|
2017). Refer to the code repository for the full list of Python packages used.

C.5 Hardware

The experiments were run on the following hardware configurations:

1. 2x AMD EPYC 7543 32-Core Processors, 256 GiB RAM, Ubuntu 20.04.4 LTS.

S

2x AMD EPYC 7352 24-Core Processors, 256 GiB RAM, Ubuntu 20.04.4 LTS.
2x Intel(R) Xeon(R) Gold 6326 CPU @ 2.90GHz, 256 GiB RAM, Ubuntu 20.04.4 LTS.
2x Intel(R) Xeon(R) Gold 6226R CPU @ 2.90GHz, 256 GiB RAM, Ubuntu 20.04.4 LTS.
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