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ABSTRACT We present an efficient and generalised procedure to accurately identify the best (or near
best) performing algorithm for each sub-task in a multi-problem domain. Our approach treats this as a set
of best arm identification problems for multi-armed bandits, where each bandit corresponds to a specific
task and each arm corresponds to a specific algorithm or agent. We propose an optimistic selection process
based on a chosen confidence interval, that ranks each arm across all bandits in terms of their potential to
influence our overall simple regret. We evaluate the performance of our approach on two of the most popular
general game playing domains, the General Video Game Al (GVGALI) framework and the Ludii general game
playing system, with the goal of selecting a high-performing agent for each game using a limited number
of available trials. Compared to previous best arm identification algorithms for multi-armed bandits, our
results demonstrate a substantial performance improvement in terms of average simple regret and average
probability of error. This novel approach can be used to significantly improve the quality and accuracy of
agent evaluation procedures for general game frameworks, as well as other multi-task domains with high
algorithm runtimes.

INDEX TERMS General game playing, best arm identification, multi-armed bandits, upper confidence

bound, agent evaluation.

I. INTRODUCTION

The field of general game playing focuses on the development
of Al agents that are able to effectively play a wide variety
of games [21]. This can often be viewed as a multi-problem
domain, where each agent needs to perform well across a
collection of individual tasks. Designing artificial general
agents that are able to successfully play a wide range of games
has long been a core research area for artificial intelligence
and machine learning, leading to significant breakthroughs
in the areas of deep reinforcement learning [22], [49],
search and planning [17], [51], transfer learning [8], [43],
and evolutionary algorithms [19]. However, as the number
of games and agents developed for these frameworks
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increases, so too does the evaluation time needed to reliably
assess the performance of each agent. Many agents do not
play identically when repeatedly attempting a game, often
requiring a large number of trials to obtain an accurate
performance estimate [10]. While there is often “‘no free
lunch” when it comes to producing more results in less
time [4], several approaches have been proposed to reduce
the number of unnecessary evaluations using prior domain
knowledge [2], [45].

Rather than needing to accurately assess the game playing
abilities of each agent across all games, our aim is to develop
a domain agnostic approach that can efficiently identify
the best (or near best) performing algorithm (i.e., agent)
for each task (i.e., game) within a defined set. Identifying
a high-performing agent for each game can be useful for
several purposes, such as training prediction models for
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portfolio/ensemble agents or detecting skill gaps in the
existing agent suite [3], [44]. We frame this challenge as a
multi-bandit best arm identification problem [ 18], where each
bandit represents a specific game and each arm represents an
available agent for playing that game. In this comparative
setup, our goal is to select a single agent for each of our
available games, with the goal of maximising the total reward
(i.e., number of wins) across all games. To help us make our
selection, we can run a limited number of exploratory trials
to estimate the performance of each game-agent pair. The
challenge therefore lies in determining which game-agent
pairs (i.e., trials) should be run to help identify the top
performing agent for each game.

In this paper, we propose a novel multi-bandit best
arm identification algorithm called RCP (Regret Change
Potential). This approach combines an “‘optimism in the
face of uncertainty” philosophy with a chosen confidence
interval estimate, selecting arms that have the highest
potential for minimising the overall simple regret across
all bandits. We evaluate and compare the performance
of our RCP approach with multiple confidence interval
estimates, against several prior multi-bandit best arm iden-
tification algorithms for two of the most popular gen-
eral game playing domains. This includes the General Video
Game Al (GVGAI) framework [34] and the Ludii general
game playing system [37], both of which are frequently
used within the academic community for developing and
comparing general game playing techniques [33], [38].
Our results demonstrate that our proposed RCP approach
provides significant performance improvements with regards
to best agent identification, when compared to alternative
state-of-the art techniques.

The remainder of this paper is organised as follows:
Section II formalises the multi-bandit best arm identification
problem and its applicability to best agent identification
for general game playing. Section III describes relevant
prior work on general game systems, efficient agent eval-
uation procedures, best arm identification algorithms, and
various confidence interval estimates. Section IV defines
our proposed RCP approach, and the motivation behind
its design. Section V provides details on our experimental
setup using the GVGAI and Ludii general game playing
domains. Section VI presents and discusses the relative
performance of each best arm identification algorithm.
Section VII summarises our results, highlighting potential
areas for further investigation and improvement.

Il. PROBLEM SETUP

In this section, we provide a formalisation of the multi-bandit
best arm identification problem and its applicability to our
intended domain of general game playing.

A. MULTI-BANDIT BEST ARM IDENTIFICATION

Best-arm identification is a variation of the more traditional
stochastic multi-armed bandit problem. Rather than max-
imising the cumulative reward over multiple arm pulls, the
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aim of best-arm identification is to maximise the reward of
a single arm pull after a defined exploration period (i.e.,
select the arm with the highest expected reward after a
limited number of prior arm pulls). This problem can be
expanded further into the multi-bandit best arm identification
problem, where instead of a single bandit there are now
multiple bandits available to choose from, each with their
own selection of arms and reward distributions. Rather than
identifying the single best arm, the goal of multi-bandit best
arm identification is to identify the best performing arm for
each individual bandit. Once the defined exploration period
ends, a single arm pull of each bandit is performed and the
rewards from each pull are summed to give the final result.
The challenge of the multi-bandit setup comes from the need
to effectively distribute the available exploratory pulls across
all bandits, as well as the arms each bandit has, to obtain
the necessary information to maximise the combined reward
from a single pull of each bandit. A more formalised
definition of the multi-bandit best arm identification problem
is provided below, with the majority of terms borrowed
directly from [18].

The setup for a multi-bandit environment can be defined
as follows. Let M be the number of bandits and K represents
the number of arms available for each bandit. Each individual
bandit-arm pair (m, k) can be characterised by a stationary
reward distribution v, bounded in [0, b] and with mean
reward ftp,r. Assuming that each bandit has a unique best
arm, k; and ), represent the index and mean of the best
arm for bandit m (i.e., k;, = argmax)_g.gx Mmk, K, =
maxi<g<k Mmk)-

The problem of Best Arm Identification occurs within a
multi-bandit environment when the true reward distributions
{vmk} of our bandits are unknown, and is often framed as
a prediction task. During each round + = 1...n, we can
pull a single bandit-arm pair I(¢) = (m, k) and observe
an independent sample reward drawn from the distribution
Vi@r)- Let Tpi(t) be the number of times that bandit-arm
pair (m, k) has been pulled by the end of round 7, then the
mean reward of this bandit-arm pair can be estimated as
k(1) = 7105 SO X,k (s), where X,u(s) is the s-th
sample observed from vy,;. After all n rounds have finished,
for each bandit m we return the arm J,,(n) = argmax;, Qi (1)
with the highest estimated mean reward.

To evaluate the performance of our approach after n
rounds, for each bandit we compare the expected reward
for our selected arm against that of the true best arm.
This comparison is usually done by calculating the average
difference in expected rewards for each arm pair, known
as the simple regret r(n) = Ai,l Zln‘f:l(l'l“;‘l — W, (n))-
In certain situations, the percentage of incorrectly identified
best arms may be a more desirable measure of performance,
e(n) = Ai,lzlmv’:] P(J,(n) # k). For our case study,
we primarily focus on using the average simple regret r(n) as
our measure of algorithm performance, although additional
performance comparisons using the average probability of
error measure e(n) are provided as well.
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B. BEST AGENT IDENTIFICATION FOR GENERAL GAME
PLAYING

The above problem of multi-bandit best arm identification
is analogous to determining the best performing algorithms
across a variety of different tasks. Each task can be treated
as a single multi-armed bandit, with each arm representing
a potential algorithm that can perform this task (albeit with
varying degrees of success). Using this framing allows us
to represent our task of identifying the best agent for each
game within a general game framework as a multi-bandit
best arm identification problem. Each game is treated as
its own multi-arm bandit, with each arm of this bandit
representing a different game playing agent. A pull of a
specific arm for a specific bandit corresponds to running
a single trial for the associated game-agent pair, with the
agent’s outcome at the end of this trial determining the reward
obtained. While prior approaches for solving multi-bandit
best arm identification problems have been proposed for
the general case described above, our specific focus on
general game playing introduces several additional domain
considerations.

1) REWARD BOUNDS

One assumption we can make for the domain of general game
playing is that the outcome for an agent at the end of a trial
is always between 0 and 1 (inclusive). Typically an outcome
of 0 indicates a loss and an outcome of 1 indicates a win,
with other outcomes between these indicating either a draw
or positional ranking among multiple players. This means that
the value of b in our reward distribution bounds is always
equal to 1 (i.e., all rewards bounded in [0, 1]).

2) UNEQUAL NUMBER OF ARMS

Another consideration is that the above definition of a
multi-bandit environment assumes an equal number of arms
K for each bandit. However, in our application to general
game playing it is often the case that certain agents may
not be able to play every game available. In these situations,
we can simply apply a generalisation to the above definitions
that replaces the static value K with a bandit-specific value
K, that represents the number of arms available for a given
bandit m.

3) MULTIPLE BEST ARMS

Lastly, when comparing multiple agents for a single game, the
assumption that there is always a unique best arm &, for any
bandit m is unlikely to hold. For example, any game where
several agents are always able to win results in an equally
high reward estimation of 1.0 for multiple arms. To account
for this, we define our argmax function to always return a
single best argument combination, chosen at random from the
highest value arguments. We also need to modify the average
probability of error measure e(n), so that selecting any arm
with the highest expected reward 1, is recorded as a correct

prediction (i.e., e(n) = 1 SM_ | P(uk # [msp(n)-
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lll. BACKGROUND

A. GENERAL GAME SYSTEMS

While many different general game playing domains have
been proposed over the past decade, arguably the two most
popular for academic research have been the General Video
Game Al framework (GVGAI) and the Ludii general game
playing system.

1) GENERAL VIDEO GAME Al FRAMEWORK

The General Video Game Al (GVGALI) framework contains
over 100 simple arcade-style video games, described using
the Video Game Description Language (VGDL) [34]. The
GVGALI framework has been the subject of a long running
general game playing competition [33], leading to several
dozen agents being developed for it over the years [19], [31],
[35]1, [42], [53]. While there are several auxiliary research
tracks available for the GVGAI framework, in this paper
we focus solely on the games and agents developed for the
main single-player planning track. Each game includes five
distinct levels, which all use the same base set of mechanics
but vary the number and initial locations of objects. Previous
analysis on agent performance across the corpus of GVGAI
games has observed that agents often produce highly varied
reward distributions [10]. Many of the games available
within the GVGAI framework also have some form of
stochasticity, such as randomised items or enemy behaviour,
making agent evaluation an inherently noisy process. These
factors, along with the time consuming nature of running
dozens of trials across thousands of game-agent pairs, makes
the GVGAI framework an ideal case study for best agent
identification.

2) Ludii GENERAL GAME PLAYING SYSTEM

In contrast to the GVGAI framework’s focus on video games,
the Ludii general game playing system instead provides over
1000 board and puzzle games [37]. This makes Ludii one of
the largest collections of playable games for Al research pur-
poses. Games within Ludii are described using the ludemic
game description language, which supports a wide range of
mechanics and game types. This includes stochastic or hidden
information, alternating or simultaneous moves, and player
counts ranging from 1 to 16 [46]. Ludii has also been used
as a competition framework for promoting the development
of general game playing agents [38], as well as research
into general game heuristics [47]. Much like the GVGAI
framework, agent evaluation in Ludii is a lengthy and imper-
fect process, often requiring maximum turn limits to even
guarantee that a game ends. These aspects make Ludii a prime
candidate for applying more efficient best agent identification
algorithms.

B. EFFICIENT AGENT EVALUATION

While we believe that this is the first time the task of
best agent identification for general game systems has
been framed from a multi-arm bandit perspective, this
section discusses alternative techniques for more efficiently
evaluating general game agents.
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1) GAME SUBSETS

Rather than evaluating all agents across the full suite of
available games, one alternative is to identify a representative
subset of games to evaluate on. This approach has been
previously investigated for both the General Video Game
Al framework [45] and Arcade Learning Environment [2].
This technique has also been mentioned as possible future
work for the Ludii general game playing system [36], [48]
but has yet to be properly investigated. While this approach
has a similar motivation to our current problem, being that
testing all game-agent pairs a sufficient number of times to
get a reliable indication of performance is computationally
expensive, our goal is to instead focus on identifying the
best agent for each individual game, rather than assessing
the general performance of each agent. These approaches
also use domain-specific measures of game and/or agent
similarity to identify a representative game subset, whereas
our presented approach requires no such domain knowledge.

2) ACTIVE LEARNING

Active Learning is a branch of Machine Learning where
labelled training instances are selected through an intelligent
process [41]. This typically occurs when there is a large
quantity of unlabelled instances, but labelling any given
instance is costly to perform. An active learning algorithm
attempts to identify which instances should be labelled
to provide maximal training benefit. This situation is
highly similar to our described problem, but instead of an
abundance of unlabelled instances that need labelling we
instead have a noisy and/or probabilistic labelling process.
In both cases, the core motivation that obtaining a large
number of accurate instance labels is prohibitively expensive
remains the same. While previous research has demonstrated
that active learning approaches can be used to minimise
reward estimate uncertainty for multi-armed bandits [15],
the problem of best arm identification has not yet been
explored.

C. BEST ARM IDENTIFICATION

Several prior algorithms for the problem of best arm
identification have been presented over the past few decades,
either focusing on the problem from a general perspective
or for a specific set of circumstances. Common variations
include correlated arm rewards [23], [25], [29], identifying
the best-N arms [12], identifying the best arm across multiple
overlapping groups [40], and restless arms with evolving
states [32]. The majority of the these approaches focus on
best arm identification for a single bandit, but can also
be generalised to a multi-bandit domain. Out of these past
approaches, four algorithms (and variants of them) stand out
as being the most applicable to our use case.

1) GapE

The Gap-based Exploration (GapE) algorithm [18] is one of
the first approaches designed specifically for the multi-bandit
best arm identification problem. This algorithm favours arms
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with an expected reward close to the best performing arm (i.e.,
those with the smallest “gap’”). The authors of this approach
also define a variant called GapE-V, which additionally
considers the variance in rewards for each arm.

While on the surface this approach seems well suited
for our intended application, the specific characteristics of
our general game playing domain highlight some potential
issues. Prior observations and experience with these general
game frameworks has demonstrated that, while there are
certain games where agents frequently achieve different
outcomes between repeated trials, a significant portion of
games also have a very low variability in agent performance.
In these cases, there are several agents that either always
win or always lose the game (i.e., reward distributions
for game-agent pairs are asymmetric and centred towards
the extremities, see Figures 1 and 2). This means that
there are often multiple arms for a given bandit with
a near-zero gap between them and the best performing
arm.

For our proposed domain, we care primarily about
minimising the average simple regret r(n) of our selected
arms. As such, if there are several best or near-best arms
for a given game, then the decision of which one we select
has a negligible impact. GapE appears to have been designed
primarily for minimising the average probability of error e(n),
and so it instead focuses a large number of arm pulls on these
equally high performing arms (i.e., attempts to identify the
“one true’ best arm, rather than being directly concerned
with reducing the simple regret of the bandit). This difference
often leads to a sub-optimal arm selection strategy from GapE
when attempting to minimise the average simple regret across
all bandits.

2) UCB-E

The UCB-E algorithm [5] is a highly exploring variant of
the Upper Confidence Bound (UCB) selection policy [6].
One of the most common algorithms for standard (i.e.,
cumulative reward) multi-arm bandit problems is the UCB1
algorithm [7], which is able to effectively balance exploration
and exploitation. However, best arm identification can be
considered a pure exploration problem, as the rewards
obtained from each arm during runtime do not affect our
performance score (only the final arm pull does). UCB-E
attempts to increase the degree of exploration performed
by UCB, based on a defined exploration value a. If a =
2 - log(n), where n is the current number of rounds,
then UCB-E is equivalent to UCBI1, with the value for
a being increased to incentivise more exploration. The
effectiveness of UCB-E is highly dependant on the value
chosen for a, for which the optimal value is often unknown
and cannot be easily estimated from past observations.
While originally designed for best arm identification in
a single bandit case, UCB-E can be generalised to the
multi-bandit environment by selecting bandits uniformly and
then pulling arms within each bandit using the UCB-E
algorithm [18].

VOLUME 14, 2026
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3) SUCCESSIVE REJECTS

The Successive Rejects algorithm [5] repeatedly removes the
worst performing arm over multiple rounds of selection until
just a single arm remains, a process commonly referred to
as “‘action elimination” [26]. However, in order for this and
other action elimination algorithms to be used to their fullest
effectiveness, the total number of arm pulls must be known
in advance. This lack of a “stop anytime” functionality is
a significant downside compared to previous approaches,
particularly for our intended use case of general game
playing. The amount of time needed to complete a single
game trial can be highly variable, meaning that we cannot
easily estimate the exact number of trials that can be run
within an allotted time. The generalisation of this approach to
multiple bandits is also non-optimal, requiring the number of
rounds (i.e., arm pulls) to be equally split among all bandits at
the start of the process, rather than to bandits with the highest
potential benefit during runtime.

4) SEQUENTIAL HALVING

The original Sequential Halving algorithm [28] works in a
manner similar to that of the Successive Rejects algorithm,
where the worst performing arms of each bandit are removed
at the end of each of multiple rounds. However, rather than
removing a single arm at the end of each round, half of the
remaining arms are removed instead. Sequential Halving also
suffers from the same core limitation as Successive Rejects,
namely being the requirement that the number of available
arm pulls must be known in advance.

Anytime Sequential Halving [39] provides a variant
approach that avoids this limitation. This variant performs an
initial run of the Sequential Halving algorithm, with a limited
budget of arm pulls equal the minimum amount required for
a single complete run. Once complete, this “minimal pull
run” process is repeated, with subsequent reward estimates
for each arm incorporating all prior pull results from previous
runs. While this Anytime Sequential Halving variant offers
the desired stop anytime functionality, it still suffers from
being unable to generalise effectively to the multi-bandit
domain. Similar to Successive Rejects, arm pulls must be
divided evenly across all bandits, resulting in an equal number
of trials for each game.

D. CONFIDENCE INTERVALS
Our proposed RCP algorithm (introduced in the next section)
relies on a provided confidence interval to estimate the upper
and lower reward bounds for a specific arm (based on prior
results). While the RCP algorithm can utilise any given
upper/lower bound calculation, it should ideally employ a
confidence interval that accurately represents the underlying
reward distribution. We have therefore chosen to test a
variety of suitable confidence interval estimation formulas,
evaluating which is most suitable for our intended domain of
general game playing.

The majority of confidence intervals described in this
section were originally intended for modelling Binomial

VOLUME 14, 2026

distributions, where each event has an outcome of either O or
1. However, a generalised version of these formulas can still
be applied in approximation to non-Bernoulli trials, so long as
the outcome is always within the required [0, 1] bounds [24].
In this case, the proportion of successes (p) is replaced with
the average result of all trials. This generalisation is supported
by the Bhatia-Davis inequality, 0> < u(1 — ), which
guarantees the true variance is always less than or equal to that
assumed by the binomial confidence interval [9]. This allows
for binomial confidence intervals to be used as a conservative
confidence interval estimation in non-Bernoulli cases.

The decision to focus primarily on binomial confidence
intervals over more general distribution options is based on
the knowledge that the majority of general game outcomes
are either a win or a loss. All games used in the GVGAI
framework are single-player, meaning that every trial result is
either a 0 (loss) or 1 (win). However, the Ludii general game
playing system also contains multi-player games, where there
is the possibility of a 0.5 outcome for a draw and fractional
value outcomes for games with multiple opponents. While
this means that the results of Ludii games are not strictly
binomial in every case, the fact that the vast majority of game
outcomes still end in either a win or loss means that they
still exhibit highly binomial distribution patterns in practice
(resulting in the need for a generalised binomial distribution
interpretation). For alternative problem domains, it may be
beneficial to experiment with alternative confidence interval
estimations more suited to the underlying result distribution.

1) WILSON SCORE

The Wilson score interval is an approximate binomial
proportion confidence interval obtained by inverting a score
test for the Bernoulli parameter [54]. Unlike the traditional
Wald interval, the Wilson interval avoids relying solely
on the asymptotic normality of the sample proportion and
instead incorporates an adjustment based on the test statistic.
This leads to substantially improved coverage behaviour,
particularly when sample sizes are small or when the
observed probability of success lies near the extremes (i.e.,
0 or 1) [1], [52]. The Wilson score interval for a specified
confidence level (1 —«) is defined in formula (1), additionally
parameterised by the proportion of successes p and sample
size n.

2 2
T pa=p) | Zas2
P+ 5 Ezap 57+ e

Wilson(p, n,a) = (b~ ,b")=

2
Za/Z
1+ ==

ey

2) Jeffreys

The Jeffreys interval is a Bayesian binomial proportion
confidence interval, derived from the Jeffreys prior for
the Bernoulli parameter which corresponds to a Beta(%, %)
distribution [27]. Similar to the Wilson score interval, Jeffreys
interval has been shown to perform well in small sample
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and unbalanced heavy distributions [11]. For a specified
confidence level (1 — «) the Jeffreys interval is obtained by
taking the lower and upper «/2 and 1 — «/2 quantiles of
the posterior Beta distribution, see formula (2), additionally
parameterised by the number of successes X and sample size
n.

1 1
Jeffreys(x, n, a) = (Qa/z(/? + 3 X+ E),

3) CLOPPER-PEARSON

The Clopper—Pearson interval is an exact binomial proportion
confidence interval derived by inverting the cumulative
distribution function of the binomial distribution [14]. Unlike
approximate methods, it provides guaranteed frequentist
coverage for all parameter values, although this guarantee
typically results in intervals that are conservative, particularly
when the sample size is small or when the observed propor-
tion is near O or 1 [11]. For a specified confidence level (1 —a)
the lower and upper bounds of the Clopper—Pearson interval
are obtained from the «/2 and 1 — «/2 quantiles of Beta
distributions, see formula (3), additionally parameterised by
the number of successes X and sample size n.

ClopperPearson(X, n, a) = (Qa/z (fc, n—x-+ 1),
Orap(i+ 1 n-5)) @

4) AGRESTI-COULL

The Agresti-Coull interval is an approximate binomial
proportion confidence interval that improves upon the
traditional Wald interval by adding zi P pseudo-observations,
split equally between wins and losses, resulting in an
adjusted sample size and proportion [1]. This modification
yields intervals with markedly better coverage properties,
particularly for small sample sizes or when the observed
proportion is close to 0 or 1 [11]. For a specified confidence
level (1 — &), the Agresti—Coull interval is constructed using
the adjusted sample size n = n + zfl 2 and proportion of
successes p = (X + zi /2/2)/71, from which the adjusted
confidence interval is computed, see formula (4).

=15
AgrestiCoull(p,n, ) = (b, bT)=p+ a2 /u
n

)
5) KULLBACK-LEIBLER UPPER CONFIDENCE BOUND
(KL-UCB)
The KL-UCB interval constructs confidence bounds

for Bernoulli rewards by inverting a constraint on the
Kullback-Leibler divergence, rather than using distribution-
free inequalities [20]. Given the proportion of successes
D, the number of arm samples n, and the total number
of samples across all arms ¢, the upper and lower bounds
are defined as the solutions b > p and b~ < p to
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the implicit equations n - Dgr(pllg) < log(t) + ¢ -
log(log(t)), where Dy is the Bernoulli KL divergence and ¢
is an exploration constant controlling confidence. Compared
with more standard Hoeffding-type intervals, the KL-UCB
interval yields tighter bounds near the extremes and improved
exploration—exploitation trade-offs [13].

6) PROBABLY APPROXIMATELY CORRECT (PAC)

The Probably Approximately Correct (PAC) interval is
a binomial proportion confidence interval derived from
Hoeffding-style guarantees, ensuring that the empirical
success rate remains within a fixed deviation of the true
parameter with high probability [50]. In our setting, we adopt
an adaptive confidence allocation that spreads the total error
budget § across all bandits, arms, and number of samples
usinga >, 1/ 12 normalisation. Concretely, for an observed
proportion of successes p, arm sample count n, number of
bandits M, number of arms K, and total samples ¢, we set:

66 B = log(2/ctadapt)
72MK1? adapt =\ "2 max(1, n)

&)

Qadapt =

We then define the confidence interval as:

PAC(p,n,M,K,t,6)
= (max{O, P Badapt}, min{l, P+ lgadapt}) (6)

This adaptation yields a union-bound-controlled guarantee
over all bandit arms, with the confidence interval width
shrinking at rate 1/./n, while also growing via the 2
weighting. This ensures that the upper/lower confidence
bounds for each arm continually increases/decreases (respec-
tively) so long as the arm in question is not pulled. When
utilising this confidence interval, our RCP method achieves a
fixed-confidence guarantee (proof provided in Appendix D).

IV. REGRET CHANGE POTENTIAL (RCP)

Based on the considerations and restrictions of our general
game playing domain, we define the following functionality
and design requirements for our proposed approach:

« Stop Anytime - We can return the current best identified
arm J,,(¢) for each bandit m at the end of any round
t. This allows us set the total number of rounds n to
an arbitrarily high value and return the value for J,,(¢)
whenever needed, or to increase the total number of
rounds and continue improving our predictions after the
previous best arm predictions J,,(n) have been returned.

o« New Games/Agents - We can add new bandits or
arms to our environment during runtime. This should
be possible at the start of a round by initialising any
required parameters for each new game-agent pair.

« Reward Bounds - Our approach needs to operate within
the required [0,1] reward bounds of our domain.

+ Unequal Number of Arms - Our approach needs to
function for sets of bandits with different numbers of
available arms K,,.

VOLUME 14, 2026
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Algorithm 1 Pseudocode of the RCP Algorithm (when Using
the Wilson Score interval)
Parameters: number of rounds r, alpha value o
Initialise: 7,x(0) = 0, fL;x(0) = O for all bandit-arm pairs
(m, k)
Compute Ky = Z%:] Kn
fort=1,2,...,ndo
for each bandit m do
Compute ky, = argmax;c( g, 1 Lmk(t — 1)
Compute [t}, = maXre(1.. K,,} Lmk(t — 1)
for each arm k of bandit m do
Compute (b, ,,bt) = Wilson(m( —
D), Tkt — 1), @)
if Lk (t — 1) = i}, then
A = /:\L:n - br;k
else
Ak = b;k —
end if
end for
end for
Draw I(t) € argmax,, ; Amk
Observe X;o)(Tin( — 1) + 1) ~ vy
Update fiz()(t) <= iyt — 1) + Xpoy(Tron(t — 1) +
1) = fura(t — D)/ Tyt — 1) + 1)
Update Ty((t) < Tyt — 1)+ 1
end for
Return J,,(n) = argmax;, fmk, Vm € {1... M}

o Simple Regret - Our approach should be focused on
minimising the average simple regret measure r(n) of
our predicted best arms J,,(n).

Based on these criteria, we propose our RCP algorithm
to tackle the best agent identification problem for general
game playing. Algorithm 1 provides the pseudocode for
this approach, utilising previously defined variables and
terminology, when employing the Wilson Score confidence
interval. Similar versions of this algorithm can be created for
other confidence intervals, by replacing the Wilson(p, n, o)
call with the desired confidence interval function (e.g.,
Jeffreys(x, n, a) or AgrestiCoull(p, n, o)).

The general philosophy behind our proposed RCP
algorithm is to to select the arm that has the highest
potential to impact the overall simple regret across all bandits.
To calculate this, the chosen confidence interval (e.g., Wilson
Score) is used to estimate the upper and lower confidence
bounds (b, , b;k) of the expected reward of each bandit-arm
pair (m, k). Note. it is assumed that the chosen confidence
interval always returns the maximal range (0, 1) when n is
zero, meaning that any arm that has not yet been pulled at
least once (i.e., T;yx = 0) is always the preferred selection
choice.

The potential regret change A, for each bandit-arm pair
(m, k) is then calculated by comparing its confidence bounds
(2 b;;k) against the expected reward for the current best
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predicted arm (i};,. If an arm & is not the current best predicted
arm 12,; for a bandit m, then its potential regret change A,
is equal to the difference between its upper confidence bound
b;k and the expected reward of the best performing arm [},
This represents the potential increase in regret that would
be obtained by selecting arm k for bandit m, if its true
expected reward were equal to its upper confidence bound
b;k. Conversely, if the arm k is the best predicted arm lAc,:l
for a bandit m, then its potential regret change A, is equal
to the difference between the expected reward of the best
performing arm /;, (which in this case is identical to its
own expected reward f[1,,x) and its lower confidence bound
b, This represents the potential decrease in regret that
would be obtained by selecting arm k for bandit m, if its
true expected reward was equal to its lower confidence bound
b,;- In summary, we apply an optimistic perspective on all
non-best arms by assuming their upper confidence bound is
accurate, and a pessimistic perspective on all best arms by
assuming their lower confidence bound is accurate.

The bandit-arm pair with the largest A, value is pulled
to obtain our new reward sample Xz, which is then used to
update the parameters of our chosen confidence bound (e.g.,
for the Wilson score interval, this is the arm’s expected reward
estimate [i,,; and pulls counter T};). Once this process has
been completed the round is over, and the next round can
begin. The current best predicted arm for any bandit J,,(¢)
can be returned at the end of any round ¢, providing an
intermediate measure of algorithm performance. New bandits
or arms can also be added at the start of any round by updating
the values for M and K, as well as initialising all values for
Tmi(0...1) and Lz (0. .. ) to 0. Once the specified number
of rounds is completed, for each bandit (V,, € {1...M}) we
return the arm with the highest expected reward (J,,(n) =
argmaxy Lmk)-

A. PARAMETERS

1) NUMBER OF ROUNDS

One advantage of our proposed algorithm over alternatives
such as Successive Rejects, is that the total number of rounds
n has no impact on which arms are pulled each round. This
means that the predicted best arm for each bandit J,, can
be returned after any number of rounds, without a loss in
prediction performance. This ‘“‘stop anytime’ nature also
allows for alternative stopping criteria, such as algorithm
runtime or prediction confidence, to be easily enforced. It is
also possible to add additional rounds (i.e., increase the value
of n) from an arbitrary stopping point, again without any loss
in performance.

2) ALPHA VALUE

The alpha value directly modifies the upper and lower bounds
returned by our chosen confidence interval. A lower alpha
value results in a higher degree of ““optimism/pessimism” in
the potential regret change of each arm, typically leading to an
increase in overall arm exploration (vice versa). In line with

7
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the typical exploration-exploitation trade-off, higher alpha
values often perform better in the short term and lower alpha
values tend to perform better in the long term.

B. UNIFORM BANDIT SELECTION VARIANT

One potential variant of the RCP algorithm is to select
bandits uniformly and then apply the RCP algorithm within
each bandit individually. This variation essentially treats
our multi-bandit domain as a set of independent best-arm
identification problems, where each bandit gets an equal
number of pulls. This comes with a potential downside in
that we can no longer redistribute arm pulls between bandits
(i.e., if we are already confident in the best arm for one
bandit, we cannot reallocate it’s remaining arm pulls to other
bandits). However, it is also possible that this approach could
lead to better performance in cases where our RCP approach
either over-samples a bandit due to high outcome variance
(e.g., stochastic games) or under-samples it due to unlucky
outcomes causing a top-performing arm to be dismissed
prematurely.

V. EXPERIMENTS

A. GAME-AGENT DATASETS

While the majority of prior research on best arm identification
has focused on proving certain theoretical results for specific
algorithms, we instead demonstrate the practical application
and empirical results of our approach on real-world data.
Specifically, we use results obtained from both the GVGAI
and Ludii domains across a variety of games and agents.

Results for GVGAI were sourced from the work of [45],
providing a total of 3,988,557 trials across 108 games and
27 agents. These trials are also split amongst the five distinct
levels available for each game, allowing us to include agent
results from a subset of levels if desired. To evaluate whether
agent performance differences between levels affects our
approach’s effectiveness, we define both a GVGALI (all levels)
dataset that includes trials for each game across all five levels,
as well as a GVGALI (level 1) dataset that includes only the
798,168 trials from the first level of each game.

Results for Ludii were obtained by running 29 variants
of an Alpha-Beta agent, each using a different heuristic
state evaluation function [47]. The Alpha-Beta agent was set
to Player 1, while any other players were controlled by a
standard Upper Confidence bounds applied to Trees (UCT)
algorithm [30]. Each agent was given 0.5 seconds of thinking
time per move. A maximum turn limit of 500 was applied
to all games, and exceeding this value results in a draw for
all remaining active players. Each agent (i.e., Alpha-Beta
heuristic) was run for 100 trials on each of the 1085 games
included in Ludii v1.3.9, giving a total of 3,434,627 trials.
Any agent heuristics that were incompatible with certain
game types were excluded, leading to a varying number of
valid agent trials for each game. Results were generated using
a single general node (AMD EPYC 7551 @2.55Ghz, 256GB
DDR4 @2666Mhz) of the DeepThought high-performance
computer [16].
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FIGURE 1. Distribution of win-rates for each game-agent pair in the
GVGAI (all levels) dataset (total of 2913 game-agent pairs).

For our presented experiments, rather than running new
trials for a chosen game-agent pair we instead sampled
rewards randomly (with replacement) from these datasets of
previously performed trials. The number of pre-calculated
results included in these datasets is large enough to act as
a proxy for the true reward distribution of each game-agent
pair, and allows for both an increased number of repeated
comparison runs and easily reproducible results. Fixing our
results datasets also provides us with a defined ‘““ground
truth”” measure of agent performance, which is necessary for
the simple regret calculations that are used to evaluate and
compare different best-agent identification algorithms.

In terms of algorithm runtime, most approaches can be
run reasonably fast by understanding that the confidence
intervals for each game-agent pair are independent of both
each other and of the current number of rounds. This
means that only the upper and lower confidence bounds
of the selected game-agent pair need to be recomputed,
and all others will remain unchanged (essentially meaning
that just one new calculation needs to be performed each
round). The only exceptions to this are the KL-UCB and
PAC confidence intervals, which utilise the total number of
samples (i.e., current round number) in their calculations.
For these confidence intervals, the upper/lower bounds of
every game-agent pair must be updated after each round,
essentially resulting in MK calculations. However, even for
the relatively large number of game-agent pairs in the Ludii
dataset, these calculations still take significantly less time
than it would take to run a full trial for most games. Given
that the total runtime of each algorithm depends heavily on
utilised hardware and software optimisations, it has been
excluded from the presented results.

All source code, game-agent datasets and performance
scores used to produce the presented results is publicly
available online.!

B. DATASET EXPLORATION

Looking closer at both the GVGAI and Ludii results datasets
reveals many of the domain specific factors previously
mentioned in Sections II-B and III-D.

1 https://github.com/stepmat/Best_Agent_Identification_GGP
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TABLE 1. Best arm identification algorithms and hyperparameter values to be compared.

Algorithm Summary Hyperparameters

Random Random arm selection across all bandits

Uniform Equal arm selection across all bandits

GapE Selects arms that are close to the current best arm in each bandit Exploration value (a) =1, 2, 4, 8, 16]

GapE-V Alternative version of GapE that also considers reward variance Exploration value (a) =1, 2, 4, 8, 16]

UCB-E A highly exploring version of UCB that selects arms with the highest ~ Exploration value (a) = [2, 4, 8, 16] - log(n),

upper confidence bound (a = 2 - log(n) is equivalent to UCB1)
Repeatedly dismisses the worst performing arm in each bandit

Successive Rejects”
Sequential Halving”
Anytime Sequential Halving

RCP Selects arms with the highest regret change potential, based on a

selected confidence interval estimate

where n = round number

Repeatedly dismisses half the number of arms in each bandit

Repeatedly performs a shortened version of Sequential Halving,
using the minimal number of arm pulls required

Alpha value (o) =[0.1, 0.05, 0.01]
Confidence interval = [Wilson Score, Jeffreys,
Clopper—Pearson, Agresti—Coull, KL-UCB, PAC]

“Requires a fixed total number of arm pulls.
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FIGURE 2. Distribution of win-rates for each game-agent pair in the Ludii
dataset (total of 23,675 game-agent pairs).

o First, the result distributions for each game-agent
pair are often highly skewed towards the O and
1 extremities, see Figures 1 and 2, as most agents
are reasonably consistent in either winning or losing
a game over repeated trials. For the Ludii dataset,
we can also observe an additional, albeit smaller, spike
around the 0.5 win-rate for games that are frequently
drawn.

e Second, while the majority of games have only a
single “‘best agent”, there are a significant number of
games where multiple agents achieve the same result.
For the GVGAI dataset, 26 of the 108 games have
multiple top-performing agents (~24%), whereas for
the Ludii dataset this rises to 370 of the 1085 games
(~34%). For the purpose of calculating our average
probability of error results, selecting any one of these top
performing agents would be considered as the optimal
choice.

« Lastly, all game trials in the GVGALI dataset have binary
outcomes (0 or 1) whereas approximately 22% of game
trials in the Ludii dataset have a non-binary outcome
(i.e., a draw or partial win/loss result). This shows that
while our Ludii results are not strictly binomial, the
majority of game trials (~78%) do return either a O or
1 outcome.
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C. ALGORITHM COMPARISON

Using the GVGAI and Ludii game-agent results datasets
described above, we evaluate the performance of the
multi-bandit best arm identification algorithms described in
Table 1. This includes our proposed RCP algorithm, using
each of the six confidence intervals described in section III-D,
along with all previous state-of-the-art alternatives described
in Section III-C. To provide a more standard performance
baseline, we also evaluate a Random sampling approach
that selects a bandit-arm pair at random each time with
equal probability (i.e., with replacement) and a Uniform
sampling approach that selects each bandit-arm pair an equal
number of times (i.e., without replacement). For algorithms
with adjustable hyperparameters, a range of suitable values
were tested. Each algorithm and hyperparameter value
combination was run on both datasets 10 times, with 50,000
rounds (i.e., arm pulls) in each run. The simple regret of each
algorithm was calculated every 1000 pulls, providing us with
an average measure of performance across a varying number
of rounds.

Given that the optimal initial strategy at the start of
any best-arm identification process is to first sample all
bandit-arm pairs at least once, we decided to provide a
single consistent result from each game-agent pair as an
initial win-rate estimate at the start of our experiments.
Each best-arm identification approach had its performance
estimate for each arm initialised with this first result,
as any simple regret measures taken before this time would
essentially be identical for all algorithms. The 50,000 arm
pull budget provided to each algorithm in these experiments is
taken in addition to this initial single pull result for each arm.

VI. RESULTS

A. HYPERPARAMETER VALUES

We first discuss the impact that varying the hyperparameter
values for each best arm identification algorithm had on it’s
performance. To avoid cluttering this section with a high
number of graphs, the results of this comparison have been
placed in the Appendices A, B and C.
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1) RCP: ALPHA VALUE

Figures 16, 17 18 (GVGAI all levels), 22, 23, 24 (GVGAI
level 1), and 28, 29, 30 (Ludii) show the results of RCP
for each confidence interval estimate, using alpha values
0.1, 0.05 and 0.01. From these, we can see that altering the
alpha value does not substantially affect the overall trends
and performance of these confidence intervals for our RCP
algorithm. While there are some minor visible deviations
between the alpha values, it is not possible to separate
this from normal result variation (i.e., noise) and it would
appear that the RCP algorithm performs near equivalently
for reasonable alpha values across all of our general game
playing domains.

2) RCP: CONFIDENCE INTERVAL

Given that the performance of each RCP confidence interval
estimate was largely unaffected by the chosen alpha value,
we will focus specifically on the o = 0.05 case (Figures 17,
23 and 29). We also see very similar trends across each
dataset, and so will discuss the relative performance of each
RCP confidence interval estimate collectively across both
general game playing domains.

First, we can see that the performance difference in terms
of average simple regret for each of the first four confidence
intervals (Wilson Score, Jeffreys, Clopper—Pearson and
Agresti—-Coull) is very minimal. All of these estimates
demonstrate near identical trends in terms of regret reduction
and variance, indicating that any of these confidence intervals
would provide a suitable upper and lower regret bound.

In contrast, KL-UCB initially performed equally well
in the early rounds, but eventually diverged from the
other approaches. Interestingly, for the GVGALI datasets (all
levels and level 1) KL-UCB showed significantly worse
performance between 5,000 and 10,000 rounds, but was able
to recover to near equal regret reduction soon after this. For
the Ludii dataset, KL-UCB started to diverge from the other
top performing estimates after the 10,000 round mark, and
this continued to widen as more rounds were carried out.

Lastly, PAC achieved the worst overall performance,
achieving a lower average simple regret than the other
confidence interval estimates after any number of rounds.
Despite this, PAC is the only approach to utilise an adaptive
alpha value that ensures widening confidence intervals for
each arm as the number of rounds increases (so long
as it is not pulled) providing us with a fixed-confidence
guarantee. In practice however, it seems that the four binomial
proportion confidence intervals implemented (Wilson Score,
Jeffreys, Clopper—Pearson and Agresti—Coull) achieve the
best regret reduction results up to the 50,000 rounds
evaluated.

3) GapE / GapE-V / UCB-E: EXPLORATION VALUE

Figures 13, 14, 15 (GVGAI all levels), 19, 20, 21 (GVGAI
level 1), and 25, 26, 27 (Ludii) show results for the GapE,
GapE-V and UCB-E algorithms using a range of exploration
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values. From these, we can see that larger exploration
values are typically associated with a higher average regret,
particularly after the early rounds. The only exception to
this seems to be GapE, where an exploration value of a =2
appears to perform slightly better than a =1.

4) SUMMARY

Based on these findings, we have selected only the overall
best performing hyperparameter value combination for each
algorithm to directly compare against each other. More
specifically, for GapE (¢ = 2), for GapE-V (a = 1), for
UCB-E (a = 2), and for RCP (a = 0.05, confidence interval
= Wilson Score). In practice, we observed that the choice
of hyperparameter values for our RCP algorithm had very
little impact on its overall performance (with the exception
of KL-UCB and PAC confidence intervals). The decision to
only compare these specific hyperparameter combinations
is simply to prevent graph overcrowding in our presented
results. Full results for all hyperparameter values are provided
in the Appendix.

B. GVGAI

The average regret of each best agent identification algorithm
for both the GVGAI (all levels) and GVGAI (level 1)
datasets are shown in Figures 3 and 4 respectively. From
these results we can see that our proposed RCP algorithm
provides a substantial performance improvement compared
to all previous approaches for any number of rounds. When
applied to the GVGALI (all levels) dataset, the simple regret
of our RCP approach is approximately 35.7% smaller than
that of the second best approach (UCB-E), and 64.5% smaller
than the more typical uniform sampling approach (averaged
across the full 50,000 rounds). The improvement provided
by RCP is even more pronounced for the GVGALI (level 1)
dataset, with our simple regret being 47.3% smaller than
UCB-E and 70.5% smaller than uniform sampling over the
same 50,000 round period.

Looking closer at these results, we can identify some
general trends for each algorithm. Interestingly, the perfor-
mance comparisons between the GVGALI (all levels) and
GVGALI (level 1) datasets are remarkably similar, and so
our observations can be jointly applied to both. RCP clearly
performs best, achieving a lower average simple regret
than all other algorithms for any number of rounds. After
this, the second best performing approach is most often
UCB-E, with the default UCB1 exploration value of a =
2 - log(n). However, after this the comparison is not as
clear cut, with different algorithms performing better after
varying round amounts. Gape-E starts off well early on
but performs worse as the number of rounds increases,
eventually only beating Random, Uniform and Sequential
Halving after 50,000 rounds. GapE-V by comparison starts
off worse, but overtakes GapE after the 20,000 round
mark. Both Successive Rejects and Sequential Halving are
designed for a fixed total number of arm pulls, and so
initially perform very poorly as the are not intended for early
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FIGURE 3. Average simple regret for each Best Arm Identification
algorithm when applied to the GVGAI (all levels) game-agent results
dataset. The shaded uncertainty region indicates plus/minus one
standard deviation.
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FIGURE 4. Average simple regret for each Best Arm Identification
algorithm when applied to the GVGAI (level 1) game-agent results
dataset. The shaded uncertainty region indicates plus/minus one

standard deviation.

stopping. However, they eventually match the performance
of most other approaches once we reach defined 50,000
round end point. The Anytime Sequential Halving algorithm
demonstrates its improved “stop anytime” functionality
over regular Sequential Halving, achieving a much lower
average simple regret in the earlier rounds and a near equal
performance after 50,000 rounds. Lastly, it is unsurprising
that Random and Uniform performed the worst overall, both
of which are fairly naive (although still commonly used)
evaluation approaches.

C. LUDII

The average regret of each best agent identification algorithm
for the Ludii game-agent dataset is shown in Figure 5.
Similar to the GVGAI datasets, our proposed RCP algorithm
again provides a significant performance increase, achieving
a simple regret that is 35.5% smaller than UCB-E and 55.7%
smaller than uniform sampling when averaged across all
50,000 rounds.

One immediate observation is that the reduction in average
simple regret for the Ludii dataset is less rapid compared
to the GVGALI dataset. This could be due to several factors,
but is most likely caused by the fact that the Ludii domain
simply has more games compared to GVGAI, and hence more
bandits to split pulls between. As a result, we would require a
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FIGURE 5. Average simple regret for each Best Arm Identification
algorithm when applied to the Ludii game-agent results dataset. The
shaded uncertainty region indicates plus/minus one standard deviation.

much larger number of rounds before our regret would begin
to plateau, although we can see this beginning to occur for
RCP towards the 50,000 round mark.

In terms of the other other algorithms evaluated, UCB-
E started off well (even outperforming RCP for the first
few thousand rounds) but quickly worsened and ended up
matching the performance of GapE after the full 50,000
rounds. This apparent improvement in GapE compared to
the GVGAI results could be due to 50,000 round limit being
relatively small compared to the number of Ludii game-agent
pairs (23,675) and that with additional rounds the relative
performance of GapE may worsen (although this is uncon-
firmed). GapE-V appeared to perform consistently worse
than its GapE counterpart, perhaps due to an insufficient
number of rounds for it to get an accurate estimation of
each arm’s variance. Anytime Sequential Halving initially
performed worse than regular Sequential Halving, but did
overtake it after 25,000 rounds. Successive Rejects appeared
to be doing well until the 40,000 round mark, after which
it began to plateau. The results for Successive Rejects
and Sequential Halving are particularly odd, flattening well
before the 50,000 round limit. The reason for this is largely
due to their requirement of a fixed number of arm pulls per
bandit, and is discussed in greater detail below.

1) FIXED ROUND NUMBER LIMITATIONS

One significant drawback of the Sequential Halving and
Successive Rejects algorithms is that they often do not use
all of the pulls available to them [5], [28]. This is because
both algorithms distribute pulls across several arm selection
rounds ahead of time, requiring that the number of pulls each
round be divisible between the remaining arms (which often
results in some leftover pulls). This problem is particularly
prevalent in situations where the number of available pulls is
relatively low compared to the number of bandit arms. Our
Ludii dataset presents just such a scenario, with 1085 games
and a budget of 50,000 trials meaning that each game is
assigned only 46 trials. Given that each game can have
up to 29 potential agents that need evaluating, this very
small trials-to-agents ratio severely limits the effectiveness
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FIGURE 6. Average probability of error for each Best Arm Identification
algorithm when applied to the GVGAI (all levels) game-agent results
dataset.
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FIGURE 7. Average probability of error for each Best Arm Identification
algorithm when applied to the GVGAI (level 1) game-agent results dataset.

of these approaches. Sequential Halving is most impacted
by this, with only 26,834 (~54%) of its allocated trials
being properly used. After this point, any remaining pulls
are distributed randomly across all available arms, resulting
in a substantially decreased improvement rate compare to
previous rounds. Successive Rejects is also affected by this
same issue, using just 39,102 (~78%) of its available trials
before resorting to random pulling, but the fact that it discards
its arms one at a time instead of removing half appears to
reduce this impact. This issue is also much less prevalent
for the GVGALI dataset, likely due to the reduced number
of games this dataset has, leading to an increased number of
trials per game-agent pair.

D. AVERAGE PROBABILITY OF ERROR
While the primary focus of our RCP algorithm is on
minimising the average simple regret across all games, we can
also measure the number of games where we correctly
identify the best performing agent (average probability of
error). The average probability of error of each best arm
identification algorithm for the GVGALI (all levels), GVGAI
(level 1) and Ludii datasets are shown in Figures 6, 7 and 8
respectively.

While our RCP algorithm does still outperform all other
alternatives, the percentage improvement is substantially
lower when measuring average probability of error (APE)

Random
—— Uniform

GapE (2)
— GapEV (1)
— UCBE(2)

0.70

3
@
&

—— Successive Rejects

—~— — —— Sequential Halving

= T Anytime Sequential Halving
= —= RCP-Wilson Score (0.05)

o
o
3

o
o
a

Average Probability of Error

0.50

0 10000 20000 30000 40000 50000
Number of Rounds

FIGURE 8. Average probability of error for each Best Arm Identification
algorithm when applied to the Ludii game-agent results dataset.

compared to average simple regret. Compared to the previous
second-best approach (UCB-E) RCP achieved a 10.4% lower
APE for the GVGAI (all levels) dataset, a 20.2% lower APE
for the GVGAI (level 1) dataset, and a 10.7% lower APE for
the Ludii dataset. While this performance improvement is less
substantial compared to our results for average simple regret,
it is still nonetheless a demonstrable reduction in APE over
prior techniques.

E. UNIFORM BANDIT SELECTION

To better understand the impact that our dynamic multi-bandit
selection process has on the overall performance of our
RCP algorithm, we also evaluated our previously described
uniform bandit selection variant (Section IV-B). The intention
for RCP is to focus pulls on bandits where there is still a
high potential for regret change, typically associated with a
high uncertainty in estimating the expected reward for several
top-performing arm candidates. This is in contrast to the
uniform bandit selection variant, which allocates an equal
number of pulls to each bandit.

The regular RCP algorithm selects the arm with the highest
potential of altering the regret of it’s associated bandit, often
leading to a highly imbalanced number of pulls for each
bandit, see Figures 9 and 10. These graphs visualise the
selection distribution of bandits (i.e. games) when applying
the regular RCP algorithm (Wilson score, @ = 0.05, averaged
across all 10 runs) for each of our domains. We can see
that RCP selects fewer trials for the majority of games when
compared to uniform bandit selection. However, there are
also several games with a comparatively large number of
trails, indicating that these games had a relatively high regret
change potential.

Looking first at the average simple regret results, see
Figure 11, we can see that the uniform bandit selection
variant appears to achieve a better regret reduction when we
have a small number of rounds, but that our RCP’s dynamic
approach to selecting which bandits to pull leads to a better
long-term performance boost. This most prevalent for Ludii
dataset, where it achieves an average regret 17.6% smaller
that it’s uniform bandit selection variant (averaged across the
full 50,000 rounds).
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FIGURE 9. Distribution of arm pulls (i.e., number of trials) using our RCP
algorithm (Wilson score, o« = 0.05) for each game in the GVGAI dataset.
Uniform bandit selection allocates a fixed 462 trials per game.
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FIGURE 10. Distribution of arm pulls (i.e., number of trials) using our RCP
algorithm (Wilson score, « = 0.05) for each game in the Ludii dataset.
Uniform bandit selection allocates a fixed 46 trials per game.
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FIGURE 11. Average simple regret for RCP (Wilson score, « = 0.05) when
applied to each game t results dataset, using both dynamic (i.e.,
regular) and uniform bandit selection. The shaded uncertainty region
indicates plus/minus one standard deviation.

In contrast, the uniform bandit selection variant seemingly
performs much better when comparing the APE between the
two approaches, see Figure 12. This is not unexpected, as our
proposed RCP approach is designed specifically for regret
reduction rather than APE, and so is likely to under-sample
bandits where the selected arm is close to optimal (even
if it may not actually be the best arm). However, if the
goal is indeed to find the true best performing agent for
each game, regardless of how small the regret difference is,
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FIGURE 12. Average probability of error for RCP (Wilson score, « = 0.05)
when applied to each game-agent results dataset, using both dynamic
(i.e., regular) and uniform bandit selection. The shaded uncertainty region
indicates plus/minus one standard deviation.

then the uniform variant of RCP appears to give the best
results.

F. DISCUSSION

Overall, the improvements in best agent identification offered
by our proposed RCP algorithm are clear across both
domains, being able to to consistently outperform all other
techniques for the vast majority of rounds tested. We believe
that one of the core reasons for this improvement is our
decision to focus primarily on the simple regret metric, rather
than the average probability of error (APE) metric. Many
prior best-arm identification algorithms choose to focus on
the later, resulting in approaches that would prioritise pulling
arms in a bandit that were very near the top performing arm
in a attempt to find the “one true’ best arm. This would often
result in behaviour that provides minimal benefit towards
optimising simple regret. For example, in a bandit where
multiple arms achieve a very high (but not perfect) success
rate, it takes a lot of pulls to identify which is the best
performing arm. However, from a regret metric perspective,
it makes very little difference which arm we select, and our
pulls would likely be more useful on other bandits.

The benefits of our RCP algorithm also appear to be
most prominent in the early-mid round period, where it
quickly achieved a much lower simple regret compared to
other techniques. As more rounds are performed we see that
this gap begins to shrink, although the overall percentage
improvement remains relatively stable. Given an sufficiently
large number of rounds, even random arm selection would (in
theory) be able to obtain a perfect average simple regret score
of zero, although such an assumption is clearly not feasible
in practice. Demonstrating our RCP algorithm’s improved
performance over a wide range of possible rounds emphasises
its practical application to estimating agent performance in a
realistic experimental setting.

VIl. CONCLUSION

In this paper we have presented our novel RCP algorithm
for best arm identification in multi-armed bandits. This
approach uses a provided confidence interval to estimate the
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regret change potential of each arm, and has been designed
specifically for the task of identifying the best agents in a
general game playing domain. Experiments conducted on
two of the most popular general game systems (GVGAI
and Ludii) reveal that our proposed approach significantly
outperforms all previous state-of-the-art algorithms. We hope
that this approach will be applied to enhance future agent
evaluation procedures across a wide range of general game
systems.

A. FUTURE WORK

There are several aspects that we did not consider for our
presented RCP algorithm that could be explored further.
In our experiments, all trials were assumed to take an equal
length of time to complete. However, this is often not the case,
with certain games likely taking much longer to complete
than others. Skilled agents may also be able to win easy
games quicker than less skilled agents, or conversely take
longer to lose at harder games. While we did not explore
these aspects within this paper, it should be possible to
create a ‘“‘cost aware’ version of our algorithm that considers
the expected computational expense of performing a trial
for a specific game-agent pair (based on prior experience).
We also did not consider any domain specific measures that
could be used to identify performance correlations between
games/agents. If we are able to estimate that two (or more)
games/agents have similar profiles, then results obtained
from one trial could potentially be applied proportionately
to several other related games/agents. Domain agnostic
measures of game/agent distance could also be determined
based on the similarity of prior results, although these may
not always prove reliable.

One limitation with some of our proposed confidence
interval estimates (specifically Wilson Score, Jeffreys,
Clopper—Pearson and Agresti—-Coull) is that they do not
consider the total number of samples (i.e., rounds) that have
been performed. This makes them fast to compute, as only the
confidence bounds of the last arm pulled needs to be updated,
but also means that the confidence bounds of an arm only
change if it is pulled. This could lead to a situation where,
through very bad luck, the lower confidence bound of a
non-best arm exceeds the upper confidence bound of the best
arm. While this is very unlikely to happen, particularly for
very small alpha values, it is still theoretically possible. One
way to address this problem would be to use an adaptive alpha
value that decreases as the current round number increases
(similar to that of PAC). A correctly tuned adaptation rate
could also lead to improved performance, by starting off with
a high alpha value that finds good (although potentially not
optimal) solutions quickly, and then steadily decreasing this
alpha value to increase the amount of exploration (i.e., reverse
annealing).

Another suitable avenue for future work would be
to identify additional multi-task, multi-agent domains for
carrying out further evaluations. Our approach is general
enough to work on datasets for any such domains, providing
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the requirement on reward limits being bounded between
0 and 1 is satisfied. While we selected binomial confidence
interval estimates specifically for the domain of general game
playing, it is also possible that other confidence intervals
would be better suited for alternative domains with different
reward distributions. Further evaluations will therefore be
needed to accurately estimate the wider applicability of our
approach.

Lastly, one of the immediate applications of our proposed
best-agent-identification process would be to improve the
performance of portfolio agents that leverage a suite of other
pre-existing agents to make decisions. In their simplest form,
portfolio agents are classification models trained to predict
the best performing agent for a specific game. These agents
are trained on labelled instances of prior games where the
best performing agent is already known. Using our proposed
best-agent-identification approach, the best performing agent
in any given game can be estimated far more efficiently.
This can potentially lead to a significant boost in the training
speed and performance of portfolio agents for general game
playing, as well as other domains where ground truth labels
are expensive to compute.

APPENDIX A GVGAI (ALL LEVELS) ADDITIONAL
HYPERPARAMETER RESULTS

In this appendix we provide additional results for all
algorithm hyperparameter values on the GVGALI (all levels)
dataset.
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FIGURE 13. Average simple regret for each GapE exploration value when
applied to the GVGAI (all levels) game-agent results dataset.
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FIGURE 14. Average simple regret for each GapE-V exploration value
when applied to the GVGAI (all levels) game-agent results dataset.
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FIGURE 16. Average simple regret for each RCP confidence interval
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APPENDIX B GVGAI (LEVEL 1) ADDITIONAL
HYPERPARAMETER RESULTS

In this appendix we provide additional results for all
algorithm hyperparameter values on the GVGAI (level 1)
dataset.
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FIGURE 19. Average simple regret for each GapE hyperparameter when
applied to the GVGAI (level 1) game-agent results dataset.
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FIGURE 20. Average simple regret for each GapE-V hyperparameter when
applied to the GVGAI (level 1) game-agent results dataset.
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FIGURE 21. Average simple regret for each UCB-E hyperparameter when
applied to the GVGAI (level 1) game-agent results dataset.
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FIGURE 22. Average simple regret for each RCP confidence interval
(¢ = 0.1) when applied to the GVGAI (level 1) game-agent results dataset.
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FIGURE 23. Average simple regret for each RCP confidence interval
(e = 0.05) when applied to the GVGAI (level 1) game-agent results

dataset.
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FIGURE 24. Average simple regret for each RCP confidence interval (« =
0.01) when applied to the GVGAI (level 1) game-agent results dataset.

APPENDIX C Ludii ADDITIONAL HYPERPARAMETER

RESULTS

In this appendix we provide additional results for all
algorithm hyperparameter values on the Ludii dataset.
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FIGURE 25. Average simple regret for each GapE hyperparameter when
applied to the Ludii game-agent results dataset.
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FIGURE 26. Average simple regret for each GapE-V hyperparameter when
applied to the Ludii game-agent results dataset.
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FIGURE 27. Average simple regret for each UCB-E hyperparameter when
applied to the Ludii game-agent results dataset.
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FIGURE 28. Average simple regret for each RCP confidence interval
(¢ = 0.1) when applied to the Ludii game-agent results dataset.
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FIGURE 29. Average simple regret for each RCP confidence interval
(e = 0.05) when applied to the Ludii game-agent results dataset.
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FIGURE 30. Average simple regret for each RCP confidence interval (« =
0.01) when applied to the Ludii game-agent results dataset.

APPENDIX D PROBABLY APPROXIMATELY CORRECT
RESULT

We present a standard fixed-confidence guarantee for our
the RCP algorithm when employing the previously described
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PAC confidence interval. This guarantee relies on (i)
confidence intervals that hold uniformly over time and (ii)
a separation-based stopping rule.

For each bandit m e ({1, ,M} and arm k €
{1,...,K}, rewards are i.i.d. random variables in [0, 1]
with mean p,, . Recall that T, ;(t) denotes the number
of observations collected from pair (m, k) up to time
t, and let f[i,,x(t) be the corresponding sample mean.

For a user-defined confidence parameter § € (0, 1),
define
. 65
Skt = MKE )
the confidence radius
log(2/8m k.
PR P . /LI ®)
2max{1, Tp ()}
and the confidence interval [Ly, (¢), Up x(¢)] with
Ly i (t) := max{0, fLy x(t) — B i (1)}, 9
U (t) := min{1, fy k() + B x(t)}. (10)

Let l%m(t) € arg maxy [L,; k() be the estimated
best arm on bandit m at time f. We use a stop-
ping rule where t is the first time ¢ such that, for
every m,

Lmk (t)(t) > max Up(0). (11)
k#kn(1)

Upon stopping, we make final recommendations of J,,
l%m(r) for each m.

Define the event that all confidence intervals contain the
true means simultaneously for all times:

M K
= () N{tmk € Lni @), Uns®1).  (12)

t>1 m=1 k=1

Lemma 1: With rewards bounded within [0, 1], we have
Pr(€) > 1-34.

Proof: Fix any triple (m,k,t). The random vari-
able [l x(t) is the average of n ii.d. samples in
[0,1] with mean wum,i. By Hoeffding’s inequality, for
anyn > 1,

, 1082/ 1cr)
Pr( it (0) = il > || =52 | T (0) =

< 5m,k,t- (13)

The definition (8) uses max{1, Tj, x(t)} so the same bound
holds unconditionally, implying

Pr (:Uvm,k ¢ [Lm,k(t)a Um,k(t)]) =< 8m,k,t~

Then applying a union bound over all m, k, ¢:

oo M K

Pr(—=€) < ZZZamk,_ ZMK

2 2
t=1 m=1k=1 MKt

VOLUME 14, 2026

65 <1 65 n?
—;Zﬁzﬁ.?za. (14)
=1

|
Assuming that the stopping rule has been reached after
some amount of time, we have that for all bandits m,

Pt = L, 3 (0) = maxUpp(r) > max fi, k.
’ k#k ks#k
Hence u,, G = Maxg fmk, that is, k e arg maxy [, k-

T herefore the probability of making at least one incorrect
recommendation satisfies

Pr(3m: Jy, ¢ arg max Wmk) < 6.
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