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Abstract

We introduce a novel, drop-in modification to Monte Carlo
Tree Search’s (MCTS) decision policy that we call AUPO.
Comparisons based on a range of IPPC benchmark problems
show that AUPO outperforms vanilla MCTS in domains with
dense rewards and value-equivalent sibling actions under fi-
nite iteration budgets. AUPO is an automatic action abstrac-
tion algorithm that solely relies on reward distribution statis-
tics acquired during the MCTS. Thus, unlike other automatic
abstraction algorithms, AUPO requires neither access to tran-
sition probabilities nor does AUPO require a directed acyclic
search graph to build its abstraction, allowing AUPO to de-
tect symmetric actions that state-of-the-art frameworks like
ASAP struggle with when the resulting symmetric states are
far apart in state space. Furthermore, as AUPO only affects
the decision policy, it is not mutually exclusive with other ab-
straction techniques that only affect the tree search.

Introduction
A plethora of important problems can be viewed as se-
quential decision-making tasks such as autonomous driving
(Liu et al. 2021), energy grid optimization (Sogabe et al.
2018), financial portfolio management (Birge 2007), or
playing video games (Silver et al. 2016). Though arguably
state-of-the-art on such decision-making tasks is achieved
using machine learning (ML) as demonstrated by Deep-
Mind with their AlphaGo agent for Go (Silver et al. 2016)
or OpenAI Five for Dota 2 (Berner et al. 2019), there is
still a demand for general domain-knowledge independent,
on-the-go-applicable planning methods, properties which
ML-based approaches usually lack but which are satisfied
by Monte Carlo Tree Search (Browne et al. 2012) (MCTS),
the method of interest for this paper. For example, Game
Studios rarely implement ML agents as they have to be
expensively retrained whenever the game and its rules
and updated. Though not within the scope of this paper,
improvements to MCTS might also potentially translate
to ML-based methods that use MCTS as their underlying
search.

One family of approaches to improve the performance
of MCTS is using abstractions that usually group similarly
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behaving nodes or actions of the search tree. State-of-the-art
abstraction tree searches such as OGA-UCT (Anand et al.
2016) all rely on the reward function being deterministic,
having full access to the transition probability of any
sampled state-action pair, and on the search graph being a
directed acyclic graph (DAG). While these methods could
in principle still be applied if the first two conditions aren’t
met (i.e. by, approximating the reward and transition proba-
bilities), they fundamentally rely on doing search on a DAG,
which requires being able to check state equalities which
is not always guaranteed (e.g., in memory-constrained
settings where states may only be represented as action,
stochastic-outcome sequences, in partially observable
domains, in continuous-state settings, or in blackbox
simulation settings). Until now, no domain-independent,
non-learning-based MCTS abstraction algorithms for dis-
crete, fully-observable settings exist that have no additional
constraints than MCTS. This is a gap that this paper closes.
Concretely, we introduce Abstracted Until Proven
Otherwise (AUPO), the first MCTS-based abstraction
algorithm that can outperform MCTS in a discrete, fully-
observable, non-learning-based setting whilst requiring
neither access to transition probabilities nor a DAG, nor
a deterministic reward setting. Necessary conditions for
AUPO to yield performance gains are that the environment
contains dense rewards and states with multiple actions that
have similar values.

AUPO is a heuristic that only affects the decision policy
and can thus even be combined and enhanced with other ab-
straction algorithms during the tree policy. Furthermore, in
practice, AUPO can detect symmetric actions that the ASAP
(Anand et al. 2015) framework cannot when the resulting
symmetric states are far apart in state space, as ASAP needs
the search graph to converge. As only the decision policy
is affected, AUPO’s runtime overhead vanishes with an in-
crease in the iteration count (see appendix Tab.3).

The key idea of AUPO is to consider all actions at the
root node initially as grouped, only splitting groups if
the layerwise reward distributions, which were tracked
during the MCTS search phase, differ significantly. To our
knowledge, AUPO is the first abstraction algorithm to build
abstractions based solely on reward distribution statistics.

The paper is structured as follows. First, in Related
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Work, we give an overview of domain knowledge inde-
pendent abstraction tree searches. Next, in Foundations
we formalize our problem setting, and lay the theoretical
groundwork for understanding AUPO. This is followed
by the section Method where we formalize AUPO and
Experiments where we experimentally verify AUPO and
discuss the experimental results. Lastly, in Limitations and
Future Work we summarise our findings and show avenues
for future work.

Related Work
The literature on abstraction-using planners is vast and
ranges from abstractions for strategy games (Moraes and
Lelis 2018; Xu, Dockhorn, and Perez-Liebana 2023), card
games such as Poker (Billings et al. 2003) to board games
such as Go (Childs, Brodeur, and Kocsis 2008) or even hos-
pital scheduling planners (Friha, Berry, and Choueiry 1997).
Aside from such domain-specific abstractions, general ab-
straction methods are developed for continuous and/or par-
tially observable domains (Hoerger et al. 2024) or learning-
based abstractions such as learning and planning on abstract
models (Ozair et al. 2021; Kwak et al. 2024; Chitnis et al.
2020), or building abstractions that rely on learned func-
tions (e.g. a value function) (Fu et al. 2023). A comprehen-
sive survey that focuses on non-learning-based abstraction
techniques is provided by Schmöcker et al. (Schmöcker and
Dockhorn 2025).

The literature on non-learning-based, fully domain-
independent abstraction (the scope of this paper) techniques
is small. For MCTS-based planners research has heavily fo-
cused on grouping states or state-action pairs of the current
MCTS search graph such that their aggregate statistics can
be used the enhance the UCB formula. This is achieved by
bootstrapping of state-action pair with common successors
and inferring which other states or state-action pairs must
consequently be value-equivalent (Jiang, Singh, and Lewis
2014; Anand et al. 2015, 2016). In contrast to AUPO, how-
ever, these methods can only be applied if one has access to
an equality check operator and if the state space graph is not
a tree.

All of the above-mentioned techniques can be thought
of as pessimistic in that they only abstract actions or states
when precise conditions are met. However, in environments
where equivalences are the norm and not the exception, op-
timistic approaches, such as AUPO, can thrive. For exam-
ple, PARSS (Hostetler, Fern, and Dietterich 2015) modifies
Sparse Sampling by initially grouping all successors of each
state-action pair. These groups are refined by repeatedly
splitting them in half as the search progresses. Like PARSS,
AUPO can also be viewed as a refining and optimistic ab-
straction algorithm, but whereas PARSS randomly refines
its abstractions when it does not have access to additional
state information, AUPO does so using statistical evidence.
Like PARSS and AUPO, the method of fully abandoning an
abstraction mid-search (Xu, Dockhorn, and Perez-Liebana
2023) or dynamically dropping abstractions on a per-node
level (Schmöcker, Kampmann, and Dockhorn 2025) can
also be seen as an abstraction refinement technique. Another
refining approach that is not fully domain-independent is to

group states based on a domain-specific distance function,
and the maximal grouping distance shrinks as the search pro-
gresses (Sokota et al. 2021).

Foundations
We use finite Markov Decision Processes (MDP) (Sutton
and Barto 2018) to formalize the sequential decision-making
tasks AUPO attempts to solve.

Definition: An MDP is a 6-tuple (S, µ0,A,P, R, T ) where
the components are as follows:
• S ̸= ∅ is the finite set of states, T ⊆ S is the (possi-

bly empty) set of terminal states, and µ0 ∈ ∆(S) is the
probability distribution for the initial state where ∆(X)
denotes the probability simplex of a finite, non-empty set
X .

• A : S 7→ A maps each state s to the available ac-
tions ∅ ̸= A(s) ⊆ A at state s where |A| < ∞. Let
P := {(s, a) | s ∈ S, a ∈ A(s)} be the set of admissible
state-action pairs.

• P : P 7→ ∆(S) is the stochastic transition function where
we use P(s′| s, a) to denote the probability of transition-
ing from s ∈ S to s′ ∈ S after taking action a ∈ A(s) in
s.

• R is the reward function that maps from P to a real-
valued random variable.

Starting in s0 ∼ µ0, an MDP progresses from state st to st+1

by first selecting an action at ∼ π(st) and then sampling
st+1 ∼ P(·|st, at) where π is any agent for M . An agent
π : S 7→ ∆(A) for an MDP M is a mapping from states to
action distributions with π(s)(a) = 0 for any a ̸∈ A(s).
Crucially, an agent’s output depends only on a single state.
At each transition M samples the reward rt ∼ R(st, at).

In this paper, we consider only the finite horizon set-
ting where the game ends after at most h ∈ N steps
or earlier when a terminal state is reached. We call
h the horizon and any state-action-reward sequence
(s0, a0, r0), . . . , (sn, an, rn), sn+1 that can be reached a
trajectory. If additionally n + 1 = h or sn+1 ∈ T we call
this trajectory an episode.

The goal of any agent is to maximize its expected return. The
return of an episode τ = (s0, a0, r0), . . . , (sn, an, rn), sn+1

is defined as the (possibly discounted) sum of rewards,
i.e. R(τ) :=

∑n
i=0 ri · γi where 0 < γ ≤ 1 is the

discount factor. For any given state s, action a ∈ A(s), and
maximum remaining steps k ≤ h we call Q∗(s, a, k) the
Q-value of (s, a, k) and V ∗(s, k) the state value of s (given
k remaining steps) which are defined as

Q∗(s, a, k) := max
π

Eτ∼τ(π,s,a,k)[R(τ)], (1)

V ∗(s, k) := max
a∈A(s)

Q∗(s, a, k) (2)

where τ(π, s, a, k) denotes the trajectory distribution of an
agent π induced by starting at state s, directly applying a and
then playing according to π for at most k− 1 steps or until a
terminal state is reached. We write Q∗(s, a) := Q∗(s, a, h)
and V ∗(s) := V ∗(s, h) and V ∗ := Es0∼µ0

[V ∗(s0)].
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Our AUPO method will heavily rely on and be com-
pared to MCTS. For a detailed MCTS description, see ap-
pendix section Monte Carlo Tree Search. The appendix to-
gether with the code can be found in this paper’s GitHub
repository (Schmöcker, Dockhorn, and Rosenhahn 2025b).
The MCTS version we employ here, chooses the root action
with the highest Q value as the decision policy and uses the
UCB tree policy. In the appendix in Fig. 8, we compared this
decision policy against choosing the most visited action, the
latter of which was inferior in most environments which is
why we decided to use the greedy Q decision policy.

Method
In this section, AUPO will be introduced. The pseudocode
is given in Alg. 1. The main idea of AUPO is to first find
action abstractions at the root node during the decision pol-
icy by comparing the reward distributions at depths 1, . . . , D
of the game tree. Initially, AUPO assumes all actions to be
grouped, however, if the reward distributions of two actions
differ significantly at any depth, the two actions are sepa-
rated. Then, these found groupings are used to obtain lower-
variance Q-value estimates for each root action by using the
aggregate statistics of their corresponding group. A more de-
tailed statistical analysis of this is found in the appendix in
The benefit of abstractions to the decision policy.

By construction the abstraction built by AUPO will be
sound i.e. only actions with the same Q∗ will be grouped
in the iteration limit. This as well as a characterization
of the convergence speed of AUPO is formalized and
proven in the appendix in the sections AUPO soundness
and AUPO convergence speed. This section is structured as
follows. Next, it will be described how AUPO groups the
root actions after MCTS has been run based on the gathered
MCTS statistics. Then, it will be described how these
groupings/abstractions are used to enhance the decision
policy.

Building the AUPO abstraction: Let us assume
we are in a state s ∈ S with actions a1, . . . , an.
After running standard MCTS for m iterations, we
have sampled m trajectories where we denote the
trajectories that started with action aj by τi,j =
(aw1

, r1, s1), (aw2
, r2, s2), . . . , (awDi,j

, rDi,j
, (sDi,j

)),
aw1 = aj , 1 ≤ i ≤ mj ,m1 + . . . + mn = m. Consider
the reward sequence Rd,aj obtained at depth d after playing
action aj at the root node i.e.

((Rd,aj )i)1≤i≤mj
:= rd with (awd

, rd, sd) = (τi,j)d (3)

where we define rd := 0 in case Di,j < d < D. Though
this is a heuristic assumption, we assume that all Rd,aj

are samples from a stationary distribution Rd,aj (this
assumption would only hold if we performed a pure Monte
Carlo search).

Next, we compute the empirical mean and standard
deviation for all Rd,j , d ≤ D, along with their confidence
intervals for a fixed confidence level q ∈ [0, 1]. Any pair
of actions aj , ak has 2 · D reward distributions associ-
ated with them which are R1,aj

, . . . ,RD,aj
for aj and

R1,ak
, . . . ,RD,ak

for ak.

AUPO then groups aj , ak if and only if all confidence inter-
vals (both the mean and std intervals) up to depth d ≤ D of
the pairs (Rd,aj

,Rd,ak
) overlap. AUPO builds the standard

Gaussian confidence intervals for q ∈ (0, 1) even though the
reward distributions themselves are not necessarily Gaus-
sian. In principle though one could employ other confidence
intervals, however, we achieved the best empirical results
with this technique. The comparisons with other confidence
intervals and even with distribution distance metrics like the
Kolmogorov-Smirnov-distance are shown in the appendix
in Other distribution discrimination techniques. For q = 1,
the interval is defined as (−∞,∞) and for q = 0 the
interval is equal to the singleton set containing only the
empirical mean of the quantity of interest.

If any confidence interval pair does not overlap, then
aj , ak are separated. Note that this induces a symmetric and
reflexive but not necessarily transitive relation over the root
actions.

Optionally, to ensure that in the limit, AUPO does not
group non-value-equivalent actions, we may additionally
separate two actions, if the distribution of their returns
differs significantly (in the sense that their mean and
standard deviation confidence intervals do not overlap). The
return of a trajectory is the (possibly discounted) sum of all
its rewards. We call this option the return filter RF ∈ {0, 1}.
Analogously, whether AUPO uses the standard deviation
confidence intervals for distribution separation is denoted
by the std filter SF ∈ {0, 1}.

Using the AUPO abstraction: We use the abstrac-
tions during the decision policy only. AUPO transforms the
decision policy into a two-step process. In the first step, we
assign each action aj its abstract Q-value which is the sum
of the returns divided by the sum of the visits of all actions
aj is grouped with. We select the action a∗ that maximizes
the abstract Q-value. Ties are broken randomly. In the
second step, we select the action inside the abstraction
of a∗ with the highest unabstracted/ground Q-value. This
decision policy makes AUPO a generalization of the greedy
decision policy as for both q ∈ {0, 1} AUPO’s decision
policy degenerates to the greedy policy. While for q = 0
step two becomes redundant, for q = 1 step one becomes
redundant.

AUPO example: Next, we illustrate on an instance of
the IPPC problem SysAdmin how AUPO detects abstrac-
tions. A detailed explanation is provided by Schmöcker et
al. (Schmöcker, Dockhorn, and Rosenhahn 2025a). Assume
we are in a state where all computers, except one outer
computer, are online. This is visualized in Fig. 1a. This state
features exactly four value-equivalent action types. Idling,
rebooting the offline computer (machine 3), rebooting (even
though it is still online) the hub computer (machine 0), or
rebooting any outer running computer (machines 1-2,4-9).
Given enough trajectory samples, AUPO separates and
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Algorithm 1: AUPO
Parameters: q , D, filter std, filter return, mcts args
Input: state
// Run MCTS and collect reward distribution data

1 n = num actions(state) , R[d, j] = [] ∀d, j
2 for i = 1 . . . mcts iterations do
3 sample MCTS trajectory with rewards r1, . . . , rD∗ and first action aj
4 for d = 1 . . . D do
5 R[d, j].append(rd if d ≤ D∗ else 0)
6 end
7 R∗[j].append

(
r1 + · · ·+ rmin(D,D∗)

)
8 end
// Compute confidence intervals

9 for j = 1 . . . n do
10 for d = 1 . . . D do
11 mean interval[d, j] = mean conf interval(R[d, j], q)
12 std interval[d, j] =std conf interval(R[d, j], q)
13 end
14 return mean interval[j] =mean conf interval(R∗[j], q)
15 return std interval[j] =std conf interval(R∗[j], q)
16 end

// Compute abstractions
17 for i = 1 . . . n do
18 abstract visits = 0, abstract value = 0
19 abstraction[i] = {}
20 for j = 1 . . . n do
21 abstracted = true
22 for d = 1 . . . D do
23 if mean interval[d, j] ∩mean interval[d, i] == ∅ or filter std and

std interval[d, j] ∩ std interval[d, i] == ∅ then
24 abstracted = false
25 end
26 end
27 if filter return and ( return mean interval[d, j] ∩ return mean interval[d, i] == ∅ or filter std and

return std interval[d, j] ∩ return std interval[d, i] == ∅) then
28 abstracted = false
29 end
30 if abstracted then
31 abstract visits+ = action visits(j)
32 abstract value+ = action returns(j)
33 abstraction[i].insert(j)
34 end
35 abstract Q[i] = abstract value

abstract visits
36 end
37 end

// Action selection
38 abs action = arg max

i=1...n
abstract Q[i]

39 ground action = arg max
i∈abstraction[abs action]

Q[i]

40 return ground action;
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subsequently detects these equivalences as follows.
Idle action: All actions except idling have the same imme-
diate reward, the reboot cost. Therefore, the idle action is
easily separated by considering only the mean of the 1-step
reward distribution.
Rebooting the offline computer: This action can be sepa-
rated from the others by the 2-step reward distribution, as
it takes one step for the computer to be rebooted and then
another step to receive the reward from the additional run-
ning computer. Though a little noisy, the 2-step reward will
be on average 1 higher than that of the other actions. We
quantitatively verified this in the appendix in Tab. 2.
Rebooting the hub computer: This action can be separated
from rebooting any of the outer running computers by the
standard deviation of the 3-step reward. If we reboot the hub
computer, we safeguard it from randomly crashing in the
next step, which prevents the catastrophe where numerous
other computers fail in the next step as they are connected to
the then-broken hub computer. This scenario happens only
rarely but when it does happen it is catastrophic, thus caus-
ing the 3-step reward of not rebooting the hub to have a rela-
tively high variance compared to rebooting and thus protect-
ing it. We quantitatively verified this in the appendix in Tab.
1.
Rebooting an outer running computer: Since they are sym-
metric and thus have identical reward distributions at all
downstream steps, AUPO optimistically assumes that they
are value-equivalent and thus abstracts them into a single
action.

Relation to other abstraction frameworks: The ab-
stractions AUPO detects include symmetric actions or more
formally, actions whose sub game-trees (the state-transition
graph rooted at the corresponding state-action pair) are
isomorphic. However, AUPO is only able to detect a proper
subset of value-equivalent actions and would miss, for
example, that an action with an immediate reward of 0,
which is always followed by an immediate reward of 1
could be equivalent to an action with an immediate reward
of 1 followed 0.

In practice, AUPO is able to detect abstractions that
ASAP could not because the latter requires the state graph
to converge on states from which the abstraction building
can be bootstrapped. Hence it is practically impossible for
ASAP to detect equivalences that arise due to symmetry. For
example, while it would be no problem for AUPO to detect
that saving any of the four corner cells is value-equivalent in
the Game of Life state visualized in Fig. 1b, ASAP would
not be able to detect this with feasible computational re-
sources. Game of Life is defined in the appendix section
Problem models.

Furthermore, ASAP struggles with a high stochastic
branching factor. While AUPO is able to detect that reboot-
ing any of the outer machines from the SysAdmin example
in Fig. 1a is value-equivalent, ASAP is not able to detect
these equivalences if two value-equivalent actions have not
sampled the exact same set of successors from which there
are 33554432 = 225.

0 1

2
34

5

6

7 8
9

3

(a) Visualization of a
SysAdmin state where
machine 3 has gone of-
fline but all other ma-
chines are running.

(b) A 5×5 Game of Life con-
figuration with only the four
corner cells alive.

Figure 1: Visualization of two environments considered in
this paper.

Experiments
In this section, we will present the setup and results for the
comparison of AUPO with MCTS showing that AUPO is
the first and currently only tree-search abstraction algorithm
that does neither require access to the transition proba-
bilities, nor the model having determinstic rewards, nor
requires a directed acyclic search graph but can outperform
MCTS.

Problem models: The problem models that we tested
AUPO on are either problems from the International
Conference on Probabilistic Planning (IPPC) (Grzes, Hoey,
and Sanner 2014) or appear throughout the literature. For
the readers not familiar with these problem models, these
are explained in the appendix section Problem models. For
details and the concrete instances, i.e. model parameter
choices, we refer to our publicly available implementation
(Schmöcker, Dockhorn, and Rosenhahn 2025b), which
is the translation into C++ of the Relational Dynamic
Influence Diagram (RDDL) (Sanner 2011) descriptions of
these environments found at the RDDL repository (Taitler
et al. 2022). These environments were deliberately chosen
as they appear throughout the abstraction literature (Anand
et al. 2015, 2016; Hostetler, Fern, and Dietterich 2015;
Yoon et al. 2008; Jiang, Singh, and Lewis 2014) or have
been used for planning competitions (Grzes, Hoey, and
Sanner 2014), feature value-equivalent sibling actions,
dense rewards, two theoretically necessary requirements
for AUPO to yield any performance increase. We include
the data for sparse-reward environments in Fig. 7 in the
appendix to show that while AUPO cannot gain advantages
in these environments, it at least causes no harm.

Experiment setup and reproducibility: For every
experiment, we used a horizon of 50 episode steps. Since
we are in the finite-horizon setting, we used a discount of
γ = 1. We ran every experiment for at least 2000 episodes,
and whenever we denote the mean return of this experiment
we additionally provide a 99% confidence interval. We
denote the confidence interval of any quantity by its mean
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and the half of the interval size, e.g. we would denote a
return confidence interval (1, 3) by 2 ± 1. For both MCTS
and AUPO, we performed random playouts until the episode
terminates. Additionally, as the problem models vary in
their reward scale, we used the dynamic exploration factor
Global Std (Schmöcker, Schnell, and Dockhorn 2025) that
is given by C ·σ where σ is the empirical standard deviation
of all Q values of the current search tree and C ∈ R+ is
a parameter. For reproducibility, we released our imple-
mentation (Schmöcker, Dockhorn, and Rosenhahn 2025b).
Our code was compiled with g++ version 13.1.0 using the
-O3 flag (i.e. aggressive optimization). An overview of all
experimental setting parameters is provided in Tab. 6 in the
appendix.

Parameter-optimized performances: First, we tested
whether and in which environments AUPO can increase
the parameter-optimized performance over MCTS. To
do this, we considered the best AUPO performance
when varying the parameters exploration constant
C ∈ {0.5, 1, 2, 4, 8, 16}, distribution tracking depth
D ∈ {1, 2, 3, 4}, using the return filter RF ∈ {0, 1}, and
varying the confidence level q ∈ {0.8, 0.9, 0.95, 0.99}.
Furthermore, since the standard UCB tree policy results
in non-uniformly distributed visits, we also considered
AUPO’s performance when using a uniform root policy
(denoted as U-AUPO) which has two main effects. Firstly,
each action, even those that UCB would not exploit, receive
visits, thus shrinking their confidence intervals, making
them easier to separate from other actions. And secondly,
we reduce the risk of separating actions with layerwise
identical reward distribution because in MCTS the distribu-
tions shift with an increasing visit count as MCTS starts to
exploit.

We compared AUPO and U-AUPO to the performance
of MCTS and MCTS with a uniform root policy U-MCTS,
as well as RANDOM-ABS that is the same as AUPO
except that for each action pair they are randomly ab-
stracted at the decision policy with the probability prandom ∈
{0.1, 0.2, . . . , 0.9}. Hence, RANDOM-ABS is equivalent to
MCTS in the cases prandom ∈ {0, 1}. RANDOM-ABS ver-
ifies that the abstractions found by AUPO outperform ran-
domly formed abstractions. To reduce the amount of visuals;
any RANDOM-ABS data points are simply the maximum of
both RANDOM-ABS with a uniform root policy and stan-
dard root policy. The parameter-optimized performances in
dependence of the iteration number are visualized in Fig. 2.
The following key observations can be made:
1) AUPO can gain a performance advantage over MCTS
(and RANDOM-ABS) in 11 out of the 14 environments
considered here, in at least one iteration budget. In the envi-
ronments, Academic Advising, Game of Life, Multi-armed
bandit, Push Your Luck, Cooperative Recon, SysAdmin, and
Traffic, AUPO maintained a performance edge for the ma-
jority of iteration budgets.
2) Expectedly, U-MCTS mostly performed worse than
MCTS, however, the performance improvements between
U-MCTS and U-AUPO is mostly significantly greater than
the gap between MCTS and AUPO, showing that AUPO

as suggested benefits from uniformly distributed visits.
Notably, there is an environment, namely Cooperative
Recon, in which MCTS and U-MCTS performed evenly,
where however, U-AUPO clearly outperformed AUPO.
Also, in Saving both U-MCTS and U-AUPO outperformed
their non-uniform counterparts. Hence, using a uniform root
policy can be a tool to improve the peak performance.

Generalization capabilities: Next, we tested AUPO’s
generalization capabilities. For this, we computed the
pairings and relative improvement scores for all AUPO,
U-AUPO, MCTS, U-MCTS, and RANDOM-ABS param-
eter combinations. These scores are Borda-like rankings
of individual parameter-combinations and both lie in the
interval [−1, 1] (1 is the best value and -1 the worst) and
they are formalized in the appendix in equations 19 and
21. The relative improvement score of an agent is the
average (normalized) performance improvement when
selecting a random environment and opponent agent. The
pairings score of an agent is the difference of the ratio of
opponent-environment pairs in which the agent obtained a
higher performance and the ratio of pairs in which the agent
performed worse. The results for all iteration budgets and
environments combined are visualized in Fig. 3.

The results show that the best performances with respect
to both scores with large margins, are reached with AUPO.
These results are qualitatively identical for each iteration
budget which is presented in the appendix in Tab. 4 and Tab.
5.

Ablations: Lastly, we studied the impact of the individual
parameters. Instead of displaying the best-performing
parameter set, we fixed the parameter in question and max
over the remaining parameters. With only a few exception
such as Multi-armed bandit, the confidence level did only
have a significant impact for low iteration counts if it has
any impact all. In the low iteration count regime, lower
confidences generally outperform higher confidence levels.
Depending on the environment, the impact of the distribu-
tion tracking depth can be significant to non-existent. In
cases where it does matter, high depths are always preferred
with the only exception being Push Your Luck. Filters can
be extremely beneficial to some environments, such as
Multi-armed Bandit or Push Your Luck Whilst not causing
any harm to the environment where it has little impact. We
visualize the concrete performance values for this ablation
in the appendix Fig. 5 which shows the results when varying
the confidence level, in Fig. 4, which shows the results
when varying the distribution tracking depth, and in Fig. 6
that shows the results when varying either the std filter or
the return filter.

Limitations and Future Work
In this paper, we introduced a novel action abstraction
algorithm that we call AUPO which only affects the deci-
sion policy of MCTS. We could experimentally show that
AUPO outperforms MCTS in a wide range of environments
that contain states with value-equivalent sibling actions as
well as dense rewards. Though AUPO introduces four new

261



(a) Academic Advising (b) Earth Observation (c) Game of Life

(d) Multi-armed bandit (e) Manufacturer (f) Push Your Luck

(g) Cooperative Recon (h) SysAdmin (i) Saving

(j) Skill Teaching (k) Sailing Wind (l) Tamarisk

(m) Traffic (n) Wildfire Legend

Figure 2: The performance graphs of in dependence of the MCTS iteration count of the parameter optimized versions of AUPO,
MCTS, and RANDOM-ABS. The prefix U- denotes AUPO and MCTS using a uniform root policy. To avoid p-hacking, the
results of a differently seeded rerun of the best performing parameter combinations are plotted.
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(a) Pairings score

(b) Relative improvement score

Figure 3: The pairings and relative improvement scores
across all environments and iteration budgets for differ-
ent AUPO, U-AUPO (parameter format (C, q,D,RF,SF)),
MCTS, U-MCTS (parameter format (C)), and RANDOM-
ABS (parameter format (C, prandom)) agents. The bar charts
show the top score reached by each agent type as well as
the parameter combination to reach that score. In the case
of RANDOM-ABS the score was reached with the standard
root policy.

parameters, their choice mostly has only a minor impact on
performance.

First and foremost, for AUPO to achieve any perfor-
mance gain, the environment must contain state-action pairs
with the same parent that have similar Q∗ values, i.e. there
need to be abstractions to be detected in the first place.

Another key limitation of AUPO is that it is reliant on
dense-rewards. For example, in binary-outcome zero-sum
two-player games AUPO would have a hard time distin-
guishing actions, as only the return distribution can be used
for differentiation. How this limitation can be overcome, is
left as future work.

Yet another weakness of AUPO is that it requires many
visits for the distributions to be distinguishable; hence it can-
not be used in low iteration settings and therefore not during
the tree policy. Therefore, another area for future work is
how to make AUPO much more sensitive to be able to deal

with low iterations.
Furthermore, for future work, as mentioned in the in-

troduction, it could also be of interest to combine AUPO
with other abstraction algorithms. For example, one may use
state-of-the-art such as OGA-UCT (Anand et al. 2016) dur-
ing the search phase, replacing only the decision policy with
AUPO. In its current form, AUPO uses the same confidence
level for each layer. However, it might be worth investigat-
ing if additional performance can be achieved by making
this parameter layer-dependent.

Lastly, it might be worth extending the set of evaluation
environments by artificial dense reward environments which
are created by setting the value of handcrafted heuristics or
learned value functions as the reward.
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