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Abstract

Monte-Carlo Tree Search (MCTS) is a powerful algorithm for decision-making and planning, known for its ability to
balance exploration and exploitation. However, in deterministic environments, MCTS often inefficiently revisits pre-
viously explored nodes, limiting its effectiveness and computational efficiency. This is particularly problematic in large
and complex search spaces where broader exploration is critical. To address these limitations, we introduce AmEx-MCTS
(Amplified Exploration Monte-Carlo Tree Search), an enhanced MCTS framework designed to avoid redundant explo-
ration of completely explored subtrees systematically. AmEx-MCTS achieves this by decoupling three key components
of the search process: value updates, visit count increments, and path selection. It redirects computational resources
to unexplored regions, enhancing search coverage and precision without increasing computational costs by maintain-
ing accurate visit counts and excluding terminal subtrees from further consideration. Theoretical analysis guarantees
convergence properties equivalent to classical MCTS while demonstrating improved performance in deterministic en-
vironments. Empirical results validate these advantages across benchmark domains, including FrozenLake, compiler
optimization tasks, and equation discovery. AmEx-MCTS consistently outperforms classical MCTS and other baselines,
with up to 20 percent improved computational efficiency and superior discovery of optimal solutions. These results
underscore AmEx-MCTS as a versatile tool for solving decision-making problems in deterministic settings, applicable to
areas such as artificial intelligence, optimization, and complex systems modeling.
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Figure 1: Improving MCTS by ignoring already explored subtrees and leaves by focusing on the unknown. Updating
the search strategy within MCTS by separating “incrementing visit counts” (displayed in dark green) from the selected
path (displayed in light purple) to explore more while keeping the number of iterations Nsims the same. Nodes in the
selected path are colored light purple, and nodes that classical MCTS would have chosen are marked dark green.

1 Introduction

Monte-Carlo Tree Search (MCTS) has emerged as one of the most prominent algorithms for decision-making and plan-
ning in AI. Its iterative approach to exploring large search spaces, balancing exploration of new possibilities with ex-
ploitation of promising paths, has made it a versatile tool across numerous domains, including board games, robotics,
and optimization tasks (Coulom, 2007; Kocsis, Szepesvári, 2006). The strength of MCTS lies in its ability to adaptively
allocate computational resources where they are most needed, constructing a search tree dynamically to approximate the
optimal solution.

MCTS has seen extensive advancements, with numerous adaptations improving its performance across various domains.
For instance, Score-Bounded MCTS and MCTS-Solver focus on pruning suboptimal paths, but these methods are often
limited to specific settings such as two-player games (Cazenave, Saffidine, 2010; Winands et al., 2008). Techniques like
black box planning and oversubscription planning emphasize resource allocation and uncertainty management but op-
erate under fundamentally different assumptions (Benton et al., 2009; Hoffmann, Brafman, 2005). More directly related,
modifications like uncertainty-driven exploration have been proposed to enhance the efficiency of MCTS, yet these ap-
proaches frequently alter the algorithm’s exploration-exploitation tradeoff (Moerland et al., 2020).

Despite its success, classical MCTS suffers from inefficiencies in deterministic environments, where the outcome of each
action is entirely predictable. In such cases, MCTS often revisits previously explored nodes and subtrees, wasting com-
putational effort on areas that contribute no new information. This issue is especially pronounced in domains with
large action spaces and numerous terminal nodes, where thorough exploration is critical but computationally expensive.
These limitations can hinder the algorithm’s ability to address increasingly complex, high-dimensional problems.

To address these challenges, we introduce AmEx-MCTS (Amplified Exploration Monte-Carlo Tree Search)—visualized in
Fig. 1—an enhancement of the classical MCTS framework. AmEx-MCTS systematically avoids revisiting completely ex-
plored subtrees by decoupling value updates, visit counts, and path selection during the search process. This decoupling
allows AmEx-MCTS to redirect computational resources toward unexplored areas of the decision space without increas-
ing the overall computational budget. As a result, AmEx-MCTS achieves broader search coverage and more accurate
evaluations while preserving the foundational exploration-exploitation tradeoff of classical MCTS.

The significance of AmEx-MCTS extends beyond the field of artificial intelligence. By improving search efficiency and
decision-making accuracy, it has the potential to address interdisciplinary challenges in areas such as biology, where
it can optimize experimental designs or analyze biological networks, and engineering, where it can assist in structural
optimization or scheduling (Moerland et al., 2020; Zheng et al., 2021). Moreover, its compatibility with deterministic
Markov decision processes (MDPs) makes it a powerful tool for tasks requiring precise solutions, such as compiler
optimization or chemical synthesis (Cummins et al., 2021; Devata et al., 2024).

We demonstrate its superior performance through empirical evaluations on benchmark tasks, including deterministic
planning problems, equation discovery, and FrozenLake. The results show that AmEx-MCTS significantly outperforms
classical MCTS and related approaches, achieving up to 20 percent improvements in search efficiency and solution qual-
ity. These findings underscore the potential of AmEx-MCTS as a robust framework for solving complex decision-making
problems across diverse fields.
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2 AmEx-MCTS
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Figure 2: Ignoring completely explored subtrees
within the search. AmEx-MCTS introduces two new
variables amax and aselect to differentiate between
completely explored subtrees and such that are not.
Selecting aselect ignores the already completely ex-
plored left subtree, while amax would only lead to
already known states. Np describes how often the
node was visited within the search, Nc the number
of how often it had the highest UCT value among its
siblings, and Q the value of the state. The selected
path is light purple, and the nodes classical MCTS
would have chosen are dark green.

AmEx-MCTS (Amplified Exploration Monte-Carlo Tree Search)
builds on the foundational structure of classical MCTS while ad-
dressing its inefficiencies in deterministic environments by fo-
cusing computational resources on unexplored regions of the
search space. A central feature of the algorithm is its ability to
systematically track and exclude completely explored subtrees
from further consideration, ensuring that every simulation con-
tributes new information to the search process. This is achieved
without disrupting the foundational balance between exploration
and exploitation that characterizes classical MCTS. By maintain-
ing a dynamically updated list of not completely explored sub-
trees (NCES) for each node, AmEx-MCTS redirects computa-
tional effort toward areas of the search space that remain uncer-
tain. This focus enhances search coverage and accelerates con-
vergence while preserving the algorithm’s compatibility with ex-
isting MCTS frameworks. Additionally, the lightweight mod-
ifications in AmEx-MCTS ensure minimal computational over-
head, making it an efficient and versatile solution for determinis-
tic decision-making problems.

The modifications in AmEx-MCTS are implemented across the
four standard phases of MCTS: selection, expansion, simulation,
and backpropagation. These changes allow AmEx-MCTS to fo-
cus computational resources on unexplored regions of the deci-
sion space, enhancing its performance in deterministic decision-
making tasks.

2.1 Algorithmic Enhancements

The key innovation in AmEx-MCTS lies in decoupling three com-
ponents of the search process: value updates, visit counts, and
path selection. These modifications are integrated into each phase
of the algorithm:

Selection Phase AmEx-MCTS introduces a distinction between actions leading to unexplored subtrees and those asso-
ciated with already completely explored subtrees (cf. Fig. 2). During the selection phase, the algorithm prioritizes unex-
plored actions, ensuring that computational resources are directed toward gathering new information. This is achieved
by defining a new selection candidate, aselect, which considers only the actions leading to partially or unexplored sub-
trees while still updating visit counts for amax, the action with the highest utility under classical MCTS.

Expansion Phase Nodes are expanded as in classical MCTS but with additional checks to avoid redundancy. A trans-
position table is used to identify whether the current state has already been visited elsewhere in the tree. If the state is
already present, the expansion step skips the simulation and directly proceeds to backpropagation, reusing the stored
value for the node. This prevents duplicate evaluations of identical states reached through different paths.

Simulation Phase The simulation phase remains unchanged from classical MCTS.

Backpropagation Phase The backpropagation phase in AmEx-MCTS introduces separate updates for two sets of visit
counts: those associated with the actual selected path (aselect) and those that classical MCTS would have chosen (amax).
This ensures that the algorithm maintains accurate statistics for guiding future exploration while avoiding the propaga-
tion of redundant information from completely explored subtrees. Additionally, rewards from terminal nodes are used
to label subtrees as ”completely explored,” preventing further revisits.

2.2 Theoretical Guarantees

AmEx-MCTS preserves the convergence and concentration properties of classical MCTS while accelerating convergence
in deterministic environments. The algorithm achieves faster and more accurate estimates of the optimal policy by
reducing redundant evaluations. These improvements are particularly pronounced in domains with high branching
factors and numerous terminal nodes, where efficient resource allocation is critical.
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3 Results
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Figure 3: Our approach dominates on the FrozenLake en-
vironment as used by Moerland et al. (2020). Higher values
are better. Baseline results are taken from the original paper.
As the outcome of one run is binary, this represents complete
information about the 25 runs of the comparison methods.
The x-label is highlighted when the lower-performing ver-
sion of our approach is significantly better (α = 0.05).

The performance of AmEx-MCTS was evaluated across a
diverse set of deterministic benchmark tasks, demonstrat-
ing noteworthy improvements over classical MCTS and
related variants. In the FrozenLake environment, AmEx-
MCTS consistently achieved broader search coverage and
higher solution quality than all baselines. Figure 3 shows
that it reached optimal solutions with significantly fewer
simulations by efficiently avoiding revisits to completely
explored subtrees. In chain-like environments, including
Chain and ChainLoop, AmEx-MCTS outperformed state-
of-the-art approaches such as MCTS-T and MCTS-T+, par-
ticularly in cases with large state-action spaces, where the
broader exploration afforded by AmEx-MCTS proved crit-
ical (cf. Fig. 4).

In the CompilerGym domain, AmEx-MCTS excelled
in optimizing program size, achieving up to 20 per-
cent higher computational efficiency compared to Score-
Bounded MCTS (SB-MCTS), a variant designed for deter-
ministic settings. These improvements were statistically
significant across all tested compiler tasks, highlighting
AmEx-MCTS’s ability to allocate computational resources in large-scale, complex environments effectively.

The algorithm’s versatility was further validated in an equation discovery task, where AmEx-MCTS explored the search
space more comprehensively than classical MCTS. Unlike its counterparts, which often revisited already evaluated
regions, AmEx-MCTS consistently discovered the globally optimal solution with fewer simulations. Even in high-
branching-factor environments like Crazyhouse chess, the algorithm expanded approximately 10 percent more nodes
in the search tree, maintaining nearly identical computational speed compared to classical MCTS.

These results underline its broad applicability to deterministic problems, making it a robust and efficient framework for
tackling complex decision-making tasks in various fields.
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Figure 4: Our approach strongly outperforms the baselines on the Chain environment and achieves optimal results
on the ChainLoop environment as used by Moerland et al. (2020). Higher values are better. Baseline results are taken
from the original paper. As the outcome of one run is binary, this represents complete information about the 25 runs of
the comparison methods. The x-label is highlighted when the lower-performing version of our approach is significantly
better (α = 0.05) than the MCTS baselines.
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4 Broader Impact

AmEx-MCTS offers significant potential for advancing RL and other fields by addressing inefficiencies in classical MCTS.
Its robust framework for decision-making has applications in RL tasks, deterministic MDPs, and diverse domains like
biology, where it can optimize experimental designs, and engineering, where it can aid in structural optimization and
scheduling. Its flexibility also supports interdisciplinary uses, including economic modeling and computational social
science. The algorithm’s efficiency reduces computational costs, potentially lowering environmental impact and enabling
safer, more accurate decision-making in areas like healthcare and autonomous systems. However, ethical considerations
must be addressed to ensure fairness, transparency, and accountability, particularly in sensitive fields like finance or
surveillance. AmEx-MCTS provides a foundation for advancing scientific discovery and solving complex problems but
requires responsible deployment to maximize benefits and minimize risks.

Limitations AmEx-MCTS is designed explicitly for deterministic environments, limiting its direct applicability to
stochastic or highly uncertain domains without significant adaptation. Its reliance on a transposition table for reusing
states may become memory-intensive in tasks with large state spaces, requiring optimization for scalability. Addition-
ally, the algorithm assumes non-negative rewards for non-terminal states, which may not align with all problem settings.
While these enhancements add minimal computational overhead, they may not provide significant advantages in more
straightforward problems where classical MCTS suffices. Despite these limitations, AmEx-MCTS offers substantial ben-
efits in deterministic tasks and presents opportunities for future extensions to more complex settings.

5 Conclusion

AmEx-MCTS addresses key inefficiencies of classical MCTS in deterministic domains by systematically avoiding re-
dundant revisits to completely explored subtrees. Its innovative design improves search efficiency and solution quality
while preserving the foundational strengths of MCTS. Through extensive evaluation on diverse benchmarks, AmEx-
MCTS demonstrates its potential as a robust and scalable tool for solving complex decision-making tasks across various
disciplines. Enhancing computational efficiency and enabling broader exploration sets the stage for advancements in
reinforcement learning, optimization, and interdisciplinary applications.

Future Work Future research will explore extending AmEx-MCTS to stochastic and partially observable environments,
where uncertainty plays a central role. Incorporating mechanisms to handle probabilistic transitions and outcomes will
be a key focus. Additionally, scaling the algorithm for large state-action spaces using memory-efficient strategies, such as
compact state representations, will enhance its applicability to real-world problems. Integration with neural networks,
akin to AlphaZero-like frameworks, could further strengthen its utility in domains like autonomous systems, game-
playing, and complex scientific modeling. Finally, ethical considerations, particularly in high-stakes applications, will
remain essential for ensuring responsible and transparent use of the algorithm.
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