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The greatest glory in living lies not in never falling, but in rising every time we fall.

— Nelson Mandela, Long Walk to Freedom (1994)
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1
Introduction

1.1 Context
Games have long served as a benchmark for Artificial Intelligence research because
they provide well-defined rules, measurable outcomes, and controlled environments for
experimentation[1]. Early successes in gameAI focused primarily on perfect-information
games such as Chess, Checkers, and Go, where every player has complete knowledge
of the game state at all times[2–4]. Classical search techniques such as minimax, alpha-
beta pruning, and more recently Monte Carlo Tree Search (MCTS), achieved remarkable
performance in these settings, culminating in milestone systems such asDeep Blue against
world chess champion Garry Kasparov in 1997[2] and AlphaGo against the best human
Go players in 2016[4].

However, many popular tabletop games do not follow the perfect-information as-
sumption. Historically, hidden information first appeared prominently in card games,
where players possess private hands unknown to their opponents. Early examples include
traditional trick-taking games and later games such as Poker[5]. Over time, hidden in-
formation mechanics also became common in board games. Military simulation games
such as Kriegsspiel introduced fog-of-war concepts in the nineteenth century[6], while
games such as L’Attaque, Stratego, and Battleship popularized hidden identities and hidden
positions in modern board game design[7–9]. Contemporary tabletop games now fre-
quently combine board mechanics, cards, stochastic events, and multiple layers of hidden
information.

This evolution fundamentally changes the nature of the AI problem. In perfect-
information games, an agent reasons over a single fully observable game state. In
imperfect-information games, the agent must instead reason under uncertainty, main-
taining hypotheses about unknown parts of the game state and making decisions based on
incomplete observations[10, 11]. This significantly increases the complexity of planning
and simulation.

Two frameworks are particularly relevant for studying this problem.
The Tabletop Games Framework (TAG)[12] is a Java-Based research platform specif-

ically designed for AI benchmarking in modern board games, including games with hidden
information. TAG gives developers explicit control over what information agents can
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observe during simulations, allowing agents to reason over plausible hypothetical worlds
rather than the true hidden state.

Ludii[13], in contrast, is a large-scale General Game System hosting more than one
thousand games described in a dedicated description language[14]. Its extensive game
library[15] makes it an attractive platform for modern game AI research[16]. However,
despite supporting hidden information at the game-description level, Ludii does not provide
a proper mechanism for restricting hidden information that should remain hidden when
copying game states during search.

This thesis investigates this architectural limitation and studies how such hidden-
information reasoning mechanisms inspired by TAG can be integrated into Ludii. Battle-
shipwas selected as the primary case study because it represents a simple but representative
imperfect-information game: the opponent’s ships are completely hidden, the rules are easy
to formalize, and the game is computationally lightweight enough to support large-scale
experiments while remaining representative of a broader class of hidden-position games.

1.2 Architectural Challenges
General Game Playing (GGP)[17] systems are AI frameworks designed to support many
different games through a common simulation and agent infrastructure, without requiring
game-specific AI implementations. Reasoning under hidden information is not only a
game-design challenge but also an architectural challenge for such systems. Most classical
GGP frameworks were originally designed around perfect-information assumptions,
where every simulation can safely operate on an exact copy of the current game state[18].
In imperfect-information games, however, this assumption no longer holds: an agent
should only reason from the information that is observable to the corresponding player.

This creates a fundamental difficulty for simulation-based AI methods such as Monte
Carlo Tree Search (MCTS)[19], RollingHorizon Evolution[20], or One-Step Look-Ahead[12].
These algorithms repeatedly copy and simulate game states in order to evaluate future
actions. In perfect-information games, unrestricted state copies are correct and desirable.
In imperfect-information games, the copied state must instead preserve the uncertainty
faced by the player. Hidden information should therefore be masked, randomized, or
replaced with plausible hypotheses during simulations[21].

TAG was explicitly designed with this requirement in mind. Its architecture allows
developers to control how game states are copied for each player, making it possible to
generate player-specific observations and coherent determinizations during search. As a
result, agents reason over hypothetical worlds that are consistent with their observations
rather than over the true hidden state.

Ludii follows a different architectural philosophy. While hidden information can be
expressed correctly at the game-description level through the .lud language, the simulation
infrastructure itself relies on unrestricted copies of the game context[22]. Consequently,
agents performing simulations may access information that should remain hidden, such
as the exact positions or identities of opponent pieces. This behavior is not intentional
cheating by the agents, but rather a consequence of an architecture originally designed
primarily for perfect-information reasoning.

This limitation has important methodological consequences for AI research. If agents
can unintentionally exploit privileged information during simulations, experimental results
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can no longer be interpreted as measurements of genuine reasoning under uncertainty.
Comparisons between agents become biased, and the evaluation of imperfect-information
algorithms becomes unreliable.

Addressing this issue is particularly challenging in a General Game Playing setting.
Unlike specialized game engines, GGP systems must support many different games without
relying on game-specific implementations. Any solution must therefore remain generic,
compatible with existing agents, and applicable across a large and heterogeneous game
library.

The central objective of this thesis is to address this architectural limitation in Ludii
by introducing a determinization layer inspired by TAG’s hidden-information handling
mechanisms. The proposed approach aims to preserve compatibility with existing Ludii
agents while ensuring that simulations operate on coherent hypothetical game states rather
than on privileged information.

1.3 Research Objectives
This thesis investigates how hidden-information reasoning can be integrated into a GGP
framework originally designed around perfect-information assumptions. More specifically,
the work studies how simulation-based AI agents can operate on coherent hypothetical
game states rather than on privileged information during search.

To address this problem, the thesis pursues three main objectives.
The first objective is to establish a controlled imperfect-information benchmark in

the Tabletop Games Framework (TAG) using Battleship as a case study. This benchmark
serves as a reference environment for studying determinization strategies under hidden
information. Three levels of determinization are developed and evaluated: the first one
relies on naive random determinization; the second one generates hypotheses consistent
with previously observed hits and misses through a constraint-based approach; and the
last one, which extends the consistent hypothesis with a probabilistic heatmap used to bias
action selection toward statistically likely ship positions. These implementations provide a
controlled baseline for imperfect-information reasoning in TAG.

The second objective is to formally characterize the hidden-information simulation
problem in Ludii. This involves analyzing the architectural differences between TAG and
Ludii, studying how game-state copies are generated during simulations, and demonstrating
that native simulation-based Ludii agents may unintentionally access privileged hidden
information during search. The impact of this behavior is then evaluated experimentally
through controlled tournaments in Battleship.

The third and central objective is to design and implement a generic determiniza-
tion layer for Ludii inspired by TAG’s hidden-information handling mechanisms. The
proposed solution intercepts simulation copies, replaces hidden information with coherent
hypotheses generated from past observations, and integrates transparently with existing
simulation-based Ludii agents without requiring modifications to their internal decision
logic[23]. The approach is evaluated experimentally and compared against the TAG refer-
ence benchmark in order to assess both its effectiveness and its limitations.
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1.4 Thesis Structure
The remainder of this thesis is organized as follows:

Chapter 2 introduces the theoretical and technical background required for the study.
It presents the main concepts related to imperfect-information games, determinization
techniques, simulation-based AI methods, and General Game Playing frameworks. The
architectures and hidden-information mechanisms of both TAG and Ludii are also discussed.

Chapter 3 develops the reference benchmark used throughout the thesis. Battleship is
implemented in TAG, and several determinization strategies are designed and evaluated in
order to study the impact of hidden-information handling on agent performance.

Chapter 4 analyzes the hidden-information simulation problem in Ludii. The chap-
ter studies how state copies are generated during simulations and demonstrates how
unrestricted copies may expose privileged information to agents during search.

Chapter 5 presents the proposed determinization layer for Ludii. The architecture
of the solution is described in detail, including hidden-information detection, game-state
reconstruction, hypothesis generation, and integration with existing simulation-based
agents.

Chapter 6 evaluates the proposed approach experimentally through a series of con-
trolled tournaments in Ludii and compares the results against the TAG reference benchmark.

Finally, Chapter 7 summarizes the main contributions of the thesis, discusses the
limitations of the proposed approach, and outlines several directions for future work.
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2
Background

This chapter introduces the theoretical and technical background required for the remainder of

the thesis. It first presents the main concepts related to General Game Playing and imperfect-

information games, including determinization and simulation-based search methods. It then

introduces the two frameworks studied in this work, TAG and Ludii, with a particular focus

on their approaches to hidden-information handling and game-state simulation.

2.1 General Game Playing (GGP)
GGP[17] is a field of Artificial Intelligence that studies the design of agents capable of
playing many different games through a common decision-making architecture. Unlike
specialized game-playing systems, which are developed and optimized for a single game,
GGP agents must operate without game-specific tuning. The rules of the game are provided
as input, and the agent is expected to interpret them and generate strategies autonomously.

The field emerged prominently through the Stanford General Game Playing project1
and the AAAI General Game Playing Competition, where games were described using the
Game Description Language (GDL)[18]. This approach introduced the idea of reusable
game-independent AI agents capable of reasoning over arbitrary rule systems. Over the
years, the competition contributed to the development of increasingly sophisticated GGP
agents, including systems such as CadiaPlayer[24] and Woodstock, the latest champion of
the General Game Playing competition[25, 26].

Since then, GGP research has expanded toward increasingly diverse game domains,
including video games through the General Video Game AI (GVGAI) framework[17],
stochastic games, multi-player environments, and modern board games.

Modern tabletop games introduce several challenges that are uncommon in traditional
perfect-information games such as Chess or Go. These games often include hidden in-
formation, stochastic events, large branching factors, and complex interactions between
heterogeneous game components. As a result, agents can no longer rely solely on determin-
istic search over a fully observable game state. They must instead reason under uncertainty
and evaluate actions using incomplete observations and hypothetical world states.
1Available at http://ggp.stanford.edu/

http://ggp.stanford.edu/
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The General Game Playing community has long recognized this limitation. Extensions
such as GDL-II were introduced to support imperfect-information and stochastic games
within the GGP paradigm[17]. These extensions allow game descriptions to represent
hidden information and partial observability at the rule level. However, correctly handling
imperfect information requires more than simply encoding hidden data in the game de-
scription. The simulation infrastructure itself must preserve uncertainty during search and
prevent agents from accessing privileged information when generating hypothetical future
states.

This distinction is central to the architectural differences between TAG and Ludii studied
in this thesis. While both frameworks support hidden information at the game-definition
level, they differ significantly in how uncertainty is preserved during simulation and state
copying.

2.2 Information
2.2.1 Perfect and Imperfect
In game theory, a game is said to have perfect information if every player has complete
knowledge of the game state at all times[10]. Classical examples include Chess, Go, and
Tic-Tac-Toe, where all pieces and previous actions are fully observable to every player
throughout the game. In such environments, decision-making algorithms can reason
directly over a single fully observable game state.

Figure 2.1: In games like chess and TicTacToe, both players have a total visibility of the state of the game.

In contrast, a game has imperfect information when some aspects of the game state
are hidden from at least one player[10]. This hidden information may concern private
cards, concealed pieces, secret objectives, or unknown positions on the board. Examples
include Poker, Stratego, Battleship, and Mahjong. In these games, players must reason
under uncertainty and make decisions based on incomplete observations. This distinction
has major implications for Artificial Intelligence. In perfect-information games, agents
can evaluate future actions by simulating deterministic transitions from a known state. In
imperfect-information games, however, the agent must additionally reason about unknown
elements of the environment and maintain hypotheses regarding the hidden parts of the
game state.
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2.2.2 Different Types of Hidden information
Hidden information can appear in many different forms depending on the game mechanics
and the nature of the uncertainty involved[11]. Previous work has explored several cate-
gories of imperfect-information structures, including hidden actions, hidden objectives,
simultaneous decisions, stochastic uncertainty, and partially observable state transitions[5].
The Valet game suite, for example, was specifically designed to study diverse forms of
hidden information and uncertainty in tabletop games[27].

This thesis focuses on two forms of hidden state information that are particularly
relevant for simulation-based reasoning in board games.

The first category concerns hidden identities. In this case, the location of a game object
is visible, but its type or value is unknown. In Stratego, for example, players can observe
the positions of opponent pieces without knowing their ranks. Similarly, in many card
games, players know how many cards their opponents hold without knowing the exact
cards themselves.

Figure 2.2: We know the locations, but not the val-
ues.

Unknown identity of pieces: The agent
knows where a game object is, but not what
it is. In Stratego, for instance, you can see
that there is an opponent piece on a certain
square, but you do not know its rank. In card
games, you know your opponent has cards in
hand, but not which ones.

The second category concerns hidden positions. In this case, the existence or location
of objects is itself unknown. Battleship is a representative example: the opponent’s ships
are completely hidden, and the player has no direct information regarding their positions
on the grid.

Unknown position of pieces: The agent
does not know where certain objects are at
all. In Battleship, the opponent’s ships are
completely hidden: you do not even know in
which region of the board they are. This is
the category that this thesis focuses on.

Figure 2.3: We don’t know the locations of the en-
emy’s ships and their values.



2

8 2 Background

This distinction has important consequences for AI reasoning. Hidden-identity games
constrain uncertainty to known locations, whereas hidden-position games require the agent
to reason over a significantly larger space of possible configurations. In hidden-position
settings, the agent must first infer plausible locations before meaningful strategic planning
can occur. Battleship belongs primarily to this second category and therefore provides a
useful benchmark for studying determinization techniques under spatial uncertainty.

2.2.3 Information Sets
In extensive-form game theory, uncertainty is commonly represented through the notion
of an Information Set[28]. In imperfect-information games, a player generally cannot
determine the exact current game state because some elements of the environment remain
hidden. Instead, multiple possible states may be consistent with the observations available
to the player.

An Information Set therefore represents the collection of game states that are indistin-
guishable from the perspective of a given player at a particular moment in the game. Each
state within the set is compatible with the player’s observations, the sequence of previously
observed actions, and the known rules of the game. Two examples help illustrate this
concept.

In Poker, if a card has been publicly revealed during gameplay, players may know
part of an opponent’s hand while remaining uncertain about the remaining hidden cards.
The corresponding Information Set contains all valid card distributions consistent with the
revealed information.

Figure 2.4: All world configurations containing the Ace of Spades

In Battleship, after observing a sequence of hits and misses, the Information Set
contains all ship configurations compatible with these observations. Every additional shot
progressively eliminates impossible configurations and reduces the number of plausible
hidden states.
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Information Sets provide a formal framework for reasoning under uncertainty in
imperfect-information games. However, explicitly representing all possible states quickly
becomes computationally intractable in many practical settings. In Battleship, for example,
the number of valid ship configurations at the beginning of the game is extremely large,
making exhaustive enumeration impractical for simulation-based AI methods.

As a result, imperfect-information game AI systems often rely on approximate repre-
sentations of uncertainty rather than explicit enumeration of complete Information Sets.
This naturally leads to approaches based on belief states and determinization, which are
introduced in the next section.

2.2.4 Belief State and Determinization
A common approach for reasoning under uncertainty consists in representing the player’s
knowledge through a belief state: a probability distribution over all game states consistent
with the observations available to the agent[11]. As new observations become available dur-
ing gameplay, this distribution can be updated to reflect changes in the player’s uncertainty
regarding the hidden parts of the environment.

In theory, an optimal imperfect-information agent would reason directly over this belief
distribution when selecting actions. In practice, however, maintaining and updating exact
belief states is often computationally infeasible because the number of possible hidden
configurations grows extremely rapidly in many games.

Consequently, practical imperfect-information AI systems frequently rely on approx-
imate methods. One widely used approximation is determinization[21, 29]. Instead of
reasoning over the full belief distribution, the agent samples or generates a plausible fully
instantiated game state consistent with the currently available observations. The search
algorithm then operates on this hypothetical state as if it were the true game state.

The quality of the determinization has a direct impact on the quality of the resulting
simulations. If the generated hypothetical state is inconsistent with previous observations
or highly implausible, the simulations performed by the agent may provide misleading
evaluations and poor action recommendations.

Several simulation-based search algorithms rely on determinization techniques to
operate in imperfect-information environments. These algorithms are introduced in the
next section.

2.3 Search Algorithms
This section introduces the main simulation-based agents used throughout this thesis.
These algorithms are representative baseline methods commonly used in GGP and modern
board game AI research. While some were originally designed for perfect-information
environments, several can be extended to imperfect-information settings through the use
of determinization techniques.

2.3.1 Random Agent
The Random agent is the simplest possible baseline. At each turn, it selects one legal action
uniformly at random without performing any evaluation or look-ahead.
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Despite its simplicity, Random agents remain important in AI benchmarking because
they provide a lower performance bound for comparison. Any search-based agent should
consistently outperform a purely random policy in order to demonstrate meaningful
strategic reasoning.

2.3.2 One-Step Look-Ahead (OSLA)
One-Step Look-Ahead (OSLA)[12] is a greedy search method that evaluates the immediate
consequence of each legal action before selecting a move. For every available action, the
agent simulates a single forward step and evaluates the resulting state using a heuristic
function, such as score estimation or game-specific features. The action producing the
highest evaluation is then selected.

OSLA performs only shallow search and therefore cannot anticipate long-term conse-
quences beyond the next state. Nevertheless, because it directly exploits information from
simulated future states, it often provides significantly stronger performance than purely
random play while remaining computationally inexpensive.

2.3.3 Random Mutation Hill Climber (RMHC)
Rolling Horizon Evolution (RHEA)[20] is an online planning approach based on evolu-
tionary optimization. Instead of constructing an explicit search tree, the agent maintains
sequences of future actions representing candidate plans. These plans are iteratively modi-
fied through mutation operators and evaluated by simulating their execution in the game
environment.

At each decision step, the best-performing action sequence is selected, the first action
is executed, and the planning horizon is shifted forward for the next turn. Because the
optimization process continuously replans during gameplay, the method is commonly
referred to as a rolling horizon approach.

A simple and widely used variant is the Rolling Horizon Mutation Hill Climber (RMHC)
[20], where candidate plans are optimized through repeated random mutations and greedy
replacement. RHEA-based methods are particularly effective in environments with large
action spaces where exhaustive tree search becomes difficult.

2.3.4 Monte Carlo Tree Search (MCTS)
Information Set Monte Carlo Tree Search (IS-MCTS)[21] extends MCTS to imperfect-
information environments through the use of determinization. Instead of constructing the
search tree from a single fully observable state, IS-MCTS repeatedly samples hypothetical
game states consistent with the observations available to the player.

During search, simulations are therefore performed across multiple determinizations
rather than a single known world state. This allows the agent to reason under uncertainty
while still relying on standard forward simulations.

The effectiveness of IS-MCTS strongly depends on the quality of the determinization
process. If sampled hypothetical states are inconsistent with previous observations or
highly implausible, the resulting simulationsmay provide poor guidance for action selection.
Consequently, the generation of coherent determinizations plays a central role in imperfect-
information search performance.
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2.3.5 Move-Average Sampling Techniqe (MAST)
The Move-Average Sampling Technique (MAST)[30] is an enhancement commonly used
with MCTS to improve rollout quality. Instead of selecting actions uniformly at random
during simulations, MAST maintains statistics regarding the average reward historically
associated with actions encountered across previous simulations.

These statistics are then used to bias rollout policies toward actions that performed well
in the past, typically through epsilon-greedy or softmax selection strategies. By replacing
purely random simulations with statistically informed rollouts, MAST can significantly
improve search efficiency without requiring domain-specific heuristics.

Because MAST remains game-independent while improving simulation quality, it is
frequently used as a general enhancement for GGP agents and modern board game AI
systems.

2.4 TraditionalBoardGames&ModernBoardGames
Traditional board games, such as Chess, Go, or Checkers, are typically characterized by
perfect information and simple, deterministic rules. All players have full access to the
complete game state at all times, and there is no hidden information. As a result, these games
are well suited for classical AI techniques, including minimax search, alpha-beta pruning,
andMonte Carlo Tree Search (MCTS)[10]. Many early General Game Playing (GGP) systems
were designed with this type of game in mind[17]. On the other side, modern board
games introduce a bigger variety of mechanics that significantly increase their complexity.
These games often include hidden information, such as private hands of cards, secret
objectives, or concealed board elements. They may also feature stochastic elements, large
and dynamic action spaces, and complex interactions between game components. Examples
include card-driven games, bluffing games, and games with fog-of-war or hidden spatial
layouts. This difference has important consequences for AI research. While traditional
board games allow agents to reason over a fully known and static game state, modern
board games require agents to operate under uncertainty. The agent must make decisions
based on incomplete observations and assumptions about unknown parts of the game state.
As a result, AI techniques designed for perfect-information games often perform poorly
or become invalid when applied directly to modern board games. Therefore, supporting
modern board games requires frameworks that can explicitly represent hidden information
and provide mechanisms for reasoning under uncertainty. This distinction motivates the
need for platforms such as TAG and highlights the limitations of existing GGP systems
that were originally designed for traditional games.

2.5 The Tabletop Games Framework (TAG)
2.5.1 Overview of TAG
TAG[12] is a Java-based research framework designed for benchmarking AI agents on
modern tabletop games. The framework was developed to address limitations of earlier
GGP systems, which primarily focused on classical perfect-information games. TAG instead
targets modern tabletop environments that frequently involve stochasticity, multi-player
interactions, and hidden information.
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TAG currently includes implementations of numerous modern board and card games,
together with a standardized experimental infrastructure for AI evaluation[31]. The frame-
work provides reusable implementations of several simulation-based agents, tournament
management tools, and detailed logging systems capable of recording gameplay statistics
such as branching factors, action-space sizes, hidden-information levels, and win rates.
This infrastructure facilitates controlled and reproducible experimentation across multiple
games and agent configurations.

Beyond academic research, the framework has also contributed to practical applications
in tabletop game development. In particular, TAG served as the foundation for Tabletop
R&D2, a spin-out initiative focused on AI-assisted board game analysis, balancing, and
automated playtesting. This illustrates the growing practical relevance of modern tabletop
game AI beyond purely academic benchmarking.

2.5.2 Code-First Design
TAG follows a code-first design philosophy in which games are implemented directly in
Java rather than described through a dedicated game description language. This approach
provides developers with substantial flexibility regarding game logic, state representation,
and simulation behavior.

Because games are implemented programmatically, developers can directly control
hidden-information handling, optimization strategies, and custom mechanics that may be
difficult to express declaratively. This flexibility is particularly important for imperfect-
information research, where the way game states are copied and observed during simula-
tions has a direct impact on agent behavior.

The main limitation of this approach is scalability. Implementing a new game requires
writing a dedicated Java implementation, which demands significantly more development
effort than declarative game-description systems such as Ludii.

2.5.3 Architecture
TAG uses an MVC (Model-View-Controller) architecture, which is a standard software
design pattern that separates data (Model), visual presentation (View), and decision logic
(Controller). In the context of game AI, this makes it easy to implement new games and
plug in new AI agents without modifying the core framework.

The Model consists of three abstract classes that must be implemented for each game:

• The AbstractGameState stores everything about the current game state: the board,
the pieces, the scores, the current player, and any hidden information.

• The AbstractForwardModel handles the game logic. It generates the list of legal
actions via _computeAvailableActions(), applies them to the game state, and
checks end conditions in _afterAction().

• The AbstractParameters stores the configurable parameters of the game, such as
grid size or ship sizes in Battleship for example.

2Available at https://www.tabletoprnd.co.uk/

https://www.tabletoprnd.co.uk/
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Implementing a new game in TAG requires writing these three classes. The framework
handles everything else (turn management, logging, tournament running, and result
analysis).

The View consists of GUI components: AbstractGUIManager and game-specific
board views that render the game state visually. The GUI is optional and not required for
AI experiments.

The Controller is Game.java, which orchestrates the game loop. At each turn, it calls
the forward model to compute available actions, passes them to the current agent, and
applies the chosen action to the game state.

Figure 2.5: TAG’s Model-View-Controller (MVC) Architecture

2.5.4 Agent Interface and State Copying
AI agents in TAG extend the AbstractPlayer class and implement a decision function that
selects an action from the current game state and the list of legal actions.

1 public abstract AbstractAction _getAction(AbstractGameState
gameState, List<AbstractAction> possibleActions);

Example 2.1: Abstract method for selecting an action from available legal moves

A key architectural feature of TAG is its support for player-specific state copies. During
simulations, agents do not necessarily receive the true underlying game state. Instead, the
framework allows the game implementation to generate customized observations through
player-dependent copy mechanisms.

This design is particularly important for imperfect-information games. Hidden infor-
mation can be masked, randomized, or replaced with coherent hypothetical states before
simulations are performed. As a result, agents reason over observations and determiniza-
tions that are consistent with the information available to the corresponding player rather
than over privileged hidden information.

This explicit control over simulation copies makes TAG especially suitable for research
on imperfect-information reasoning and determinization techniques.
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2.5.5 Current Limitations
Despite its flexibility for AI experimentation, TAG also presents several limitations. Its game
library remains relatively small compared to large-scale General Game Playing systems
such as Ludii, and every new game requires a dedicated manual implementation in Java.

Furthermore, because TAG does not rely on a declarative game description language,
rapidly prototyping or modifying game variants can require substantial development
effort. These limitations motivate the interest in complementary frameworks capable of
supporting much larger game libraries while still enabling robust imperfect-information
reasoning.

2.6 The Ludii General Game Playing System
2.6.1 Overview of Ludii
Ludii[13] is a General Game Playing framework designed to support a very large and
diverse collection of games through a unified game description system[13]. Unlike code-
first frameworks such as TAG, Ludii follows a data-first approach in which games are
described declaratively using a dedicated language known as the Ludii Game Description
Language (.lud)[14]. The framework originated from the Digital Ludeme Project[32],
an initiative focused on the historical reconstruction, analysis, and study of traditional
games through computational methods. Ludii was developed as the central software
platform supporting this effort by providing a unified representation system capable of
modeling games from many different historical periods and cultural traditions[15]. Today,
the framework continues to be actively maintained and is used extensively within the
GameTable COST Action research network[33] for experimentation, game analysis, and AI
benchmarking across large collections of tabletop games[34].

Ludii was originally designed around the concept of ludemes, which represent con-
ceptual units of game rules and mechanics[35]. By combining ludemes hierarchically, the
framework can represent a wide range of board, card, dice, and multiplayer games within a
common formal system. Ludii currently includes more than one thousand playable games
from diverse cultural and historical contexts3.

One of Ludii’s major strengths is its scalability for GGP research. Because games
are described declaratively rather than implemented manually in code, new games and
variants can often be created rapidly with relatively limited development effort. This makes
Ludii particularly attractive for large-scale experimentation, comparative game studies[36],
procedural game generation[37], and automated AI benchmarking across diverse game
libraries[38].

In addition to classical perfect-information games such as Chess and Go, Ludii also sup-
ports stochastic and imperfect-information games through dedicated language constructs.
Hidden information can be specified declaratively within the game description, allowing
the framework to represent mechanisms such as hidden hands, concealed identities, and
partially observable game elements.

However, representing hidden information at the game-description level does not
necessarily guarantee correct imperfect-information reasoning during simulation. As
discussed in the following sections, the way game states are copied and exposed to agents
3Available at https://ludii.games/library.php

https://ludii.games/library.php
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during search plays a critical role in determining whether uncertainty is properly preserved
during AI simulations.

2.6.2 Data-First Design

Unlike code-first frameworks such as TAG, Ludii represents games through declarative
‘.lud‘ descriptions composed of ludemes. Rather than implementing game logic manually
in procedural code, developers define games through hierarchical combinations of reusable
rule components.

This design introduces an additional abstraction layer between the game definition and
the underlying simulation engine. AI agents therefore interact with generic game represen-
tations generated from the declarative description rather than with manually customized
game implementations. For instance, the following extract from Battleships.lud describes
how hidden information is set up at the start of the game:

(set Hidden (sites P1 "Defence") to:P2)
(set Hidden (sites P2 "Defence") to:P1)

This tells Ludii that player 1’s defence zone is hidden from player 2, and vice versa. The
hidden information is encoded directly in the game description, no Java code is needed.

Such abstraction provides important advantages for GGP research. Because games
share a common internal representation structure, the same AI agents, analysis tools, and
experimental pipelines can be reused across many different games with limited adaptation.

However, this abstraction also creates challenges for imperfect-information reasoning.
In code-first systems, developers can explicitly customize how hidden information is
exposed to players during simulations. In declarative systems such as Ludii, hidden-
information handling must instead emerge from generic engine-level mechanisms capable
of operating across many different game types.

As a consequence, correctly preserving uncertainty during simulation becomes an
architectural problem extending beyond the game description itself. This distinction is
central to the hidden-information limitations studied in this thesis.

2.6.3 Architecture

Ludii transforms declarative .lud descriptions into executable game representations through
an internal compilation process. Once compiled, games are executed through a collection of
generic runtime objects responsible for storing game states, applying rules, and managing
simulations.
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Figure 2.6: Ludii’s Architecture

One of the central runtime objects is the Context, which represents the complete current
state of an ongoing game. The Context contains all information required to continue
gameplay, including board configurations, player data, hidden information, scores, random
generators, and references to previous actions. The Context itself contains two important
substructures:

• State, which stores the current mutable state of the game, such as piece locations,
ownership, hidden values, and phase information.

• Trial, which records the history of actions performed during the game, including
move sequences and game progression information.

Together, these structures provide the information required by AI agents during gameplay
and search. Game progression is managed through generic rule execution mechanisms.
At each decision step, Ludii generates the legal moves available from the current Context,
applies selected actions to produce successor states, and updates the corresponding game
history. Because this process is implemented generically at the engine level, the same
simulation infrastructure can operate across many different game types without requiring
game-specific AI implementations. Simulation-based agents typically evaluate future
actions by repeatedly copying the current Context and performing forward simulations on
the copied state. This mechanism is efficient for perfect-information games because the
copied context fully represents the exact current game state.

However, in imperfect-information environments, the copied Context may also contain
hidden information that should not be accessible to the acting player during search. Con-
sequently, the semantics of state copying become particularly important for preserving
uncertainty correctly during simulations. This issue is examined in the following sections.

2.6.4 Hidden Information Representation
Ludii supports imperfect-information games through dedicated language constructs inte-
grated directly into the .lud description system. These constructs allow game designers
to specify which parts of the game state are visible or hidden to different players during
gameplay.
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Hidden information in Ludii is represented primarily through visibility rules associated
with game elements and state variables. Depending on the game, these rules may hide the
identity of pieces, their positions, the ownership of components, private hands, or other
game-specific information from selected players.

The framework distinguishes several forms of hidden information, including hidden
values (What), hidden ownership (Who), hidden state variables (State), hidden counts
(Count), and hidden positions (Where)[23]. This representation allows a broad range of
imperfect-information mechanics to be modeled declaratively within a unified system.

For example, in Stratego, the positions of pieces remain visible while their identities are
hidden, corresponding primarily to hidden What information. In Battleship, by contrast,
ship positions themselves are hidden, corresponding mainly to hidden Where information.
More complex games may combine several hidden-information dimensions simultaneously.

These visibility rules are correctly enforced during normal gameplay and player inter-
action. Human players and graphical interfaces only receive information that should be
observable according to the game rules. Consequently, Ludii is fully capable of representing
imperfect-information games at the game-definition and gameplay levels.

However, representing hidden information during gameplay is distinct from preserving
uncertainty during AI simulations. While visibility rules determine what information
is observable to players, simulation-based agents often operate on internal game states
generated through generic copying mechanisms. Whether hidden information remains
protected during search therefore depends not only on the visibility system itself, but also
on how simulation contexts are generated and exposed to agents during forward planning.

2.6.5 Simulation and State Copying
Simulation-based agents in Ludii evaluate future actions by repeatedly generating copies
of the current Context and performing forward simulations on these copied states. This
mechanism is used extensively by search algorithms.

The Context object contains the complete internal game state, including information
that may be hidden from individual players in imperfect-information games. Consequently,
when a simulation-based agent copies the current context during search, the copied state
may still contain privileged hidden information.

This behavior is not problematic in perfect-information games, where all players
already have full access to the game state. In imperfect-information environments, however,
simulations should ideally operate on hypothetical states that remain consistent with the
information actually observable by the acting player.

The challenge therefore lies in generating simulation states that preserve uncertainty
during search rather than exposing the full underlying game state to the agent. From
an architectural perspective, this requires mechanisms capable of constructing player-
compatible determinizations from incomplete observations before forward simulations are
performed.

Addressing this problem constitutes the primary technical objective of this thesis.
The following chapters investigate how determinization mechanisms inspired by TAG
can be integrated into Ludii in order to preserve hidden-information uncertainty during
simulation-based search.
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3
Determinization in TAG

Using Battleship

This chapter presents the TAG-based benchmark developed to study determinization quality

in imperfect-information environments. Battleship is used as the reference case study because

it provides a simple but representative hidden-position problem in which agents must reason

about unknown spatial configurations using only partial observations.

The objective is not merely to implement Battleship in TAG, but to investigate how different

determinization strategies influence the behavior and performance of simulation-based agents

under uncertainty. Three strategies are introduced and compared: a naive random baseline, a

constraint-based approach consistent with accumulated observations, and a heatmap-guided

extension that biases simulations toward statistically plausible ship placements.

The full implementation is available on GitHub
1
, which includes the LATEX source for this thesis

alongside the TAG and Ludii implementations as Git submodules.

3.1 Battleship as an Imperfect-Information Bench-
mark

Battleship is a two-player hidden-information game played on separate grids. Before the
game begins, each player secretly places a fleet of ships of varying sizes on their own board.
During gameplay, players alternately target cells on the opponent’s grid and receive binary
feedback indicating whether the shot was a hit or a miss. The objective is to locate and
destroy all opponent ships before losing one’s own fleet.

Several characteristicsmake Battleship particularly suitable as a benchmark for imperfect-
information reasoning. First, the game contains no stochastic events after initialization:
uncertainty originates entirely from hidden information rather than randomness. This
means that any performance difference between determinization strategies can be attributed
directly to hidden-state reconstruction quality rather than to interactions with external
randomness. Second, the hidden information concerns unknown spatial positions rather
1https://github.com/jejeAKAgg/TFE26-093

https://github.com/jejeAKAgg/TFE26-093
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than hidden identities, making the game representative of the hidden Where category
introduced in Chapter 2. Third, observations accumulate progressively throughout game-
play, continuously reducing the set of plausible opponent configurations and providing an
increasingly informative constraint set for the determinization engine.

From an AI perspective, Battleship therefore naturally defines a constraint satisfaction
problem over partially observed states. Every observed hit or miss restricts the set of valid
ship placements consistent with the information available to the player. Simulation-based
agents must consequently reason not only about future actions, but also about coherent
hypotheses regarding the hidden configuration of the opponent’s board. This is precisely
the setting in which the quality of determinization is most consequential: an agent that
generates incoherent hypotheses will simulate futures that could never correspond to the
true game state, while an agent that generates well-constrained hypotheses will concentrate
its search effort on plausible worlds.

Battleship was also selected for practical methodological reasons. Its rules are simple
enough to allow controlled implementations in both TAG and Ludii while still capturing
the core hidden-information challenges studied in this thesis, making the game well suited
for isolating the effects of determinization mechanisms independently from more complex
gameplay systems.

Figure 3.1: Left: the physical Battleship board game. Right: the TAG graphical interface for the Battleship
implementation developed in this thesis. The shot-tracking grid (right) records the acting player’s observations;

the ship grid (left) contains the true hidden fleet, masked from the opponent during play.

3.2 Battleship Implementation in TAG
The Battleship benchmark was implemented in TAG using the standard three-component
architecture described in Chapter 2. A game state class stores all information required to
represent the current situation: separate ship grids and shot-tracking grids are maintained
for each player. The ship grids contain the true hidden fleet configurations and are never
exposed directly to the opposing agent; the shot-tracking grids store only the information
revealed through previous actions, namely confirmed hits and misses. Remaining ship
health values are maintained as auxiliary counters to allow the end-condition check to run
in constant time rather than requiring a full grid scan at every move.

Game progression is handled by a forward model that generates all legal firing actions
corresponding to untargeted cells on the opponent’s grid. When an action is executed,
both the hidden ship grid and the visible shot-tracking grid are updated according to the
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shot outcome. Hits and misses are therefore recorded incrementally as play progresses,
continuously constraining the set of plausible opponent configurations available to the
acting player. A separate parameter object stores the configurable properties of the game,
including board dimensions and fleet composition, and is shared between the forward
model and the determinization engine to ensure that all generated hypotheses remain
consistent with the official game configuration.

The critical architectural contribution of this implementation lies not in the game
logic itself but in how game-state copies are generated during simulations. In standard
perfect-information environments, agents can safely reason over exact copies of the game
state. In Battleship, directly copying the hidden opponent grid would expose privileged
information during search. The state-copying mechanism therefore generates hypothetical
hidden configurations consistent with the observations available to the requesting player,
rather than simply duplicating the true state. The design of this mechanism is described in
detail in the following section.

3.3 Constraint-Based Determinization
The core contribution of the TAG benchmark lies in the determinization mechanism used
during simulation-time state copying. Rather than exposing the true hidden opponent
grid to search agents, the system generates hypothetical ship configurations that remain
consistent with the observations available to the acting player.

The determinization process operates on two sources of information accumulated
during gameplay. A hitMap records every cell where the presence of an opponent ship has
been confirmed through a successful shot. A missMap records every cell where a shot has
returned a negative result, confirming the absence of a ship. Together, these structures
define a set of spatial constraints describing precisely which hidden configurations remain
compatible with the player’s accumulated observations. Figure 3.2 illustrates the overall
pipeline from game observation to hypothesis generation.

Figure 3.2: The constraint-based determinization pipeline. Accumulated hits and misses are used as spatial
constraints to guide hypothesis generation. The engine produces a coherent hypothetical opponent grid that is

injected into the simulation copy instead of the true hidden state.

When a simulation copy is requested, the determinization engine constructs a hypothet-
ical opponent grid satisfying these constraints. Ship placements conflicting with previously
observed misses are rejected, while observed hits must remain covered by at least one valid
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ship placement. The generated hypothesis therefore represents a plausible hidden state
consistent with the information available to the player at the time of the simulation.

The generation process can be interpreted as a constrained placement problem in which
ships are placed sequentially. A placement is valid only if it remains within the board
boundaries, does not overlap with any previously placed ship, and remains compatible with
all entries in both the hitMap and the missMap. When multiple valid placements satisfy the
current constraints, the engine samples among them in order to preserve diversity across
simulations, preventing agents from repeatedly reasoning over a single deterministic hypo-
thetical world. Figure 3.3 illustrates an example of a coherent hypothetical configuration
generated from partial observations.

Figure 3.3: Example of a constraint-based hypothetical configuration. Red cells are confirmed hits; grey cells are
confirmed misses. The hypothesized fleet placement (blue) covers all hit cells and avoids all miss cells,

representing one plausible world consistent with the agent’s observations.

Unlike exact belief-state methods [39, 40], the proposed approach does not attempt
to enumerate or maintain the full distribution of possible hidden configurations. Instead,
it approximates uncertainty through repeated generation of coherent hypothetical states
during simulation. This makes the method computationally tractable while still preserving
consistency with observed information. From a search perspective, the determinization
engine acts as an intermediate layer between the true hidden game state and the simulation-
based agent: the quality of the generated hypothetical states directly influences the quality
of the forward simulations performed during search.

3.4 Determinization Strategies
In order to evaluate the impact of hidden-state reconstruction quality on imperfect-
information search, three determinization strategies were implemented in the TAG Battle-
ship benchmark. Each strategy defines how hypothetical opponent ship configurations are
generated during simulation-time state copying. The three approaches progressively in-
crease the amount of information exploited from previous observations, making it possible
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to isolate the effect of increasingly informed determinization mechanisms while keeping
the underlying search algorithms unchanged.

3.4.1 Random Determinization
Random Determinization serves as the lower-bound baseline strategy. Hypothetical op-
ponent ship configurations are generated through unconstrained random placement that
respects only the structural rules of Battleship: board boundaries, ship sizes, orienta-
tions, and the non-overlap constraint. Hits and misses recorded during gameplay are
entirely ignored when constructing the hypothetical opponent grid, so generated states
may contradict information already revealed to the player, for instance by placing ships
on cells previously observed as misses or by leaving known hit cells uncovered. This
strategy therefore provides the worst-case reference for evaluating whether more informed
determinizations improve simulation quality and, in turn, decision quality.

3.4.2 Constraint-Based Determinization
Constraint-Based Determinization incorporates the full set of observations accumulated
during gameplay. The generated hidden configuration must remain consistent with all
known hits and misses recorded in the player’s shot-tracking grid. Cells marked as misses
define forbidden positions; cells marked as hits must be covered by at least one ship in the
generated hypothesis; all ships must additionally satisfy the standard placement constraints
of remaining within the board, respecting their predefined lengths, and avoiding overlap
with other ships.

Whenever several placements satisfy the current constraints, the engine samples among
valid possibilities in order to preserve diversity across simulations. This allows agents to
reason over multiple coherent hypothetical worlds rather than repeatedly reasoning from
the same reconstructed configuration. The expected benefit of this strategy is improved
simulation reliability: since the generated states no longer contradict previous observations,
search algorithms evaluate actions in worlds that could plausibly correspond to the true
hidden board, providing a genuine strategic signal rather than noise.

3.4.3 Heatmap-Guided Determinization
Heatmap-Guided Determinization extends the constraint-based strategy by estimating a
probabilistic spatial prior over the opponent’s grid. Rather than relying on a single coherent
hypothesis per simulation copy, the engine first runs the constraint-based generator a
large number of times to build a heatmap. Each sampled configuration contributes to
this heatmap by incrementing a counter for every cell it occupies; the final heatmap is
obtained by normalizing these counts over all samples. Cells with higher values correspond
to locations that are more frequently occupied across the sampled configurations and
therefore more likely to contain a ship according to the constraint-based prior.

This heatmap is then used to guide both determinization and action selection toward
statistically plausible regions of the board. Rather than treating all constraint-consistent
placements equally, the strategy weights sampling toward configurations that concen-
trate ships in high-probability zones, combining logical consistency with a lightweight
approximation of the underlying belief distribution.
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Figure 3.4: Example probabilistic heatmap produced by the Heatmap-Guided strategy after a partial game.
Warmer colours indicate cells more frequently occupied across sampled constraint-consistent configurations.

Probability concentrates near confirmed hit cells and along their plausible continuations.

The central tradeoff of this strategy is computational cost. Building the heatmap
requires running the constraint-based solver a large number of times before each decision,
substantially increasing the time required to produce a simulation-ready copy of the game
state. Agents that rely heavily on generating many simulations within a fixed time budget
may therefore afford fewer iterations per move under this strategy, potentially offsetting the
benefit of higher-quality individual simulations. The experiments in Section 3.6 quantify
this tradeoff directly.

3.5 Experimental Setup
This section describes the experimental protocol used to evaluate the impact of deter-
minization quality on simulation-based agents in the TAG Battleship benchmark. The
experiments were designed to compare the three strategies introduced in Section 3.4 while
keeping the underlying search algorithms and game environment unchanged.

3.5.1 Tournament Protocol
The evaluation follows a round-robin tournament format in which every pair of agents
competes in both player positions. For each matchup, agents alternate between playing
first and second in order to control for first-player bias effects. Battleship is particularly
sensitive to turn order because the first player always obtains the first opportunity to fire,
accumulating hit and miss information one step ahead of the opponent. Each matchup
consists of 100 games per direction, for a total of 200 games per pair, and the experiments
are repeated independently for each of the three determinization strategies. This protocol
makes it possible to isolate the impact of the determinization mechanism itself while
preserving identical gameplay conditions across all comparisons.
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3.5.2 Evaluated Agents
The benchmark evaluates five simulation-based agents representative of common General
Game Playing approaches. The Random agent selects legal actions uniformly at random
and never queries the game state, making it the primary control for validating that per-
formance differences are genuinely attributable to determinization quality. OSLA applies
a one-step lookahead heuristic, evaluating each legal action through a single forward
simulation and selecting the highest-scoring immediate outcome. RMHC maintains a
rolling horizon of candidate action sequences and optimizes them through repeated ran-
dom mutation, relying on many forward simulations per decision step. IS-MCTS builds a
search tree across multiple determinizations by sampling a new hypothetical world at each
simulation step, aggregating results to identify the best action. MAST extends IS-MCTS
by maintaining move-average statistics across rollouts to bias action selection toward
historically effective moves.

Each agent is evaluated under all three determinization strategies, and search-based
agents are additionally run under four thinking-time budgets of 100ms, 500ms, 1000ms and
5000ms per move. This multi-budget design allows the interaction between computational
resources and determinization quality to be studied, in particular whether additional
simulation time amplifies or compensates for the differences between strategies.

3.5.3 Evaluation Metrics
The experiments measure both gameplay performance and computational behavior in
order to characterize the full impact of each determinization strategy.

The primary gameplay metric is win rate: the fraction of games won by an agent across
all its matchups under a given strategy. As a secondary gameplay metric, the remaining
ship health difference at the end of each game is recorded to assess how dominant or
competitive individual matches are, providing a finer-grained view of agent strength than
win rate alone.

On the computational side, three metrics are tracked for each strategy. Copy latency
measures the average time in nanoseconds required to produce a single simulation-ready
game-state copy, capturing the overhead introduced by the constraint solver relative to a
raw copy. Search effort counts the average number of ship-placement attempts required
by the engine before a valid constraint-consistent configuration is found, reflecting the
difficulty of the constraint satisfaction problem as a function of game progression. Finally,
the determinization success rate records the proportion of copy calls that result in a fully
coherent hypothesis rather than a fallback to unconstrained random placement, validating
the robustness of the constraint-based and heatmap-guided implementations as the game
advances and the constraint set grows.

Together, these metrics make it possible to study not only whether informed deter-
minizations improve agent performance, but also the computational tradeoffs they intro-
duce.
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3.6 Experimental Results
This section presents the experimental results obtained on the TAG Battleship benchmark.
All experiments were conducted on the Dragon2 computing cluster hosted at the University
of Mons (UMons). The cluster consists of 17 computing nodes, each equipped with two
Intel Skylake Xeon 6142 processors (16 cores, 2.6 GHz); 15 nodes have 192 GB of RAM and
2 nodes have 384 GB, all with 3.3 TB of local scratch space. Two additional nodes equipped
with two Intel Skylake Xeon 6126 processors (12 cores, 2.6 GHz) each host two NVIDIA
Tesla V100 GPUs (5120 CUDA cores, 16 GB HBM2, 7.5 TFlops double precision).2

3.6.1 Overall Agent Performance
The first set of experiments evaluates the overall win rates achieved by each agent under
the three determinization strategies. Table 3.1 summarizes the results across all agent and
strategy combinations.

Agent Random Det. Constraint-Based Det. Heatmap-Guided Det.
Random ≈ 44% ≈ 2% ≈ 2%
OSLA ≈ 53% ≈ 87% ≈ 87%
RMHC ≈ 53% ≈ 87% ≈ 87%
IS-MCTS ≈ 49% ≈ 37% ≈ 37%
MAST ≈ 50% ≈ 38% ≈ 37%

Table 3.1: Average win rates by agent and determinization strategy (1000ms budget, rounded).

The results reveal a striking and consistent pattern. Under Random Determinization, all
five agents perform near chance level, with win rates ranging from 44% to 53%. While small
deviations from 50% are visible, notably OSLA and RMHC at 53% and Random at 44%, no
agent demonstrates meaningful strategic advantage at this stage. IS-MCTS, which builds a
search tree through repeated simulations, achieves the same result as the Random agent,
which picks actions blindly. This uniformity is not surprising: it is exactly the outcome
that Random Determinization was designed to demonstrate. Because each simulation is
performed in a world where ships are placed with no regard for observed hits and misses,
the resulting action evaluations carry no information about the true hidden configuration.
Aggregating many such simulations, as IS-MCTS does, only produces a more confident
wrong answer. The principle is simple: garbage in, garbage out.

The transition to Constraint-Based Determinization produces an immediate and dra-
matic reversal. OSLA and RMHC emerge as the strongest agents, achieving win rates of
approximately 87%. The Random agent, as expected, shows no improvement: since it never
consults the game state to make decisions, the quality of the copy it receives is entirely
irrelevant to its behavior. This invariance of the Random agent across all three strategies
serves as a critical sanity check, confirming that the observed performance differences in
other agents are genuinely caused by the determinization mechanism rather than by any
confounding factor in the experimental setup.

2Full hardware specifications are available at the CÉCI documentation: https://www.ceci-hpc.be/
clusters/dragon2/

https://www.ceci-hpc.be/clusters/dragon2/
https://www.ceci-hpc.be/clusters/dragon2/
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Figure 3.5: Average win rates per agent under the three determinization strategies (1000ms budget).

The strong performance of OSLA under Constraint-Based Determinization is partic-
ularly noteworthy, given that it only looks one step ahead. When that single forward
step is simulated in a world that is logically consistent with the observed game history,
the heuristic evaluation becomes meaningful: the agent can reliably distinguish between
targeting a cell near a confirmed hit and targeting a region already identified as empty.
This is precisely the spatial reasoning that constraint-based filtering enables, and it al-
lows even a shallow agent to make well-informed decisions. The results suggest that
in imperfect-information environments with structured spatial uncertainty, simulation
consistency matters more than search depth. IS-MCTS and MAST, by contrast, achieve win
rates of approximately 37% under Constraint-Based Determinization which is lower than
under Random Determinization. This apparent paradox is explained by the tournament
structure: OSLA and RMHC now dominate every matchup so decisively that IS-MCTS and
MAST lose the majority of their games against them.
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Figure 3.6: Head-to-head win rates under Constraint-Based (top) and Heatmap-Guided (bottom) Determinization
(1000ms budget). OSLA and RMHC dominate every matchup against IS-MCTS and MAST under both strategies,
and the pairwise patterns are indistinguishable, confirming that the heatmap provides no measurable advantage

in head-to-head outcomes at this time budget.



3.6 Experimental Results

3

29

In direct matchups, OSLA wins over 98% of its games against IS-MCTS. The constraint-
based hypotheses benefit OSLA and RMHC directly at each evaluation step, whereas
IS-MCTS still performs its rollouts using uniform random target selection. A deeper search
tree built over coherent worlds provides limited benefit when the terminal evaluations are
guided by random play.

Under Heatmap-Guided Determinization, no agent shows a meaningful change relative
to Constraint-Based Determinization. OSLA and RMHC maintain their win rates near
87%, while IS-MCTS and MAST remain near 37% regardless of the number of heatmap
sampling iterations used (10, 50, or 100). The heatmap therefore provides no measurable
performance benefit in this experimental setting. One possible explanation is that the
heatmap improves the spatial prior used during determinization, but does not address
the fundamental limitation of IS-MCTS and MAST: their rollout policies remain uniform
random, so the quality of individual simulations is not improved by a more informed prior
over ship positions.

The head-to-head matrices confirm this pattern at the pairwise level: under Constraint-
Based and Heatmap-Guided Determinization, OSLA and RMHCwin approximately 99%
of their games against IS-MCTS and MAST, while Random loses virtually all matchups
against the stronger agents.
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3.6.2 Impact of Computational Budget
The second set of experiments studies how performance evolves as the thinking-time budget
increases from 100ms to 500ms, 1000ms, and 5000ms, under both Constraint-Based and
Heatmap-Guided Determinization.
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Figure 3.7: Win rate as a function of thinking-time budget for each agent under the three determinization
strategies. Color identifies the agent; line style identifies the strategy. Under all strategies, no agent shows a

meaningful performance change as the budget increases from 100ms to 5000ms.
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The results are unambiguous: the budget has nomeasurable effect on agent performance
under any strategy. OSLA and RMHC maintain win rates of approximately 87% across
all four time budgets, and IS-MCTS and MAST remain near 37% regardless of how much
additional computation time they receive.

This invariance is itself an informative result. For OSLA, the absence of a budget effect
is expected: since it evaluates only a single forward step per action, additional time beyond
the minimum required to assess all legal moves provides no benefit. For IS-MCTS and
MAST, the result is more significant: more simulation time does not compensate for the
limited quality of their rollouts. Building a deeper search tree over constraint-consistent
worlds still produces unreliable value estimates when the terminal evaluations are weakly
informed . This confirms that the bottleneck for these agents is not computational budget
but rollout quality.

3.6.3 Game Outcome Analysis
Beyond win rates, the experiments also characterise the nature and margin of game
outcomes across the three determinization strategies.
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Figure 3.8: Distribution of the HP difference between winner and loser at the end of each game, shown for all
three determinization strategies. Under Random Determinization, the majority of games end with a margin of 1

HP; under Constraint-Based and Heatmap-Guided Determinization, the distribution flattens toward larger
margins (1000ms budget).

Figure 3.8 characterises the nature of game outcomes across strategies. Under Random
Determinization, the majority of games end with a margin of just 1HP, indicating closely
contested matches in which neither agent holds a consistent advantage. Under Constraint-
Based and Heatmap-Guided Determinization, the distribution flattens and shifts toward
larger margins, with many games ending with differences of 5HP or more.

Thewinner’s remainingHP distribution tells the same story from the other side: winners
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under Constraint-Based and Heatmap-Guided Determinization finish with substantially
more HP than under Random Determinization, reflecting the fact that informed agents do
not merely win more often, they win more decisively. This result is consistent with the
head-to-head analysis: when OSLA or RMHC faces IS-MCTS or the Random agent under
an informed strategy, the outcome is rarely close. The combination of coherent simulation
hypotheses and direct spatial exploitation at each evaluation step produces a systematic
and one-sided advantage.
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Figure 3.9: Average copy latency (top) and total forward model calls per game (bottom) for Constraint-Based and
Heatmap-Guided Determinization (10, 50, and 100 heatmap iterations). Despite a higher copy latency under

Heatmap-Guided Determinization, the number of forward model calls remains comparable across all strategies.

Figure 3.9 confirms that the budget invariance is not due to insufficient simulation depth.
Despite Heatmap-Guided Determinization introducing a copy latency approximately 55%
higher than Constraint-Based, the total number of forward model calls per game remains
comparable across both strategies, indicating that the 1000ms budget absorbs the overhead
without reducing simulation count.
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3.7 Discussion
The experiments conducted on the TAG Battleship benchmark highlight the central impor-
tance of determinization quality in imperfect-information simulation-based search. The
results suggest that simulation consistency plays a more decisive role than search algorithm
sophistication in hidden-information environments. Random Determinization frequently
generates hypothetical states that contradict previously observed information, forcing
search algorithms to reason over implausible worlds and producing no useful strategic
signal regardless of how many simulations are run. Constraint-Based Determinization
restricts simulations to configurations compatible with known hits and misses, producing
search trajectories that accurately reflect the uncertainty actually faced by the player and
enabling even shallow agents such as OSLA to perform strongly. The Heatmap-Guided
strategy attempts to refine this process by weighting simulations toward statistically plau-
sible regions of the board. In the present experiments, however, this refinement provided
no measurable benefit over the constraint-based strategy for any agent (Table 3.1, Figure
3.6), while still incurring a higher per-copy computational overhead.

The experiments also reveal an important observation about the relationship between
determinization quality and the search algorithm. One might expect that a more powerful
algorithm such as IS-MCTS, which samples many worlds and aggregates their results,
would be more robust to poor determinizations than a shallow agent like OSLA. The results
show the opposite: under Random Determinization, IS-MCTS performs no better than the
Random agent, while OSLA achieves strong performance as soon as the determinizations
become constraint-consistent. Aggregating many incoherent simulations does not produce
a useful signal; it merely produces a more confident wrong answer. The gains from more
sophisticated search are therefore contingent on the quality of the hypothetical worlds
those algorithms reason about.

Another observation concerns the independence between the determinization mecha-
nism and the search algorithm. The same agent exhibits substantially different behavior
depending on the quality of the hypothetical states it receives during simulation. This
reinforces one of the central claims of this thesis: in imperfect-information environments,
hidden-state reconstruction is a fundamental component of the simulation architecture
rather than a secondary implementation detail. Improving determinization quality is a
more reliable path to better agent performance than increasing search depth, at least in the
hidden-position setting studied here.

More broadly, the TAG implementation demonstrates that preserving uncertainty
during simulation-time state copying can significantly improve imperfect-information
reasoning while remaining compatible with general simulation-based search techniques.
The benchmark therefore provides a useful reference architecture for studying hidden-
information handling in General Game Playing systems. These observations directly
motivate the next part of this thesis: while TAG enables explicit control over player-
specific state copying through its code-first architecture, Ludii currently relies on more
generic context-copy mechanisms. The following chapters investigate how determinization
techniques inspired by this benchmark can be integrated into Ludii in order to preserve
hidden-information uncertainty during simulation-based search.
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4
Hidden-Information
Simulation in Ludii

The previous chapter demonstrated that preserving uncertainty during simulation-time state

copying can significantly influence the behavior and performance of simulation-based agents

in imperfect-information environments. In TAG, this was achieved through explicit control

over player-specific game-state copies and determinization mechanisms integrated directly

into the game implementation.

This chapter investigates how hidden-information simulations are currently handled in Ludii.

Although Ludii provides extensive support for imperfect-information game representation at

the language level, simulation-based search relies on generic runtime mechanisms that were

originally designed primarily for perfect-information environments.

The objective of this chapter is therefore to analyze the interaction between hidden-information

games and Ludii’s simulation architecture. Particular attention is given to how Context

objects are copied during search and how unrestricted copies expose privileged information to

agents during forward simulation.

The chapter first presents the Battleship implementation in Ludii and examines how hidden

information is represented internally. It then analyzes the behavior of simulation-time context

copying and demonstrates why visibility constraints enforced during normal gameplay are not

sufficient to preserve uncertainty during AI search. An empirical tournament then quantifies

the impact of this information leakage. These observations motivate the determinization

mechanisms introduced in the following chapter.

4.1 Battleship in Ludii
Battleship is available in the Ludii library as Battleships.lud. As with all games in Ludii,
the game rules, equipment, and hidden-information structure are declared entirely within
this file using the Ludii Game Description Language, without any game-specific Java code.

The game is played on two separate 10×10 grids, one per player. Each player’s grid is
divided into two regions declared in the .lud file: a Defence region, where the player’s own
fleet is placed at the start of the game, and an Attack region, which records shots fired at
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the opponent. Five ships of sizes 5, 4, 3, 3, and 2 are placed on the Defence region before
play begins. Players then alternate firing shots at the opponent’s Attack grid; each shot is
answered with a hit or miss result. The player who sinks the entire opponent fleet first
wins.

Hidden information is declared directly in the game description using theset Hidden
ludeme:

(set Hidden (sites P1 "Defence") to:P2)
(set Hidden (sites P2 "Defence") to:P1)

This instructs Ludii that each player’s Defence region is invisible to the opponent.
During normal gameplay and in the graphical interface, Ludii correctly enforces this
constraint: a human player sees only their own fleet and the results of their shots. The
hidden ships are never displayed to the opposing side.

At the level of the game description, Battleship in Ludii is therefore a correct and
well-formed imperfect-information game. The problem studied in this chapter concerns
not how hidden information is declared, but how it is handled when simulation-based AI
agents copy the game state during search.

4.2 Simulation-Time Context Copying
4.2.1 The copyContext() Mechanism
Simulation-based agents in Ludii evaluate future actions by repeatedly copying the current
game state and performing forward simulations on these copies. This process is mediated
by the copyContext() method defined in AI.java, the base class for all Ludii agents. At
each decision point, an agent calls copyContext() to obtain a working copy of the current
Context on which it can safely simulate without affecting the real game.

As described in Chapter 2, the Context object contains the complete internal state
of the game, including the State substructure, which stores all cell-level information,
and the Trial substructure, which records the history of moves. Each cell on the board
is represented internally as a chunk: a compact data structure that stores, among other
things, a who field indicating which player owns the piece on that cell, and a what field
indicating the type of that piece.

The implementation of copyContext() performs a direct copy of the Context object.
All chunk values are duplicated as-is for every cell on the board, including cells that belong
to hidden regions. No filtering, masking, or randomization is applied to the copied state.

4.2.2 The Information Leakage Problem
The consequence of this raw copying behavior is straightforward but significant. When a
simulation-based agent calls copyContext() during search in a Battleship game, the copy
it receives contains the complete and unmodified State, including the who and what
values of every cell in the opponent’s Defence region. The agent therefore has access,
through the copied context, to the exact positions of all opponent ships, even cells it has
never targeted.
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This is not intentional cheating on the part of the agent. The agent simply evaluates
moves on the copy Ludii provides, and that copy happens to contain information it should
not see. From the agent’s perspective, it is reasoning about a hypothetical future, but the
hypothetical state is in fact the true game state with no information withheld.

The contrast with TAG is sharp. In TAG, _copy(playerID) is called with a player
identifier, and the game implementation controls precisely what the copy contains. Hidden
pieces are replaced by hypotheses or randomized configurations before the agent ever sees
them. In Ludii, no such mechanism exists: copyContext() is player-agnostic and exposes
the full underlying state unconditionally.

4.2.3 Where the Problem Lives in the Architecture
The root cause is architectural rather than accidental. Ludii was designed primarily for
perfect-information games, where unrestricted state copies are both safe and desirable.
The Context object was never intended to act as a player-specific observation; it is a
complete world representation. The set Hidden ludeme correctly controls what the
graphical interface renders and what moves are listed as legal, but it has no effect on what
copyContext() returns to a search algorithm.

Table 4.1 summarizes the key architectural differences between TAG and Ludii with
respect to hidden-information handling during simulation.

TAG Ludii
Game logic Java (AbstractForwardModel) .lud file (ludemes)
Game state AbstractGameState Context
Agent API _getAction() selectAction()
Copy mechanism _copy(playerID) copyContext()
Copy is player-aware Yes No
Hidden info in copy Masked / replaced Fully exposed

Table 4.1: Architectural comparison of hidden-information handling during simulation in TAG and Ludii.

Any simulation-based Ludii agent that calls copyContext() in an imperfect-information
game therefore operates, unknowingly, with complete knowledge of the hidden state. The
degree to which this inflates agent performance depends on the game: in Battleship, where
the entire opponent fleet is hidden, the effect is maximal.

4.3 Experimental Characterization of Information
Leakage

4.3.1 Experimental Setup
To empirically quantify the impact of this information leakage, a controlled tournament
was conducted in Ludii using native agents with no modification to their copy mechanism.
The tournament follows the same round-robin format used in Chapter 3: every pair of
agents plays 100 games in each direction, for a total of 200 games per matchup. All agents
were evaluated under identical time conditions using the default configuration of the Ludii
evaluation framework.
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Four native Ludii agents were evaluated:

• Random: selects a legal action uniformly at random, never calling copyContext().

• UCT: MCTS with UCB1 tree selection [19], relying heavily on repeated copyCon-
text() calls during rollouts.

• MAST: UCT enhanced with move-average sampling [30], similarly dependent on
simulation copies.

• FlatMC: flat Monte Carlo without tree construction, using copyContext() for each
evaluation.

The Random agent serves as the critical control in this experiment: since it never copies
the game state to reason about the future, it cannot benefit from information leakage
regardless of what copyContext() exposes.

4.3.2 Expected Behavior Under Correct Hidden-Information
Handling

Under correct hidden-information handling, as demonstrated in Chapter 3 with Random
Determinization in TAG, simulation-based agents without access to privileged information
perform no better than the Random agent. The search algorithms have no valid signal to
exploit, and win rates converge to approximately 50% across all agents.

4.3.3 Observed Results
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Figure 4.1: Win rates of native Ludii agents playing Battleship with unrestricted copyContext(). UCT, MAST,
and FlatMC achieve near-perfect win rates against the Random agent, revealing systematic information leakage

during simulation.
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The results are unambiguous. UCT, MAST, and FlatMC all achieve dramatically higher win
rates than the Random agent, approaching near-perfect performance in direct matchups.
This is the direct signature of information leakage: these agents effectively know the
opponent’s fleet layout from the very first move, since every copyContext() call hands
them a complete map of the board.

The Random agent, which never calls copyContext(), performs at the expected ≈ 0%
level against all opponents and cannot exploit hidden information regardless of what the
copy contains. This confirms that the performance gap observed in other agents is not due
to superior search algorithms or better evaluation functions, but purely to the privileged
access to hidden state that copyContext() provides.

4.3.4Quantifying the Leakage Effect
Themagnitude of the effect in Battleship is particularly large because the game’s uncertainty
is entirely spatial: the opponent’s fleet covers 17 cells out of 100, and knowing their exact
positions trivially reduces the problem to a deterministic sequence of targeted shots. An
agent with full information can sink the entire fleet in exactly 17 moves; an agent under
genuine uncertainty must explore the board through trial and error over many more turns.

This makes Battleship an ideal stress test for information leakage: if a framework
exposes hidden positional information, its simulation-based agents will detect and exploit
it immediately, producing a measurable win-rate gap over agents that cannot access
simulations.

4.4 Discussion
4.4.1 Conseqences for AI Research in Ludii
The experimental results demonstrate a concrete and serious problem for AI research
conducted within Ludii on imperfect-information games. When native agents are used
as baselines in such experiments, the results no longer measure genuine reasoning under
uncertainty. An agent that appears to perform well may simply be exploiting information
it should not have access to.

This has three direct consequences. First, win rates become uninterpretable: a
high win rate for UCT over Random does not demonstrate that UCT reasons better under
uncertainty; it demonstrates that UCT exploits privileged state information. Second, com-
parisons between agents become unfair: agents that rely more heavily on simulations
will benefit more from the leakage, systematically overstating their advantage over less
simulation-intensive approaches. Third, algorithm development is undermined: any
imperfect-information algorithm evaluated against native Ludii baselines will be com-
pared against artificially inflated performance figures, making it difficult to assess genuine
progress.

4.4.2 Conseqences for General Game Playing
The implications extend beyond Battleship. Ludii hosts over one thousand games, a growing
fraction of which involve hidden information. GGP competitions that use Ludii as their
platform, and research that compares agents across this game library, are both affected
whenever hidden-information games are included. The problem is not limited to spatial
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hidden information: any game that uses set Hidden in its .lud description is subject
to the same leakage through copyContext().

For GGP research in particular, the ability to evaluate agents on a fair and consistent
basis across diverse games is fundamental. A framework inwhich some agents unknowingly
access privileged information cannot serve as a reliable platform for this purpose.

4.4.3 Why the Problem is Architectural, Not Incidental
It is important to emphasize that this is not a bug that can be patched by modifying a
single line of code. The copyContext() method was designed for perfect-information
games, where copying the complete state is both correct and desirable. Introducing player-
awareness into this method at the engine level would require either modifying copyCon-
text() to accept a player identifier, which would break backward compatibility with all
existing Ludii agents, or introducing a parallel copy mechanism that agents can optionally
use for imperfect-information reasoning.

The solution proposed in Chapter 5 takes a third approach: intercepting the copy
at the agent level rather than modifying the engine, thereby preserving full backward
compatibility while enabling coherent hidden-state reasoning for any agent that opts into
the determinization layer.

4.4.4 Summary
This chapter has established three main points. Battleship in Ludii is a well-formed
imperfect-information game at the description level, but native simulation-based agents re-
ceive full knowledge of hidden ship positions through copyContext(). This leakage is not
intentional: it is a structural consequence of an engine designed for perfect-information
games. Empirically, the leakage produces near-perfect win rates for simulation-based
agents against non-simulating baselines, confirming that the problem is systematic and
measurable. These observations motivate the determinization layer introduced in the next
chapter, which replaces raw context copies with coherent hypothetical states that respect
the hidden-information constraints declared in the game description.
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5
A Determinization Layer for

Ludii

The previous chapter demonstrated that native simulation-based agents in Ludii involuntarily

access hidden game-state information through unrestricted context copies, producing artifi-

cially inflated performance figures in imperfect-information games. This chapter presents the

solution developed in this thesis to address that problem.

The proposed approach introduces a determinization layer that intercepts simulation-time

context copies, replaces hidden information with coherent hypotheses generated from past

observations, and integrates transparently with any existing Ludii agent. The solution requires

no modification to existing agent implementations and only a minimal, backward-compatible

extension to the Ludii engine itself.

The chapter describes the architecture of the solution in full, covering hidden-information

detection, game-history reconstruction, hypothesis generation, context injection, and agent

integration.

The full implementation is available on GitHub
1
, which includes the LATEX source for this thesis

alongside the TAG and Ludii implementations as Git submodules.

5.1 Design Principles and Overview
The core insight motivating the solution is straightforward: the problem identified in
Chapter 4 does not require replacing Ludii’s simulation infrastructure. It only requires
intercepting one specific operation, the context copy, and substituting a smarter version in
its place.

Rather than letting copyContext() return a raw duplicate of the true game state,
the determinization layer intercepts this call and returns a modified copy in which the
opponent’s hidden pieces have been replaced by a coherent hypothesis derived from the
observations accumulated during gameplay. From the agent’s perspective, the interface is

1https://github.com/jejeAKAgg/TFE26-093

https://github.com/jejeAKAgg/TFE26-093
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identical: it receives a Context object and proceeds with its normal simulation logic. The
difference lies entirely in what that context contains.

This design satisfies three requirements that shaped the architecture throughout its
development. The solution must be transparent to existing agents: no modification
to the internal decision logic of UCT, MAST, FlatMC, or any other Ludii agent should be
necessary. It must be generic across games: the mechanism for detecting and replacing
hidden information should work from the game’s .lud description alone, without game-
specific code. And it must beminimally invasive with respect to Ludii’s engine: the
framework should remain intact and backward-compatible, so that the solution does not
break any existing perfect-information game or agent.

The solution is organized around three interdependent components. The ContextDe-
terminiser is responsible for analyzing the .lud file, reconstructing what the acting player
can legitimately know at any point in the game, generating a coherent hypothesis for the
hidden state, and injecting that hypothesis into a copy of the context before returning
it. The DeterminizationEngine is the constraint-based hypothesis generator: a direct
port of the engine developed in Chapter 3, adapted to operate over Ludii’s internal state
representation rather than TAG’s. The DeterminizedAgent is a lightweight wrapper that
plugs the determinization layer into any existing Ludii agent by overriding the context
copy mechanism, without touching the agent’s decision logic.

These three components interact through a single integration point added to AI.java:
a setContextCopier() method that allows an external component to replace the default
copy strategy with a custom one. This is the only modification made to Ludii’s core, and it
is fully backward-compatible: agents that do not call setContextCopier() continue to use
the standard raw copy, as before.

The design is closely related to the broader line of work on belief-state reasoning under
hidden information [39, 40]. While those approaches focus on maintaining explicit proba-
bilistic belief representations over game states, the present solution takes a determinization
perspective: rather than tracking the full distribution, it samples plausible complete states
consistent with past observations and uses them directly as simulation inputs. This tradeoff
between representational completeness and computational tractability has been extensively
studied in the imperfect-information search literature [21], and the choice here is deliberate:
it allows the solution to remain computationally lightweight and directly compatible with
standard MCTS-based agents.

5.2 Detecting Hidden Information
Before any hypothesis can be generated, the solution must determine what kind of hidden
information the current game involves. This detection step is performed once at initializa-
tion by the ContextDeterminiser, which reads the raw content of the game’s .lud file
and identifies the set Hidden ludemes it contains.

As introduced in Chapter 2, Ludii encodes hidden information through three variants of
this ludeme. The plain (set Hidden ...) form hides all chunk fields associated with
a cell, including ownership, piece type, and state. The (set Hidden Who ...) vari-
ant hides only the ownership field, leaving the piece type visible, while (set Hidden
What ...) hides only the piece type, leaving ownership exposed. By scanning the
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.lud file for these patterns, the ContextDeterminiser determines which fields need to be
replaced during the context copy.

Three internal hidden-type categories are defined accordingly. When ownership is
hidden, the agent does not know which cells are occupied by opponent pieces: this is the
WHO category, which corresponds to Battleship, where the entire enemy fleet is invisible.
When piece type is hidden but location is visible, the agent knows where pieces are but
not what they are: this is the WHAT category, corresponding to games like Stratego. When
both are hidden simultaneously, the WHO_AND_WHAT category applies, as in card games
where neither the presence nor the identity of opponent cards is known.

For Battleship, the .lud file uses the plain (set Hidden ...) form without suffix,
which the ContextDeterminisermaps to WHO_AND_WHAT by default. In practice, since
the engine generates spatial presence hypotheses rather than type hypotheses, only the
who chunk field is replaced in the injected copy. Extending the engine to also reconstruct
what values, for games like Stratego, is a natural direction for future work.

5.3 Reconstructing the Game History
Generating a coherent hypothesis requires knowing what the acting player has legitimately
observed so far. In TAG, this information is maintained explicitly in the game state: the
player0ShotGrid and player1ShotGrid structures record every hit and miss
as they occur. In Ludii, the equivalent information must be reconstructed from the game’s
Trial object, which records the full sequence of actions applied since the start of the game.

The ContextDeterminiser iterates over the move history stored in the Trial, filtering
for actions that correspond to shots fired by the acting player and their outcomes. For each
such action, it recovers the target cell and the result: a hit if the action modified the state of
a hidden cell, a miss otherwise. This reconstruction produces the same two structures that
the TAG engine relies upon: a hitMap, recording confirmed occupied cells, and a missMap,
recording confirmed empty cells.

The reconstruction is performed fresh at each copy call rather than maintained incre-
mentally. This is intentional: it avoids any need to track state between calls and ensures
that the maps always reflect the complete history available in the Trial at the time of the
simulation. The computational overhead is proportional to the number of moves played,
which in Battleship is at most 100 per player and therefore negligible relative to the cost of
hypothesis generation itself.

5.4 The Determinization Engine
The DeterminizationEngine is the core computational component of the solution. Its
role is to produce a plausible complete hidden-state configuration, consistent with all
observations reconstructed from the game history, that can be injected into the context
copy before it is returned to the agent.

The engine is a direct port of the Constraint-Based Determinization developed in
Chapter 3, adapted to operate over Ludii’s internal Context representation rather than
TAG’s AbstractGameState. The constraint satisfaction logic, the placement algorithm,
and the fallback behavior are identical to those described in Section 3.3 and Section 3.4.2.
Ships are placed sequentially while respecting the missMap as a set of forbidden cells
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and the hitMap as a set of cells that must be covered. When multiple valid placements
exist, the engine samples among them to preserve diversity across simulations. When
no valid configuration can be found within the allotted attempts, the engine falls back to
unconstrained random placement, ensuring termination under all circumstances.

The only adaptation required concerns how cell values are read and written. In TAG,
the hypothesis is written into a GridBoard object. In Ludii, the engine writes directly
into the State substructure of the copied Context, setting the who chunk field of each
cell to reflect the generated hypothesis. Cells belonging to the opponent’s hidden region
that are not occupied in the hypothesis have their who field set to zero; cells covered by a
hypothesized ship have their who field set to the opponent’s player index. All other fields,
including the what and state values for non-hidden cells, are left untouched.

This targeted field-level modification ensures that the rest of the Context remains
intact and consistent. The legal move generator, the rule interpreter, and all other engine
components continue to operate on a valid game state; only the hidden region has been
replaced with a hypothesis.

5.5 Injecting the Hypothesis
Once the DeterminizationEngine has produced a valid hypothesis, the ContextDe-
terminiser injects it into the context copy before returning it to the calling agent. The
injection procedure operates as follows.

A standard copyContext() call is first made to obtain a faithful structural copy of
the current game state. This copy is then passed to the engine, which identifies the cells
belonging to the opponent’s hidden region using the set Hidden information extracted
during the detection step, and overwrites their who fields with the values dictated by the
generated hypothesis.

The result is a Context object that is identical to the true game state in all observable
aspects, but whose hidden region reflects a plausible fictional world consistent with the
acting player’s observations rather than the true ship layout. This context is then returned
to the calling agent in place of the raw copy it would have received from the standard
copyContext() mechanism.

The injection is entirely transparent to the agent. From its perspective, it called a copy
method and received a Context object. Whether that object reflects the true state or a
coherent hypothesis is not visible to the agent, nor does it need to be: the agent simply runs
its simulation on the provided context and uses the result to evaluate candidate actions.

5.6 The DeterminizedAgent
The final component of the solution is the DeterminizedAgent, a generic wrapper that
integrates the determinization layer into any existing Ludii agent without modifying that
agent’s source code.

The wrapper extendsAI.java and holds a reference to an inner agent, which can be any
standard Ludii agent such as UCT, MAST, or FlatMC. At initialization, the DeterminizedA-
gent instantiates a ContextDeterminiser for the current game, which performs the
hidden-information detection described in Section 5.2. It then calls setContextCopier()
on the inner agent, providing the ContextDeterminiser as the custom copy strategy.
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From this point forward, every time the inner agent calls copyContext() during search,
the call is routed through the ContextDeterminiser instead of the standard engine copy,
and the agent receives determinized contexts rather than raw ones.

The decision logic of the inner agent is completely untouched. UCT still builds its
search tree using UCB1 selection; MAST still maintains move-average statistics; FlatMC
still evaluates actions through flat Monte Carlo rollouts. The only change is the quality of
the context those algorithms receive: rather than reasoning about the true hidden state,
they reason about coherent hypothetical worlds derived from what they have observed.

This architecture has an important practical implication: the determinization layer
can be applied retroactively to any existing Ludii agent. No game-specific knowledge, no
modification of the agent’s decision logic, and no recompilation of the original agent are
required. The DeterminizedAgent wrapper and the single setContextCopier() method
added to AI.java are the only additions needed to equip the entire existing Ludii agent
ecosystem with coherent hidden-information reasoning.

Figure 5.1 provides an overview of the complete pipeline, from the moment an agent
requests a context copy to the moment it receives the determinized result.

Figure 5.1: The determinization pipeline. When the inner agent requests a context copy, the
DeterminizedAgent intercepts the call, reconstructs the game history from the Trial, generates a coherent

hidden-state hypothesis, injects it into the copy, and returns the modified context to the agent.

5.7 Discussion and Limitations
The solution achieves its three design requirements. It is transparent to existing agents,
generic with respect to the game description, and minimally invasive with respect to Ludii’s
engine. The setContextCopier() extension to AI.java is the only structural change made
to the framework, and it is fully backward-compatible.

Several limitations are worth acknowledging. The current implementation handles
only the who chunk field, addressing hidden-position games such as Battleship. Games
involving hidden piece identities, such as Stratego, would require the engine to also generate
hypotheses for what values, which in turn requires reasoning about type constraints
rather than purely positional ones. This extension is conceptually straightforward but was
left outside the scope of the present work.
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History reconstruction from the Trial relies on the assumption that all relevant obser-
vations can be inferred from the move sequence alone. This holds for Battleship, where
every shot has a deterministic and immediately observable outcome. In games with more
complex information structures, such as simultaneous moves, hidden draws, or probabilis-
tic events, the reconstruction may require access to additional game-specific signals not
encoded in the standard move history.

Finally, the determinization approach adopted here inherits the known limitations of
single-determinization search. As discussed in the context of Chapter 3, the quality of the
agent’s decisions is bounded by the quality of the hypotheses it reasons about. Approaches
that maintain richer uncertainty representations, such as the belief-state models[39, 40], can
in principle reason more accurately under uncertainty, at the cost of substantially greater
computational complexity. The present solution prioritizes tractability and generality over
representational completeness, which appears well-suited to the GGP setting where agents
must operate across many different games without game-specific tuning.
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6
Experimental Evaluation of
the Determinization Layer

This chapter evaluates the determinization layer proposed in Chapter 5 through a series of

controlled tournaments in Ludii on the Battleship benchmark. Two tournaments are conducted.

The first uses native Ludii agents without any modification, empirically confirming the

information leakage problem characterized in Chapter 4. The second replaces each search-based

agent with its determinized counterpart and measures the impact of correct hidden-information

handling on agent performance.

The results from both Ludii tournaments are then compared against the TAG reference bench-

mark established in Chapter 3, examining whether the determinization layer successfully

bridges the behavioral gap between the two frameworks and what residual differences remain.

6.1 Experimental Setup
6.1.1 Tournament Protocol
Both Ludii tournaments follow the same round-robin format used in Chapter 3. Every
pair of agents plays 100 games in each direction, agent A as player 1 against agent B
as player 2 and then the reverse, for a total of 200 games per matchup. Playing in both
directions controls for first-player advantage, which is non-negligible in Battleship since
the first player always obtains the first opportunity to fire. All search-based agents are
given a thinking-time budget of 1000ms per move, matching the budget used in the TAG
experiments to ensure comparability. All experiments were conducted on the Dragon2
computing cluster hosted at the University of Mons (UMons). The cluster consists of 17
computing nodes, each equipped with two Intel Skylake Xeon 6142 processors (16 cores,
2.6 GHz); 15 nodes have 192 GB of RAM and 2 nodes have 384 GB, all with 3.3 TB of local
scratch space. Two additional nodes equipped with two Intel Skylake Xeon 6126 processors
(12 cores, 2.6 GHz) each host two NVIDIA Tesla V100 GPUs (5120 CUDA cores, 16 GB
HBM2, 7.5 TFlops double precision).1

1Full hardware specifications are available at the CÉCI documentation: https://www.ceci-hpc.be/
clusters/dragon2/

https://www.ceci-hpc.be/clusters/dragon2/
https://www.ceci-hpc.be/clusters/dragon2/
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6.1.2 Agents
Tournament 1 evaluates four native Ludii agents with no modification to their copy mech-
anism. The Random agent selects legal actions uniformly at random and never calls
copyContext(), making it the central control for information-leakage detection. UCT
implements Monte Carlo Tree Search with UCB1 tree selection [19] and relies extensively
on simulation copies during rollouts. MAST extends UCTwith the Move-Average Sampling
Technique [30] to improve rollout quality. FlatMC performs flat Monte Carlo evaluation
without tree construction, issuing one copyContext() call per candidate action per decision
step.

Tournament 2 replaces each search-based agent with its determinized counterpart pro-
duced by the DeterminizedAgent wrapper described in Section 5.6. UCT+Det, MAST+Det,
and FlatMC+Det are identical to their native counterparts in every respect except that
their context copies are routed through the ContextDeterminiser and therefore reflect
coherent hypothetical ship configurations rather than the true hidden state. OSLA+Det is
a re-implementation of the One-Step Look-Ahead agent from TAG, ported to Ludii and
wrapped with the DeterminizedAgent. It evaluates each legal action through a single de-
terminized forward simulation and selects the highest-scoring immediate outcome. RMHC
was not ported and remains absent from the Ludii experiments. The Random agent is
included unchanged in both tournaments as a stable performance anchor.

It is worth noting that the Ludii agent set partially differs from the TAG agent set
used in Chapter 3. While OSLA+Det was re-implemented to enable direct comparison,
the Ludii versions of UCT and MAST differ from their TAG counterparts in their internal
implementation. The comparison between the two frameworks is therefore qualitative
rather than agent-by-agent: the relevant question is whether the behavioral patterns
observed in TAG are reproduced in Ludii.

6.1.3 Evaluation Metrics
The primary and only metric used in the Ludii evaluation is win rate: the percentage of
games won by an agent across all its matchups in the tournament. Win rate is reported
both in pairwise matchups and as an aggregate over the full round-robin to give a global
ranking.

Unlike the TAG benchmark, computational metrics such as copy latency and forward
model call counts are not tracked in the Ludii evaluation. Ludii’s simulation infrastructure
does not expose per-copy timing information through its standard agent interface, and
instrumenting the framework at that level was outside the scope of this work. The com-
putational overhead of the determinization layer is therefore characterized qualitatively
rather than quantitatively in this setting, based on the observed increase in wall-clock time
per tournament relative to native agents.
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6.2 Tournament 1: Validating the Information Leak-
age

6.2.1 Results
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Figure 6.1: Win rates of native Ludii agents in Tournament 1. MAST, UCT, and FlatMC achieve dramatically
higher win rates than the Random agent, confirming systematic access to hidden information through
unrestricted copyContext() calls. The near-zero win rate of Random (0.5%) reflects the fact that its

opponents effectively play with perfect information rather than reasoning under uncertainty.

The results of Tournament 1 are unambiguous. MAST, UCT, and FlatMC all achieve
dramatically higher win rates against the Random agent, while the Random agent performs
at 0.5% across all its matchups. MAST dominates the tournament with 99.8%, followed by
UCT at 58.5% and FlatMC at 41.2%.

This outcome is the direct empirical signature of the architectural problem identified in
Chapter 4. Every copyContext() call made by MAST, UCT, or FlatMC during search
returns a context containing the true positions of all opponent ships. The agent does not
pursue a search strategy under uncertainty: it simply evaluates moves against the true
board, which trivially reduces the game to a deterministic sequence of targeted shots. The
Random agent, which never makes such calls, cannot access this information and therefore
performs at near-zero level.
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Figure 6.2: Head-to-head win rates for native Ludii agents in Tournament 1. MAST dominates every matchup,
winning 100% of its games against UCT, FlatMC, and Random. All three search-based agents achieve near-perfect
win rates against Random (99–100%), confirming that they exploit privileged hidden-state information rather
than reasoning under uncertainty. Random wins virtually no games, consistent with opponents playing with

effective omniscience.

6.2.2 Differences in RolloutQuality
An additional observation concerns the relative performance of MAST, UCT, and FlatMC
within Tournament 1. Since all three agents effectively play with full information due to the
information leak, the stark contrast in their performance highlights how their respective
rollout strategies exploit this unmasked state space.

MAST’s exceptional win rate (99.8%) stems from its move-average statistics, which
quickly converge toward the actual ship coordinates during simulations. Because the
rollouts are executed on copies of the true, fully revealed game state, MAST’s action-history
table immediately identifies and prioritizes historically rewarded cells (hits), effectively
guiding the simulation phases toward rapid victories.

Conversely, UCT exploits the leaked state far less effectively (58.5%). Without move-
average statistics to bias its simulations, UCT relies on purely uniform random rollouts.
These unguided rollouts dilute the critical feedback signal obtained from the unmasked
root, as a sequence of random shots has an extremely low probability of stumbling into a
winning configuration. This structural difference explains why UCT trails MAST so heavily
despite both agents having full access to the board: its tree search cannot compensate
for the noise introduced by its random rollout phase, whereas MAST transforms the
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leaked information into a highly effective simulation heuristic. FlatMC, which evaluates
each action independently through flat rollouts, exploits the available information least
efficiently of the three (41.2%).

However, in a game where the true board is fully visible, even a single-step lookahead
is sufficient to identify the optimal target at every turn: simply fire at any known ship cell.
The performance gap between search-based agents in Tournament 1 therefore captures
only second-order differences in sequential planning efficiency, not genuine strategic
intelligence. The dominant effect remains information leakage.

6.2.3 Confirmation of the Problem
These results confirm the two key claims made in Chapter 4. First, the win-rate gap between
simulation-based agents and the Random agent is entirely attributable to involuntary access
to hidden information: no agent in this tournament is reasoning under uncertainty. Second,
this gap renders all win-ratemeasurements for native Ludii agents in Battleshipmeaningless
as evaluations of imperfect-information reasoning ability.

6.3 Tournament 2: Determinized Agents
6.3.1 Results
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Figure 6.3: Win rates of determinized Ludii agents in Tournament 2. OSLA+Det dominates at 87.5%, closely
matching its TAG counterpart, followed by MAST+Det at 77.5%. The information leakage advantage observed in
Tournament 1 is eliminated: Random recovers to 2.3%, consistent with agents now reasoning under genuine

uncertainty rather than exploiting privileged state information.
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The first and most important observation from Tournament 2 is that the artificial perfor-
mance advantage observed in Tournament 1 is eliminated. The determinized agents no
longer play with knowledge of the true ship positions; instead, each context copy they re-
ceive reflects a coherent hypothetical fleet consistent only with their own past observations.
The signature of this change is twofold. First, the ordering of the agents now reflects search
quality rather than raw access to the hidden state: OSLA+Det emerges as the strongest
agent at 87.5%, closely mirroring its performance in the TAG benchmark and confirming
that the determinization layer provides a genuine and exploitable signal even for shallow
one-step search. Second, the Random agent no longer collapses to near-zero: it recovers
to 2.3%, the level expected when its opponents must genuinely reason under uncertainty
rather than fire directly at known ship cells. This 2.3% closely matches the 2% observed for
Random under Constraint-Based Determinization in TAG (Table 3.1), confirming that the
Ludii determinization layer reproduces the leakage-free regime established in the reference
benchmark.

This result validates the core claim of Chapter 5: the determinization layer correctly
intercepts the raw context copy and replaces it with a coherent hypothesis, removing the
privileged information that was available to native agents.
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Figure 6.4: Head-to-head win rates for determinized Ludii agents in Tournament 2. OSLA+Det dominates with
win rates of 71–97% against all opponents. MAST+Det also performs strongly, winning 88–98% against UCT+Det,
FlatMC+Det, and Random. Random recovers to 2–3% against all agents, confirming that the information leakage

advantage has been eliminated and that performance differences now reflect genuine reasoning under
uncertainty.
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6.3.2 Relative Performance of Determinized Agents
Within Tournament 2, meaningful differences in win rate emerge between the determinized
agents. OSLA+Det leads at 87.5%, followed by MAST+Det at 77.5%, UCT+Det at 46.4%, and
FlatMC+Det at 36.4%. These differences are interpretable as genuine reflections of search
quality under uncertainty rather than artifacts of information leakage.

OSLA+Det and MAST+Det clearly outperform UCT+Det and FlatMC+Det. OSLA+Det
benefits directly from coherent one-step hypotheses: at each decision step, it targets the cell
that appears occupied in the determinized context, which is precisely the spatial reasoning
that constraint-based filtering enables. MAST+Det accumulates move-average statistics
across simulations performed on coherent hypothetical worlds, progressively reinforcing
actions that target likely ship positions.

UCT+Det, by contrast, builds a search tree through repeated simulations but its rollout
policy remains uniform random, limiting the value of deeper search. FlatMC+Det suffers
from the same limitation without the benefit of tree construction. The performance
ordering in Tournament 2 therefore mirrors the pattern observed in the Constraint-Based
Determinization condition of Chapter 3: greedy and statistically-informed agents benefit
most from coherent hypotheses, while tree-search agents are bottlenecked by rollout
quality rather than search depth.

6.3.3 Computational Overhead
The Ludii evaluation does not provide per-copy timing metrics through the standard agent
interface, so computational overhead cannot be quantified precisely in this setting. Quali-
tatively, determinized agents require substantially more wall-clock time per tournament
than native agents, due to the history reconstruction and constraint-based hypothesis
generation performed at each copyContext() call. This overhead is proportional to
the number of moves already played and to the number of CSP placement attempts required
before a valid configuration is found.

In practice, this overhead does not prevent search-based agents from completing a
meaningful number of simulations within the 1000ms budget, as evidenced by the non-
trivial win rates achieved by MAST+Det and OSLA+Det. However, it likely reduces the
effective simulation count relative to native agents. The lower win rate of UCT+Det
compared to native UCT should not be read as a regression caused by this overhead: native
UCT played with full information, whereas UCT+Det reasons under genuine uncertainty
and against a stronger, fully determinized field (including OSLA+Det). The two figures are
therefore not directly comparable.

6.4 ComparisonwiththeTAGReferenceBenchmark
6.4.1 Structural Differences Between the Two Settings
Before comparing results numerically, it is important to acknowledge the structural dif-
ferences between the TAG and Ludii experimental settings. The agent populations differ:
TAG used OSLA, RMHC, IS-MCTS, and MAST, while Ludii used UCT, MAST, FlatMC,
and OSLA+Det (re-implemented from TAG). The framework implementations of shared
algorithm families such as MCTS differ in their internal details. TAG provided three deter-
minization strategies (Random, Constraint-Based, and Heatmap-Guided), while the Ludii
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determinization layer implements the Constraint-Based strategy only as its primary mode.
These differences make a direct agent-by-agent comparison inappropriate. The comparison
is therefore conducted at the level of behavioral patterns.

6.4.2 Pattern 1: Convergence to Chance Under No Deter-
minization

The most fundamental prediction from Chapter 3 is that simulation-based agents given
access to incoherent hidden states should not outperform the Random agent. Under Random
Determinization in TAG, all agents performed near chance level, with win rates ranging
from 44% to 53%, reflecting the absence of any useful signal in the incoherent hypotheses.
Under native Ludii without the determinization layer, agents achieve near-perfect win rates
against Random. It’s not chance, but omniscience: they are not being given incoherent
information, they are being given perfect information.

This asymmetry highlights that the Ludii native condition is not a form of Random
Determinization but rather a form of omniscient play. Tournament 1 therefore does not
replicate the TAG Random Determinization condition; it represents a qualitatively different
and more severe failure mode. The elimination of this information advantage is instead
what Tournament 2 demonstrates: once agents receive coherent hypotheses rather than the
true hidden state, their performance reflects genuine reasoning quality under uncertainty
rather than privileged access, consistent with the leakage-free baseline established in TAG.

6.4.3 Pattern 2: Recovery Under Constraint-Based Deter-
minization

Chapter 3 showed that introducing constraint-based determinization produced a dramatic
improvement against the Random agent for all simulation-based agents, with OSLA and
RMHC in particular reaching overall win rates well above 50%. Tournament 2 reproduces
this pattern directly. OSLA+Det achieves 87.5%, consistent with the 87% observed in TAG
under Constraint-Based Determinization, confirming that the behavioral recovery under
informed determinization is not framework-specific but reflects a general property of
simulation-based search under hidden information. The re-implementation of OSLA in
Ludii therefore serves as a direct empirical bridge between the two frameworks, strength-
ening the cross-framework comparison beyond a purely qualitative alignment.

6.4.4 Pattern 3: The Role of the Random Agent as Invariant
Anchor

Across all conditions in both TAG and Ludii, the Random agent is the one invariant. Because
it never calls a simulation copy method, its behavior is entirely unaffected by what the
copy mechanism returns. Its win rate should remain unaffected by the quality of the copy
mechanism, since it never calls copyContext(). Its absolute win rate therefore reflects
only the genuine strength of its opponents under each condition, not any information
advantage.

This prediction holds across all five conditions: TAG Random Determinization (Random
≈ 44%), TAG Constraint-Based (Random ≈ 2%), TAG Heatmap-Guided (Random ≈ 2%),
Ludii native agents (Random ≈ 0.5%), and Ludii determinized agents (Random ≈ 2.3%).
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The consistent behavior of the Random agent across frameworks and conditions provides
strong evidence that the observed effects are due to the determinization mechanism rather
than to confounding factors.

6.5 Discussion and Limitations
6.5.1 What the Results Establish
The two Ludii tournaments together establish three things. The information leakage
problem is real and measurable: native simulation-based Ludii agents play Battleship
with effective omniscience, which fully accounts for their performance advantage over
the Random agent. The determinization layer eliminates this advantage: once agents
receive coherent hypothetical contexts rather than the true hidden state, their win rates fall
back toward the levels expected under genuine uncertainty. And the behavioral patterns
observed in Ludii after applying the determinization layer are qualitatively consistent with
the TAG reference benchmark under Constraint-Based Determinization, validating the
design of the solution across both frameworks.

6.5.2 Limitations
Several limitations should be acknowledged. The current evaluation is restricted to Bat-
tleship, a game with a particularly clean and well-defined hidden-information structure.
Applying the determinization layer to other imperfect-information games in the Ludii
library, such as Stratego or card games involving hidden identities, would require the ex-
tended what-field injection described in Section 5.2 as future work, and would introduce
additional challenges in history reconstruction for games with more complex observation
structures.

The constraint-based hypothesis generator can in principle fail to find a valid ship
configuration within its allotted attempts, falling back to random placement. As discussed
in Chapter 3, this fallback rate is low in practice but non-zero. In the Ludii setting, the
fallback has the additional effect of reintroducing random determinization for individual
copy calls, slightly degrading the consistency of the information provided to the search
algorithm.

Additionally, the history reconstruction mechanism in
BattleshipDeterminizationAgent reads hit and miss outcomes after replay-
ing the full move history from the Trial. While this correctly reconstructs the player’s
observations, the reconstruction is performed fresh at each decision step, introducing an
overhead that grows linearly with game length. Maintaining an incremental observation
log would substantially reduce this cost and constitutes a natural direction for optimization.

Finally, the comparisonwith TAG is strengthened by the re-implementation of OSLA+Det
as a shared agent, but remains limited by the absence of RMHC and by differences in the
internal implementations of UCT and MAST between the two frameworks. The qualitative
alignment of behavioral patterns is encouraging, but a more rigorous cross-framework
comparison would require either porting TAG agents to Ludii or re-implementing Ludii
agents in TAG under identical computational conditions. This is left as a direction for
future work.
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6.5.3 Summary
The experimental evaluation confirms that the determinization layer proposed in Chap-
ter 5 achieves its primary objective: it transforms Ludii Battleship from a game in which
simulation-based agents play with perfect information into one in which they reason
under genuine uncertainty. The resulting behavioral patterns are consistent with the TAG
reference benchmark, providing empirical support for the design and implementation of
the solution. The limitations identified here, primarily the restriction to positional hidden
information and the modest nature of the cross-framework comparison, outline the natu-
ral extensions of this work toward a more complete treatment of imperfect-information
reasoning in general game playing systems.
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7
Conclusion

This thesis investigated a fundamental limitation of the Ludii General Game Playing sys-
tem: simulation-based agents involuntarily access hidden game-state information through
unrestricted context copies, producing artificially inflated performance figures in imperfect-
information games. This architectural problem renders experimental results uninterpretable
and undermines the reliability of AI benchmarking in any Ludii game involving hidden
information.

Three contributionswere developed to address this problem. First, a controlled imperfect-
information benchmark was established in the Tabletop Games Framework using Battleship
as a case study, demonstrating that simulation consistency matters more than search depth
in hidden-position environments. Second, the information leakage problem in Ludii was
formally characterized and empirically confirmed, showing that native simulation-based
agents achieve near-perfect win rates against non-simulating baselines purely through
involuntary access to privileged state information. Third, a generic determinization layer
was designed and implemented for Ludii, intercepting simulation-time context copies and
replacing hidden information with coherent hypotheses derived from accumulated observa-
tions, with no modification to existing agent logic and only a single backward-compatible
extension to the engine.

Experimental evaluation confirmed that the determinization layer achieves its primary
objective. The re-implementation of OSLA in Ludii provided a direct empirical bridge
between the two frameworks, with OSLA+Det achieving 87.5% under constraint-based
determinization, closely mirroring the 87% observed in TAG under identical conditions.
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Future Work
Several directions remain open for future work.

Hidden-identity games. The current determinization engine handles only the who
chunk field, addressing hidden-position games such as Battleship. Extending it to also
reconstruct what field values would enable its application to hidden-identity games such
as Stratego, where piece locations are visible but ranks are concealed. This extension is
conceptually straightforward but requires reasoning over type constraints rather than
purely positional ones.

Richer uncertainty representations. The single-determinization approach adopted
here inherits known limitations of determinization-based search. Replacing it with richer
belief-state representations [39, 40] could improve reasoning quality under uncertainty
at the cost of additional computational complexity. Investigating this tradeoff in the GGP
setting, where agents must remain game-independent, constitutes a natural extension of
this work.

Cross-framework comparison. The comparison between TAG and Ludii is currently
strengthened by the re-implementation of OSLA+Det as a shared agent, but remains limited
by the absence of RMHC and by differences in the internal implementations of UCT and
MAST between the two frameworks. A more rigorous comparison would require either
porting TAG agents to Ludii or re-implementing Ludii agents in TAG under identical
computational conditions.

Porting RMHC to Ludii. RMHC was not ported to Ludii in this work and therefore
remains absent from the Ludii experimental evaluation. Given its strong performance
under constraint-based determinization in TAG, porting it would provide an additional
data point for the cross-framework comparison and could further validate the generality
of the determinization layer.

Incremental history reconstruction. The current history reconstruction mechanism
replays the full move history from the Trial at each decision step, introducing an overhead
that grows linearly with game length. Maintaining an incremental observation log updated
after each move would substantially reduce this cost and constitutes a natural direction for
optimization.

Games with complex observation structures. The history reconstruction currently
assumes that all relevant observations can be inferred from the move sequence alone, which
holds for Battleship but may not generalize to games with simultaneous moves, hidden
draws, or probabilistic events. Extending the reconstruction mechanism to handle such
structures would broaden the applicability of the determinization layer across the full Ludii
game library.
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A.1 Battleships.lud
1 (define "Hit" 1)
2

3 (define "Waves"
4 (difference (sites Empty) (sites Hidden to:All))
5 )
6

7 // #1 - Large Piece Name
8 // #2 - Paths
9 // #3 - Small Piece Name
10 (define "DefinePiece"
11 (piece #3 Each)
12 (tile
13 #1
14 Each
15 #2
16 (move
17 (from if:(is In (from) (sites Hand Mover)))
18 (to (intersection (sites Mover "Defence") (sites Empty)))
19 (then
20 (do
21 (forEach
22 Site
23 (sites LargePiece at:(last To))
24 (remember Value (site))
25 (then (remove (last To)))
26 )
27 next:(do
28 (forEach
29 Value
30 (values Remembered)
31 (add
32 (piece (id #3 Mover))
33 (to (value))
34 (then (set State at:(last To) 0))
35 )
36 )



A

60 A Appendix

37 next:(forget Value All)
38 )
39 )
40 )
41 )
42 )
43 )
44

45 // #1 - then clause
46 (define "ClearShotSpace"
47 (set State at:(last From) ("Hit")
48 (then
49 (set Hidden at:(last From) False to:Mover
50 #1
51 )
52 )
53 )
54 )
55

56 (define "CheckForVictory"
57 (if
58 (and
59 (>= (count Turns) 10)
60 (= 0 (count Sites in:(intersection (sites Hidden to:Mover)

(sites Occupied by:Next))))
61 )
62 (set Var (id Mover)
63 (then
64 (forEach Site (sites Board)
65 (set Hidden at:(site) False to:Next)
66 )
67 )
68 )
69 )
70 )
71

72 // #1 - P1/P2
73 (define "DeclareVictory"
74 (if
75 (= (id #1) (var))
76 (result #1 Win)
77 )
78 )
79

80 //------------------------------------------------------------------------------

81

82 (game "Battleships"
83 (players 2)
84 (equipment {
85 (board (rectangle 10 20))
86 ("DefinePiece" "CarrierTemplate" { {F F F F} {L F F F F}} "

Carrier")
87 ("DefinePiece" "BattleshipTemplate" { {F F F} {L F F F}} "

Battleship")
88 ("DefinePiece" "DestroyerTemplate" { {F F} {L F F}} "Destroyer

")
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89 ("DefinePiece" "SubmarineTemplate" { {F F} {L F F}} "Submarine
")

90 ("DefinePiece" "PatrolBoatTemplate" { {F} {L F}} "PatrolBoat")
91 (regions "Defence" P1 (expand (sites Left) steps:9))
92 (regions "Defence" P2 (expand (sites Right) steps:9))
93 (hand Each size:5)
94 })
95 (rules
96 (start {
97 (set Hidden (sites P1 "Defence") to:P2)
98 (set Hidden (sites P2 "Defence") to:P1)
99 (set Hidden (sites Hand P1) to:P2)
100 (set Hidden (sites Hand P2) to:P1)
101 (place "CarrierTemplate1" (handSite P1 0))
102 (place "CarrierTemplate2" (handSite P2 0))
103 (place "BattleshipTemplate1" (handSite P1 1))
104 (place "BattleshipTemplate2" (handSite P2 1))
105 (place "DestroyerTemplate1" (handSite P1 2))
106 (place "DestroyerTemplate2" (handSite P2 2))
107 (place "SubmarineTemplate1" (handSite P1 3))
108 (place "SubmarineTemplate2" (handSite P2 3))
109 (place "PatrolBoatTemplate1" (handSite P1 4))
110 (place "PatrolBoatTemplate2" (handSite P2 4))
111 })
112 phases: {
113 (phase "Setup"
114 (play (forEach Piece container:(mover)))
115 (nextPhase (>= (count Turns) 10) "Playing")
116 )
117 (phase "Playing"
118 (play
119 (move Select
120 (from (intersection (sites Next "Defence") (sites

Hidden to:Mover)))
121 (then
122 ("ClearShotSpace"
123 (then
124 ("CheckForVictory")
125 )
126 )
127 )
128 )
129 )
130 )
131 }
132 (end {
133 ("DeclareVictory" P1)
134 ("DeclareVictory" P2)
135 })
136 )
137 )
138

139 //------------------------------------------------------------------------------

140

141 (metadata
142
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143 (info
144 {
145 (description "Battleships is a strategy type guessing game for

two players. It is played on ruled grids (paper or board) on which
each player’s fleet of ships (including battleships) are marked. The
locations of the fleets are concealed from the other player. Players
alternate turns calling shots at the other player’s ships, and the
objective of the game is to destroy the opposing player’s fleet.")

146 (aliases {"Battleship" "Sea Battle"})
147 (rules "The first player (Grey) has their home area on the

left; the second player (Black) on the right.
148

149 In the initial setup phase players move their pieces from
their hand to their home area. By default the pieces will be placed
vertically. Press ’r’ whilst moving it, to place one horizontally.

150

151 Finally the players take turns to guess spaces in their
opponent’s home area. These are revealed to be either water or a ship
according to the following code: <b>C</b>arrier - 5 spaces; <b>B</b>
attleship - 4 spaces; <b>D</b>estroyer - 3 spaces; <b>S</b>ubmarine -
3 spaces; <b>P</b>atrol Boat - 2 spaces.")

152 (id "1551")
153 (source "<a href=\"https://en.wikipedia.org/wiki/Battleship_(

game)\" target=\"_blank\" class=\"style1\" style=\"color: #0000EE\"
/>Wikipedia</a>")

154 (version "1.3.14")
155 (classification "board/war/replacement/eliminate/all")
156 (credit "Nicholas Bamber")
157 (date "1931")
158 }
159 )
160

161 (graphics {
162 (piece Rename piece:"Carrier" state:0 "square")
163 (piece Rename piece:"Battleship" state:0 "square")
164 (piece Rename piece:"Destroyer" state:0 "square")
165 (piece Rename piece:"Submarine" state:0 "square")
166 (piece Rename piece:"PatrolBoat" state:0 "square")
167 (piece Rename piece:"Carrier" state:("Hit") "rubble")
168 (piece Rename piece:"Battleship" state:("Hit") "rubble")
169 (piece Rename piece:"Destroyer" state:("Hit") "rubble")
170 (piece Rename piece:"Submarine" state:("Hit") "rubble")
171 (piece Rename piece:"PatrolBoat" state:("Hit") "rubble")
172 (piece Foreground "Carrier" image:"C" edgeColour:(colour Red)

scale:0.5)
173 (piece Foreground "Battleship" image:"B" edgeColour:(colour

Red) scale:0.5)
174 (piece Foreground "Destroyer" image:"D" edgeColour:(colour Red)

scale:0.5)
175 (piece Foreground "Submarine" image:"S" edgeColour:(colour Red)

scale:0.5)
176 (piece Foreground "PatrolBoat" image:"P" edgeColour:(colour

Red) scale:0.5)
177 (region Colour "Defence" P1 (colour Blue))
178 (region Colour "Defence" P2 (colour VeryLightGrey))
179 (player Colour P1 (colour LightGrey))
180 (show Symbol "waves" ("Waves"))
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181 })
182 )

Example A.1: Battleships.lud: Ludii game description file (version 1.3.14, credit: Nicholas Bamber)
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