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Abstract

Many recent advances in artificial intelligence remain diffi-
cult to apply in real games due to their black-box nature.
These systems often lack transparency and control, making
them difficult to integrate into games where player experi-
ence and narrative coherence are important. Unpredictable or
inexplicable agent behavior can confuse players and frustrate
developers. My dissertation explores how program synthe-
sis can address this issue by generating interpretable, con-
trollable representations of agent behavior. Instead of relying
on black-box neural network policies, symbolic programs are
extracted or generated that capture agent logic in a readable
and editable form. Several methods are explored: synthesiz-
ing functional programs to imitate and explain game agents,
adapting logical program policies to multi-agent settings, and
evaluating large language models for code generation across
domains such as simplified Atari games, Baba is You, and also
tabletop games. An open research question is whether the cre-
ated conceptual program libraries are transferable across dif-
ferent game domains. My research aims to bridge the gap be-
tween Al capabilities and game development needs by mak-
ing agent behavior transparent, explainable, and adaptable for
developers.

1 Introduction

While artificial intelligence (Al) research has made tremen-
dous progress, from agents that can handle complex games
(Silver et al. 2018) to large language models that generate
code (Austin et al. 2021) or human-like narratives (Tian et al.
2024), much of this work remains difficult to integrate into
actual games (Cakmak et al. 2024). One key reason is the
lack of control and transparency (Zhu et al. 2023). Many of
today’s Al systems behave like black-boxes: they make de-
cisions that are often effective, but rarely explainable, con-
trollable, or trustworthy. For game developers, this poses a
serious problem, since the integration of black-box AI mod-
els could lead to uncontrollable behavior of game agents that
confuse the player. In interactive digital entertainment, Al is
not just about performance, but also about game experience,
narrative coherence, and design intent. If game developers
and designers cannot understand or influence what the Al
system is doing, the result is a game that feels inconsistent,
frustrating, or out of sync with the game world.
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In my dissertation, I aim to address the aforementioned
problems by exploring how program synthesis can be
used to extract interpretable, controllable representations of
black-box agent behavior or programs are directly generated
from natural language descriptions. Rather than treating Al
systems as immutable neural networks or evolved artifacts,
my aim is to convert their logic into symbolic programs that
are readable, editable, and transferable to other domains or
agents. These programmatic representations help develop-
ers answer critical questions: Why did the agent make that
move? What concept is it using? Can I tweak its logic for a
new level or mechanic?

As part of my dissertation, I have developed several dif-
ferent methods using different programming concepts, e.g.,
functional programming based on Lisp for explaining poli-
cies of game agents (Eberhardinger, Maucher, and Maghsudi
2023a,b; Eberhardinger et al. 2024b), adapted the Logical
Program Policies (Silver et al. 2020) framework for a sim-
ple multi-agent reinforcement learning (MARL) problem
(Eberhardinger, Maucher, and Maghsudi 2022), and evalu-
ated large language models (LLM) for synthesizing Python
and Java code applied on several domains, such as playing
miniature versions of Atari games, solving puzzles in Baba
is You or finding heuristics for tabletop games in the TAG
framework (Gaina et al. 2020; Eberhardinger et al. 2024a,
2025).

There are, however, still some limitations that need to
be addressed in my thesis. In addition to the inherent in-
terpretability of programs, the transferability of concepts
in programs is also of particular interest to me. Programs
can be analyzed and restructured so that parts of the pro-
gram can be extracted into a new function. In this way, a
library of programs can be created that represent the con-
cepts of a game agent (Eberhardinger, Maucher, and Magh-
sudi 2023a). There is currently no assessment of the trans-
ferability of these concepts from one domain to another, but
as software engineers use different frameworks in their daily
work, the transferability of programs found in automatically
created libraries should also be possible. Furthermore, I am
currently working on an approach to generate cognitive-
plausible explanations for board game agents, which are also
represented as programs.

In the end, my thesis proposes several methods based on
program synthesis and different programming concepts to



create explanations or generate fully interpretable program-
matic policies for game agents. Program synthesis and code
generation are used interchangeably in this work.

As I am in the final phase of my dissertation, I am partic-
ularly interested in participating in Phase Two of the AIIDE
Doctoral Consortium about career opportunities in academia
or industry. I look forward to engaging with the community
to receive feedback on my published research, as well as
constructive input on the direction of my ongoing and future
work.

2 Related Work

Program synthesis is the task of finding a program for a
given specification (Gulwani, Polozov, and Singh 2017),
such as a natural language description, input-output exam-
ples, or logical constraints. Gulwani, Polozov, and Singh
(2017) give a brief overview of search-based program syn-
thesis such as brute-force enumerative search, stochastic
search or constraint solving. Ellis et al. (2021) introduced
a framework, called DreamCoder, which divides program
search into three different phases which are used in an it-
erative search algorithm:

1. Wake: Use the enumerative search in the first iteration
and the neural-guided search in the following iterations
to solve the given tasks

2. Sleep - Abstraction: Analyze found programs to extract
functions into a library which grows in each iteration

3. Sleep - Dreaming: Train a neural network on an automat-
ically generated data set of randomly sampled programs
executed in the domain and on the solved tasks from 1.
After training repeat from the Wake-phase with neural-
guided search.

We extend this approach in (Eberhardinger, Maucher, and
Maghsudi 2023a,b) so that the framework can be used with
RL environments.

Another well-known approach is genetic programming
(Koza 1992), which is based on evolutionary search opti-
mizing a fitness function by searching over a population of
programs on which crossover and mutations are applied. We
combine genetic programming with library learning based
on Stitch (Bowers et al. 2023), an improved version of the
DreamCoder library learning module, in our follow-up work
(Eberhardinger et al. 2024b).

Logical programs are also used in different forms for
Game Al Cropper, Evans, and Law (2020) use inductive
logic programming to recover game rules from game traces
for over 50 games. Another method to create logical pro-
grams are Logical Program Policies (LPP) (Silver et al.
2020), which we briefly explain in section 3.1. Silver et al.
(2020) showed that LPP can be used for five simple strat-
egy games, being much more resource efficient than neural
networks.

Recently, LLMs have demonstrated impressive capabil-
ities in writing code from natural language descriptions
(Austin et al. 2021), which opens many possibilities to ap-
ply these methods on games. (Liu et al. 2025) uses LLMs,
similarly to us, in a hill-climbing approach on a simple RL
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environment, we in contrast use game-related environments
(Eberhardinger et al. 2025).

3 Previous Work

3.1 Logical Program Policies for Multi-Agent RL

In previous work (Eberhardinger, Maucher, and Maghsudi
2022), we adapted the LPP framework from single-agent re-
inforcement learning (RL) to the MARL setting. We demon-
strated its feasibility in the Level-Based Foraging environ-
ment (Christianos, Schifer, and Albrecht 2020), where mul-
tiple agents must cooperate to collect fruits. In this environ-
ment, both agents and fruits are assigned levels: agents can
collect a fruit alone if its level is equal to or higher than the
fruit’s; otherwise, cooperation with other agents is required.

LPPs are extracted from decision trees composed of logi-
cal combinations of small feature detector programs, which
are generated using a probabilistic context-free grammar
(Silver et al. 2020). These logical combination of programs
make agent decisions interpretable and transparent. Rather
than relying on a single program per agent, multiple candi-
date programs are sampled, and the best ones are selected
based on their approximate reward in the training environ-
ment. This approach enables the resulting policies to gener-
alize across environments without retraining, allowing them
to be reused in new scenarios such as different number of
agents or observation sizes while maintaining interpretabil-

ity.

3.2 Learning of Generalizable and Interpretable
Knowledge in Grid-Based RL Environments

In this work (Eberhardinger, Maucher, and Maghsudi
2023b,a), we introduced a framework, based on Dream-
Coder (Ellis et al. 2021), for learning reusable and inter-
pretable knowledge that can reason about agent behavior in
grid-based reinforcement learning environments. A first the-
oretical version of the idea was proposed in Ashlock et al.
(2023). The framework is evaluated on a maze navigation
task (Parker-Holder et al. 2022) and two simplified Atari-
style games (Young and Tian 2019), Asterix and Space In-
vaders, demonstrating its ability to generalize across do-
mains. We compare multiple program synthesis approaches,
including enumerative search, neural-guided search, and a
fine-tuned language model, both with and without learning a
library of functions, to assess their effectiveness in capturing
agent behavior. Furthermore, we analyze the functions ex-
tracted within the synthesized program libraries to uncover
the underlying concepts the agents have learned, highlight-
ing the potential of the framework to produce modular and
interpretable representations of behavior. We also show ex-
planations of programs found by visualizing the grid cells
that are checked in the program.

In follow-up work, we showed that the use of genetic
programming significantly improves run time by achieving
comparable performance (Eberhardinger et al. 2024b). We
also analyzed how integrating library learning into the ge-
netic programming framework improves performance in the
beginning but hinders the algorithm in the long run. The li-
braries found resembled the libraries of the previous work



(Eberhardinger, Maucher, and Maghsudi 2023b,a). Due to
time constraints and scaling problems, this approach was
only evaluated with the maze runner agent at the time of
writing the paper; for the dissertation, the other two Atari
environments should also be included.

3.3 From Code to Play: Benchmarking Program
Search for Games using LLMs

In this work (Eberhardinger et al. 2024a, 2025), we in-
troduced an easy-to-use, extensible framework for evaluat-
ing the current capabilities of LLMs in synthesizing game-
related code. The framework is based on a hill-climbing al-
gorithm where an LLM is used for mutation of programs
as well as generating the initial program. For this, we in-
tegrated five different LLM providers, resulting in a to-
tal of 11 models from OpenAl, Anthropic, Mistral, Llama
and Google. For Python code generation, the framework in-
cludes a diverse set of tasks: five miniature versions of Atari
games with symbolic input representations (Young and Tian
2019), ten levels from Baba is You to test different game me-
chanics (Charity and Togelius 2022), an Asteroids-inspired
vehicle-driving environment, and procedural content gener-
ation through maze generation. For Java, the framework uses
12 tabletop games from the TAG framework (Gaina et al.
2020). In total, LLMs are evaluated across 29 distinct game-
related tasks, providing a broad benchmark for assessing
their effectiveness in generating playable or usable program
code. Our findings suggest that models still have difficulty
creating programs for more complicated games and espe-
cially for TAG, where many user-defined classes are present.

4 Current & Future Work

4.1 Cognitive-Plausible Explanations for Board
Game Agents

Currently, we work on an approach to create cognitive-
plausible explanations for board game agents. Board game
agents have achieved superhuman performance in various
domains (Silver et al. 2018), but their decision-making pro-
cess is incomprehensible for even experienced players. From
a cognitive science perspective, these agents often diverge
significantly from how humans approach game play, partic-
ularly in terms of how knowledge is represented and applied
(Mandziuk 2011; Mandziuk 2012). To address this, we pro-
pose a method for explaining board game agents through
cognitively plausible programmatic representations of their
behavior. These programmatic representations can then be
converted into natural language by an LLM so that they can
be understood by everyone.

Building on the idea that game knowledge should be rep-
resented both pattern-based and hierarchically, our approach
learns feature programs using genetic programming. These
programs capture spatial relationships between grid cells,
serving as interpretable components that reason about the
state of the game. A decision tree is then trained on the
activation patterns of these features, forming a hierarchical
structure that connects low-level spatial patterns with high-
level action decisions. This resembles how humans might
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decompose visual and strategic information in games. Nev-
ertheless, it is not clear if this is human-like game playing,
but for most average players it seems like an appropriate way
to play board games. Professional players are, however, an
exception to this and most likely not use spatial relationships
between features, but rather their intuition.

Our method produces understandable explanations in Tic-
Tac-Toe, but applying the method to more complex games
presents significant challenges, which we are still trying to
address.

4.2 Transferability of Program Libraries

An relevant open research question to my thesis, is to
what degree automatically extracted programming libraries
are transferable between different game domains. In most
games, there are similar game concepts and mechanics, if
the functions can be correctly abstracted from the game do-
main, it should be possible to reuse them in other games. For
example, in almost all games it is necessary to locate game
objects, so this function could be effectively used in Space
Invaders to locate aliens but also in Asterix to locate where
enemies are, but only if no game-related concepts or objects
are used in the function.

The same applies to board games. Board games have a
Iot in common, e.g. Tic-Tac-Toe and Connect 4, both are
turn-based games with two pieces on a grid board. In both
games, the goal is to get three or four pieces in line in order
to win. Since the board of Tic-Tac-Toe is smaller and only
three pieces of the same player need to be in a line, the fea-
tures used in Tic-Tac-Toe should be transferable to Connect
4 and could be a good starting point for extending the library
to game concepts of Connect 4.

To answer this research questions, program libraries
should be automatically extracted based on (Eberhardinger,
Maucher, and Maghsudi 2023a) and it can be calculated how
many of the functions contained in a library of a given game
can be used in other games, and how different libraries affect
the performance of program search. This could be used as a
proxy to find out which games share similar game concepts.

5 Conclusion

Program synthesis in the context of games is still an emerg-
ing research area, but it is gaining increasing attention due
to its potential to create interpretable and controllable game
assets. In my dissertation work I explored different pro-
gram synthesis algorithms on games and showed that library
learning is a useful tool to improve these algorithms. In the
beginning, the focus was on explainability, since finding in-
terpretable programmatic policies for game agents in a cus-
tom domain-specific language was challenging, due to the
combinatorial explosion of the search space and, thus, only
parts of the game policy could be explained. Using LLMs,
however, made this feasible in Python for the simplified
Atari games. In the future, I believe that there is a lot of
potential to apply program synthesis on games. As research
progresses, many of the early limitations I encountered, e.g.,
scalability and search efficiency, can be addressed.
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