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Research Vision

I work on open-ended learning in video games. This generally takes the form of systems that co-
evolve games and game-playing agents, with games becoming increasingly challenging and complex
as player agents become more general and robust.

My motivation is to build better, more general, more adaptive artificial intelligence. I’m doubt-
ful that the current paradigm of large models trained on massive amounts of static data will be
sufficient for generally capable AI. In particular, I suspect that without sufficient grounding in in-
teractive environments, these models cannot have a true “world model”, an umwelt that gives real
meaning to the symbols they manipulate and enables their recombination into genuinely novel, cre-
ative new forms. As a result, I focus on systems that can automatically generate a plethora of rich
embodied environments for learning agents. In their limit, I envision these open-ended systems
generating environments that more closely resemble Artificial Life-like ecosystems (think games
like SimCity, MineCraft, interactive Cellular Automata) than more conventional, single-objective
video games (Pong, Super Mario Bros., Halo). In this conception, these systems would be auto-
matically searching through the space of environment substrates for the life-bearing needle in the
haystack, using signals from agent learning to identify environments supporting complexification
and emergence.

In what might seem like something of an ironic twist, then, my recent work moves toward the
integration of these very LLMs and VLMs into the “driver’s seat” of such open-ended environment
generation loops. By using these models as mutation operators or fitness functions in the open-
ended evolution of video game-like environments—e.g. by having them write and iterate on code
describing game mechanics, or having them evaluate the interestingness of generated games based
on playtraces—we can probe their capacity for genuine creativity. In turn, we can use these models
to regularize open-ended search over radically unconstrained and flexible environment substrates,
using them to guide agent-environment dynamics toward (or away from) human-interpretable se-
mantic priors by varying degrees.

If we’re optimistic about the capabilities of large pretrained models, we can aspire to automati-
cally illuminate the space of games as we know them, and perhaps push beyond the frontier toward
genuinely novel experiences. If it turns out that these models indeed lack the kind of embodied
intelligence that leads to human-grade creativity, then training or fine-tuning them in the environ-
ments generated by these open-ended processes will provide a means of incrementally closing this
gap. And if instead these models have some more fundamental limitation—e.g. in their architecture
or learning algorithms—they may nonetheless provide a means of automatically identifying some
human-recognizable signs of life from their more intelligent successors among the substrate.

Contributions to Date

My PhD research can be chronicled in three phases. In the first, I played a central role in establishing
a new paradigm of AI-driven Procedural Content Generation (PCG), using reinforcement learning
and quality diversity evolutionary approaches to train neural content generators that are both
controllable with respect to functional gameplay-relevant metrics and fast at run-time. A key,
recurring finding of this line of work was that—perhaps counter-intuively—the task of generating a
globally coherent game level is best tackled by distributing it across a number of spatialy disparate,
local agents.
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The second phase leveraged this insight to design an efficient video game environment substrate
based on local rewrite rules—showing how a broad swath of grid-based games can be encoded as cel-
lular automata—and applied open-ended learning techniques to generate novel agent-environment
dynamics within this substrate. With a vast number of seemingly complex and interesting but
largely abstract and uninterpretable games and player agents on our hands, the question then
became how to ground these environments in some human-interpretable semantics.

To this end, the third phase involved my pioneering a number of novel applications of large pre-
trained models to PCG, finding ways to leverage their pre-existing knowledge while keeping them
explicitly aligned with functional design constraints. To facilitate LLM-driven PCG in the context
of open-ended learning, I extended our existing cellular automata-based environment substrate to
be fully interoperable with a popular engine for grid-based puzzle games, allowing us to benchmark
player agents on a large dataset of human-authored games, to render environments with visually in-
terpretable sprites, and to leverage the innate coding abilities and language understanding of LLMs
to generate entire game descriptions in the engine’s human-readable domain-specific language.

Before my PhD, I published independent work that trained RL agents to play SimCity [Earle,
2019]. Incidentally, this foreshadowed much of my subsequent work: SimCity ’s implementation
largely reduces to a series of interacting cellular automata, it can be seen as an open-ended game
with Artifical Life-like emergent properties and multiple objectives [Earle et al., 2021b], and the
fully-convolutional networks that were the most capable in playing the game could themselves be
seen as Neural Cellular Automata (NCAs).

Playing SimCity in some ways mirrors the process of designing a video game level, so it made
sense to adapt the representation and architecture I had used in a collaboration that introduced
PCG via RL [Khalifa et al., 2020] with a focus on level design. Unlike symbolic, “Good Old Fash-
ioned AI”-flavored approaches (e.g. L-systems, answer set programming, binary space partitioning
and random walks) that require designers to use domain-specific knowledge to design constructive
recipes for generating content [Haugeland, 1989, Togelius et al., 2011], and data-hungry PCG via
((un)supervised) Machine Learning, which makes no guarantees about the playability/functionality
of generated content [Summerville et al., 2018], PCGRL is data-free and only requires designers to
express high-level heuristics or constraints about the desired content, resulting in generators that
can efficiently adapt to a broad distribution of functional objectives at runtime [Earle et al., 2021a].

PCGRL has seen considerable uptake in the AI and Games community [Shu et al., 2021, Rupp
et al., 2023, Zakaria et al., 2022], interest from industry , and has influenced the design of algorithms
that use open-ended learning to train robust game-playing agents using automatically-generated
curricula of levels [Parker-Holder et al., 2022]. We’ve observed that limiting agents’ observation
windows to small local patches [Earle et al., 2024a], increasing the number of agents [Earle et al.,
2025a], and in the most extreme case using quality diversity to evolve archives of NCA-based agents
that model level design as a fully-distributed and parallelized morphogenetic process [Earle et al.,
2022] all lead to more globally coherent and scalable design strategies. In a complementary project
that trained NCAs to solve pathfinding problems over mazes via supervised learning [Earle et al.,
2023], we sought to illuminate these models’ empirical effectiveness, showing by construction that
they could directly implement search-based pathfinding algorithms. The same intuition can explain
their success in the related problem of grid-based level generation.

Noting the surprising expressive power of NCAs coupled with their extreme simplicity and
efficiency when run on the GPU, I endeavored to design a game description language that used
them as an implementation substrate. The goal was to push open-ended reinforcement learning
beyond training agents on distributions of levels for a single game, and toward the exploration of a
vast space of evolvable mechanics, while optimizing speed so as to support research at an academic
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scale. The result was Autoverse [Earle and Togelius, 2025], a GPU-accelerated game engine centered
on symbolic pattern rewrite rules capable of expressing mazes, Sokoban-likes, dungeon-crawlers, and
arbitrary interactive cellular automata environments for training embodied player agents.

Using the effective depth of successful search-based player agents as a stable proxy for envi-
ronment complexity and difficulty, and evolving curricula of increasingly complex Autoverse en-
vironments according to this objective, we showed that agents trained on later checkpoints from
evolution generalized better to held-out environments. (Warm-starting player agents by imitation
learning on trajectories from search similarly improved performance.) Meanwhile, the fully online
approaches to curriculum generation from prior work often led to degraded generalization. This dis-
crepancy is perhaps owing to the uniquely expansive space of tasks presented by Autoverse, which
calls for more careful maintenance of a stable archive of prior tasks to to inhibit catastrophic forget-
ting. This opens up salient lines of future work in developing objectives for automatic environment
generation that leverage signals from hybrid search- and learning-based player agents.

At the same time, amidst the surge in capabilities of large pretrained models, and acknowledging
the visual “soupiness” of Autoverse’s generated environments, I began to explore methods for
LLM/VLM-driven PCG in an effort to take advantage of the human priors latent in these models.
In DreamCraft [Earle et al., 2024b] (developed during an internship at Meta FAIR; awarded best
paper at FDG), I modified a text-conditioned Neural Radiance Field to output distributions over
MineCraft block types—making careful use of annealed quantization and differentiable rendering
of game-specific assets—to allow users to generate in-game structures from free-form prompts.
To address functional constraints, I introduced domain-specific loss terms based on differentiable
computation of proportion of block types and invalid adjacencies (prohibiting e.g. floating sand or
water). In DreamGarden [Earle et al., 2025c] (developed during an internship at Microsoft Research;
awarded best paper at CHI), I developed a system that dynamically orchestrated LLMs, VLMs,
and diffusion-based 2D and 3D asset generators to iteratively design simulations in Unreal Engine
from free-form prompts. The system included a GUI that exposed its hierarchical development plan
as a tree supporting real-time editing, and a preliminary user study probed the system’s co-creative
potential and the particular design affordances of this novel interface.

With the goal of bringing these LLM-driven PCG strategies to open-ended learning loops, I
extended Autoverse to be interoperable with PuzzleScript, a popular online engine for grid-based
puzzle games with a concise but expressive domain specific language based on rewrite rules. The
resultant framework, PuzzleJAX [Earle et al., 2025d], stands on its own as a novel GPU-accelerated
benchmark for player agents. Many of the human-authored games in the online corpus are simple
in terms of their state space—making them easy to solve with simple tree search—but deceptive in
terms of their reward landscape—making them difficult for off-the-shelf RL methods. Their niche,
often somewhat alien semantics (e.g. Collapsoban, in which nearby walls gradually close in on the
player) seem to make them very challenging for frontier LLMs.

Most importantly, PuzzleJAX ’s graphics and its domain specific language—both designed to
be as minimal as possible without sacrificing expressivity—make it amenable to the study of
LLM/VLM-guided open-endedness in an academic setting. And a vast online corpus of human-
authored games provides a benchmark for the success of these open-ended processes. We’ve shown
that LLMs can generate some functional PuzzleScript games given careful prompting and auto-
mated player feedback [Earle et al., 2025b]. But the greater question is whether, starting from
something as simple as Sokoban, an LLM can iterate on game descriptions to rediscover the kind
of inventive mechanics in the human PuzzleScript corpus. We expect that efficiently gathering
feedback from a diversity of AI player will be crucial to identifying the “sweet spot” of complexity
and difficulty of games generated by such a process. Perhaps the games generated along the way
can be used to refine the creative problem-solving abilities of large models, leading to more general,
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embodied intelligence.
My near-term goal is to use PuzzleJAX to push the frontier of open-ended learning in main-

stream AI venues, first establishing it as a challenging benchmark for RL and LLM player agents,
then developing techniques for automatically generating curricula of environments for improving
the performance of these agents.

At Sakana AI, I’m focusing on a pared-down benchmark of VLMs’ capacity for open-endedness.
Picbreeder [Secretan et al., 2008] was an online platform that allowed users to colloboratively
generate images via interactive evolution of Compositional Pattern Producing Networks. The
discovery of novel/recognizable images involved highly non-linear, curiosity-driven exploration; and
given that intermediate phenotypes were not saved, there is no chance of VLMs having memorized
these trajectories. By placing VLMs in the role of human users, and assessing their relative coverage
of the space of meaningful images and the latent representations of evolved networks [Kumar et al.,
2025], we can begin to quantify these models’ capacity for open-endedness.

Future Work

By integrating large pretrained models with open-ended reinforcement learning algorithms and
artificial life-like substrates and game environments, I will establish a research program poised to
be at the forefront of the next wave of breakthroughs in artificial intelligence. While the near
future of AI development is highly unpredictable, the family of methods that I’m developing—
in which LLMs guide the generation of increasingly complex virtual worlds—will enable crucial
contributions given a number of divergent possible outcomes. Such systems would equally allow
us to reap the benefits of generally capable large pretrained models as generators of boundless
creativity, to push them past the limitations of their training data by fine-tuning them in a growing
array of procedurally-generated embodied environments, and to automatically discover substrates
from which entirely new forms of intelligence may emerge.

There is no more compelling a medium for showcasing the creative capacities of AI than in the
generation of video games, interactive simulations, or embodied virtual environments. The systems
I develop are thus well-positioned to have high impact in mainstream discourse around AI, and
to surface pressing questions around the ethics and risks of automating creative production. By
extending these systems with user interfaces (e.g. allowing designers to interact with a genealogical
tree of generated games in PuzzleScript’s online editor), we can assess their potential as co-creative
tools, evaluate their impact on designers, and collect human baselines allowing us to quantify the
creative capacity of their fully autonomous counterparts. This will allow us to establish general
principles for LLM-driven open-ended systems, exploring e.g. the relative advantages of various
multi-agent collaborative configurations, of imbuing agents with diverse “personalities” or special-
izations via prompting or fine-tuning, and identifying settings in which these systems fall prey
to communication breakdown, enter deletrious feedback loops, or exhibit unsafe behavior. These
insights may in turn inform efforts to effectively organize large-scale, purely human collaboration.

The environments I generate may extend well beyond recreational video games to domains
demanding varying degrees of functionality and immersiveness, from abstract coding problems,
financial simulations, and autonomous driving tasks, to simulations for defense, robotics or train-
ing social workers. By carefully designing expressive and concise substrates, representations, and
heuristics for these various domains, and guiding environment generation with pretrained models,
we can generate a virtually boundless space of relevant tasks in which to train and evaluate hu-
mans, specialized agent models, or to push the generalization abilities of large pretrained models
themselves. While considerable progress has been made in training black-box world models from
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unconstrained video data, there is an untapped competitive advantage to be found in leveraging
existing domain-specific languages and symbolic PCG methods in open-ended environment gen-
eration, allowing for greater efficiency, interpretability and reliability, particularly when designing
them as tools targeting domain experts.

These open-ended systems can also bring a novel perspective to Artificial Life, and the study of
“bottom-up” forms of intelligence, in which the boundaries of the agent agent are not predetermined
by the system’s designer but rather emerge as a result of underlying environment dynamics. While
such an approach is appealing in terms of its biological plausibility, its success is notoriously difficult
to measure. Recent work has shown that ALife substrates (e.g. (neural) cellular automata) can be
guided toward semantic targets using vision-language models [Kumar et al., 2024]. More generally,
we can use such models to automatically identify novel or familiar forms and behaviors within
environments (across varying timescales and spatial resolutions) without predefined labels, using
them to detect and quantify initial signs of life and intelligence. By combining this with LLM-
driven mutation over relevant substrates and DSLs, we can conduct a guided, automatic search to
shed light on what forms of substrate, initial conditions, and interaction dynamics best facilitate
emergent complexity and self-organization. In the long-term, we can scale this approach to evolve
new forms of artificially intelligent agent that are inherently embodied and robust with respect to
dynamic and complex environments.
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