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Abstract

It is sometimes thought that we are done with game-playing as an AI
benchmark, as AI methods have surpassed humans in many hard games.
But these winning methods tend to be tailor-made for individual games.
When it comes to general game playing we are far from done. In fact,
modern foundation models are surprisingly bad at playing unseen games,
especially compared to their performance on other tasks. We look back at
the long history of research in games to see what we can learn about this
phenomenon. We then look forward to what would be a useful game-based
benchmark of general machine intelligence.

1 Introduction

What are the core learnings from 70 years of research on game-playing
AI, and what can they tell us about the prospect for more general AI?
And can it help us contextualize the recent success of LLMs? Here are
some key lessons:

There are many different ways of playing games, and which approach
plays a particular game best depends on the game, how the game is rep-
resented to the algorithm, and what kind of resources you have, such as
training time, player data, and domain knowledge [53].

The field of games is vast and getting vaster. You could see game
design as an ongoing exploration of the shape of human cognition, where
new game designs are proposed that challenge human minds in novel ways,
and/or cater to novel tastes. Humans like games because they like having
their cognitive, social and affective abilities challenged, and because they
learn as they play. Good games are activities you gradually learn to do
as you play them; approachable yet deep. Games have been designed for
thousands of years; so it is no wonder that the myriad of board, card,
and video games in existence challenge our brains in many different ways.
Long-term planning, logical reasoning, visual processing, quick reactions,
collaborative dynamics, emotional narrative parsing, and many others
[49].

But games’ appeal lies not only in the extent to which they tickle our
cognitive abilities—by and large, they are much more than glorified IQ
tests. Games also reflect and remix aspects of the real world, presenting
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microcosmic toy versions of complex real world systems, or inventing hy-
pothetical ones by recombining known parts. Good games leverage their
(often cognitively challenging) systems to comment on or reinterpret the
world [5], and in this way resonate with us semantically; approachable yet
novel. There are games about framing photos, dating pigeons, and micro-
managing the German army. (Yes, these are different games [17, 33, 45].)
If we want AI agents that can adapt to challenging unseen situations in
the real world the way a human would, then training and evaluating these
agents on the vast array of more-or-less alien spin-offs of this world as
embodied in the vast library of human games is a good place to start.

In sum, all well-designed games are expertly tailored to human capa-
bilities, intuition, and common sense. By virtue of this, they make for
great tests of intelligence. And by virtue of their storied relationship with
the real world, they also happen to be tests which we care deeply about,
and in which we have a thorough understanding of the breadth of human
abilities and behavior. (Unlike some contemporary benchmarks that seek
to reveal the blind spots in the abilities of frontier AI methods, we won’t
need to coerce researchers to reinvent the wheel of good game design from
the ground up, nor pay human subjects to bang their heads against the
un-fun results.) We are not just interested in one game, or one type of
intelligence, but in the best that the whole human catalog has to offer,
both in terms of games, and the diverse intelligences that are brought
to bear on them. In the current landscape, there is no cure-all solution;
different types of algorithms are appropriate for different types of games.

2 AI Playing Games

Concretely, then, how can you use AI (for some value of the overloaded
term AI) to play a game? You can use planning, reinforcement learning,
imitation learning, or program the behavior explicitly [53].

Planning is the driving engine behind the great triumphs in AI play-
ing board games, from Othello [41] to Chess [8] to Go [43]. Here, moves
are made in simulation, and the consequences of sequences of moves are
evaluated. Various algorithms are used, with Monte Carlo Tree Search
(MCTS) powering the leading approaches for many games [7]. In a sense,
planning approaches really do generalize—or at least, they are general;
the same method that is used for playing one game can, with minimal
modifications, play other games without any data or training time. The
cost of this generality, however, is tractability. Planning methods require
fast and reliable simulators in order to practically tackle even moderately
complex games—ideally these simulators can process games orders of mag-
nitudes faster than real-time. It turns out that board games like those
used in the success stories described above are an outlier in the sense that
this rapid simulation is possible at all. Most video games cannot easily
be simulated faster than real-time, partly because of computational com-
plexity and partly because of how game engines are built (with rendering
logic often intertwined with the underlying simulation, and with the speed
of this simulation often bound to the system clock). The real world, of
course, cannot currently be simulated well at all, never mind fast.
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Reinforcement learning and game-playing are almost synonymous in
some people’s minds. The first reinforcement learning algorithm was in-
vented in the 1950s in order to play checkers [40], and for a long time
successful applications of RL could almost exclusively be found in game-
playing. A decade ago, DeepMind’s results on playing Atari games from
visual inputs ushered in the current paradigm of modern deep reinforce-
ment learning [32], and Atari games are probably the most common bench-
mark for RL methods [13]. It is easy to see why: many games provide
limited episodes, clearly delineated action and state spaces, fast simula-
tion, and clear rewards. Exactly the things that RL needs.

Yet, RL for game-playing has serious shortcomings. The most obvious
one is the long training time. RL also has issues with games with unclear
rewards or episode lengths. The less obvious drawback is overfitting. If
you train a neural network to play a single game, it will learn only to play
that game. In fact, it will typically learn to only play the particular level(s)
it was trained on from the particular starting position(s) that were used
in training [22]. The overfitting is often so bad that doing tiny cosmetic
changes to the game, such as perturbing the color space or translating
the pixels a little bit, renders the learned policy useless [60, 54]. While
there are networks that have been trained to play, for example, multiple
Atari games, they are generally not capable of playing unseen Atari games
well [26]. In other words, transfer is very limited.

It seems that the kind of policy that results from reinforcement learn-
ing on individual games neither creates nor relies on the kind of repre-
sentations that would be needed for more general game-playing capacity.
When it can, RL will learn a brittle strategy rather than a robust one.
For example, it may learn to jump only when it sees a particular object
at a particular place, rather than the general concept of an obstacle that
needs to be jumped over. This is true both for RL via gradient descent
and for evolutionary RL, such as neuroevolution and genetic program-
ming.1 There are also methods which attempt to learn to play games in
a more human-like manner and with a more human-like amount of data
[51, 1]. While impressive, these approaches remain somewhat constrained
in the kinds of domains and games they are able to solve.

You can also learn a game-playing policy from imitation, for example
via behavior cloning. All you need is lots of traces of the game being
played (preferably played well) by humans. Unfortunately, such data is
scarce. Game developers rarely record their players’ playthroughs at the
scale and resolution that is needed to train competent imitation models.
To get around this, a recent line of work trains on publicly available “Let’s
Play”-style YouTube videos in which a visual representation of the player’s
controller inputs is overlaid with in-game video [30, 57, 38, 39].2 But such

1To be fair, why shouldn’t these methods lazily learn the brittlest strategies? If this
simplistic approach works on the task at hand, then it is as good as any other, as much as
it may be misaligned with our own intuitions. The tendency of policies generated by single-
objective optimization to overfit to the training distribution is perhaps more feature than bug;
but that doesn’t make it any less unintelligent.

2This approach can be extended to allow behavior cloning on video lacking the controller
overlay as well: first, an inverse dynamics model is trained on videos with the controller, then
this model is used to label raw videos.
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systems remain limited to predicting the next frame given only the current
one. With no effective memory, long-term planning remains well out of
reach. More generally, even where sufficient training data exists—and sup-
posing models architected to most effectively capture their distribution—
imitation-learned policies tend to overfit just like reinforcement-learned
ones [50, 20]. So in either case, irrespective of the spoils of data or com-
pute in our possession, as long as some designer comes along with a truly
ingenious and novel game—the next Baba is You [47], Fez [18], or Braid
[4], say—it seems unlikely that any model begot by modern deep learning
would be able to cope.

In video games themselves, incidentally, almost all the behavior of
non-player characters is programmed explicitly. Typically, the policy re-
lies on human-defined states and state transitions, with movement guided
by pathfinding algorithms. Game developers prefer these kinds of hand-
crafted policies partly because it gives them more fine-grained control over
the NPCs’ behavior. But it is also testament to the general inadequacy
of machine learning to the task of learning good NPC behavior.

3 How about Large Language Models?

A reader who is familiar with recent progress in AI might at this point
ask if large language models or vision-language models can play games
at the level we are aiming for [19]. LLMs seem to be able to do just
about anything; surely they can play Super Mario Bros [42] and Slay the
Spire [12]? The answer is that it depends, but mostly no. There have been
success stories where LLMs have been able to play and even win nontrivial
games. The Voyager agent which learned to play Minecraft [31] is one
example [52], and the Claude plays Pokemon project, where the leading
LLM plays the classic Pokemon Red Game Boy game [46], is another [36].
However, these examples feature elaborate game-specific integration. For
Voyager, the LLM has access to aMinecraft-specific API which allows it to
query the game world and execute relatively complex actions. In the case
of Pokemon, various tools are used to read the screen and find paths. Both
games also require complex information management architecture—often
referred to as retrieval-augmented generation (RAG) [27]—to summarize,
store, and retrieve information, as the context of the LLM rapidly fills up.
The extensive harnesses built for each game would need to be redesigned
for new games.

One should also not forget that Minecraft and Pokemon are two of
the world’s most famous game franchises, for which enormous amounts of
commentary has been posted online in the form of strategy guides, forum
discussions, and walkthroughs. Even obscure details about these games
are already known to LLMs from pretraining.

If you pit an LLM against a game it has not seen before, the result is
almost certain failure [28]. Without an agentic harness to handle context
and game-specific integration, the result is typically not only failure to win
the game, but failure to do anything useful at all. If a vision-language
model gets a screenshot of an unknown game and is asked what to do next,
and the game has a first-person view, the model will typically respond with
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a reasonable answer such as “go left”. But from there to actually being
able to play the game is a very long way. For games that do not have
a first-person perspective, all bets are off. It is common to see the LLM
make reasonable guesses about the rules of the game, but completely fail at
reasoning about physical space. Translating the observation to text may
lead to better performance, but this requires substantial game-specific
integration and essentially moves much of the policy burden onto whatever
system interprets the game state observation. (On top of this, LLMs that
are large enough to know anything about the game are generally much
too slow for playing real-time games, as taking an action takes at least
several seconds.)

The obvious question at this point is: why are LLMs so bad at playing
games if they are so good at so many other things? Or, how are LLMs
able to write complex code and translate poems from Icelandic if they
cannot even play Space Invaders?

The simplest answer is that LLMs are not trained to play games.
Sequences of < game state, action, reward > are not in their pre-training
data. Or at least very rare. They have also not been post-trained on
game-playing. But perhaps, if they had been trained on games, LLMs (or
rather VLMs) would be able to play video games, including unseen video
games, competently. Answering this question properly would require a
large amount of training data and compute. It would probably take the
form of finding a very large number of playtraces from thousands of games
to pretrain on, and then posttraining using reinforcement learning on
hundreds of games. It is likely that this would succeed to at least some
extent. However, the failures of standard LLMs to reason about space
leave the possibility open that a different architecture would be needed.

The recent SIMA agent from DeepMind would seem to fit the bill [37].
Building on the frontier vision-language model Gemini [11], the base
model is fine-tuned via supervised learning on (an undisclosed amount
of) variously-annotated and synthetically-augmented human playtraces.
It is then fine-tuned again, this time via reinforcement learning, on some
number of in-game tasks with verifiable rewards. The end result is a kind
of text-controllable player assistant which can commandeer the player
avatar in order to do follow explicit instructions like “go to the house
colored like a ripe tomato”, “check out the egg-shaped objects”, or “cook
the burger patty”.

SIMA’s focus seems to be on embodied navigation and exploration
within photorealistic environments, with the suite of training and eval-
uation games including MineCraft, Space Engineers and No Man’s Sky.
Long term planning, self-directed behavior, and disembodied or puzzle-
forward games seem out of scope for the time being. A self-improvement
loop is also introduced, in which Gemini defines new tasks, and rates
newly-generated trajectories for their success on these tasks. The result-
ing dataset is used to train a reward model, which is then used to further
RL-finetune SIMA. While promising, this kind of continual learning would
need to be massively scaled to close the gap between the simple, low-level
navigation/exploration tasks currently at the frontier of the agent’s capa-
bilities, and the holistic challenge of winning the game(s). And the overall
loop seems vastly more compute- and data-intensive than what humans
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do when adapting to a novel game.

4 General Game Playing

So what would success mean? In other words, what would it mean to be
able to train a model or system that would be able to play video games in
general? We could define this as an agent that could play and win the top
100 games on Steam or the iOS App Store that it had not been trained on
(or even seen before). For simplicity, we could restrict ourselves to only
those games that have a reasonably well-defined concept of “winning” or
“completing”. We could also limit ourselves to single-player games that
only rely on screen and sound outputs, and use standard inputs such as
touchscreen, mouse, and/or keyboard. For completeness, let us stipulate
that we have access to neither a fast simulation of the game nor a way of
quickly restoring arbitrary game states, because otherwise a parallel tree
search on a large cluster could win lots of games.3

With all that covered, what would a general game playing agent look
like?

We cannot demand that it would be able to win those games on the
first playthrough, because that would likely be impossible. That’s not
how video games are designed. It’s not a skill issue. The information you
need to play a game well, let alone complete it, must typically be learned
by trial and error. This involves things such as combat mechanics, how
to allocate resources, which areas to explore, movement patterns of non-
player characters, and so on. To make this more vivid: it does not matter
how intelligent you are, you cannot win every fight in Street Fighter II [2]
or reach the end of Elden Ring [56] on your first attempt if you have never
seen the game before. You do not have the information. The reason video
games are designed this way is that they are meant to be learned from,
and failure is a key part of learning and having fun while playing [23].

A reasonable criterion for a general game playing agent would instead
be that it would be able to learn to play the game to completion within
approximately the same time as a skilled human game player. This would
probably be somewhere around ten to a hundred hours for a typical video
game.

Testing an agent on its ability to learn to play unseen video games
without game-specific integration is a different, much harder, and much
more interesting challenge than testing an agent’s ability to play a game
which it has spent tens of thousands of simulated hours playing, or for
which it has read immense amounts of descriptions and strategy discus-
sion. It is not at all clear that any currently existing methods are up to
the task. At the time of writing, no existing “agentic” tasks require in-
dependent action over tens of hours. It is also not clear how the learning
would take place. Tens of hours, and maybe a hundred or so episodes,
is too little data for standard reinforcement learning algorithms. But it
is also orders of magnitude too much to fit into the context window of

3Perhaps we could solve any number of combinatorially explosive games if the world was
our hypothetical quantum computer, but our instinct is that brute force tree search over
uncompressed states is obviously not the kind of general intelligence we are after.
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any existing LLM. And the type of learning needed does not seem easily
amenable to the kind of text summarization used in RAG systems. In
other words, this is a very hard challenge that would probably require us
to invent new methods.

If we managed to create a system that could play unseen video games
according to the criterion described above, would that constitute Artificial
General Intelligence? It would arguably have a stronger claim to this
title than, for example, a system that could pass a Turing test, simply
because the task is harder. But more importantly, it would test different
things, because the task is different. For example, a general game-playing
system would need to be able to read plenty of text and reason about
complex storylines because of the role-playing games that are common
on the leaderboards of Steam and the App Store, but it would not need
to be good at writing convincing text. Is being able to navigate virtual
fortresses more important to AGI than being able to write poems? This
depends on how you interpret “general intelligence,” and it is not likely
that we will reach a consensus on that anytime soon.

The outstanding question is how LLMs can do all the marvelous things
they can do when they cannot even play unseen games. In particular, to
take one of the most prominent and economically important use cases, how
can they be so good at writing code? You would imagine that writing code
is harder than playing new video games, given that you can get paid very
well for the former activity but not so much for the latter. Perhaps not.
A solution to this conundrum is to consider programming as a game.

Programming is actually a very well-behaved game. Given a task
expressed in natural language (e.g., write a function that sorts this ar-
ray) you have a clear problem statement and a clear success criterion.
Unit tests give you very clear feedback and the observation space is well-
behaved (i.e. it is all strings and stack traces that reveal exactly where
an error occurred). When you fail (the program crashed or did the wrong
thing), you can easily backtrack by erasing the changes you made and
rewriting that part. Most video games have less clear feedback, more con-
fusing action spaces, and are more punishing when you fail. This might
help explain why programming is such an oddly satisfying activity.

Now consider that modern LLMs have been pretrained on obscene
amounts of program code, and then further trained via reinforcement
learning to solve coding problems. You can think of programming in one
particular language as one game and the different coding tasks as different
levels of that game. From this perspective, it becomes easier to understand
how LLMs can be so good at playing this particular game. This intuition
is supported by the fact that, anecdotally, LLMs are less proficient in
lesser-known languages; take for example more specialized domains like
the JAX library for GPU-accelerated computation [6], or more niche game
description languages like Ludii [44] or PuzzleScript [25].

So while LLMs may be experts—by virtue of extensive pretraining—on
a handful of (admittedly vast and open-ended) coding games, they cannot
necessarily adapt as readily as human players to other entries in the genre
at large. Indeed, it would be interesting to see how these models would
fare when faced with bona fide coding games, like Opus Magnum [58], Last
Call BBS ’ 20th Century Food Court [59], or Factorio [24]. We’d expect
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them to struggle quite a bit (and recent work treating the latter domain
as a benchmark would seem to support this hypothesis [21]) despite the
fact that these games each transmute the shared essence of programming
in different ways.

5 What Can we Learn about AGI from
Game-playing AI?

Let us finally return to the original question: what can we learn from
70 years of game-playing research and what can it tell us about AGI?
For one thing, different games are very different and pose very different
types of challenges. The type of challenge depends not only on the game,
but also on what kind of information you have available, whether there is
a fast forward model, if you have time to train, data to learn from, and
other factors. As a result, the landmark successes of AI systems becoming
strong players of various games, from Chess and Go to StarCraft [9] and
DOTA [16] via Super Mario Bros and Montezuma’s Revenge, rely on quite
different AI methods. What they have in common is that plenty of game-
specific engineering and/or training went into each of these successes.

Which brings us to the other big takeaway. General video game play-
ing, in the sense of being able to play any game of the top 100 on Steam or
iOS App Store after only the same amount of playing time that a human
would need, is a very hard challenge that we are nowhere near solving and
not even seriously attempting. It is not at all clear that current methods
and models are suited to this problem. General video game playing is as
good an AGI test as any. More generally, if we take game-playing seri-
ously by looking beyond overfitting on specific games, there is a wealth of
problems to solve and progress to be made in this field.

Earlier attempts at providing some kind of general video game playing
benchmark include ubiquitous Arcade Learning Environment [3], built on
Atari Games, which unfortunately allowed for and therefore resulted in
blatant overfitting. Another example is General Video Game AI, which,
while the competition ran, evaluated submitted controllers on novel games
[29]. A more recent and in some ways more ambitious attempt is the “AI
GameStore” [55], which explicitly aims to replicate popular existing games
to test the cognitive capacities of LLMs.

Let’s be optimistic for a moment, and suppose that these problems all
get solved, and we wind up with an artificial player that is able to mas-
ter new games over dozens of hours at the level of an intelligent human.
Would this alone be enough to convince us to call such an agent “gener-
ally intelligent”? Probably not. Intelligent humans do more than satisfy
predefined win conditions, no matter how cleverly. In fact, humans spend
inordinate amounts of time doing things that would seem completely su-
perfluous to an optimal trajectory through the game of life, insofar as it
can be defined. We play, we invent, and we invent new ways of playing.
We sink hours upon hours into playing and designing video games, be-
cause it’s fun and we want to (though even seemingly silly games may
also hold adaptive value [10]).
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For an artificial general intelligence to be considered genuinely human-
level, then, it too would need to be autotelic, open-ended and creative.
And what better way to gauge this creative life force than in the ability
to create novel, challenging, and interesting video games in a manner on
par with humans?

While it is true that you can ask a current coding agent to create
you a new video game and (often) receive a playable game, the output
is generally neither novel or good. And this is not for lack of trying.
We’ve taken several stabs at this ourselves. In some instances, we have
confined ourselves to domain specific languages, in effect carving out a
space of relevant possible games from that of all possible programs [48,
14, 34]. This comes at the cost of having to few-shot-prompt or fine-
tune models, but increases the likelihood that changes to code will result
in meaningful changes in the game it represents. In others, we have let
models implement games or simulations in more general programming
languages [35, 15], allowing models the flexibility to more easily implement
whatever they like, at the risk of having to spend more time sifting through
minor variations of the same underlying idea. But LLMs consistently come
up short, no matter whether we ask them to bring non-trivial ideas to life
under practical constraints, or to come up with anything interesting to do
in the first place.

And so we have come full circle, in a way, because what is missing
from these systems is precisely a general player model. No matter how
much we may find partial success in steering these generative systems
toward reasonable game-like outputs by shaping the search space and
fitness landscape in advance, a truly general model of automatic game
creation involves an open-ended feedback loop between the designer and
some model(s) of the player, with likely very little other assumptions built
in. Or, as is common wisdom among human designers: creating a good
game requires frequent playtests from a diverse range of players. Creating
AI systems capable of general human game playing thus serves not only
as a grand challenge itself, but also as a crucial stepping stone to the
next grand challenge: coming up with the kinds of games that are worth
playing in the first place.
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