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Games have long been a microcosm for studying planning and reasoning in both
natural and artificial intelligence, often focusing on expert-level or even super-
human play" . But real life also pushes human intelligence along a different frontier,
requiring people to flexibly navigate decision-making problems that they have never
thought about before. Here we use novice gameplay to study how people reason
about new problem settings. Through a series of large-scale behavioural studies with
over 1,000 participants and 121 two-player strategic board games (almost all novel to
our participants), we show that people are systematic and adaptively rational in how
they play agame for the first time or evaluate a game (for example, how fair or how fun
itislikely to be) before they have played it even once. We explain these capacities via
acomputational cognitive model that we call the ‘Intuitive Gamer’: amodel based on
mechanisms of fast and flat (depth-limited) goal-directed probabilistic simulation.
Our work offers insights into how people rapidly evaluate, act and make suggestions
when encountering novel problems, and could inform the design of more flexible and
human-like artificial intelligence systems that can determine not just how to solve new

tasks but also whether atask is worth thinking about at all.

Games occupy a special space in psychology and and computer sci-
ence’ ***for good reason: games are systems of rules and reward that
hold a mirror to the structures, patterns and challenges that reality
confronts us with, across familiar and merely possible experiences.
Mancalalets us sow and capture abstract resources. Chess lets us strate-
gize over bloodless battlefields. Go lets us encircle and claim territories
withsilent stone troops. Agood game lets us thrill to uncertainties and
losses that we might shy fromin real life.

Substantial workin cognitive science focuses on the nature and devel-
opment of expertise, using games as a testbed*>*">. Human experts,
correspondingly, have long served as goalposts in the quest to build
intelligent machines, with a particular focus on emulating and ulti-
mately beating humans at their own games, using more game-playing
dataand raw computational horsepower than any human expert could
acquire in their lifetime?*'*15,

But people are not experts at most of the problems they encounter
throughout their lives, or most systems they are thrown into before
they need to decide on anaction. Human cognition is flexible enough
to consider many potential problems and many potential systems
of rule and reward. Thinking about whether a system of rules and
reward makes sense, whether to participate, or what actions to take
first—across a wide range of novel situations—is arguably at least as
important for everyday human cognition (if far less studied) than the
cognitive processes that lead a small number of humans to become
expert playersin any one game.

Here we study the abilities of novice game reasoners across arange
of over 100 novel games from asubclass of strategic grid-based board
games that are not entirely unlike games they have probably seen
before (forexample, Tic-Tac-Toe or Connect-4), but varyin their rules
and underlying dynamics (see examples in Fig. 1a and Extended Data
Table1). In aseries of large-scale behavioural studies, each with hun-
dreds of participants, we assess people’s thinking about novel games
inthreereasoningsettings (Fig.1b-d): game evaluation (determining
how rewarding a game s likely to be before playing); action selection
(choosing moves when playing for the first time, withanother first-time
player); and action prediction (judging the likelihood of moves other
first-time players might make without having played directly them-
selves). Our setting is different from much previous work on games,
whichusually focuses on one or asmall set of games and many rounds
of play inthat game; here, we consider many games and little (or even
no) experience.

Our core contribution is a computational account of how people
reason about these novel problems. Expert models of gameplay
typically involve deep tree search with potentially thousands of
evaluations of possible states (Fig. 2a). It seems unlikely that a novice
reasoner is engaging in such intensive search and evaluation before
they have extensive—or any—experience. But neither are people likely
to be completely unsystematic. We hypothesize that novice think-
ing occupies a valuable intermediate point between these extremes
(Fig. 2b): people are non-random in assessing new problems and run
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Fig.1|Our novel game dataset and suite of game tasks. a, Ten example games
fromour121game dataset. Games vary inboard sizes and rules, such as what

it takes to win and how many pieces any player can place on their opening
move.b-d, We assess people’s reasoning about novel games through three

computations analogous to those that underlie state-of-the-art arti-
ficial intelligence (Al) game systems and cognitive models of expert
human gameplay*®*—but scaled down to a level that is more realistic
for everyday thought.

Weinstantiate and test this hypothesis in an Intuitive Gamer model
that makes judgements and decisions by running mental simulations of
gameplay thatare (1) fast, (2) flat, (3) goal-directed and (4) probabilistic.
The Intuitive Gamer model accounts very well—and significantly better
thanalternative models—for how people evaluate these games before
play. Features computed from the same model can capture people’s
judgements about the game’s objective value, as well as more subjec-
tive evaluations such as a game’s expected ‘funness’. Action choices
simulated by this same model generally capture how novices actually
playin games and how they make predictions about unfolding games
they have never played themselves.

TheIntuitive Gamer model

The capacity to evaluate properties of anew game and decide whether
the game is worth engaging with might intuitively feel like it comes
before developing a policy for actually playing the game. However,
our intuition as modellers is the opposite: game properties such as
expected values depend onboth the rule specifications of agame and
the policies adopted by the players. We hypothesize that this could be
true for novice human game reasoners—before taking a single action
in the game—if their policies are extremely simple to construct, fast
to execute and support probabilistic sampling of reasonable action
choices. If so, a policy can be queried just a small number of times to
simulate gameplay, fromwhich the game reasoner can draw reasonable
inferences about the game’s properties using these simulated traces.

We instantiate this hypothesis with our Intuitive Gamer model. The
model consists of two modules: a‘flat’ game-playing agent, which runs

behavioural studies designed to test: how people reason about games before
they even play a single game (b); how people decide what actions to make in
their firstinstance of play (c); and how people predict others should play when
watching them play (d).

an extremely depth-limited search to select actions probabilistically
on the basis of abstract yet locally evaluable ‘goal-directed’ heuristic
functions (Fig.2¢); and a ‘fast’ game reasoner that makes probabilistic
inferences about game propositions and their expected values using
asmall number of simulated games (Fig. 2d).

Player module

Alongtradition of modelling human behaviour ingames has used some
combination of game-state evaluation functions and search over the
decision tree of game states'®", as depicted in Fig. 2b, to construct a
policy. Our approach broadly falls into this tradition. However, exist-
ingaccounts typically assume highly tuned or expert-designed value
functions and deep simulation**'*'8, which by definition cannot be
expected of a novice. Rather, we propose a model that combines a
general-purpose abstract value function—which could be easily con-
structed fromunderstanding the rules of the game—with depth-limited
search. Instead of simulating the downstream effects of a move via
extensive forward search, the Intuitive Gamer player module uses only
asingle step of ‘look-ahead’ and selects an action probabilistically by
evaluating theresulting board states according to asmall collection of
general heuristics (Fig. 2c). These heuristics are built on the assumption
that players understand and pursue their goals (as defined by the game
rules) and attempt to prevent their opponents from doing the same,
subject to constraints on computational resources®?°. The Intuitive
Gamer player module then is a more general, compute-bounded ver-
sion of prior game-based agents (Methods).

Reasoning module

Whereas the Intuitive Gamer player model captures action choice
during agame, the Intuitive Gamer reasoning module captures judge-
ments about game properties by nesting the player module within
asample-based probabilistic inference procedure (Fig. 2d). For any
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Fig.2|The Intuitive Gamer model compared with previous models of game
reasoning. a, Previous work modelling expert gameplay ofteninvolves deep
tree search to determine what move to make, givenaboard state S, (refs. 4,6).
Itisunlikely that novice humanreasoners conduct such computationally
expensive searchand state evaluation before deciding whether to engage

with the problematall.b, We consider what novice reasoners might be doing
instead. Gameplay agents can differ in theamount of compute and expertise
broughttobeartoreasonaboutany game (differinginsearch depthand value
sophistication). Our proposalis that people reasoning about problems with
whichthey have no experiencessitat the lower end of this spectrum, but not
thelowest. ¢, TheIntuitive Gamer conducts depth-limited (‘flat’) search with
game-general abstract goal-directed value functions that have yet to encode
game-specific features. The Intuitive Gamer gameplay agent conducts no more

game, the reasoning module infers answers to a query (for example,
whatis the likelihood that the game will end in a win, loss or draw for
agiven player?) by simulating k game playouts and iteratively call-
ing the player module at each turn of self-play. Each simulation ends
when the game reaches a win or draw state, or may terminate early
with some probability. Computations over the simulated gameplay
traces then inform the resulting distribution over the query values
(for example, game outcomes). We assume simulated games are inde-
pendent, though this could be relaxed in the future (see ‘Discussion’).
In keeping with our focus on fast, resource-limited reasoning, only
a small number of game simulations are used (which we estimated
empirically, see results and Methods) in line with previous evidence
that people use arelatively small number of simulations to form beliefs
and make decisions® 2,

Alternative models

Our Intuitive Gamer framework naturally extends to model players with
more or less competence and motivation. We can think of the Intui-
tive Gamer as operating under the same mechanisms as more expert
models, but scaled down (offering, therefore, a path to scale back up).
We can vary parameters in our framework (value function and search
depth) toinstantiate a version of the kind of cognitive models that have
been successful at capturing human expertsinasingle ‘four-in-a-row’
game®. We refer to this variant as the ‘Expert Gamer’, which differs from
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thanasingle step of lookahead when deciding whataction (A4,,,) to take from
agivenboardstate (S,) atagiven move turn t. The Intuitive Gamer is goal-
directed, assessing whether any action would advance the player’s own goal
(purple) and how muchit might block the progress of the opponent’s goal
(yellow). The final action is selected probabilistically by sampling froma
softmax distribution over the estimated values per action.d, Toreasonabout
any new game query ¢ foragiven game description G, we posit that people
conductonly afew (k) self-play simulations between the gameplay agent
(asdepictedinc) toanswer the query, which could be runto termination or
probabilistically stop early. Insummary, the Intuitive Gamer model is fast
(low k), flat (low search depth), goal-directed (in the value function) and
probabilistic (inaction selection), and involves mental simulations of
gameplay. See Methods for a detailed formalism of the model.

the Intuitive Gamer by conducting a deeper search (approximately
depth-5) and using amore sophisticated value function (Methods).On
the other end of the spectrum, we consider unmotivated players who
select actions uniformly at random (Fig. 2b), which we refer to as the
‘Random Gamer’. We also compare reasoning judgements to Monte
Carlo tree search (MCTS)*??8, an alternative tree-search approach
that is even more computationally intensive and popular in Al sys-
tems for strong general game playing (see Methods for contrast with
our Intuitive Gamer and other cognitive models). Finally, we compare
against models that do not involve explicit structured game simulation,
operatingeither over pre-computed linguistic features from the game
descriptionalone (Methods and Supplementary Information section 5)
or more flexible linguistic computable models, for example, language
models (Supplementary Information section 5).

Resource-rational reasoning

The Intuitive Gamer occupies an interesting point on the Pareto fron-
tier of compute efficiency and game reasoning sophistication. On
the one hand, the Intuitive Gamer is orders of magnitude faster than
more sophisticated game reasoners (MCTS and the Expert Gamer)
in wall clock time and number of board states evaluated (Extended
Data Table 2a and Supplementary Information). The Intuitive Gamer
is approximately 700x faster than the Expert Gamer in wall clock
time, with approximately 500x fewer board evaluations, and is nearly
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Fig.3|Evaluating games without ever playing. A total of 238 participants
judged the expected payoffof games drawn from our121-game suite. a, Expected
payoff predicted by humans and by alternative models for each game. Each
pointrepresents the payoff for one of the n=121game stimuli. Error bars show
95% Cls around the mean human estimate and the mean model prediction from
k=6simulations sampled from 20 simulated participants. b, Variance explained
(R? by the full Intuitive Gamer and lesioned variants. Removing flatness,
probabilistic simulation or goal-directedness reduces the fit to human payoff
judgements. The dashed line indicates the meanand 95% Cl split-half R? on the
human-predicted payoffs, indicating that the full Intuitive Gamer model
capturesessentially all of the explainable variance that is not due to noise.

40,000x faster than MCTS, with almost 10,000x fewer node evalua-
tions, as computed under self-play game simulations for the respective
models. On the other hand, although not as close to game-theoretic
optimal play as the Expert Gamer or MCTS, game evaluations under the
Intuitive Gamer are still well-correlated with game-theoretic optimal
analyses and far more aligned with game-theoretic optimal play than
random play (Extended Data Table 2b and Methods). The Intuitive
Gamer’s mechanisms of fast, flat goal-directed probabilistic simula-
tion thus constitute a highly efficient and resource-rational approach
to gamereasoning, which we hypothesize people could plausibly and
productively engage when encountering new games.

Games to study novice game reasoning

To explore how people reason about new games withinthebounds of a
behavioural study, we need a broad collection of games that are novel
without requiring lengthy demonstrations or explanations. Tothatend,
weimplementarange of two-player, grid-based strategy games derived
from classic M-N-K games (examplesinclude tic-tac-toe and gomoku, in
which players take turns placing pieces onan M x Ngrid trying to make
K pieces in arow—asubgenre of games frequently studied in previous
work®**), Our set of 121 distinct games covers a variety of environment
specifications (forexample, the size and shape of the board), transition
dynamics (for example, the number of moves a player makes on their
turn) and win conditions (for example, whether completing aline results
inawinoraloss).Inaddition, games varyin their duration and balance
under optimal play (Methods).Ineach case, however, the core mechanic
ofthegame (thatis, placing a piece into anempty grid cell) remains both
consistentand familiar. See examplesinFig.1aand Extended Data Table1.

Reasoning about games before any play

We first assess how people evaluate a game (Fig. 1b), from ‘just think-
ing’ about the game alone—before any play. We consider two kinds of

Model

¢, Fittothe variance of human payoffjudgements as afunction of the number
of simulations k. Asmall number of simulations (k= 5-7; we use k= 6) best
captures the variability in participants’ judgements. Fitis measured by the
root meansquared error (RMSE) between human and model variance by game
and by Wasserstein distance between their variance distributions across
games. Full scatterplots are shown in Extended DataFig. 1, and details of our
sample complexity analysis arein the Methods. d, Expected payoff predicted
by humans and by game-theoretic optimal analysis for the 78 games (out of
121 games) for which an optimal payoff could be computed. Error bars depict
95% Cls around the bootstrapped mean human prediction per game.

game evaluation: how people assess the expected outcomes of agame
and a more subjective assessment of whether the game is likely to be
engaging to play (its funness).

Is the game likely to be fair?

We recruited 238 participants to evaluate the expected outcomes of the
game in a ‘zero-shot, zero-experience’ experiment. Participants ‘just
thought’ about the games, estimating both the likelihood of adrawand
thelikelihood that the first player would winif the game did notendin
adraw for games solely on the basis of a natural language description
of therules and a depiction of a blank board. These estimates define
an expected payoff of the game from the perspective of the first player
(Methods), whichinturn encodes an intuitive notion of fairness (that
is, whether agame is biased towards a particular player).

We assessed how each characteristic of the Intuitive Gamer model
(fastness, flatness, goal-directedness and probabilistic simulation)
contributes to people’s payoff predictions by comparing with alter-
native models that increase or decrease the sophistication of each
component (Fig. 3a). The Intuitive Gamer model correlates well with
human estimates (R*=0.81(95% confidence interval (Cl), 0.77, 0.85)),
matching the total explainable variance from the human data as esti-
mated by split-half correlations (R*=0.82 (95% Cl, 0.77, 0.86)). The
Intuitive Gamer captures human judgements significantly better
than alternative models that vary in sophistication. It outperforms
the Random Gamer model (R*=0.47 (95% Cl, 0.41, 0.54)), Expert Gamer
model (R*=0.65(95%Cl, 0.60, 0.70)), MCTS baseline (R*=0.60 (95% ClI,
0.55,0.64)) and a variant of the Intuitive Gamer thatis not probabilistic
(R*=0.53(95%Cl,0.48,0.57)).

To more directly probe each component of the Intuitive
Gamer model, we conducted a series of experiments in which we var-
ied key model components singly and in combination (see Supple-
mentary Information section 1 for a complete summary). The base
model can be parameterized by a series of binary choices: whether
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Fig.4|Evaluating whether games arelikely to be fun before ever playing
them. Atotal of 246 participants judged whether they thought the games
wouldbe fun. a, Representative games rated by people as more or less fun, with
positiononthespectrumarranged approximately according to the mean of
participants’ funness ratings.b-d, These funness ratings are related to several
game features that can beread out under Intuitive Gamer model simulations:
gamebalance (b); predicted advantage over arandom agent given the Intuitive
Gamer model’sgameplay (reward for thinking; ¢); and expected gamelength,
asfitwith a quadratic termtoaccount for anonlinear relationship to funness (d).
e, Aregression model withall features predicted under the Intuitive Gamer

to be goal-directed in value assessments; whether to be probabilistic;
and whether to be flat. Modifying any of these factors relative to the
full model impairs the fit to human payoff judgements (Fig. 3b). ‘Fast-
ness’ can be further varied by modulating the number of simulations
the Intuitive Gamer reasoning module takes when assessing payoff.
A small number of simulations (k more than one, but less than ten)
best captures the variance in human prediction (Fig. 3c and Extended
DataFig. 1; see complexity analysis details in Methods). These com-
parisons suggest that human payoff judgements of novel games are
well-modelled by efficient and compute-limited simulation rather
than purely random exploration of game states or deeper search
and computationally intensive simulation. For simplicity, this esti-
mate assumes that all simulations are independent and run to the
end of the game; allowing simulations to probabilistically terminate
early (Methods) yields similar fits in the expected payoff evalua-
tions and number of mental simulations per participant (Extended
DataFig.2).

We were able to estimate the optimal game-theoretic payoff for many
(78 of 121; Methods) of the games, allowing us to compare people’s
subjective judgements with afully objective game evaluation. Human
judgements are reasonable relative to the game-theoretic optimal
(R>=0.62(95% Cl, 0.57,0.67)). Although human judgements gener-
ally track the direction of the game-theoretic optimal (for example,
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model (balance, reward for thinking, and length) captures much of the
explainable variancein the human funness ratings (R>=0.57 (95% Cl, 0.51, 0.63)
compared with split-halfR*=0.60 (95% Cl, 0.51,0.68)). Error bars depict 95% Cls
around the human mean funness per game; error bars for the model depict

95% Clover the predicted mean for each of the fit models (models are fit to
eachbootstrap subsample). Black circles show games froma, highlighting
that funness judgements under the Intuitive Gamer generally align with the
ordering of funness of games judged by people. A full listing of the games

and their average human funness scores are in Supplementary Information
section 8.

estimating a payoff greater than zero when the first player should
definitely win), the Intuitive Gamer provides a superior qualitative
and quantitative fit to human judgements.

Is the game likely to be fun?
Weranaparallel ‘zero-shot zero-experience’ study as described above
onanew group of 246 participants who were asked to make a subjective
estimate of how fun a game is likely to be, before ever playing, to test
whether the Intuitive Gamer’s reasoning process can also account for
how people make more subjective evaluations about new problems.
Games varied widely in their judged funness (Fig. 4a and Supplemen-
tary Information section 8), and funness judgements generally varied
more across individuals than judgements of expected payoff, which
is reasonable given that funness is both more vague and a more sub-
jective evaluation. Games that were judged most fun tended to have
larger boards (often 10 x10) and win conditions connecting amoderate
number of piecesin arow (often4 or 5), but thereis no simplerelation
between these features and funness: many 10 x 10 games were judged
below average (Extended Data Fig. 3b), and the single most fun game
was a5 x 5board with amisére rule, where 3 in arow loses.

We hypothesized that several features of agame that can be read off
easily from our model’s fast and flat probabilistic simulations—how
balanced agameis, how much agame rewards thinking, and how long



agame is—could quantitatively explain much (or even most) of the
variancein people’s funness judgements. Our measure of balance cap-
tures the notion that people prefer games they expect will be decisive
(unlikely to end in a draw), where both players have an equal chance
towin. Our thinking reward captures the relative advantage of playing
strategically (‘thinking’) versus moving haphazardly (‘without think-
ing’). The effect of game length is modelled as an inverted U-shape of
expected number of moves to a draw or win, reflecting the intuition
thatlonger and moreinvolved games tend to be more fun, unless they
extend unnecessarily. (For details of how these game features are com-
puted, see Methods.)

Each of these three features computed under the Intuitive Gamer
model captures significant variance in human funness judgements
(Fig. 4b-d and Extended Data Fig. 4a,b). A simple regression model
that combines these features (including a quadratic game length term)
attains R*=0.57 (95% Cl: 0.51, 0.63) (Fig. 4e), which approaches the
total variance explainable in the human data based on bootstrapped
split-half R? from participants over all games (R? = 0.60 (95% CI:
0.51, 0.68)). This model also quantitatively explains the qualitative
trends we observed in funness judgements, capturing the nonlinear
relationbetween funness, board size and the number Kinarow towin
(Extended DataFig. 3).

Finally, a generalization test (Methods) showed that these fits are
notsensitive to the choice of games, and that game features estimated
from Intuitive Gamer simulations predict funness judgements bet-
ter than those from the Random or Expert Gamer models, using more
or fewer computeresources (depth of thinking), or models that relied
exclusively onsurface-level game features (Extended Data Fig. 4c and
Supplementary Information section 5.7).

Taken together, these two experiments in which participants ‘just
think’ to rate both objective measures of agame (for example, its payoff
or fairness) and more subjective evaluations (for example, its enjoy-
ability) lend support to our hypothesis that these kinds of novice judge-
ments are best captured by a reasoning module that is goal-directed
but limited in its computational cost (that is, fast and flat) compared
with alternatives that vary in terms of computational demands and
game reasoning sophistication.

Decision-making in first-time gameplay

Relative to the flat, single-step thinking that our Intuitive Gamer model
posits people use to evaluate new games, conventional models of
how people actually play games® perform much deeper tree search,
simulating multiple future turns by both players to evaluate potential
moves before choosing the best move at each step of a game. But
these models have been evaluated only on players who are either
experts in a game or have at least played a game many times. Here,
we consider what human players do when they are playing a game
for the very first time. That is, we ask whether they search deeply, as
previous models might suggest, or whether they use only a fast and
flat decision mechanism, as our Intuitive Gamer model does—and as
ourresults suggest they do when merely imagining how agame might
unfold before playing it.

What moves do people make?

Totest whether the Intuitive Gamer player module captures how people
actually play a game for the first time, we recruited 302 participants
to play each other in a subset of 40 of the 121 game variations, plus
tic-tac-toe (Fig.1c). Each participant played only a single round of any
givengame.

Initial evidence that the Intuitive Gamer model captures not only how
peoplethink about new gamesbut also how they play them for the first
time comes from comparing the distribution of actual game outcomes
(first player win, second player win or draw) in this gameplay experi-
ment with the outcome distributions to be expected if both players

make move decisions according to the model. The model captures most
of the variance in actual game payoffs with novice players (R*=0.72 (95%
Cl: 0.67,0.76)) and predicts these payoffs as well as human estimates
of expected game payoffs do, fromour earlier game evaluation experi-
ment (Extended Data Fig. 5).

A more direct test is to compare predicted move choices that the
Intuitive Gamer model makes at each turn of each game withthe actual
moves that new players made at the same game steps when they were
playing these games for the first time. Because thereis astrong element
of randomness in people’s move choices as well as the model’s predic-
tions, we evaluated the likelihood of people’s moves under the Intui-
tive Gamer relative to alternative models that are either more or less
sophisticated and computationally intensive, the Expert Gamer and
Random Gamer models fromour previous study, respectively (Fig.5a).
The Intuitive Gamer model best predicts players’movesin aggregate,
asmeasured either by average per-move log likelihoods or per-match
log likelihoods (summed over all moves within amatch), across 1,808
distinct matches with a total of 9,892 moves. All of these differences
are highly significant as measured by paired ¢-tests (mean differences
intotal per-match loglikelihood for the Intuitive Gamer versus Expert
model =2.83, t;50; = 29.4, P < 0.001; versus Random model =3.73,
t150; =26.4, P<0.001; mean differences in per-move log likelihood for
the Intuitive Gamer versus Expert model = 0.51, tyg; = 39.9, P< 0.001;
versus Random model = 0.68, t,g0, = 42.3, P< 0.001).

Wealsofit these three models of action choice to the distribution of
all moves people made in each individual game and the distribution
ofallmoves anindividual player made across the different games they
played using probabilistic (admixture) models (Supplementary Infor-
mation). Ataper-game level, the Intuitive Gamer model generally, but
notalways, fits human play better than the Expert or Random models:
it captures more than 50% of the probability distribution of moves in 32
out of 41 games, and a plurality of moves in 5 of the remaining games
(Fig. 5b). Individual player’s distributions of moves are also best fit by
the Intuitive Gamer: it captures more than 50% of the probability dis-
tribution of moves for 243 out of 302 players, and a plurality of moves
in16 of the remaining players (Extended Data Fig. 6).

Post hocexploratory analysesinto intermediate stages of gameplay
suggest that the Intuitive Gamer model best fits early and mid-stage
play, although in later-stage play, greater depth variants are more
comparable (Supplementary Information). This could be due to some
people being more motivated to think more deeply at the end of the
game or finding it easier to think more deeply with a smaller space of
moves to consider (as there are fewer legal moves at the end of the
game).

In addition, as in the game evaluation experiments, both aspects
of goal-directedness in the Intuitive Gamer value function (offensive
progress towards your goal and defensive assessment of how to block
your opponent’s progress) matter for capturing human behaviour in
novel games (Extended Data Fig. 7). Overall, our results support the
hypothesis that when playing a novel game for the first time, people
adoptasimilar fast, flat and goal-directed approach to choosing their
next move as they appear to do in mentally simulating games before
they start to play.

What move should someone else make?

In the previous experiment, as in almost all studies of gameplay, par-
ticipants made only a single choice for each move, and they played
each game only once. Yet our model posits that people think about
new problems by running probabilistic mental simulations, letting
them form graded expectations about the value of a range of pos-
sible actions. To assess how well the Intuitive Gamer player module
captures people’s probabilistic expectations, we recruited a new
group of participants to predict distributions of likely actions when
watching videos of other novices playing these games (Methods and
Fig.1d).
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Fig.5|Modelling people’s actions and distribution over predicted actions
inthefirstencounter with anew game. a, The average log-likelihood of
human moves under three variants of the game player module. Data come
from 302 participants playing asingle round each of 5novel games (along
with tic-tac-toe); across participants, 40 of our novel games were tested.
Thelntuitive Gamer model captures players’ moves significantly better

than alternatives. Error bars depict 95% bootstrapped Cls. b, The estimated
contribution of each modelin a probabilistic mixture (admixture model;
Methods) fit to participants’ moves for each game. The Intuitive Gamer model
isthe component that best explains participants’ moves in approximately 90%
of games (37 of 41); games in which people would not be novices (tic-tac-toe) or
some particularly atypical games (for example, misére games, where the first
persontogetKinarowloses, listedwithan ‘L’ asin‘7x74L’) are comparatively
less well captured by the Intuitive Gamer compared with alternative models.
Game descriptions arelemmatized to show board size (for example, 7 x 7) and

TheIntuitive Gamer model generally better captures the distribution
of moves predicted by people compared with alternative models across
the 249 game boards for each match and game stage, as measured by
the total variance distance (TVD) between model and people’s pre-
dicted distribution, and is near the expected noise ceiling (computed
via split-half) humanjudgements for most game boards (Fig. 5¢). Dif-
ferences in distance (where lower means closer to people’s predicted
action distribution) are highly statistically significant as measured
by paired ¢-tests in the TVD per game board for the Intuitive Gamer
versus Expert model =-0.15, ¢t,,s=-15.0, P<0.001and versus Random
model =-0.09, t,,=-7.5, P<0.001. Exceptions for poor fits align with
those found in the play experiments (for example, on misére games;
see Fig. 5d and example boards in Fig. 6). Fits are robust to choice of
distributional measure (Supplementary Information). People assign
similar log probability on the move actually played by the human player
to that of the Intuitive Gamer, further highlighting alignment of the
Intuitive Gamer to people’s probabilistic judgements (Supplementary
Information).

When is agame worth continuing?

Game evaluationisimportant not only when deciding whether agame
isworth playing but also for assessing—during play—whetheragameis
worth continuing to engage with. In our gameplay study, participants
hadtheoptiontorequestadrawatany pointin play.Iftheyreceiveda
draw request from another player, they had the choice of whether to
accept the draw and immediately terminate play or reject the draw and
keep playing. Over the 1,808 matches participants played, players made
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key features (for example, HVindicates only horizontal and vertical wins are
allowed; P22p means player 2 can move twice on their first turn; the number
after boardsizeindicates the numberinarowneeded towin). A full description
of lemmatized game codes arein Methods. ¢, TVD (lower is better) between
human and model-predicted distributions over next moves for the same three
models.Judgements come from anew group of 314 participants who estimated
where a participant should move next in frozen videos from the gameplay
experiment. The dashed lineis the split-half human TVD (effectively the noise
ceiling).d, Mean TVD by game. The Intuitive Gamer generally best matches
humanjudgementdistributions, with similar failures to the play data (for
example, for misére games). Error bars depict standard deviation over boards
foreachgame. e, Decisions of whether toacceptorrejectadraw whenrequested
are captured by the expected value of the player’s current position, but
participants tend tobe willing torejectadraw and play out agame with
aslightly lower expected valueifthe gameisjudged to be fun.

142 draw requests, of which 83 were accepted and 59 were rejected.
We next considered how people decide whether or not to keep play-
ing when they receive adraw request.

We modelled these choices as probabilistic value-based decisions
trading off aplayer’s expected reward of winning with the expected cost
of continuing to play, both of which can be computed under the Intui-
tive Gamer reasoning module conditioning on the current board state
(rather than ablank opening board, as in our earlier game evaluation
studies; Methods). Inexploratory analyses, we also hypothesized that
a player might be willing to keep playing a game even if the expected
cost of continuing outweighs the potential objective monetary reward,
if playing provides an alternative subjective reward, for example, if it
is likely to be fun. A logistic regression model fit to participants’ draw
request decisions using these three features (Methods) captures the
intuition that players’ game-time evaluations are probabilistically
rational under limited resources (time) and sensitive to subjective
factorssuch as the engagement of gamesin addition to their objective
value (Fig. 5e). Ablations of the Intuitive Gamer evaluation function
lead to significantly worse qualitative and quantitative fits to human
draw request choices (Extended Data Fig. 8a,b).

Discussion

Systems of rules and rewards govern many aspects of human
behaviour—fromjobs and institutions to games and geopolitics. A core
questionis, how can people think reasonably about any such system or
problem for thefirsttime, so flexibly and quickly? We formalized and
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Fig. 6| Example human-and model-predicted distributions over the next
actioninreal games. a-j, Each panel shows arepresentative state taken from
adifferent game between two human players, along with the actual move one
player took at the next step and the predictions made by other humans and two
models for how that move should have been made. Filled black and white circles
show the moves both players took prior to this point in the game. The one open
circleoneachboardindicates where the human participant whose turnit was
on this move (white or black) actually played. The top, middle and bottom
boards show the predicted next-move distributions from human participants
inthe watch-and-predict study, the Intuitive Gamer and the Expert Gamer,
respectively. The purple shading gives the predicted probability of choosing
each empty square. Humans often distribute probability over several plausible

empirically evaluated a computational model of an Intuitive Gamer,
which draws on fast and flat goal-directed probabilistic mental simu-
lations to make rich quantitative predictions about how novice play-
ers judge the objective value of a previously unseen game, as well as
to make more subjective evaluations. Our model also captures how
people act within these games, and does so better than alternative
models with more and less computational power. The same model
generalizes across these different tasks and the many different games
we study.

Our work differs from most previous studies of gameplay in cognitive
science and Al, which focus on how expert playis achieved, and typically
consider only expertise in a single game. By contrast, we study a class
of 121 strategic games with varying dynamics and highlight the phase
of ‘pre-expertise’: the critical first moments before people can rely
onthe benefits of repeated experience, but when they must nonethe-
less take reasonable actions and even decide whether to play atall-or
to continue playing. Studying pre-expertise across varied domains is
important not just for our understanding of cognition generally, but
also to construct more accurate models of human behaviour in game

moves (a-e), although sometimes they strongly favour asingle move (f.g);

the Intuitive Gamer often captures this pattern. The Expert Gamer model fits
human predictionsless well,in some cases becauseit allocates high probability
toasmallset of high-utility moves that are often counter-intuitive to naive
players (a-c,e); and in other cases by allocating diffuse probability across many
stateswhen deep searchindicatesasureloss under perfect play (d,f). The
Intuitive Gamer does not always fit best: the Expert Gamer can sometimes
better match human confidence (g), and the Intuitive Gamer can be too sharp
inits predictions (h). Insome cases, both models are sharper than humans,
including crowded boards where people may miss awinning or blocking move (i)
and misére variants (j). The full set of predictions (for 249 moves across 41
distinct games) isincludedin Supplementary Information.

theory under novel economic mechanisms* or alongside unfamiliar

agents such as Al systems®?*, The Intuitive Gamer approach could
inform the design of more efficient Al systems that make reasonable
judgements in new multi-agent settings despite using much less com-
pute than conventional expert-level models.

Our work also differs from prior studies of funness in games, which
have focused onidentifying factors thatlead people to experience a
game as fun. By contrast, we have focused on modelling the intuitive
theories people have about how they would expect to experience
agame as fun, before playing it for the first time. Features identi-
fied in the previous literature, such as strategic depth® and com-
petence® reflecting the need for challenge, or learning progress®
and thinking progress*®, do align with those in our model, espe-
cially the reward for thinking component. Future work could study
whether other aspects of motivation identified in previous gaming
literature—autonomy, social connectedness, immersion and ease of
control**—also contribute to people’s intuitions about funness, and
whether these could also be modelled using a generalization of our
Intuitive Gamer model.
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As amodel of human reasoning, our work at present is limited to a
subset of perfect information, two-player competitive board games,
and these games reflect novelty within a genre that many people are
familiar with rather than completely novel experience. It is an open
question how the heuristics our model uses could generalize to more
complex games in the same class, such as Go or chess, and to entirely
new classes of games. Many extensions are possible, such as general-
izing the contiguous-line features that we consider towards connectiv-
ity orterritory metrics thatreflect partial or graded progress towards
agame’s win conditions. Natural language could be used to suggest
short programs expressing such heuristics, as in verifiable code-based
rewards in reinforcement learning®. Although we hypothesize that
key features of the Intuitive Gamer reasoning module—being fast,
with a few probabilistic simulations of play, where play is assumed to
involve goal-directed agents—would extend to other game classes,
itis an open question how ‘flat’ reasoning might be and what more
general heuristics might capture intuitive reasoning in the wider range
of games that characterize humansocial life. Understanding peoples’
general game reasoning on awider class of games beyond competitive
settings, for example, cooperative or multi-agent contexts, is neces-
sary to move towards a general model of people’s ‘intuitive theory of
games’, analogous to the computational models of intuitive theories
of physics or intuitive theories of mind that cognitive scientists have
constructed***.

In addition, there is a need for more fine-grained process-level and
individual-level accounts of how people reason about novel games.
More work should study how people judge the expected outcome of a
gameifthey stopimagining play before reachingawinor draw, if their
simulations are temporally dependent, or when they do not simulate at
all-and how models can best capture these complexities. Our model
alsodoes not address how people may learn and adapt such heuristics
within oracross games, limitations that suggestimportant directions
for future work. How mental computation for reasoning about familiar
games may shape thinking about anew game*, especially in high-stakes
situations® or when time is limited or thinking is costly'**°, and how
in-game experience**** and preferences for different kinds of play and
strategy® influence game reasoning, will also probably be important
for modelling variability in peoples’ thinking.

Finally, people also make new games and new problems, either by
modifying old ones to make them more challenging or more fun, or by
creating entirely novel goals and pursuits—which has led to some of
humanity’s greatest discoveries and innovations™, In ongoing work, we
are exploring whether models based on fast and flat simulation canalso
explainthe moves people makein these ‘meta-games’ of game-creation
and modification.

Science itself is such a ‘meta-game’: a family of games against
nature*¢, where scientists set the rules that lead to the most produc-
tive research®. Similarly, mathematicians may explore conjectures
and proof strategies by imagining adding or relaxing the logical rules
of how a problem is formulated*s. Suppose, more speculatively, that
these and other creative activities at the frontiers of humanknowledge
doinfactsharesomething deeplyincommon with intuitive reasoning
aboutgames, or even children’s play. Then, perhaps mechanisms such
asthe fast probabilistic mental simulations studied here could help to
explainaspects of how researchers choose to approach a problem, or
which problems to think about in the first place. Whether scientific
thinking can be meaningfully captured by such models is very much
anopen question, but one we are now better positioned toinvestigate.
Atthe very least, it feels like a game worth playing.
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Methods

Game construction

We manually constructed the 121 two-player competitive strategy game
variants played on M x Ngrids, where Mis the number of rows and Nis
the number of columns. One goal in creating these games was to ensure
there is enough diversity in board size and rule structure as well as
systematic variance. To that end, we designed a series of variations on
squareboards:on10 x10 boards, we have K-in-a-row for Kfrom 2to 10;
for 3-in-a-row, we have Mby N=Mboards from 3 to10; we also include
afew 5x5boards with varying K. We additionally included a few other
square boards varying in complexity, as well as rectangular boards
ranging in size from from1x5to 5x10,and we haveinteger2<n<6
for K-in-a-row. To assess how people reason about games that are not
physically realizable, we included three ‘infinitely’ sized games with
K=3,5and 10 for K-in-a-row. These categories give us 41 games with
typical ‘M-N-Krules’ (for example, where the players take turns and
have the same objective: ‘make Kinarow, where horizontal, vertical, or
diagonalall count’). This setincludes the standard tic-tac-toe as well as
4x9,4inarowwinsfromref. 6. We then created anumber of games with
varied game rules. We kept the selection of board sizes and K-in-a-row
fixed across categories (ten games within each category). The selec-
tionincluded3x3,4x4,5x5and 10 x10 boardsand n € {3, 4, 5,10}.
We also designed games with more atypical rules, varying the winning
conditions (for example, K-in-a-row loses and diagonal connections
do not count as wins) and first-mover dynamics (for example, player
1can place two pieces on their first turn). These categories give us
an additional 80 games, totalling the 121 in our dataset. We manually
implemented anautomated win condition checker that permits flexible
game assessment over all game types.

Game name codes. Games are expressed inabbreviated form through-
outthe paper. Games are described by their board size (rows x columns)
and the number Kinarow towin. For example, ‘4 x4,3 means the game
isplayed ona4 x4 grid and the first person to get 3 piecesinarow wins.
Unless otherwise stated, horizontal, vertical and diagonal all count. If
only horizontaland vertical 3in arow count, the game would be written
as‘4x4,3HV.Ifonly diagonal counts, then the game will be written as
‘4 x 4,3 D' If the constraint only applies to one player (for example, P1
canonly win horizontally and vertically, and P2 can win any way), that
isrepresented as ‘4 x 4,3 (P1HV)’. If one player can go twice on their
turn, for example, the second player (P2) can play twice, that is writ-
tenas ‘4 x 4,3 (P22p). Amisére game (wherefirstto Kinarow loses) is
written withan ‘L’ for example, 4 x4,3 L. In our dataset, multiple rule
modifications cannot co-occur, so each game canbe expressed in this
abbreviated way.

The full game natural language game descriptions were provided
to participants (for example, as shown in Extended Data Table 1). The
game codes are used only for ease of presentation in this paper.

Human experiments

Allhuman experiments were conducted under prior approval fromthe
institutional review board at the Massachusetts Institute of Technology
through the Computational Cognitive Science Lab. All participants
provided informed consent.

Zero-shot outcome evaluation experiment. We recruited 238 par-
ticipants from Prolific*’ to judge novel games. Each participant was
randomly presented with 10 games sampled fromour 121 diverse game
stimuli, as well as regular tic-tac-toe (won by making 3inarowona
3 x3 board) to set baselines for game judgements. We collected app-
roximately 20 judgements per game stimulus for each game reasoning
query. Participants were paid at a base rate of US$12.50 per hour with
an optional bonus up to US$15 per hour; the full experiment approxi-
mately took 25 minutes.

Participants were instructed to evaluate likely game outcomes. Spe-
cifically, participants produced judgements ona continuous 0 to 100
probability scale to predict the likelihood of a first player win (“If the
game does not end in a draw, assuming both players play reasonably,
how likely is it that the first player is going to win (not draw)?”) and a
draw (“Assuming both players play reasonably, how likely is the game
to end in a draw?”). Judgements were made using sliders. Both game
outcome question sliders appeared on the same page.

Participants produced judgements about each game based on a
linguistic game specification. We additionally provided participants
withaninteractive scratchpad board that they were told they could, but
were not required to, use to inform their judgements. The scratchpad
was automatically sized to the board of the game specified; infinite
boards were presented on a13 x 13 grid with dashed lines indicating
the board could continue. The scratchpad permitted automatically
placing pieces of different colours (‘red’ and ‘blue’ to simulate different
players); participants could force the the next play to be made by the
same player (for example, colour red twice in a row) by pressing the
spacebar. Two buttons appeared below the scratchpad, permitting
the user to either undo their last move or clear the screen to begin a
new ‘game’. See Supplementary Information section 4 for examples
of the experiment interface. Participants were required to consider
each game for at least 60 s before being allowed to make their game
judgements. Outliers were determined as the 10% of the judgements
farthest from the mean judgements of other participants (in terms
of the summed distance from the two queries) and filtered out for
eachgame.

After answering all game reasoning queries, we additionally asked
participants to create a new grid-based game variant that they would
find fun. Participants wrote alinguistic game specification, describing
the board size and win conditions. As in the game judgement queries,
participants were again provided an optional scratchpad and required
to spend 60 s before submitting a response. The scratchpad enabled
participants to try out the game they intended to create. After speci-
fying a game, participants were asked to answer the same game rea-
soning query (either game outcomes or game fun) about their own
game. These game-generation responses were not studied here and
areactively being exploredin afollow-up study. Example screenshots
of experimentinterfaces are included in Supplementary Information
section 4.

Zero-shot funness evaluation experiment. We repeated the same
methodology above with anew group of 257 participants, replacing the
game outcome questions with aquestion about game funness. Partici-
pantsinstead assessed the expected funness of the game (“How funis
thisgame?”) onaconfidence scale spanning O (the least fun of this class
ofgame) to 100 (the most fun of this class of game). 11 participants were
filtered due to having provided non-effortful or Al-generated games
in the creation stage, resulting in a total of 246 participants, and the
same outlier filtering was applied per trial asin the outcome evaluation.

Zero-shot human-human play experiment. We recruited 302 par-
ticipantsto play these novel gamesina pre-registered experiment. We
selected a subset of 40 games from the full set of 121 to span a repre-
sentative range of the gameplay variations (board shapes, board sizes
and winrules) in the original dataset while generally favouring games
that would not take very long to play inalive experiment. We randomly
constructed eight batches of five of these games. Each participant
additionally played one round of tic-tac-toe. The order of games was
shuffled for each new set of participants.

Each participant was automatically paired with another player. We
developed our interface using Empirica®, which supports synchronous
human-human pairing. Participants played one round from five differ-
ent games. Players were informed they would get a bonus of US$0.50
for every win. Participants had to spend at least 5 s reading the game



descriptionbefore they began. We appended ‘Horizontal, vertical and
diagonal all count’ to all game descriptions where any direction was
allowed after we noticed some participants in pilots were confused as
to which line directions would result in a win. Players were randomly
assigned to moveeither first or second and a corresponding piece col-
our (red or blue). Players took turns making moves on the synchronous
game interface. Players had no time limit on their turn.

Players were also allowed to request a draw or decide to surrender
using buttons at the bottom of the interface. If a player surrendered, the
game ended immediately (and that player lost). Ifa player requested a
draw, the other player was allowed to either accept the draw (after which
the game ended immediately and no player won) or reject the draw
(leading the game to continue being played). Draw requests appeared
asapopup banner for the other player. We include screenshots of the
interface in Supplementary Information section 4.

The match ended when either a player won, a player surrendered,
theboard filled up completely (draw), or the players agreed to a draw.
Bothparticipants were informed about the game outcome. After each
match, players made ajudgement about either the expected outcomes
ofthatgame overall (withanew set of reasonable players) or thegame’s
funness (inanew match against anew player). Each pair of players was
randomly assigned to either the outcome or funness rating condition.
Judgements were made on a slider. Players were also presented with
a‘frozen’ version of the match on an example board with which they
couldreplay all of the moves they and their opponent had made. Play-
ersalsoindicated how skilled they thought their opponent was at this
game (“Out of 100 other random new players, where do you think the
opponent you just played would rank in skill for this game?”). After
the judgements were made, the players continued to the next, new
game. At the end of the study, they filled out a text-based survey pro-
viding general information on their strategy and how fun they found
the experiment. We filtered out 18 participants who did not pass our
quality control (thatis, they provided judgements that were ‘standard’
values (near 0, 50 or 100) on 80% or more of judgements) for a total
of 284 subjects.

Watching and predicting play experiment. We recruited a new
set of 314 participants, in a pre-registered experiment, to reason
aboutthe games zero-shot from only indirect experience: watching
two other agents play. We selected a subset of 20 of the games from
the previous human-human play study to ensure representation
across game rules and dynamics. We also included tic-tac-toe (to-
talling 21 games). Participants watched a series of videos of other
agents’ gameplay. Each video involved two humans playing each
other, sourced from our live human-human gameplay experiment.
We sampled four human-human played matches randomly from
each of the 21 games (owing to arandomized batching error, only
three unique matches were sampled for tic-tac-toe; hence, 249 game
boards over the matches from21games and three stages per game),
after filtering out any matches that ended preemptively from a draw
request or surrender. For each match, we sampled three specific
boardstobeevaluated corresponding to the beginning, middle and
end of the match. For the beginning and end boards, we randomly
selected either the third or fourth move and the second-to-last or
third-to-last move, respectively. For the middle board, we selected
the median move. We filtered out any match that ended before eight
moves. Participants watched one match from five different games,
plus tic-tac-toe.

Before each match, participants were informed of the game rules
and required to think about the rules for 5 s before the video began.
We again appended “Horizontal, vertical, and diagonal all count” to
allgame descriptions where any direction was allowed. Videos played
forward atafixedrate, asinref. 6. We chose 2 s per move to give viewers
enough time to process each move without taking too long overall.
Eachvideo was stopped at the three time points described above. At

each stopping point, participants indicated their belief over where
they thought the acting player should move next. Participants were
given five clicks, which they could spread across the legal moves on
the board to indicate their confidence that the player should move
there. We chose five clicks to balance granularity of the elicited belief
distribution against the burden on the participants. After each click,
the opacity of the cellincreased to indicate higher confidence. Partici-
pants were informed of the number of clicks they had left and could
reset their clicks by clicking on abutton below the interactive board.

After watching eachvideo and indicating where they thoughtaplayer
should move at each of the three timepoints, participants were then
shownthe remainder of the game as aboard snapshot (cellsindicated
where players had moved and the order of play). Participants then
answered either the same game outcome or funness judgements about
the game overall, as described above. Judgements were made on a
slider. Participants also indicated how skilled they thought each of the
players was. We filtered out 10 participants who did not pass our quality
control, leaving us with a total of 304 valid participants.

Problem formulation

Formally, one can think of a system, problem, or game G in terms of a
space of feasible states S; possible actions .4; rules 7 specifying valid
actions and state transitions, and governing the overall dynamics; and
goal functions mapping from states S to possible rewards R. We are
interested in how areasoner infers properties of anew game ¢(G) (for
example, whether agameislikely toend inadraw or have abias towards
aparticular player; whether the gameis likely to be engaging and fun)
aswell as a policy mg(a,ls,) for how to play (choosing actions given the
currentstate attime¢, toachieve their goal, for example, to win), with-
out experience of actual traces of gameplay and relying instead on
simulated or imagined traces. Our aim is to model how people app-
roximate ¢(G) and m;in a way that can (1) take in any G as input, and
(2) dosowithalimited compute budget and no direct experience with
game G.

Intuitive Gamer model specification
We first describe aformal account of the Intuitive Gamer player module,
and then describe the reasoning module.

Intuitive Gamer player module. Formally, at a given board state
(s; € S), theIntuitive Gamer player module scores all legal next actions
(a, € A)according to ameasure ofimmediate progress made towards
aplayer’s own goal (Us) and a measure of progress blocked (U, to-
wards the opponent’s goal (Fig. 2c). Progress is based on the extent to
which an action connects more contiguous pieces towards a winning
K-in-a-row configuration. These two utilities are designed to capture
thegeneral intuition that game players aim to make progress towards
their goal while preventing their opponents from doing the same. In
addition, we can consider other easily computable heuristic functions
that may bear on the value of an action (U,,, for “auxiliary’). In our ex-
periments, we consider an auxiliary heuristic based on proximity to
the centre of the board. It encodes a ‘centre bias’—a preference for
making moves near the centre of the board, which allows a piece to
participate in more winning terminal configurations. These heuristics
aredrawn from features used by previous studies in similar games®?*3°,
although we generalize them to our broader class of strategic games.
Thefinal heuristic value assigned to agivenaction on a particular board,
W(s,, a,), isasum of the three utility components described above:

)N/(St, ap) = Useie(Se, @) + Uppp(Se, @) + Uy (Se, @) (1

Ourapproachtoactionevaluationand choice reduces computational
cost, asitisstronglylocalin both space and time: it considers only the
progress immediately stemming from a specific action and does not
account for either past or potential future returns. By contrast, it is
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common for value functions to be action-agnostic (that is, to depend
only ons, (ref. 6)) and to explicitly capture some notion of the game’s
terminal rewards (for example, via a learned value network®*). Intui-
tively, each of these alternatives represents a substantial increase in
cognitive load: the former requires scanning over the entire board to
evaluate any action, and the latter requires mental simulation all the
way to the end of the game (or access to afunction thatis derived from
such simulations) before deciding what action to take.

We next describe our specificimplementation of each utility func-
tion. As mentioned, we came up with these heuristics via prior lit-
erature grounding, as well as expert intuitions. Concepts of progress
and blocking are present in the classic study of ref. 29, and similarly
progress patterns and central tendencies are used inthe recent ref. 6,
on which we base our expert model. More generally, features based
on connections (or lack thereof), implemented differently based on
games, is pretty common in game-playing Al. Most of the authors are
expert cognitive modellers and some are expert board game play-
ers (and played many connect-N style games), so the combination
of progress, blocking and centring is effectively the first modelling
hypothesis that we came up with and judged to be plausible. More
details onthe lesioning of these heuristics areincluded in Supplemen-
tary Information section 3.3.

Thefirst utility (U,,;) computes ameasure of intermediate ‘goal pro-
gress’ of the active player, based on a feature n, defined as the largest
line of contiguous pieces created by the action that could be extended
toresultinawin. This means thatactions whichextend alineinanillegal
direction (for example, adiagonal linein agame with only horizontal or
vertical wins) or that are already blocked by an opponent’s piece or the
edge oftheboard donot contribute to goal progress. If the action would
resultinawin for the active player (thatis, n,=K) thenan additional 1is
added to the feature to magnify the value of winning actions. We note
that our choice of feature only rewards actions that form contiguous
lines of pieces—any piece that is not immediately adjacent to a previ-
ously placed piece from the active player has n, = 0. Although other
formulations (such as rewarding actions that form the ends of aline
that is empty in the middle or detecting particular patterns of pieces
on the board) are sensible, we choose a simple and easy-to-calculate
function that reflects a straightforward intuition (that is, making K'in
arow by firstmaking K-1linarow, K-2inarowandsoon).

The second utility (U,,,) computes ameasure of ‘progress blocked’
for the opponent, based on a feature n, that is largely symmetric with
the goal progress feature above: it iscomputed exactly as the goal pro-
gress the opponent would obtainif they made the same move (thatis,
withrespectto the opponent’s allowed winning directions). We subtract
0.5fromn, toreflect people’s tendency to weigh offence over defence?,
so blocking the opponent’s K in a row is not as good as making K ina
row for oneself (but is better than making K —1in a row). However, if
n,equalsthe winning K, we do not subtract 0.5in order to account for
theimportance of blocking winning threats. As above, there are other
reasonable formulations of this feature that we leave to future work.

Finally, the third utility (U,,,) is computed as the normalized Euclid-
ean distance between the position of the action and the centre of the
board, £€[0,1]. Thisreflects the intuition, applicable across our fam-
ily of games, that people often place pieces around the centre of the
board. This tendency may in part be explained by the fact that placing
pieces closer to the centre of the board allows that piece to participate
in the most possible winning terminal states for any K-in-a-row win
condition. This measure generalizes to arbitrary rectangular boards.
For example,ona4 x 6 board, intuitively the ‘middle point’is the cen-
tre, and the middle four cells are all closest to the centre (2, 3), (2, 4),
3,3),3,4).

We assume each utility functionis represented as an exponentiation
of the respective feature:

17(5' @) = Weonnect 2M+ Whiock X 2"+ Weentre * 2079, 2

The choice to exponentiate some measure of progress for heuristic
functionsis commonin gameplay modelling (for example, refs. 51-53).
We chose base two on the basis of light initial exploration (prior to
collecting any human gameplay data), under the goal of keeping our
intuitive model simple. Future work should explore other modelling
choicesto capture how people might represent and combine multiple
utility functions, including the role of learning in how people might
come to flexibly synthesize these functions.

Moves are selected by following Boltzmann rationality***¢, sampling
actions from a softmax function over their estimated value (based on
the above goal-directed heuristics). We assume that players have
already developed the capacity to account for multiple goals simulta-
neously, unlike potentially even more naive child-like game reasoners®.
Concretely, the probability of choosing action @ at state s is given by:

exp(V(s, @)/7)

P =5 exp(is, 10

(3)

We fix temperature (1) at1for our game reasoning and action experi-
ments (with the exception of marginalizing over Tonly for the admixture
analysesin the ‘play’ experiment). We set the weights of each compo-
nent (w) to1for allexperiments. We use the same settings for the Expert
Gamer model (as it uses the same value function and softmax-based
action selection). We find that equal weights is a reasonable fit for
the Intuitive Gamer model to human payoff predictions (Supplemen-
tary Information section 3.3). When lesioning acomponent of the value
function, we set its weight to zero.

Intuitive Gamer reasoning module. The Intuitive Gamer player module
is queried as part of the game reasoning module. The Intuitive Gamer
reasoning module nests player module-based simulations to compute
aseries of gameplay traces ({(s$, s2, ..., D), ..., (s& s, ..., s£)}). These
simulations involve self-play between the same player module type
(with the exception of the funness reward for thinking computation,
seebelow), where each agent is trying to make progress towards their
own goal (which may be different, for example, player1trying to make
4inarow only diagonally, while player 2 canwininany direction). From
these simulations, a probabilistic judgement of the expected outcomes
canbemade. Thatis, for each game G, kgame simulations are sampled,
producing aset of koutcomeso € {-1, 0, 1} encoding whether the first
player won (1), lost (-1), or the game ended in a draw (0). From these
outcomes, we can compute a payoff of agame G:

¢(G) = (1)P(win|-=draw) - P(~draw)

+(-1) - P(lose|~draw) - P(~draw) + (0) - P(draw). )

¢(G) =P(~draw) - [P(win|~draw) - P(lose|~draw)]. 5)

Our game reasoning moduleis constructed torepresent the reason-
ing of any one participant. Therefore, we draw k simulated matches
for N =20 simulated participants (as each game has, generally, 20
participant responses; see ‘Analysis methods’ below for details on
selecting k).

Partial game simulations. Our primary game reasoning module ass-
umes that mental simulations are conducted until the end of the game is
reached: either a player attains the win condition, or allopen board posi-
tions arefilled and the gameis called adraw. While many of our games
do not take many moves to reach an end, people might not mentally
simulate allthe way to the end of the game in each of their ksimulations.
We conduct apreliminary explorationinto theimpact of partialgame
simulationsin fitting peoples’ game fairness evaluations by modelling
the possibility that people halt any one of their k simulations early.
We sample a ‘stopping time’ uniformly from 1 to the size of the board
and end the game after that many turns. To determine the outcome of



games that are stopped early, we apply asimple rule and treat each of
them as adraw (allowing us to explore encoding a weak prior towards
games ending in draws; Supplementary Information section 5.4). We
repeat the same exploration of variance (see ‘Analysis methods’ below)
and find that the optimal number of samples is similarly more than
1and less than 10, but may be closer to k = 4 (Extended Data Fig. 2).
We leave further analysis of the distributions over stopping times and
how people assign outcomes for partial games to future work.

Funness model. To estimate agame’s funness, we consider three fea-
tures derived from playouts under the Intuitive Gamer player module:
balance, reward for thinking and game length. We define agame’s bal-
anceasthe difference between the probability distribution of observed
outcomes and anideal outcome distributionrelative to agame where
exactly half of the games end inwins and losses and none end in draws
(measured by the Earth Mover’s Distance™). As described in the main
text, this feature captures the notion that players prefer decisive games
(that s, those that do not end in draws) that are also balanced across
players®°. We measure game length as the expected number of moves
until agame ends in a draw or win, computed from the same Intuitive
Gamer simulations. The effect of game length on funness is modelled
using a quadratic function, based on the intuition that the most fun
games will be neither too short nor too long. We define agame’s reward
for thinking as the proportion of simulated games won by the Intuitive
Gamer model playing against the Random Gamer player module, that
is, a player that chooses actions uniformly at random from any legal
move. This feature captures the intuition that players prefer games that
they expect will challenge their thinking®?® and reward them for at
least some strategic thinking, rather than just responding arbitrarily
or without any strategy.

We use 120 game simulations for each feature (to align withthe k=6
simulations for each of 20 participants), randomizing whether the Intui-
tive Gamer plays first against the random agent in the simulations used
to assess reward for thinking. Game simulations are run to the end of
the game (where either a player wins or the game ends inadraw); future
work can explore variants of the funness model in which features are
computed under partial game simulations. We use the same features
and number of simulations when comparing to alternative models (see
below in ‘Fitting regression models to funness judgements’).

Alternative models
We next detail several alternative models.

Expert Gamer. We compare our Intuitive Gamer model against an
Expert Gamer model that differs along two key dimensions: (1) sophis-
tication of the value function, and (2) depth of search. This model is
closely based on the model of human expert play for 4-in-a-row on a
4 x9boardinref. 6, which empirically estimates tree search depth from
human players after hours of continuous gameplay experience. Asin
ref. 6, the depth is controlled by a probabilistic ‘stopping parameter’
governing how many the search tree is expanded; we run all simula-
tions by expanding the search tree a fixed number (K;.eations = 636) Of
iterations, where K aions = 636 is the empirical mean value of this par-
ameter estimated from the ref. 6 data. This setting corresponds to
approximately depth-5 search. On each iteration, the Expert Gamer
selects anode (corresponding to a board state). We then expand this
node, considering all legal actions, wherein we compute the value of
each action as outlined below. The Expert Gamer model then con-
ducts best-first search over the game tree, using its state value func-
tion defined above. Specifically, it probabilistically expands nodes in
the search tree by repeatedly sampling actions from a softmax policy
governed by temperature rover its current action estimates based on
these computations, expanding unexplored states in the search tree,
and backpropagating utilities estimated at future states. Asin ref. 6,
any node that ends in a definite win or loss is assigned +o based on

whether the move would result in a win for the current play (+) or loss
(-).We set0=1,000.

We next detail the Expert Gamer value function. Following ref. 6, we
compute the value of any move by looking at features over the entire
boardstate, rather thanlocally circumspect around the possible move
position in question (like the Intuitive Gamer model). This is more
computationally intensive, particularly for larger boards. Specifically,
for any open legal position p, we imagine a state s’ that has that posi-
tion played by the current player. We then sweep over all played posi-
tions with that board state. For each played position p’, we compute
the same novice, partial-progress value function. We then define the
value of that state s’ as the difference in cumulative value from the
played positions by the current player minus the opponent. We set
the value function feature weights (W.omect Whiockr Weentre) USINg the fit
values from the IntuitiveGgamer model. It is worth noting that the
Expert Gamer is itself animportant contribution—it is amore general
version of a relatively deep goal-directed model. We leave validation
of how well the Expert Gamer captures human expert reasoning and
play for future work.

Random Gamer. The Random Gamer player selects actions uniformly
over the space of legal moves. Games are simulated to the end (for
example, until either player wins or the game ends in a draw).

Monte Carlo tree search. We additionally implement a standard
upper-confidence-bound MCTS*?® agent to act as an approximate
gameplay ‘oracle’ (pseudocode canbe found in Supplementary Infor-
mationsection 2). Unlike the Intuitive Gamer and Expert Gamer mod-
els, MCTS does not use game-specific heuristic features and instead
estimates intermediate utilities by expanding a search tree guided
by repeated random rollouts to terminal states. MCTS algorithms are
commonly used to approximate optimal gameplay in arbitrary games?®,
as they are empirically both efficient and accurate. Specifically, the
MCTS implementation we consider here uses a large number of tree
expansions (10,000) to model the behaviour of a near-perfect player
in our novel games. Owing to computational costs, we estimate the
expected payoffs using 50 simulations per game; these samples are
thenbootstrappedin their fit to people, as with the other models.

Comparison of MCTS and Intuitive Gamer. We briefly clarify therela-
tion between MCTS—the planning algorithm behind many Al systems
that achieve expert-level gameplay such as AlphaGo and AlphaZero—
and the contribution the Intuitive Gamer model offers as a model of
human reasoning. One could potentially view the Intuitive Gamer’s
player module as a particularly restricted or shallow variant of MCTS
(asMCTSis also compatible with constraining computational resources
and adopting heuristic functions). However, for several reasons we
thinkitisimportant to distinguish between these classes of models—
recognizing that this is in part a matter of scientific emphasis and int-
erpretation rather than algorithmicinnovation.

First, framing MCTS so generally astoinclude the Intuitive Gamer’s
play would also include almost any kind of stochastic tree search,
including other models in our comparison set, for example, the Ran-
dom Gamer. More deeply, it would leave out core features of MCTS that
have made it so powerful in Al systems as well as the most distinctive
features of the Intuitive Gamer as a cognitive model. MCTS made such
animpact in Al gameplay and reinforcement learning***?8 precisely
becauseit could achieve very strong play without the need for heuristics
toguide search. Instead, it uses extensive inference-time computation
and sophisticated tree traversal arithmetic (backtracking, node visit
counting) to effectively explore avery large, unstructured game tree.
This is in contrast to the Intuitive Gamer, which does not require any
sophisticated algorithms and uses very minimal computation, although
it does rely on a small number of abstract heuristics when assessing
the value of next moves. Such adesign leads the Intuitive Gamer to be
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ahighly efficient if less than optimal player, and one which we believe
much better captures how people reason (as evidenced in our behav-
ioural action selectionand action prediction studies). As described in
the ‘Resource-rational reasoning’ section of the main text and captured
inExtended Data Table 2b, the Intuitive Gamer is orders of magnitude
more efficient than either MCTS (runfor 10,000 iterations, as described
above) or the Expert Gamer, in terms of wallclock time and number of
board states evaluated.

Variations on the full Intuitive Gamer model. We compare the
full Intuitive Gamer model against several variants that modulate
whether itis flat, goal-directed or probabilistic. The non-flat version
of the Intuitive Gamer model performs a deeper search over possi-
ble moves when selecting actions. The non-goal-directed version of
the Intuitive Gamer model ablates one or more of the value function
components (thatis, player progress or blocking progress—see Sup-
plementary Information for ablations of the centre-bias component).
The non-probabilistic version of the Intuitive Gamer model replaces
the softmax element of action selection with a deterministic choice
(or equivalently, softmax with temperature zero). We further vary
fastness by conducting a sample complexity analysis wherein we
modulate the number of simulations drawn (k) from the gamer model,
over which the game reasoning engine computes the expected payoff
(Extended DataFig.1).

Game-theoretic optimal payoffs. Many of the games in our set have
known game-theoretic ground-truth outcome values assuming opti-
mal play from both players. We describe how we filter which games of
the 121 are estimatable via a game-theoretic optimal payoff. We first
include those with known game-theoretic optimal payoffs (either defi-
nite player 1 win, definite draw, or definite player 2 win) according to
ref. 61. Then, to approximate alarger set of games’ optimal payoffs, we
additionally include games for which MCTS converged to{-1,0, 1} inits
payoff predictions (noting that MCTS estimates are not guaranteed to
be perfect). This process results in a set of 78 out of the full 121 games
for which we have estimated game-theoretic payoffs.

Analysis methods
We next provide additional details on experimental analyses.

Comparing payoff predictions. Participants answered two questions
inthe game outcome reasoning experiment: how likely the first player
wins given the game does not end in adraw (P(P1wins|not draw)), and
how likely the game is to end in a draw (P(draw)). Together, these re-
sponsesyield allinformation we need to compute an expected payoff.
We compare the expected payoff from participants against those of
models and report the R2. Specifically, we bootstrap subsample with
replacement from the human participant samples, per game, and com-
pare models against the mean payoff per sample. We also bootstrap
subsample k for 20 simulated participants per model from the pool of
model simulations. Unless otherwise stated, we run 1,000 bootstrap
samples.

Sample complexity analyses. We select k (the number of simulations
sampled for each simulated participant) by inspecting the variance of
the payoff predictions over the simulated set of 20 participants against
the empirical variance observed in the human data. We measure the
root mean squared error between the model- and human-predicted
variance for each game, as well as the Wasserstein distance between the
distribution over model and human variances (Fig. 3¢). We compute
the latter to better capture the poor match of high k to people’s vari-
ances (thatis, withincreased k, variance collapses to zero). We find that
that generally approximately k=5-7 full game simulations reasonably
well-captures human variance (Fig. 3c and Extended Data Fig. 1) under
both measures. We report all main results with k=6.

Fitting regression models to funness judgements. Wefit alinear reg-
ression model to these features using the Imer package in R. Features
are normalized to zero-mean and unit standard deviation. We fit the
models to 1,000 bootstrapped subsamples of the human data for all
games. Models are tasked with predicting the mean of participants’
funnessjudgements for each game. We compare models viaan ANOVA
test and AIC in Supplementary Information section 5.7.

In addition, we ran a generalization test wherein we fit regression
models on 50% (59) of the 118 games studied (infinite boards were
removed) and tested each model on the held-out 50% of games. We
report both results in Extended Data Fig. 4 and include additional
details in Supplementary Information section 5.7.

Assessing contribution of non-simulation-based features to funness
judgements. In exploratory analyses, we assess the potential role of
non-simulation-based features that can be read off of the game descrip-
tionalone. We compute aseries of binary game traits that capture ways
in which a game may differ from the base tic-tac-toe. For instance, a
game may notbe a3 x3board; thegame may end with K# 3 piecesina
row to win; the second player may have a different win condition than
the first player. We consider the following binary features: if the game
has constrained win conditions (for example, no diagonals allowed);
if the game has asymmetric win conditions (between players1and 2);
if the game has asymmetric play dynamics (for example, player 2 can
place two pieces on their first turn); if the board is not square; K # 3
piecesinarow towin;ifthe boardislarger than3 x 3; if the game ends
when the first player to achieve K'in a row loses (that is, misére vari-
ants). We combine the binary features into asingle aggregated measure
of ‘approximate novelty’, which is the sum of the number of binary
features present in any one game. We also explore the incorporation
of board size (encoded as the number of rows x number of columns)
as part of non-simulation-based game features that reasoners may
consider when assessing the funness of games. We assess how well
participants’ funness judgements can be explained by these features
aloneby fitting bootstrapped sets of linear regression models to these
featuresinthesame 50/50 train/test splits over the games. Inaddition,
we explore the relative benefit of adding all binary features or any of
the aggregate features to the simulation-based model over the full set
of games (see Supplementary Information section 5.7 for more details
and additional analyses).

Assessing game-time action selections. To assess how well models
capture how people play, we condition the model in question on an
intermediate board state of the actual human-versus-human game.
Allmoves in the game are considered (encompassing early-, mid- and
late-stage play). We computed the model’s predicted distribution over
next moves. We assess the fit of this predicted distribution in two ways.
First, we compute the loglikelihood of the actual players’ moves against
those predicted by the model. To handle cases where any model may
place at or near-zero probability onany given position, thereby skewing
the log likelihood, we incorporate a ‘slop’ parameter a that captures
the probability that a player makes a move from the primary model
(1- a that they make a random move on that turn®?). We sweep over a
between 0.5 and 0.95 in increments of 0.05and compute the average
loglikelihood for each model over the settings of a. We show per-game
stage and per-game results in Supplementary Information section 6.
We conduct aone-sided paired t-test over each individual move as well
asthe aggregated move likelihood per game, comparing the Intuitive
Gamer with the Expert Gamer and Intuitive Gamer with the Random
Gamer, respectively.

Fitting admixture models to actions. We then consider two different
admixture models: one over all moves made for agame, and one over
allmoves made for each player. Admixture models captures the notion
that a player may play accordingto either the Intuitive Gamer, Expert



Gamer or Random Gamer model on any turn. We jointly fit the weights
of the Intuitive Gamer and Expert Gamer models and take the weight
ofthe Random Gamer model to be the remaining mass that brings the
weightsto1, over bootstrapped samples over the entire population of
players. As the weights are fit jointly across the models, we need to be
particularly careful about the magnitude of the results for the respec-
tive models. To that end, we jointly sweep over the temperature used
in the action selection (with temperature ranging from 0.5 to 3.0 to
produce a distribution over weights). We also fit the admixture over
eachindividual, estimating the relative contribution of each model to
the way they play. As each player plays only six games (and one round
per game), we fit these weights to all of their moves across all games.
We use scikit-learn for fitting, with the SLSQP optimizer.

Computing aggregate human distribution over predicted next
action. For our ‘watch-and-predict’ experiments, we have access to
finer-grained predictions from any one participant. We again extract
distributions over likely next moves, conditioned on the observed
intermediate board state from the novice and alternative models; how-
ever, we now compare the distributions directly with the suggested
distribution of moves made by participants. We construct an aggregate
move distribution over the participants, treating each of the five clicks
per participant as contributing some mass to the ‘aggregate human’
distribution.

Comparing model- with human-predicted distributions over next
actions. We compare distributions using the TVD; we fix tempera-
ture at 1 and sweep over a for both models and people. We conduct
asimilar one-sided paired t-test over the TVD across the three game
stage boards seen per match and compare the Intuitive Gamer and
Expert Gamer, and the Intuitive Gamer and Random Gamer. We com-
pute split-half TVDs per stage, per match, per game by randomly
splitting the participants’ distributions who saw that board, averag-
ing those boards into two aggregate distributions and computing
TVD between them. This forms our split-half human estimate, which
we use to normalize the other models’ TVD. We demonstrate the ro-
bustness of our results to our choice of distributional measure by
repeating the analyses with the Jensen-Shannon divergence in Sup-
plementary Information section 6.2. We additionally run an admix-
ture model over both participant- and game-level predicted watch
distributions. These are optimized against the Jensen-Shannon
divergence.

Comparing model- with human-predicted distributions over next
actions to people’s played actions. We secondarily assess how well
the distribution over suggested moves made by the watcher captures
how people actually played by treating the suggested distribution of
clicks by the human watcher akin to the move distributions from the
models. We again assess the likelihood of the move played by the active
player to the moves suggested by the predictors, the Intuitive Gamer
model, and alternative models by sweeping over and averaging out a
slippage parameter (a). We conduct these analyses in aggregate (over
allboard stages, matches and games), as well asata per game level (over
board stages and matches).

Modelling draw requests. We take initial steps to analyse evaluations
made during the game by looking at players’ decisions of whether to
acceptorrejectadraw, when offered. Draw requests could take place
atany point during the game. For each board where a draw request
was made, we run 40 simulations to the end of the game under the
Intuitive Gamer agent model. We compute the expected payoff over
bootstrapped subsampled sets of k=6 outcomes (simulating asingle
player; previously computed under one of our {(G) game reason-
ing queries), as well as the expected remaining length of the game ¢
from state s,. We compute expected payoff here with respect to the

player who is deciding whether or not to accept the draw request.
Players receive a bonus payout of US$0.50 only if they win (nothing
if they lose or draw); we can then compute an expected value that is
the payoff x0.5. For each set of bonus-adjusted expected payoffs and
expected match length remaining, we fit a logistic regression model
to predict whether a player would accept or reject the draw request,
based on expected payoffand length, as well as the average predicted
game funness predicted by people in the ‘just think’ game reasoning
experiment. Wefit the logistic regression model using the glm R pack-
age. We also explore the same computations under different agent
models varyingin depth (for example, the Expert Gamer model) and
goal-directedness of the value function (for example, ablating the
goal progress component).

We show the decision boundariesin Extended Data Fig. 8aand report
the bootstrapped parameter fits in Extended Data Fig. 8b. For plot-
ting, we use a collapsed measure of expected value which we call the
‘expected value of continuing’ (C) from state s,:

C(s) = (@(G) X 0.5) = (Bypgen/Buitiey) * €- ©)

This measure combines the expected value (bonus-adjusted payoff)
with the opportunity cost of continuing (based on expected length
remaining).

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Anonymized human datagame evaluation, action selection and action
prediction data are hosted via GitHub at github.com/collinskatie/
intuitive-game-reasoning.git.

Code availability

Codeisavailable via GitHub at github.com/collinskatie/intuitive-game-
reasoning.git.
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Extended DataFig.1|Sample complexity analysis, based on the variance
of human and model payoffpredictions with varied compute budget
(number of simulations, k) for the Intuitive Gamer model). The variance
over each approximately 20 human participant payoffjudgments per game
and compare against the average variance under simulated sets of N=20

simulated participants each drawing k simulations from the model. Model
varianceis binnedinto quintiles along the horizontal axis and the average
human variance is computed for pointsin thatbin (the black dot overlaid on
thescatterplot). Error barsare standard deviation of the variance for pointsin
thatbin.
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Extended DataFig. 2| Partial game simulationsin the Intuitive Gamer
reasoning module. Allmainresultsarereported under the assumption that
the gamereasoning module runs simulations to the end. While most games
donotinvolve alarge number of moves, under the Intuitive Gamer player
module, for the game to end—itis possible that people are engaging even
cheaper partial simulations when evaluating novel games for the first time.

a, Exploratory analyses into running the Intuitive Gamer reasoning module
under a probabilistic stopping rule equivalently captures the majority of the
explainable variance in human payoffjudgments as running the Intuitive
Gamer reasoning module under full simulations (see Fig. 3a). For direct
comparisonwith the full simulation model, k= 6 partial simulations were run
to estimate game payoff. The partial simulations were computed as follows.
For each simulated match ofagame, astopping time was sampled froma
uniform distribution over board size and terminated early if the game did not
end before that time. If the game terminated before a winner or draw was
called, the game counted as adraw. b, To assess the impact of compute budget
inthe number of simulations used to estimate payoff, the variance of payoff
under different number of partial simulations k was again compared with the
variancein people’s payoff evaluations (as in Fig. 3c and Extended Data Fig. 1).
Thebest fitting number of samples (k) is similarly greater than one and less
thantenwhen using partial simulations, and perhaps even abitless (e.g., k=4)
compared to using full game simulations (see Fig. 3c).
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Extended DataFig. 3| Systematic variationin humanand model
predictions with change in game rules. Human and model judgments follow
similar qualitative trendsin a, payoffandb, funness predictions as K varies for
al10 x10 board. Humanand model average predictions are shown. Error bars
depict 95% Cls over the mean (1000 bootstraps). Funness model error bars (b)
are computed over repeated model fits to 50% splits of the games, holding
outthesubset of 10 x10 games of varied K(€ {2, ...,10}) from each train split.
These datareveal systematic and interpretable patternsin the human data
(e.g., estimated payoffplateauing towards zero with increased K; funness
peakingataintermediate values of K). In particular, whenKis too small (3 or
less) the gameis unbalanced, as the first player can easily win and the Intuitive
Gamer simulates this easily. For too large values of K, the game is hard for either
player towinand thereis little reward for thinking; the Intuitive Gamer also
simulates this.
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a
Feature Weight (95% CI)
Balance 8.8 (7.5,10.0)
Reward for Thinking 43(3.3,5.3)
Game Length (Linear) 10.2 (7.8, 12.5)
Game Length (Quadratic)  -4.6 (-6.1,-3.2)

b
Feature Removed F p AAIC
Balance 81.1 b5.66e-15 614
Reward for Thinking 18.9 3.03e-05 16.0
Game Length 10.5 1.60e-03 8.3

Extended DataFig. 4 |Funness model featureimportances and
generalization test comparing funness under alternate Gamer agents

and non-simulation based funness models. a, Funness model feature weights
reveal that games that are more balanced are generally considered more fun,
asaregamesthatare more rewardingto think about (though they contribute
less per unit to the funness thanbalance). Game length hasaninverted-U
shapedrelationship to fun (as evidenced by the positive linear weight and
negative quadratic weight; games that are too short or too longare less fun).
Weights of the features over 1000 models fits to bootstrapped mean human
funness predictions, over allgames. Coefficients are over normalized features
(seeMethods). b, Ablating eachlinear featurein the primary funness model
reveals that all features matter. Higher F-statistic means that ablating the
feature explainsless of the variance in the human data as the fullmodel. AAIC is
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AIC,p1aceq - AlCs (@ higher value indicates that ablating the feature impairs fit

to human data, relative to the full model). ¢, Simulations under the Intuitive
Gamer model better capture human judgments than simulations under models
varying the computational sophistication (Random and Expert Gamer) ina
generalization test, where the parameters of each model are fit on 50% of the
gamesand tested onthe other 50% of games. Funness models based on explicit
simulation better capture humanjudgments than models based only on
non-simulation based linguistic features (e.g., binary game traits—whether the
game hasasymmetric win conditions, non-square boards, etc) and aggregate
features based binary traits (counts of how many are “on” to capture “novelty”
relative to Tic-Tac-Toe; and board size, encoded as number of rows x number of
columns). Error bars depict 95% Cls of the held-out R? over 500 bootstrapped
train/testsplits.
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Extended DataFig. 5| Empirical observed payoffsinactual human-human
play against human- and model-predicted payoffs. The empirical payoffs
(based onthe observed human-human play game outcomes) generally follow
the payoffs predicted by people and the Intuitive Gamer model in the “just

think” experiment (without any live play). The empirical payoffs do not align
with what one would expect under optimal play, nor play under relatively more
sophisticated expert models (MCTS or the Expert Gamer) or game agents that
use less compute (random).
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Extended DataFig. 6| Modeling individual game players. A probabilistic
mixture model (admixture) is fit for each individual participants’action choices
(left) and action predictions (right). Bar heights represent the estimated
contribution of each modelinthe probabilistic mixture. The Intuitive Gamer is
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the dominant component for most participants; however, thereis variability
acrossindividual participants’ behavior—some participants make action
choices more aligned with aRandom Gamer or more sophisticated Expert
Gamer model.
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Extended DataFig.7 |Heuristic value function ablations. To assess the
importance of components of the Intuitive Gamer model to fitting participant
data, key features of the full Intuitive Gamer value function Y are lesioned by
setting the component weight to zero and leaving the others fixed at one.

a, Aggregate log probability under each variant of the human played moves
fromthe “play” (action selection) experiment; b, aggregate TVD comparing
the modeland human predictor distributions per game stage made in the
“watch-and-predict” experiment. Error bars depict bootstrapped 95% Cls over
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the mean measure per setting. Ablating the connect weight or the block
weight has major effects on how well the model explains human datainall three
experimental conditions. However, ablating the center weight only has effects
inthe play experiment. The lack ofimpact of the center biasin the “watch-and-
predict” datamay arise from the center bias only matteringin the first moves
(and participants are only asked to provide judgments over the third move
onwards for the “watch-and-predict” task).
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Intuitive Gamer (IGM)

IGM (Self-Progress Only)

Funness

Expected Value Expected Value

IGM (Blocking Opp. Only)

N

Expected Value

Random Gamer Expert Gamer

Observed Decision
Reject Draw
* Accept Draw
P(Accept)

P

0.75

Expected Value Expected Value

Variant Avg Log Lik Utility Game Length Funness
Intuitive Gamer -0.56 (-0.59, -0.54) -4.16 (-5.03,-3.50) 0.020 (0.015, 0.027) -0.0130 (-0.0158, -0.0114)
Self-Prog Only ~ -0.61 (-0.62,-0.60) -2.15(-2.32,-1.99) -0.013 (-0.017,-0.010) -0.0110 (-0.0119, -0.0097)

Block-Opp Only
Random Gamer
Expert Gamer

-0.64 (-0.66, -0.63)
-0.64 (-0.66, -0.61)
-0.58 (-0.59, -0.57)

-5.13 (-8.21, -2.16)
-2.74 (-3.70, -1.51)
-3.18 (-3.54, -2.86)

-0.016 (-0.019, -0.015)
-0.007 (-0.013, 0.002)
0.027 (0.024, 0.034)

-0.0023 (-0.0045, -0.0009)
-0.0080 (-0.0096, -0.0051)
-0.0168 (-0.0180, -0.0159)

Extended DataFig.8|Modeling people’s decisions about whether to keep
playing whentheyreceive adrawrequest. a, Logisticregression models
predict whether aplayer would acceptor rejectadraw requestifreceived
arefittothe expected value of continuing to play under the respective player
module variants, and the expected funness of games (as predicted by peoplein
thejust-think experiments). Decision surfaces are plotted, averaged over 100
bootstrapped samples of expected value calculations over k=6 simulations.
The Intuitive Gamer and Expert Gamer qualitatively encode the intuition that
games that have higher expected value from continuing or are expected to be
funaregameswhere players are more open to continuing to play. b, Coefficients
for draw request models, depicting 95% Cls over bootstrapped subsamples of
k=6gamesimulations. The actions taken by a player (whether to accept or
rejectadraw) are assessed under the models by computing the loglikelihood
of doing the action, given the features computed over the particular board.

The model was trained to predict whether a draw request would be accepted;
therefore, negative weights for features mean thata higher value of that feature
ismore predictive of rejecting adraw (i.e., wanting to continue agame). Log
likelihood is computed as the averaged likelihood assigned to each decision
and averaged over bootstrapped model fits. Higher likelihood means better fit.
Using the expected value of continuing as computed under Intuitive Gamer
and deeper Expert Gamer simulations similarly explain people’s decisions of
whether toacceptorrejectadraw. Lesioningeither or both of the goal-directed
components of the Intuitive Gamer value function substantially impairs fit to
people’sdecisions, particularly when lesioning the offensive component
(i.e.,thecomponentspecifically driving a player to make progress towards
their own goal). This may be because, uponreceiving adraw request, aplayer
decides whetherto acceptorreject from amore offensive stance.



Extended Data Table 1| Diverse set of novel games

Category Example(s) Count
M in a row on square boards 3 pieces in a row wins on a 6 x 6 board; 7 pieces in a row wins on a 10 x 10 board 20
M in a row on rectangular boards 3 pieces in a row wins on a 1 x 5 board; 6 pieces in a row wins ona 5 x 10 board 18
Infinite boards 3 pieces in a row wins on an infinite board; 10 pieces in a row wins on an infinite board 3
M in a row loses A player loses if they make 5 pieces in a row, on a 5 x 5 board. 10
No diagonal wins allowed 4 pieces in a row wins on a 10 x 10 board, but a player cannot win by making a diagonal row. 10
Only diagonal wins allowed 4 pieces in a row wins on a 5 x 5 board, but a player can only win by making a diagonal row. 10
First player moves 2 pieces 5 pieces in a row wins on a 10 x 10 board; the first player can place 2 pieces as their first move. 10
Second player moves 2 pieces 10 pieces in a row wins on a 10 x 10 board; the second player can place 2 pieces as their first move. 10
First player handicap (P1 no diag) 3 pieces in a row wins on a 3 x 3 board, but the first player cannot win by making a diagonal row. 10
First player handicap (P1 only diag) 4 pieces in a row wins on a 7 x 7 board, but the first player can only win by making a diagonal row. 10
Second player needs M-1 to win The first player needs 4 pieces in a row, but the second player only needs 3 pieces to win ona 5 x 5 board. 10

Wide variety of 121 two-player grid-based strategy games designed to study how people play and think about games when they are novices. Games vary in the board
shape (e.g., square versus rectangular), win conditions (e.g., first to K in a row wins versus loses), and game dynamics (e.g., one player can play two pieces on their turn).
Counts of games in each category, as well as one representative example game description for each.
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Extended Data Table 2 | Resource-rational game reasoning,
comparing compute efficiency and similarity of payoff
estimates to estimates of game-theoretic optimal payoff

a
Model Time per Action (s) ~States Evaluated per Action
Intuitive Gamer 0.0089 £ 0.0113 57.28 £33.18
Expert Gamer 6.48 +9.33 31,417.80 + 22,145.58
MCTS 342.40 + 380.55 523,297.22 + 348, 852.03
b
Reasoner Acc to Game-Theoretic (GT) R? to GT Abs Diff from GT
Human 0.69 (0.65, 0.72) 0.62(057,0.67)  0.32(0.31,0.33)
Intuitive Gamer 0.75 (0.72, 0.78) 0.69 (0.66,0.72)  0.25 (0.24, 0.26)
Expert Gamer 0.92 (0.91, 0.92) 0.87 (0.85,0.88)  0.08 (0.08, 0.09)
MCTS 0.91 (0.90, 0.92) 0.89 (0.88,0.91)  0.06 (0.06, 0.07)
Random Gamer 0.57 (0.55, 0.59) 0.39 (0.34,0.44)  0.43 (0.41, 0.44)

a, The Intuitive Gamer is more efficient than more sophisticated game reasoners, both in
terms of average time to evaluate before deciding what action to select and average number
of game states to evaluate before deciding what action to select. represent mean + standard
deviation over all moves when simulating evaluations for the game reasoning payoff
predictions, for a subset of 41 of the 121 games. Additional details on cost comparisons are
included in Supplementary Information 3. b, Human and model judgments are compared

to the 78 of the 121 games where the game-theoretic optimal payoff is estimatable. Accuracy
between predicted payoff and the approximate game-theoretic optimal is computed by
taking the predicted payoff as “correct” if the game reasoner predicted a payoff > 0.5 and the
expected payoff is 1; correct if the predicted payoff is <~ 0.5 and the expected payoffis -1;
correct if the predicted payoff is between - 0.5 and 0.5 and the game is expected to end in a
draw. R? correlation is computed between the raw predicted payoffs and the game-theoretic
optimal values, as well as the average absolute difference between the expected predicted
payoff and approximate game-theoretic payoff (lower is closer to “correct”). Bootstrap 95%
confidence intervals (Cls) are shown in parentheses, where bootstraps are over bootstrapped
samples of participants (with replacement) for people or model simulations.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

O0OX O O00000%

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  We ran model simulations, which are provided in the Supplementary Materials.

Data analysis Data analysis details are included in the Methods. Code and descriptions of our analysis code are provided in the Supplementary Materials.
We also provide details on our code at: https://github.com/collinskatie/intuitive-game-reasoning

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All datasets are new. We developed the 121 games and ran new human studies and model simulations (as outlined in Methods). Data is included in Supp Materials
and downloadable with our code (see above).




Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Not collected.

Reporting on race, ethnicity, or = Not collected.
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groupings

Population characteristics Participants were recruited through the crowdsourcing platform Prolific. Participants were required to live in the US and
speak English as a first language.

Recruitment Participants were recruited via Prolific, which automatically handles recruitment among the people registered for the site.
We added a restriction such that people could not participate in a new games study if they had already participatedin a
game study with us.

Ethics oversight MIT IRB, Tenenbaum Computational Cognitive Science Group

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |Z| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Describe how sample size was determined, detailing any statistical methods used to predetermine sample size OR if no sample-size calculation
was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.

Data exclusions | Describe any data exclusions. If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the
rationale behind them, indicating whether exclusion criteria were pre-established.

Replication Describe the measures taken to verify the reproducibility of the experimental findings. If all attempts at replication were successful, confirm this
OR if there are any findings that were not replicated or cannot be reproduced, note this and describe why.

Randomization | Describe how samples/organisms/participants were allocated into experimental groups. If allocation was not random, describe how covariates
were controlled OR if this is not relevant to your study, explain why.

Blinding Describe whether the investigators were blinded to group allocation during data collection and/or analysis. If blinding was not possible,
describe why OR explain why blinding was not relevant to your study.

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description We ran three main studies, wherein people evaluated games before play ("just think"); where people played new games ("play"); and
where people watched others and predicted their play ("watch-and-predict").

Research sample Participants were recruited through Prolific (see above). Demographic information was not collected. Prolific participants are likely
more adept with online experiments than the average person (and specifically our participants are based in the US); however,
running our study on Prolific allowed us to scale to levels that would have been challenging if recruiting only locally and in-person.

Sampling strategy All studies recruited participants from Prolific. We queued a series of batches specifying a subset of games, to which participants
were allocated. To ensure we had approximately equal number of participants in each batch, we queued batches in blocks. The "just
think" studies were all run first. Then the play studies. Then the watch-and-predict studies. Participants were excluded from future
game studies once they participated in one games study. No formal power analysis was calculated; sample size was determined by
pilots for each sub-study and pre-registered for our play and watch and predict, on AsPredicted. The final participants (excluding the
experiment batch errors that required collecting new data, described below) totaled 495 participants across the “just think” data,
302 for the play data, and 314 of the watch-and-predict data. Details on exclusion are described below. After quality control, this led




Data collection

Timing

Data exclusions

Non-participation

Randomization

to 484 participants in the “just think” data, 284 for play, and 302 for watch-and-predict. Our pre-registrations for the play and watch
data are at https://aspredicted.org/rghy-k98m.pdf and https://aspredicted.org/2g7n-dfgm.pdf, respectively.

Data was collected on interfaces that we developed for each experiment (see Supplement Information). Experiments were built using
jsPsych. We used Pavlovia to host our server and build custom web-based experiments on. For the play experiment, where two
participants played each other live, data was saved to a server using Empirica and a DigitalOceans server.

The just think experiments were run on Jan 26, Jan 29, and Jan 30 2024. The play experiments were run on Feb 28, March 3, March
4, March 5, March 7, and March 10 2025. The watch-and-predict experiments were run on March 24,25,26,28; April 8-9; and June 5,
2025.

In the first "think" experiment, participants wrote in one novel game at the end; based on these open-ended responses, we excluded
participants who gave a clearly non-effort response (e.g., generating an invalid win condition) or providing a clearly Al-generated
response (N=11 participants). 10% of the outlier judgements that were farthest from the mean were filtered out for each game. As
pre-registered and described in our Methods, participants were excluded if they gave too many “standard” judgments that were
“standard” values (near 0, 50, or 100) on 80% or more of judgments for the "play" and "watch-and-predict" experiments. 18
participants were filtered out for the play data and 10 for the watch-and-predict data. While running the play experiment, we noticed
a bug in a win condition for one of the games; we discarded and reran that batch. Additionally, due to a batching error in the number
of matches seen by participants in the watch data between the fun and payoff prediction conditions, we reran the advantage setting
(and discarded the previous data). We report the batch-corrected final number of participants in Methods.

57 of 555 participants returned their study in the just think experiment and 3 timed out (for unknown reasons). 88 of 543 returned
their study for the watch and predict study (and three timed out). 213 of 533 participants returned their study in the play
experiment; the higher rate of returns is expected by design of our synchronous study (participants need to be paired at the exact
same time; as such, we at times overqueued which led participants to not be able to play and need to return their study); 4 timed out
their study.

Games were shuffled for participants in each study. Participants were quasi-randomly assigned to batches (see above).

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description

Research sample

Sampling strategy

Data collection

Timing and spatial scale

Data exclusions

Reproducibility

Randomization

Blinding

Briefly describe the study. For quantitative data include treatment factors and interactions, design structure (e.g. factorial, nested,
hierarchical), nature and number of experimental units and replicates.

Describe the research sample (e.g. a group of tagged Passer domesticus, all Stenocereus thurberi within Organ Pipe Cactus National
Monument), and provide a rationale for the sample choice. When relevant, describe the organism taxa, source, sex, age range and
any manipulations. State what population the sample is meant to represent when applicable. For studies involving existing datasets,
describe the data and its source.

Note the sampling procedure. Describe the statistical methods that were used to predetermine sample size OR if no sample-size
calculation was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.

Describe the data collection procedure, including who recorded the data and how.

Indicate the start and stop dates of data collection, noting the frequency and periodicity of sampling and providing a rationale for
these choices. If there is a gap between collection periods, state the dates for each sample cohort. Specify the spatial scale from which
the data are taken

If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the rationale behind them,
indicating whether exclusion criteria were pre-established.

Describe the measures taken to verify the reproducibility of experimental findings. For each experiment, note whether any attempts to
repeat the experiment failed OR state that all attempts to repeat the experiment were successful.

Describe how samples/organisms/participants were allocated into groups. If allocation was not random, describe how covariates were
controlled. If this is not relevant to your study, explain why.

Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your study.

Did the study involve field work? |:| Yes |:| No

Field work, collection and transport

Field conditions

Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).

>
Q
o
c
0
©
@)
=
o
=
—
)
©
(@)
=
S
«Q
wn
c
=
=
O
<




Location State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water depth).
Access & import/export | Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and in
compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing authority,

the date of issue, and any identifying information).

Disturbance Describe any disturbance caused by the study and how it was minimized.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies XI|[] chip-seq
Eukaryotic cell lines & |:| Flow cytometry
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Palaeontology and archaeology |:| MRI-based neuroimaging
Animals and other organisms
Clinical data

Dual use research of concern

MXXXXNXNXX s
OooooOoO

Plants

Antibodies

Antibodies used Describe all antibodies used in the study, as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) State the source of each cell line used and the sex of all primary cell lines and cells derived from human participants or
vertebrate models.

Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines  pgme any commonly misidentified cell lines used in the study and provide a rationale for their use.
(See ICLAC register)

Palaeontology and Archaeology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information). Permits should encompass collection and, where applicable,

export.

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

|:| Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.




Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals For laboratory animals, report species, strain and age OR state that the study did not involve laboratory animals.

Wild animals Provide details on animals observed in or captured in the field; report species and age where possible. Describe how animals were
caught and transported and what happened to captive animals after the study (if killed, explain why and describe method; if released,
say where and when) OR state that the study did not involve wild animals.

Reporting on sex Indicate if findings apply to only one sex; describe whether sex was considered in study design, methods used for assigning sex.
Provide data disaggregated for sex where this information has been collected in the source data as appropriate; provide overall
numbers in this Reporting Summary. Please state if this information has not been collected. Report sex-based analyses where
performed, justify reasons for lack of sex-based analysis.
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Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies

All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.

Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.
Qutcomes Describe how you pre-defined primary and secondary outcome measures and how you assessed these measures.

Dual use research of concern

Policy information about dual use research of concern

Hazards

Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented
in the manuscript, pose a threat to:

Yes

[] Public health

|:| National security

|:| Crops and/or livestock

|:| Ecosystems
|:| Any other significant area

XX XX X &




Experiments of concern

Does the work involve any of these experiments of concern:

Yes

X X X X X X X X &
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Plants

Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents
Enhance the virulence of a pathogen or render a nonpathogen virulent
Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin

Any other potentially harmful combination of experiments and agents

Seed stocks

Novel plant genotypes

Authentication

ChlP-seq

Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Describe-any-atithentication-procedures foreach seed stock-tised-ornovel- genotype generated—Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

Data deposition

|:| Confirm that both raw and final processed data have been deposited in a public database such as GEO.

|:| Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links

For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,

May remain private before publication. | provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.

Genome browser session
(e.g. UCSC)

Methodology

Replicates

Sequencing depth
Antibodies
Peak calling parameters

Data quality

Software

Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
enable peer review. Write "no longer applicable" for "Final submission" documents.

Describe the experimental replicates, specifying number, type and replicate agreement.

Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.

Describe the antibodies used for the ChiP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and
lot number.

Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and index files
used.

Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment.

Describe the software used to collect and analyze the ChlP-seq data. For custom code that has been deposited into a community
repository, provide accession details.
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Flow Cytometry

Plots
Confirm that:

|:| The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

|:| The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).

|:| All plots are contour plots with outliers or pseudocolor plots.

|:| A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation
Instrument

Software

Cell population abundance

Gating strategy

Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.
Identify the instrument used for data collection, specifying make and model number.

Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

|:| Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design
Design type

Design specifications

Indicate task or resting state; event-related or block design.

Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used

Acquisition
Imaging type(s)

Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI [ ] used

Preprocessing

Preprocessing software
Normalization
Normalization template

Noise and artifact removal

to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across
subjects).

Specify: functional, structural, diffusion, perfusion.
Specify in Tesla

Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

|:| Not used

Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).
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Volume censoring Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: [ | whole brain [ | ROI-based || Both

Statistic type for inference Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

(See Eklund et al. 2016)

Correction Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).
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Models & analysis

n/a | Involved in the study
|:| Functional and/or effective connectivity

|Z| |:| Graph analysis

IZ |:| Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial correlation,
mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.qg. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.
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