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Abstract
People can learn from actions not taken by leveraging
mental models to imagine their potential consequences.
However, for any given choice, the number of possible,
alternative actions often exceeds the brain’s capacity for
simulation. Here, we develop a new task to measure be-
haviorally whether people selectively prioritize the coun-
terfactual updates that are most likely to improve their fu-
ture decisions. Our initial results (N = 69) indicate that
people most strongly consider high-magnitude alterna-
tives as well as those that are better than the option they
selected, suggesting that people do indeed consider al-
ternative possibilities strategically.
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Introduction
People learn from direct experience, by taking actions and
observing their positive and negative outcomes. They also
learn – and perhaps even more so – from indirect experi-
ence, by harnessing mental models to simulate the conse-
quences of the myriad actions they could have taken (Daw,
Niv, & Dayan, 2005). However, model-based learning poses a
potential problem: In most situations, there is a near-infinite
number of possible actions to consider, and people do not
have the time or mental resources to think about all possi-
ble alternatives. How do people select possibilities to think
about? Do they judiciously manage their thoughts, bringing
to mind and updating their beliefs in such as way as to most
effectively improve their future decisions?

Theoretical work has argued that simulation is valuable to
the extent that it is likely to improve future decisions (“gain”),
and particular options should be prioritized for simulation on
this basis (Mattar & Daw, 2018). Prior work has primarily
investigated this question using sequential decision-making
tasks, in which people can leverage structured knowledge to
propagate experienced value to more distal parts of physical
or abstract state spaces (Liu, Mattar, Behrens, Daw, & Dolan,
2021; Schuck & Niv, 2019; Opheusden et al., 2023).

Although sequential decision-making tasks have yielded
important insights into learning and planning, they nonethe-
less have several downsides for investigating how people
manage their thoughts. First, in these tasks, it is often difficult
to ascertain from behavior alone which specific trajectories
people simulate. Many studies of simulation or replay have
thus relied upon neuroimaging methods to characterize pat-
terns of thought (Liu, Dolan, Kurth-Nelson, & Behrens, 2019;
Liu et al., 2021; Schuck & Niv, 2019), which are costly and
difficult to administer to large and diverse samples of partici-
pants.

Here, we sought to develop a simpler task to behaviorally
characterize the alternative actions people bring to mind and
learn about. In doing so, we built upon a different line of
past studies, using structured, multiplayer games, which can
also provide insight into how people engage in counterfac-
tual, model-based updating over a set of candidate moves.
One previous study showed that people preferentially update
“upward counterfactual” options (Hunter, Meer, Gillan, Hsu,
& Daw, 2022), i.e. those that would have been better than
the action actually chosen, in line with rational prioritization
(Mattar & Daw, 2018) because these are the options asso-
ciated with actionable policy improvements. However, the
specific game payoff matrices used in that study limited the
ability to study finer grained effects, including particularly the
idea that not just the direction of update, but also the magni-
tude, should drive prioritization (Moore & Atkeson, 1993). Our
goal was to develop a fun and engaging task that could more
finely index individuals’ prioritization strategy, and also sepa-
rate it from their capacity for bringing alternative possibilities
to mind.

Methods

Young adult participants (N = 69, ages 18 - 30 years, recruited
from Prolific) completed the ’Battle Cards’ task online. Briefly,
on every turn, both the participant and their computerized op-
ponent selected one of five element cards to play (Fig. 1A).
Each card would win or lose from 2 to -2 points against each
other card (Fig. 1A). Participants were told that each of their
opponents had different preferences for the cards they liked
to play, and that their opponents had all pre-determined their
decks ahead of time and would not adjust their strategy in re-
sponse to their choices. Thus, while no card was inherently
better or worse than any other, participants could earn more
points by learning their opponents’ preferences, and select-
ing those most likely to win against those that their opponents
frequently played. Critically, on every trial, participants could
learn through direct experience by updating their belief about
the value of the card they played based on the points they
won or lost. However, because the task had a known, deter-
ministic payoff structure, participants could also learn through
indirect experience, by bringing to mind each of the four alter-
native cards they could have played and imagining its associ-
ated counterfactual outcome.

Prior to engaging in ’real’ gameplay, participants went
through extensive instructions that explained the game me-
chanics as well as the relations among the cards, which were
designed to be as intuitive as possible (e.g., Water defeats
Fire, Fire defeats Grass, etc.). In addition, they completed two
tutorials to ensure that they well learned the task’s payoff ma-
trix. In the first tutorial (100 trials), participants were shown the



Figure 1: A) Participants played eight games of 20 trials each, in which they selected among five cards to try to defeat the
computer’s card. B) Participants were more likely to play cards that would have earned more points on the preceding trial. C)
Participants more heavily weighted high-magnitude and better outcomes when learning about counterfactual alternatives.

card their opponent played and then had to select which card
to play. In the second tutorial (100 trials), participants were
shown two cards and asked to select the one that would win
the battle. In both tutorials, participants received explicit feed-
back on their choices. Finally, participants played eight blocks
of ’real’ games in which they faced eight different opponents
for 20 trials each.

Results
Evidence for reward-seeking behavior
First, we confirmed that participants learned the task’s payoff
matrix throughout the two tutorials. In the last 10 trials of the
first tutorial, participants earned on average 1.81 points (SE =
.04 points) points per trial, close to the maximum of 2 points
per trial, and well above chance-level performance (0 points
per trial). In the second tutorial, participants selected the bet-
ter card on 9.6 (SE = .01) out of the last 10 trials, indicating
that they effectively learned the game structure.

We then analyzed whether participants learned to select
cards to defeat each opponent during real game-play. Partic-
ipants earned on average 6.26 points per game, performing
significantly above chance-level (0 points per game), t(68) =
9.88, p < .001. In addition, participants were more likely to
play cards that would have earned higher rewards on the prior
trial (Fig. 1B), indicating that they chose cards in response to
their opponents’ selections.

Prioritization of better and high-magnitude
alternatives
Next, we asked how participants learned to play rewarding
cards – to what extent did they a.) rely on a mental model of
the game to learn about counterfactual options and b.) pri-
oritize specific counterfactual options for updating? To an-
swer these questions, we fit our data with a reinforcement-
learning model. On every trial, the model assumed that partic-
ipants updated their belief about the option they selected with
a model-free learning rate, as well as about the four counter-
factual options. Critically, the counterfactual learning rate for
each alternative was determined by multiplying the model-free

learning rate by one of four weighting parameters: one for the
best alternative (i.e., the option that would have earned +2),
one for better alternatives (i.e., other options that would have
earned more points than the player actually earned), one for
worse alternatives (i.e., other options that would have earned
less points than the player earned), and one for the worst al-
ternative (i.e., the option that would have earned -2).

We fit the model hierarchically and examined group-level
parameter estimates for the weights. All four weights were
above 0 (Fig. 1C), indicating that participants harnessed their
knowledge of the task’s payoff matrix to learn in the absence
of direct experience. Further, the pattern of weights revealed
that participants did not just consider alternatives at random.
Replicating (Hunter et al., 2022), alternatives better than the
chosen one were more strongly updated than worse ones, and
in addition, among both worse and better action sets, higher-
magnitude alternatives (i.e., the best and worst options) were
updated to a greater extent.

Discussion
Our initial data indicate that our novel card game task can
effectively index complex patterns of model-based thought in
the absence of neural measures. In addition, our modeling
results suggest that participants may have engaged in strate-
gic simulation, selectively considering those options that were
likely to improve their future decisions the most. Intuitively,
agents can maximize future reward by learning about the op-
tions they should have chosen (and therefore, should choose
in the future) as well as by learning about the options that will
affect their reward gain the most. Indeed, preliminary simula-
tions of a cognitively implausible, ”gain”-based agent – which
computes the extent to which performing each counterfactual
update will improve subsequent decisions and then selects
updates accordingly – revealed a qualitatively similar pattern
of counterfactual learning rates. In future work, we will further
examine the extent to which participants’ learning aligns with
the predictions of ”rational” models, as well as how dimen-
sions of individual variance (age, psychopathology) relate to
simulation capacity vs. strategy.
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