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Abstract
When our own knowledge is limited, we often turn to others for information. However, social learning does not guarantee accurate learning or better decisions: Other people’s knowledge can be as limited as our own, and their advice is not always helpful. This study examines how human learners put
two “imperfect” heads together to make utility-maximizing decisions. Participants played a card game
where they chose to “stay” with a card of known value or “switch” to an unknown card, given an advisor’s advice to stay or switch. Participants used advice strategically based on which cards the advisor
could see (Experiment 1), how helpful the advisor was (Experiment 2), and what strategy the advisor
used to select advice (Experiment 3). Overall, participants benefited even from imperfect advice based
on incomplete information. Participants’ responses were consistent with a Bayesian model that jointly
infers how the advisor selects advice and the value of the advisor’s card, compared to an alternative
model that weights advice based on the advisor’s accuracy. By reasoning about others’ minds, human
learners can make the best of even noisy, impoverished social information.
Keywords: Social learning; Theory of mind; Decision making; Bayesian inference; Computational
models

1. Introduction
Our knowledge of the world is neither perfect nor complete. When our own knowledge
is insufficient to make a decision, we often turn to others’ advice to guide our choices
Correspondence should be sent to Natalia Velez and Hyowon Gweon, Department of Psychology, Stanford
University, 450 Serra Mall, Jordan Hall, Stanford, CA 94305. E-mails: nvelez@stanford.edu, gweon@
stanford.edu
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(Boyd, Richerson, & Henrich, 2011; Tomasello, Kruger, & Ratner, 1993). Social learning, or learning from others, can help us learn or make better decisions than if we had
relied solely on our own knowledge. However, information from others is not perfect;
other people’s knowledge is often as limited as our own, and the information they provide is sometimes misleading. The current work examines how human learners make utility-maximizing decisions by “putting two heads together,” combining their own
incomplete knowledge with imperfect advice from others.
Imagine you are standing in line at a busy grocery store, and your friend sends a text
message suggesting that you switch to her line. Should you switch or stay put? The difficulty with this decision is that neither you nor your friend has full knowledge of the
world; she can’t see your line, and you can’t see hers. However, you can benefit even
from this imperfect advice if you know something about your friend. If she wants to help
you find a shorter line, she would only recommend you to switch if her line wasn’t too
long. Thus, based on your friend’s intention and her advice to switch, you can reasonably
guess the length of her line and compare it with your current line to make a decision.
This example suggests that, by inferring aspects of the world that are only accessible
to others’ minds, learners can make more informed decisions than if they relied solely on
their own knowledge. Recent computational models have formalized reasoning about
others’ minds as “inverse planning” (Baker, Jara-Ettinger, Saxe, & Tenenbaum, 2017;
Baker, Saxe, & Tenenbaum, 2009). In this framework, agents have a generative model of
how others’ mental states give rise to their observable actions, and they work backwards
from observed actions to infer the unobservable mental states that gave rise to those
actions. Here, we propose that this ability to infer other people’s mental states—Theory
of Mind—enables humans to learn even from imperfect social information.
Prior developmental and computational work has emphasized the role of mental state
inference in social learning. Even young children actively interpret social information in
light of others’ knowledge and intention. When a “teacher” pedagogically demonstrates
one function of a novel toy, children not only learn the demonstrated function, but also
infer it is the toy’s only function; if the toy had additional functions, a knowledgeable,
helpful teacher would have also demonstrated them (Bonawitz et al., 2011). These inferences are consistent with a computational model that assumes that teachers and learners
reason about each other’s mental states; the teacher selects evidence that maximizes the
learner’s belief in the correct hypothesis, and the learner draws inferences based on the
assumption that the evidence has been selected by a knowledgeable, helpful teacher
(Shafto, Goodman, & Griffiths, 2014).
Now, suppose the child in the example above discovers that the toy actually has four
functions (rather than one). There are many reasons why the teacher only showed one of
its functions; perhaps she was ignorant of these functions, or perhaps she deliberately
omitted them to mislead the learner. More recent work has extended models of pedagogical reasoning to formalize how learners use their own knowledge to evaluate informants’
knowledge, confidence, and reliability (Bass, Hawthorne, Goodman, & Gweon, 2015;
Hawthorne-Madell & Goodman, 2017). Consistent with the predictions of these models,
adults and even preschool-aged children appropriately penalized the informant when she
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knowingly omitted information (Gweon & Asaba, 2017; Gweon, Pelton, Konopka, &
Schulz, 2014) but exonerated her when she was unaware of the additional functions
(Bass, Bonawitz, & Gweon, 2017; Bass et al., 2015).
Taken together, prior work suggests that learners make rich inferences about both the
world and the informant’s mental states. In particular, when learners expect the informant
to be knowledgeable and helpful, they rely on social information to draw further inferences about the world; when learners themselves are knowledgeable, they capitalize on
their knowledge to infer the informant’s intentions or trustworthiness. Critically, however,
social learning often unfolds in contexts where neither the learner nor the informant has
full access to the true state of the world, as in the grocery store example above. In this
case, learners cannot simply trust informants to be knowledgeable and helpful, nor do
they have enough world knowledge to directly evaluate their quality. How do learners
leverage imperfect advice from others to make better decisions?
The present work explores how learners put two “imperfect” heads together to make
utility-maximizing decisions. Participants played a simple card game analogous to the
grocery line example above. In the next section, we describe the task and present two
computational models that formalize competing hypotheses about how participants integrate their partial knowledge of the world with advice from an advisor. Then, across three
experiments, we compare the predictions of the two models with human behavior.1

2. Computational models
2.1. Task: Switch or stay?
In all experiments, the task had the same basic structure (Fig. 1a). On each trial, two
cards were randomly drawn, with different integer values between +1 and +8; one card
was visible to participants (visible card), the other hidden (hidden card). Participants
could choose to stay and win the points on the visible card, or switch and win the points
on the hidden card. The goal was to win the most points possible by the end of the task.
Before making this decision, participants received advice from an advisor who saw
some subset of the cards and recommended to “stay” or “switch.” In most conditions, the
advisor could only see the hidden card (except in Experiment 1, Both and None conditions; see Procedure). The advisor recommended to stay or switch by sampling from the
following choice function:
PðA ¼ SwitchjCH Þ ¼

1
1þ

eðmA ðCH Cmed ÞþbA Þ

ð1Þ

where A is the advice (“switch” or “stay”), CH is the value of the hidden card (which is
visible to the advisor), and mA (steepness) and bA (horizontal shift) determine the shape
of the advisor’s choice function. We derived the choice function from a pilot experiment
where human participants played the same card game without an advisor; we assumed

4

N. V
elez and H. Gweon / Topics in Cognitive Science (2018)

Card Game

(a)

Likelihood Estimation
What are the chances that Alice will tell you to “switch”?

Advisor: “Switch”
Switch

Switch

YOU

+8

+1

ALICE

Stay

Stay

ALICE
YOU

Likelihood of suggesting "switch"

Experiment 3

1.00
0.75

mA=1.5

0.50

mA = 0

0.25

mA=-1.5

0.00
1

2

3 4 5 6 7
Hidden card value

Condition:

Helpful
Opposite

8

Likelihood of suggesting "switch"

Experiment 2

(b)

Random

1.00

bA=10
0.75
0.50
0.25

bA=-10
0.00
1

2

3 4 5 6 7
Hidden card value

Condition

Risky

8

Conservativ

Fig. 1. Procedure. (a) Participants’ view of the card game (left) and of the likelihood estimation task (right).
(b) Ground-truth advisor choice functions. Left: In Experiment 2, advisors varied in their helpfulness (Helpful
(pink): mA = 1.5, Random (purple): mA = 0, Opposite (blue): mA = 1.5; all bA = 0). Right: In Experiment
3, both advisors were helpful (all mA = 5) but varied in their strategy (Conservative (dashed): bA = 10,
Risky (solid) bA = 10).

that a partially knowledgeable yet helpful advisor would make the same choices that a
human participant would make to maximize their own payoff. Participants’ decisions
were well described by a logistic function centered around the median card value
(Cmed = 4.5; Supporting Information, Pilot experiment). Across experiments, we manipulated the true values of mA and bA to change how the advisor selects advice (Fig. 1b).
We compared participants’ responses in this task to the predictions of two computational models. Both models make decisions based on the value of the visible card, the
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advisor’s access to information, and the advisor’s advice. When the advisor can see no or
both cards (Experiment 1, None and Both), both models assume that the advice is random
or always accurate, respectively. Critically, each model uses advice differently when the
advisor can only see the hidden card (Experiments 1–3, all other conditions). The Mental-state Reasoning model instantiates inverse inference about the advisor’s mental states;
it infers likely values of the hidden card and compares them to the visible card. We contrast this model with the Accuracy Heuristic model, which instantiates a simpler social
learning strategy; it weights advice based on its observations of the advisor’s accuracy.
2.2. Mental-state reasoning model
Consistent with prior Bayesian Theory of Mind models (e.g., Baker et al., 2017;
Hawthorne-Madell & Goodman, 2017), the Mental-state Reasoning model works backwards from the advisor’s observable advice to infer the unobservable states that gave rise
to the advice—namely, how the advisor selects advice (i.e., the advisor’s choice function)
and what the advisor can see (i.e., her beliefs about the value of the hidden card). The
Mental-state Reasoning model assumes that the advisor recommends to stay or switch
based on a choice function that depends on the advisor’s access to the card values. When
the advisor can only see the hidden card, the model infers the value of the hidden card
on each trial (CH) given the advice (A) and the visible card value (CV):
PðCH jA; CV Þ _ PðCH jCV ÞPðAjCH Þ

ð2Þ

where P(CH|CV), a discrete distribution that is 0 for CH = CV and uniform everywhere
else, represents the learner’s prior belief about the value of the hidden card, and P(A|CH)
(Eq. 1) represents the likelihood of the observed advice based on the advisor’s belief
about the hidden card value. The model jointly infers the parameters of the advisor’s
choice function (mA and bA) and the value of the hidden card (CH).
Based on its beliefs about the value of the hidden card (P(CH|A, CV)), the model then
computes an expected value (E[CH|A, CV]). Finally, the model selects an action (L) by
comparing the value of the visible card (CV) to the expected value of the hidden card
using a softmax choice rule:
PðL ¼ SwitchjA; CV Þ ¼

1
1þ

emL ðE½CH jA;CV CV Þ

ð3Þ

where mL is a free parameter that modulates how much the learner’s choices are influenced by expected rewards.
2.3. Alternative model: Accuracy heuristic
Our alternative model is inspired by a body of work suggesting that learners tend to
follow advice from reliable people (Boyd et al., 2011; Harris, 2012; Henrich, 2015; see
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Sobel & Kushnir, 2013 for a review of related developmental studies). While the Mentalstate Reasoning model represents the full distribution of possible values of the hidden
card based on the inferred choice function of the advisor, the Accuracy Heuristic model
uses a simpler approximation. This model assumes that the value of the hidden card is
high when the advisor suggests to switch (RA = 8) and low when the advisor suggests to
stay (RA = 1; for a similar approach, see Biele, Rieskamp, & Gonzalez, 2009; Toelch,
Bach, & Dolan, 2013). This value is weighted by an estimate of the advisor’s accuracy
(acc 2 (0, 1), where 1 indicates that the advisor is perfectly accurate). The weight parameter wacc = (acc  0.5) 9 2 transforms acc into a weight between 1 and 1; for example, when the model believes the advice is random (acc = 0.5), it is not influenced by the
advice (wacc = 0). Finally, the model selects an action by combining the weighted influence of the advice to the value of the visible card (CV):
PðL ¼ SwitchjCV ; AÞ ¼

1
1 þ emL ðwacc ðRA Cmed ÞðCV Cmed ÞÞ

2.4. Model fitting
We inferred our model parameters using a hierarchical Bayesian model implemented
in PyMC3 (Salvatier, Wiecki, & Fonnesbeck, 2016). All models sampled parameter values for individual participants from a group-level distribution (see Fig. S5 for the inferred
posterior distribution of these parameters). For the Mental-state Reasoning model, mA and
bA were each sampled from a Gaussian distribution (mA  N(lm, rm), bA  N(lb, rb));
for the Accuracy Heuristic model, acc was sampled from a Beta distribution
(acc  Beta(aacc, bacc)). Both models sampled the free parameter mL from a Gamma
distribution (L  Gamma(k, h); see Gershman, 2016).2 We put uninformative (i.e., uniform) priors over the group-level parameters, with a range consistent with the true values
of mA and bA within our task (lm, lb  Uniform(20, 20); rm, rb, k, h  Uniform
(0.5, 40)). Parameter values for both models were conditioned on participants’ choices,
and the value of the hidden card on trials where they chose to switch; for the Accuracy
Heuristic model, we transformed the observed value of the hidden card into a binary
value indicating whether the advisor’s advice was correct.
We estimated the posterior distribution over model parameters by collecting 750,000
samples over 3 MCMC chains using the Metropolis-Hastings algorithm. We generated
predicted data (posterior predictives) by iterating over 10,000 samples from the posterior
distribution over the group-level parameters. In each iteration, we sampled as many new
values of the model parameters from the group-level distributions (e.g., mA, bA, and mL
for Mental-state Reasoning) as there were participants in our actual sample. These parameters were used to generate predicted responses (i.e., by entering these new values into
Eqs. 3 and 4) which were then aggregated into an average predicted rate of switching. In
the results below, we report model fit as the correlation between the highest posterior
density estimate from the posterior predictive distribution and average participant

N. V
elez and H. Gweon / Topics in Cognitive Science (2018)

7

responses. The better our models describe the data, the more our predicted data should
resemble the data we observed.

3. Experiment 1
In Experiment 1, we asked whether participants use advice differently, based on the
advisor’s access to information about the card values. Across conditions, we varied
whether the advisor could see both cards, no cards, or only the hidden card.
3.1. Methods
3.1.1. Participants
Fifty participants participated in an online study for pay on Amazon Mechanical Turk.
Participants were paid $2 for their time, plus a performance bonus of up to $2 proportional to their final score. All participants in this and subsequent experiments had US IP
addresses and provided informed consent in accordance with the requirements of the
institutional review board.
3.1.2. Procedure
Participants played an online card game presented using jsPsych (De Leeuw, 2015). In
Experiment 1, participants were explicitly told that the advisor is always trying to be
helpful (Supporting Information). Across three within-participant conditions, we manipulated the advisor’s access to information about the card values. In the None condition, the
advisor could not see any cards and thus gave random advice; in the Both condition, the
advisor saw both cards and deterministically recommended the best action. In our critical
condition, the Hidden condition, the advisor saw only the hidden card and gave advice
generated using Eq. 1 (mA = 1.5, bA = 0). This advisor is more likely to recommend to
switch as the hidden card value increases; however, because their recommendation is
based on just the hidden card, blindly following the advice does not guarantee a higher
payoff.
Each trial consisted of three parts (Fig. S2): participants first saw a reminder of the
advisor’s information access and her advice (1.5 s); next, participants saw the value of
the visible card and decided whether to stay or switch (self-paced); finally, participants
received feedback on how many points they had earned (1 s).
Participants played two blocks of 28 trials in each condition (6 blocks, 168 trials total);
the values of the visible and hidden cards were counterbalanced so that participants were
shown all possible combinations of visible and hidden cards in each condition.
To ensure that participants accurately tracked the advisor’s information access, at the
beginning of each block, participants were asked to indicate which cards the advisor
could see (M(SD) accuracy = 98(0.95)%). Because Experiment 1 addressed how participants use the advice given the advisor’s information access, rather than whether they
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can track her information access, this blocked design allowed us to make the advisor’s
information access as obvious as possible and minimize unnecessary task demands.

3.2. Results
Fig. 2 shows participants’ responses and model predictions. In the None condition, participants almost completely ignored the advisor’s advice. In the Both condition, there was
a strong tendency to follow the advice.3 Critically, participants’ responses were influenced
by the advice even in the Hidden condition, where the advisor had partial, non-overlapping information about the cards. Furthermore, participants benefited from this imperfect
advice, compared to random advice (total score: Hidden M(SE) = 312.16(1.31); None
M(SE) = 304.54(1.58); W = 637.5, p < .001, paired Wilcoxon test). Both models showed
strong correlations with participants’ choices (Mental-state Reasoning: r(44) = .981,
R2 = .96; Accuracy Heuristic: r(44) = .980, R2 = .96; difference between correlations:
t = 0.25, p < .80).
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Fig. 2. (a) Experiment 1 results: behavioral data (top) and model predictions (middle & bottom). Plots show
how often participants switched, based on the advisor’s access to information (columns), advice, and the
value of the visible card. (b) Comparing human response curves (Observed rate of switching) to model posterior predictive (Model predictions). Error bars denote 95% bootstrapped confidence intervals (human) and
credible intervals (model).
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Overall, we found that participants adjusted their use of advice based on the advisor’s
access to information, and that they benefited even from advice based on incomplete and
non-overlapping information about the cards. However, we were unable to distinguish
whether participants made these decisions by inferring the advisor’s mental states (Mental-state Reasoning) or by relying on her accuracy (Accuracy Heuristic); both models captured the pattern of human behavior.

4. Experiment 2
In Experiment 2, participants played the game with an advisor who could only see the
hidden card (as in Experiment 1 “Hidden” condition); we asked whether participants
adjust their use of the advice based on the advisor’s helpfulness.
4.1. Methods
4.1.1. Participants
One hundred and fifty participants were recruited on Amazon Mechanical Turk and
randomly assigned to one of three between-subject conditions: Helpful (N = 56), Opposite (N = 50), and Random (N = 44).
4.1.2. Procedure
The task was similar to Experiment 1; the key difference was that the advisor (introduced as “Alice”) always saw just the hidden card. We simplified the trial structure by
removing the reminder of the advisor’s information access and presenting the value of
the visible card and the advisor’s advice on a single screen (Fig. 1a). Participants played
8 blocks of 14 trials (112 trials total).
Across three between-participant conditions, we manipulated how the advisor selected
advice (Fig. 1b). The advisor in the Helpful condition was identical to the Hidden condition of Experiment 1; this advisor was more likely to suggest to switch as the value of
the hidden card increased (mA = 1.5, bA = 0). In the remaining conditions, the advisor
gave the Opposite of the helpful advisor’s advice (mA = 1.5, bA = 0) or selected
advice at Random (mA = 0, bA = 0). Unlike in Experiment 1, where participants were told
that the advisor is always helpful, in Experiment 2 participants had to learn how she
selects advice through their interactions with her in the card game.
Participants also completed a Likelihood Estimation task twice, before and after the
main card game (Fig. 4a). On each trial (8 trials total, randomized across all card values),
participants saw the card game from Alice’s perspective, with only the “hidden” card visible, and answered the question: “What are the chances that Alice will say ‘switch’?”.
Participants responded using a slider ranging from 0% (“Definitely ‘stay”’) to 100%
(“Definitely ‘switch”’). Because participants had to learn about Alice’s helpfulness from
experience, this task allowed us to probe participants’ initial beliefs about how Alice
selects advice, as well as how their beliefs changed with experience.

10

N. V
elez and H. Gweon / Topics in Cognitive Science (2018)

4.2. Results
Results from the Likelihood Estimation task suggested that participants indeed learned
about their advisor. Although the initial responses suggested a prior belief that the advisor
is helpful, their responses after the card game appropriately reflected their experience
with the advisor (see Figs. 4a, S8). Participants’ responses in the card game further suggested that this learning happened early in the task (Fig. S5).
Participants’ use of advice in the main task varied depending on the advisor’s helpfulness (see Supporting Information, Experiment 2 for regression analyses testing the effect
of advice on participant responses). Descriptively, as in the Hidden condition in Experiment 1, participants in the Helpful condition tended to follow the advisor’s advice; by
contrast, participants in the Random condition tended to ignore the advice, mirroring the
None condition in Experiment 1. Accordingly, participants earned more points in the
Helpful condition (total score: M(SE) = 627.86(5.17)) than in the Random condition (total
score: M(SE) = 609.52(5.54)); Helpful vs. Random: W = 534, p < .001, Wilcoxon test).
By contrast, while participants showed a weak but significant tendency to go against the
Opposite advisor’s advice, they did not earn more in the Opposite condition (total score:
M(SE) = 615.08(5.02)) than in the Random condition (Opposite vs. Random: W = 903.5,
p = .137). Note that the Opposite advisor’s advice was as informative as that of the Helpful advisor; thus, a perfectly rational learner could benefit even from the Opposite advisor’s advice by going against it. Our results suggest that participants’ use of the Opposite
advisor’s advice was not optimal. This may reflect people’s tendency to be optimistic
about others’ helpfulness (Leong & Zaki, 2018), though the role of lower level factors
such as inhibitory control cannot be ruled out.
Both models captured key differences across conditions in participants’ choices (see
Fig. 3). However, we found some discrepancies between the behavioral data and model
predictions. First, both models overestimated how often participants went against the
advice in the Opposite condition. Second, the Accuracy Heuristic model also predicted
that participants would go against the advice in the Random condition; this is because the
estimated mean of wacc (mode: 0.41, 95% credible intervals: [0.38, 0.44]) was lower than
the actual observed accuracy in the Random condition (i.e., how often the advisor was
observed to be right when participants switched; mean: 49.9%, 95% CI: [47.28, 52.97]).
As a result, the Mental-state Reasoning model captured more variance in human behavior
(r(46) = .961, R2 = .92) than the Accuracy Heuristic model (r(46) = .912, R2 = .83; test
between correlations: t = 3.95, p < .001).
These discrepancies might stem from our models’ assumption that participants’ beliefs
about the advisor are static, whereas the behavioral data suggest that participants started
with the assumption that the advisor is helpful regardless of condition and learned about
the advisor over time (Figs. 4 and S5). Even though this learning happened early in the
task, the models might have overestimated participants’ learning by ignoring changes in
participants’ beliefs over time. Thus, even though the Mental-state Reasoning model
showed a stronger correlation with human behavior than the Accuracy Heuristic model,
we designed an additional experiment to better tease apart the two models.
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Fig. 3. (a) Experiment 2 results: behavioral data (top) and model predictions (middle and bottom). (b) Comparing human response curves (Observed rate of switching) to model posterior predictive (Model Predictions).
Error bars denote 95% bootstrapped confidence intervals (human) and credible intervals (model).

5. Experiment 3
In Experiment 3, the two conditions were matched in advisor accuracy but differed in
their strategies. If participants rely solely on the advisor’s accuracy, there should be no
difference in how they use the advice (as predicted by the Accuracy Heuristic model);
however, if participants reason about how the advisor selects advice, their use of advice
should differ across conditions (as predicted by the Mental-state Reasoning model).
5.1. Methods
5.1.1. Participants
One hundred fifty participants were recruited from Amazon Mechanical Turk and randomly assigned to the Conservative (N = 83) or Risky (N = 67) condition.
5.1.2. Procedure
The procedure was similar to Experiment 2, but the conditions differed in how the
advisor selected advice (Fig. 1b). In the Conservative condition (mA = 5, bA = 10), the
advisor mostly recommended to stay, unless the hidden card had a very high value (e.g.,
+7 or +8). In the Risky condition (mA = 5, bA = 10), the advisor mostly recommended to
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Fig. 4. (a and c) Ground-truth advisor choice functions for Experiments 2 (a) and 3 (c). (b and d) Likelihood
Estimation results for Experiment 2 (b) and 3 (d). Before and after playing the card game, participants estimated the likelihood that the advisor would tell them to “switch” for each possible value of the hidden card.
Error bars denote bootstrapped 95% CI.

switch, unless the hidden card had a very low value (e.g., +1 or +2). Both advisors were
equally helpful; on average, they recommended the correct action in 71.2% of trials. To
help participants learn about the advisor’s strategy without giving away information that
favors one model over the other, participants were given a short prompt about Alice
before the task. In the Risky condition, the prompt read: “Alice tends to tell people to
‘switch’ often”; in the Conservative condition, “switch” was replaced with “stay.”
5.2. Results
Participants’ responses in the Likelihood Estimation task suggested that they learned
how the advisor generates advice (Figs. 4d and S8). Unlike in Experiment 2, participants’
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Fig. 5. Experiment 3 behavioral results and model predictions. Error bars denote 95% bootstrapped
confidence intervals (human) and credible intervals (model).

responses diverged across conditions before the start of the game, likely due to the
prompt they received about the advisor (Supporting Information, Likelihood Estimation
model).
Note that the two advisors were equally accurate but differed in their tendency to suggest to “switch” or “stay.” Participants followed both advisors’ advice equally often
(W = 2201.5, p = .052, Wilcox test; Fig. S5) and earned as many points in both conditions (W = 2524, p = .484; Fig. S3). Critically, however, as predicted by the Mental-state
Reasoning model, participants used each advisor’s advice differently: They were more
likely to follow advice when the Risky advisor suggested to stay and when the Conservative advisor suggested to switch (Figs. 5 and S6). This tendency was present even within
the first two blocks and strengthened over time (Fig. S5d). The Mental-state Reasoning
model (r(46) = .966, R2 = .93) explained more variance in behavior than the Accuracy
Heuristic model (r(44) = .924, R2 = .85; difference between correlations: t = 2.22,
p < .035).

6. General discussion
Humans are uniquely successful social learners. Theory of Mind has generally been
considered a key ingredient of that success (Boyd et al., 2011; Henrich, 2015; Heyes,
2012; Tomasello et al., 1993), particularly when learning from knowledgeable, helpful
others (Shafto et al., 2014). However, people are rarely perfectly knowledgeable or helpful; in the present work, we provide evidence that people engage in mental-state reasoning to learn even from imperfect advice based on incomplete knowledge.
We found that participants flexibly adjusted their use of advice based on the advisor’s
access to information (Experiment 1), helpfulness (Experiment 2), and strategy (Experiment 3). As a result, they earned more points than they would have without the advisor,
even when the advice was often inaccurate. Collectively, our behavioral results suggest
that participants “put two heads together,” integrating their own knowledge and the
advisor’s advice to make better decisions.
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Our work also begins to shed light on how such integration occurs. Theories of social
learning differ in how they characterize the role of social cognition in learning effectively
from others; the computational models presented here instantiate two competing hypotheses. One prominent idea is that humans have evolved a specialized mechanism for tracking others’ accuracy and selectively learn from reliable informants (Harris, 2012;
Henrich, 2015; Heyes, 2012). A large body of literature suggests that even preschool-aged
children preferentially learn from people who were previously accurate over those who
were inaccurate (see Sobel & Kushnir, 2013 for a review). Consistent with this idea,
some computational models of social learning or advice-taking assign an additional
reward to options that are recommended by others (Biele et al., 2009), weighted by their
accuracy or confidence (Boorman, ODoherty, Adolphs, & Rangel, 2013; Campbell-Meiklejohn, Simonsen, Frith, & Daw, 2017; Leong & Zaki, 2018; Toelch et al., 2013). These
models are largely agnostic about how informants generate advice and instead treat
advice as a reward-predictive cue. More broadly, these accounts rely on learners’ ability
to form representations of informant reliability based on observable cues, assumptions, or
prior experience. While Theory of Mind might be a prerequisite for forming such representations (Harris, 2012; Henrich, 2015), the value of learning comes from accepting or
rejecting others’ testimony or advice, rather than inferring the contents of others’ minds.
Our Accuracy Heuristic model instantiates this idea.
Another proposal is that Theory of Mind reasoning allows learners to infer the informant’s mental states (Shafto et al., 2014); given observed data (e.g., advice), learners
work backwards to infer the hypothesis from which the informant sampled her advice
(i.e., her belief about the world). Consistent with this idea, adults, and even young children, use pedagogically sampled information to draw inferences that go beyond the face
value of the data, recovering the informant’s belief about the correct hypothesis (Bonawitz et al., 2011; Shafto et al., 2014). However, prior work has largely focused on cases
where informants are assumed to be knowledgeable and helpful, or where learners themselves have enough evidence to evaluate informants’ knowledge and helpfulness (Bass
et al., 2015; Hawthorne-Madell & Goodman, 2017). More recent computational and
empirical work on inductive inferences in social contexts suggests that even infants can
use statistical information to jointly infer the sampling process (i.e., how an adult samples
evidence) and hidden properties of the world (i.e., the adult’s belief about hidden properties of objects; Gweon, Tenenbaum, & Schulz, 2010). Consistent with this work, our
Mental-state Reasoning model shows how such joint inference can be useful even when
the advisor’s knowledge is imperfect; by jointly inferring the process by which the advisor selects advice and her beliefs about the hidden card, learners can make better decisions even when both they and the advisor have partial, non-overlapping knowledge.
Our results suggest that there are cases where simple sensitivity to accuracy fails to
explain human behavior. When advisors were matched in their overall accuracy but
differed in their strategy (Experiment 3), the Accuracy Heuristic model failed to predict
people’s choices. Importantly, our results do not necessarily mean that learners don’t use
accuracy in social learning, nor that learners always engage in rich inferences about
others’ minds. The fact that both models capture human behavior in Experiments 1 and 2
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suggests that learners could use, and benefit from, either strategy. The key implication of
our work is that such heuristics can only go so far; there are cases where learners must
(and do) reason about other minds. Using a simple yet novel social decision-making task,
we demonstrated how mental-state reasoning enables learners to benefit even from social
information from impoverished sources. Our work connects previous models of social
decision-making that describe how learners’ decisions are influenced by social information (yet are agnostic about how such information is generated; Bahrami et al., 2010;
Biele et al., 2009; Leong & Zaki, 2018), with models that formalize how learners use
observed actions to recover others’ mental states (yet do not directly address how such
inferences impact decision making under uncertainty; Baker et al., 2009, 2017; Shafto
et al., 2014; see also Hawthorne-Madell & Goodman, 2017).
One limitation of our current work is that we used a simulated agent with static strategies as the “advisor” and did not consider learning. While the parameters of the advisor’s
strategies were rooted in average human behavior, real human advisors may show richer,
more complex behaviors. For example, advisors might change their strategies over time
or even tailor their advice based on the learner’s behavior; participants, in turn, might
also adjust continually to the advice. Because our task did not implement such dynamics,
one might wonder whether inferring the value of the hidden card “qualifies” as mentalstate reasoning, and raise the possibility that participants would behave similarly if the
advice were replaced with non-social, probabilistic cues. More broadly, we believe that
the nature of “advice” is inherently social; it is information selected and provided by an
agent to another agent, with an underlying intent and knowledge. Thus, even if we implemented a non-social version of the task (e.g., replacing the advisor with a machine), people might attribute various goals or strategies to the machine, making it difficult to
distinguish it from a “social” task. On the other hand, note that participants failed to capitalize on the Opposite advisor’s advice (Experiment 2); if this failure is due to people’s
tendency to overestimate other humans’ accuracy Leong and Zaki (2018), receiving the
same advice from a mechanical device may actually help people better assess its
accuracy.
In the current work, communication between the learner and the advisor was unidirectional (i.e., the learner received “advice” before the decision was made), and their access
to information was fixed throughout. An important open question is how a learner and an
advisor might communicate bidirectionally when the goal is to cooperate to accumulate
the most points together or to compete against each other, and how such interactions
might change based on the relative information access or skill of the two players. In addition, recent work suggests that learners not only benefit from advice before a decision,
but also from evaluative feedback after a decision or action has taken place (Ho, MacGlashan, Littman, & Cushman, 2017); such learning may be especially useful when learners
do not receive immediate feedback about their decisions. Our task opens up possibilities
for further investigating the dynamics of dyadic social interactions by manipulating various qualities of agents (e.g., knowledge, competence, intention) and the nature of social
information (e.g., advice, feedback, demonstration).
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Decisions are rarely made with certainty, because our knowledge of the world is
incomplete and imperfect. However, social information is selected by people with rich
mental lives; people’s goals, knowledge, and intentions structure the information they
choose to communicate. The richness and sophistication of human cognition allows us to
capitalize on this nature of social information and leverage the knowledge that resides in
others’ minds. By “putting two heads together,” we can make the best of even imperfect
advice.

Notes
1. Materials, data, and analysis scripts for this project are available at http://osf.io/
w37up.
2. The Gamma distribution constrains mL to positive values. In effect, mL acts as a
temperature parameter; in the extremes, the model can make completely random or
perfectly greedy choices, but it cannot systematically favor the option with the
lowest value. In contrast, we use a Gaussian distribution for mA because mA can
take on negative values when the advisor gives adversarial advice (Experiment 2,
Opposite condition).
3. While participants were explicitly told that the advisor can see both cards, they still
showed a slight bias to “stay” when visible card had a very high value (+7) and to
“switch” when it was very low (+2). This may reflect a small degree of uncertainty
about the advisor’s reliability, which was captured by both models by assuming
that participants used a softmax choice rule.
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