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Mentalizing and heuristics as distinct 
cognitive strategies in human teaching
 

Sevan K. Harootonian    1  , Thomas L. Griffiths    1,2, Yael Niv    1,3,5 & 
Mark K. Ho    4,5

Teaching is a foundational social behaviour that can result from mentally 
effortful reasoning or cognitively frugal heuristics. When do people use 
these strategies to teach? Here we investigated this using behavioural 
experiments and computational modelling with adult participants recruited 
via Prolific. Experiment 1 (N = 100) revealed robust individual differences: 
some participants taught by reasoning about a learner’s knowledge, 
consistent with an optimal Bayesian pedagogy model, while others relied on 
simple heuristics that do not require mentalizing. In two preregistered 
follow-up experiments, we found that people persist in using heuristics even 
when they are no longer effective (experiment 2, N = 253, P < 0.001, 
rank-biserial r = 0.287, 95% confidence interval 0.149–0.419) but that this 
tendency is pre-empted when inference about a learner’s knowledge is 
scaffolded using an auxiliary task (experiment 3, N = 759, P < 0.001, partial 
η2p = 0.107, 95% confidence interval 0.068–0.148). These results 
demonstrate sophisticated arbitration between planning and heuristics 
during teaching and elucidate the more general mechanisms involved in 
adapting mental effort during social interactions.

Teaching and learning from teachers are familiar elements of everyday 
social life that underpin distinctively human forms of communication, 
cultural transmission and cooperation1,2. But people can teach in dif-
ferent ways. For example, people can be more or less thoughtful when 
teaching. Imagine a basketball coach helping a new team member score 
points (Fig. 1). If the coach is being more thoughtful, she might observe 
the player’s incorrect hand positioning, infer that their knowledge of 
shooting is wrong, and suggest a better approach. By contrast, if the 
coach is being less thoughtful, she might provide more generic advice, 
such as ‘Just try shooting closer to the basket’. Thoughtful, tailored 
teaching is generally more effective than generic feedback. However, 
thoughtfulness comes at a cost: observing a learner, inferring what they 
know and selecting an effective pedagogical intervention is cognitively 
effortful; giving generic feedback is easier. (This is not to say generic 
feedback is never useful: in professional basketball, centres are typically 
considered less skilled shooters but have high field goal percentages 
precisely because they follow the simple rule of shooting near the hoop3.)

How are teaching strategies shaped by cognitive costs? The thought-
ful coaching in our example exemplifies a strategy for teaching that 
hinges on theory of mind—the ability to reason about others’ mental 
states such as their beliefs, desires and intentions. This kind of teaching 
requires that the teacher infer the learner’s current knowledge state and 
anticipate how the learner will interpret and respond to the informa-
tion provided4–6. In recent years, frameworks such as Bayesian Theory 
of Mind7–10 and Rational Speech Act Theory11–13 have been proposed 
as accounts of such mechanisms. These frameworks formalize teach-
ing as expected utility maximization given a model of how a learner 
will update their beliefs in response to teaching actions13. Notably, 
teaching by mentalizing can be understood as a form of model-based 
decision-making14 as it relies on inference and action evaluation using a 
causal model of another person’s mind15. Like other forms of model-based 
decision-making, teaching by mentalizing is flexible and adaptable, 
allowing teachers to tailor teaching based on an estimate of a learner’s 
knowledge. However, this comes at the price of high cognitive effort16,17.
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The teacher assumes the learner acts to maximize rewards, given 
what she knows. That is, the learner maximizes a value function 
V𝒦𝒦(s) = R(s) + γmaxs′∶⟨s,s′⟩∈𝒦𝒦V𝒦𝒦(s′) by taking actions according to an 
optimal policy that selects maximal actions (with ties broken uni-
formly), denoted π𝒦𝒦(s′|s).

Because the teacher does not have direct access to the learner’s 
knowledge, she can only infer his knowledge from his behaviour 
through a process of inverse planning25. We model this as Bayesian 
inference about the learner’s task knowledge, 𝒦𝒦, from a sequence of 
states, s0:T = 〈s0, s1, …, sT〉, visited by the learner:

P(𝒦𝒦|s0∶T) ∝ P(𝒦𝒦𝒦∏
t

π𝒦𝒦(st+1|st) (1)

where P(𝒦𝒦)  is a prior over knowledge the learner might have and 

∏tπ𝒦𝒦(st+1|st)  is the likelihood of the behaviour observed given 

knowledge 𝒦𝒦.
We consider teaching that is purely aligned with the learner’s goal 

to maximize rewards: teaching is valuable to the extent that it provides 
new information relevant to the learner’s task performance. Because 
the teacher cannot directly observe the learner’s knowledge, she must 
give the best advice she can under uncertainty.

These intuitions can be formalized as a teacher selecting an edge 
in the graph, x = ⟨s, s′⟩, to teach the learner. The learner then updates 
his representation of the task’s transition structure from 𝒦𝒦  to 𝒦𝒦 𝒦 𝒦x} 
and will act optimally given this new knowledge. The teaching utility 
of an edge is then the difference between the optimal value of the initial 
task state s0 given this new transition structure and the original value 
of s0 before this knowledge was gained: V𝒦𝒦𝒦𝒦x}(s0) − V𝒦𝒦(s0) . The 
expected teaching utility is the expectation of the teaching utility taken 
with respect to the teacher’s posterior over the learner’s knowledge:

U(x; s0∶T) = ∑
𝒦𝒦

P(𝒦𝒦|s0∶T)(V𝒦𝒦𝒦𝒦x}(s0) − V𝒦𝒦(s0)) (2)

We assume that this Bayes Optimal Teacher selects an edge to give as 
advice by (soft) maximizing equation (2) using a Luce choice rule35,40. 
The Bayes Optimal Teacher thereby formalizes teaching by mentaliz-
ing by combining inverse planning (equation (1)) with teaching utility 
maximization (equation (2)).

We consider two additional models that adhere to Bayesian prin-
ciples but incorporate weaker assumptions about how the learner is 
represented. The first model replaces the planning likelihood in the 
posterior inference described by equation (1) with a purely behavioural 
likelihood, 1[⟨st, st+1⟩ ∈ 𝒦𝒦𝒦, which evaluates to 1 if the learner moves 

Alternatively, teaching can be guided by heuristic decision-making, 
as in the less thoughtful coaching strategy in our example. Such an 
approach relies on adopting simple rules that have been effective 
previously and can be performed with minimal mental effort or adap-
tation to the specific situation. Although less emphasized in formal 
models of communication, heuristic strategies capture how teachers 
might default to well-practiced patterns of instruction without actively 
considering the learner’s current knowledge state18–21. Heuristics offer 
a lower cognitive cost alternative by relying on shortcuts that require 
minimal mental effort, but at the cost of reduced flexibility. Like other 
forms of habitual, automatic or model-free behaviour, heuristics char-
acteristically persist even in situations in which they are not the most 
effective approach, particularly in novel environments22.

Mental-state inference has been studied in cognitive science for 
decades, from spontaneous attributions of moving shapes to con-
trolled laboratory tasks in which participants reason about imagined 
agents given only a brief cover story8,11,13,23–27. Such tasks elicit genuine 
mentalizing: Vélez et al.28 showed that teaching an imagined learner in 
an abstract task recruited the bilateral temporo-parietal junction and 
medial prefrontal cortex.

Our approach to investigating mentalizing versus heuristic 
teaching strategies builds on this previous work by combining com-
putational theory with behavioural experiments. First, we begin by 
formally characterizing the relationship between these two broad 
strategies by explicitly connecting models of Bayesian teaching8,27,29,30 
with model-based/model-free decision-making14,25,31. We then report 
the results of three experiments that use a graph teaching task (Fig. 2) to 
study people’s teaching behaviours at the level of individual decisions.

Experiment 1 reveals that people spontaneously adopt differ-
ent teaching strategies, with some favouring heuristics and others 
engaging in mentalizing. In experiment 2, participants trained in envi-
ronments where heuristics were effective persisted in using those 
heuristics even when they became suboptimal. In experiment 3, a 
scaffolding task that prompted teachers to consider what the learner 
may not know mitigated heuristic use and encouraged mentalizing, 
even in heuristic-congruent environments. Together, these results 
support the view that people adopt cognitive strategies to balance 
goals and cognitive resources32.

Computational accounts of teaching strategies
In this section, we present our theoretical framework for characterizing 
mentalizing versus heuristic teaching. Our approach builds on formal 
theories from computational social cognition8,9,25,33,34 and reinforce-
ment learning35–39.

Teaching by mentalizing
Teaching by mentalizing involves two steps: inferring the learner’s knowl-
edge from their behaviour and choosing a teaching intervention that 
best modifies it. We model teachers as reasoning about a learner who 
is assumed to act optimally given their knowledge of a task. The teacher 
and learner share knowledge about the reward structure (for example, 
that getting the ball in the hoop wins points), but the learner may be 
missing information about causal structure (for example, what actions 
cause the ball to end up in the hoop). The challenge is to infer the learner’s 
knowledge from their behaviour and decide what information to provide.

Following previous work, we model teaching by mentalizing as 
probabilistic reasoning over a generative model of a learner’s planning, 
followed by maximizing expected teaching utility25,27. We formalize the 
learner’s knowledge about a task’s transition structure as a directed 
graph, where vertices are states s ∈ 𝒮𝒮  and edges represent known 
deterministic transitions between states ⟨s, s′⟩, such that the knowledge 
about the task is a set of transitions 𝒦𝒦 𝒦 𝒮𝒮 𝒦 𝒮𝒮. For simplicity, like in 
the basketball example, henceforward we assume that the reward 
function 𝒦𝒦 𝒦 𝒮𝒮 𝒦 𝒮𝒮  is known to both learner and teacher from the 
outset of the task and all knowledge gaps are in the transition function.

Teaching by mentalizing

LearnerTeacher

Keep your 
elbow straight 

Shoot closer 
to the basket

Teaching with heuristics

Teacher Learner

3 2

3

2

Fig. 1 | Mentalizing and heuristic teaching strategies. Consider a basketball 
coach watching a player miss a basket and providing advice to help him improve. 
A heuristic teaching strategy might lead her to simply advise ‘shoot closer to 
the basket’, whereas a teaching strategy that involves reasoning about what the 
learner seems to know (that is, mentalizing) might lead her to provide more 
tailored advice.
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along an edge in their knowledge structure and 0 otherwise. As such, 
rather then assuming that the learner is doing the best they can given 
their knowledge, this teacher gives equal likelihood to any knowledge 
structure where the learner’s behaviour would have been possible. 
Because this captures a teacher that is not ascribing goal-maximizing 
planning to the learner during inference, we call this the No Inverse 
Planning Bayesian Teacher. The second variant we consider ignores the 
likelihood altogether and maximizes teaching utility with respect to a 
uniform prior, P(𝒦𝒦). As such, rather than giving tailored advice, the 
teacher would give general advice that would be helpful for the average 
learner. We refer to this model as the Prior-Only Bayesian Teacher.

To summarize, following previous work in computational social 
cognition8,9,13,26,27,29, we model the computations involved in teaching 
with mentalizing as optimal Bayesian inference over a learner’s knowl-
edge and maximization of a learner’s expected future performance.

Heuristic teaching
Teaching by mentalizing is flexible, effective and context sensitive, but 
it is also computationally costly as it relies on inference over possible 
learner knowledge structures as well as mentally evaluating the effects 
of different teaching interventions15,41. Rather than engaging in such 
‘model-based’ inference and choice, a teacher could rely on a 
‘model-free’ rule or heuristic to teach (for example, the coach simply 
telling the player to shoot the ball closer to the hoop). We formalize 
cognitive strategies of this kind as action selection based on heuristic 
value functions over edges in the transition graph, H ∶ 𝒮𝒮 𝒦 𝒮𝒮 𝒮 𝒮, that 
correspond to environment features but are not specific to the learner. 
For example, the heuristic ‘teach connections between high-reward 
states’ would correspond to a function HReward(s, s′) = R(s) + R(s′). We 
then use a softmax choice rule over the heuristic value function to 
derive a heuristic teaching policy.

As with heuristic decision-making in general, heuristic teach-
ing is computationally cheap because it relies on superficial task fea-
tures, yet it can be surprisingly effective if it approximates optimal 
behaviour18,42,43. This overlap makes it difficult to discern whether a 
teacher is genuinely mentalizing or simply following a salient heuristic. 
Our experimental approach addresses this challenge by designing 
teaching scenarios in which heuristic teaching and mentalizing diverge 
(incongruent trials) or converge (congruent trials).

In addition to heuristic teaching models based on superficial 
features, we created two non-mentalizing utility models that treat 

teaching as a pure puzzle-solving problem and ignore any learner 
representation. The first is a tabular Q-value model that assigns each 
edge x = ⟨s, s′⟩ utility UQ(x) = Q(s, s′), where Q values were learned via 
Q-learning44 The second is a path-averaged utility model that assigns 
higher utility to edges that tend to appear on paths with higher total 
rewards. Model outputs for an example trial are shown in Fig. 2.

In experiment 1, we focus on identifying individual differences in 
teaching strategies using our graph teaching task, including determin-
ing the kinds of heuristics people adopt on our task. Experiment 2 was 
designed to test the influence of training on teaching performance, 
specifically, how environmental features impact participants’ use of 
heuristics for teaching. Experiment 3 examined how scaffolding mental 
state inference with an auxiliary task could mitigate the tendency to use 
heuristics and lead to an overall improvement in teaching.

Results
Individual differences in teaching strategies (experiment 1)
Our first experiment aimed to validate a teaching task and assess 
whether people spontaneously adopt different teaching strategies. 
Participants (N = 100) played the role of teachers in the experiment. 
They were shown 40 graphs with possible edges connecting nodes 
with rewards to be collected, and a single path from top to bottom 
already taken by the learner (Fig. 2). Each participant was instructed 
that each of the 40 trials involved a distinct learner who may not know 
all the possible edges (paths) between nodes, and that they had taken 
a path that collected as many points as they could, given their knowl-
edge. The participant’s task was to teach each learner a single edge to 
help them improve their performance as much as possible. Critically, 
there was no feedback presented, meaning that the teachers did not 
know whether their teaching in fact improved each learner’s perfor-
mance. All participants were asked to teach in the same 40 graphs. See 
Supplementary Fig. 1 for a step-by-step schematic that walks through 
a single trial from the learner’s and teacher’s perspectives.

The goal of experiment 1 was to assess the range of teaching strat-
egies people spontaneously adopt. For our first analysis, we focused 
on task performance. Performance was quantified as the expected 
teaching utility of chosen edges (equation (2)) normalized by the best 
edge on a graph (that is, choosing the best edge yields a teaching score 
of 1 and any other choices a score of <1).

As shown in Fig. 3a, the performance distribution is roughly 
bimodal, with one cluster of participants centred at a normalized 
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Fig. 2 | Graph teaching task trial and model predictions. Large graph: an 
example trial graph, in which the nodes represent reward values, grey edges are 
possible paths, and dark edges indicate a learner’s previous path attempting 
to collect the most points when traversing from start to end. This is a directed 
deterministic graph where the learner can only move downwards. Each trial 

involved a graph with different reward points on the nodes, with the same edge 
structure. Participants took the role of a teacher and were instructed that the 
learner knows only a subset of edges in the graph and to teach a single edge. 
Small graphs: model predictions for the trial. Dark-blue edges indicate higher 
normalized utility (log-probability) predicted by the model.

http://www.nature.com/nathumbehav


Nature Human Behaviour

Article https://doi.org/10.1038/s41562-026-02540-2

teaching utility of about 0.80 and another cluster centred around 
0.35. To interpret these results, we calculated the ceiling perfor-
mance of several different mentalizing and heuristic models on the 
task under an argmax policy (Methods). As shown in the figure, the 
performance of the (simplified) mentalizing models overlaps with the 
higher-performing cluster of participants, while heuristic models—par-
ticularly the reward heuristic—aligns with the low-performing cluster.

Comparing participant performance with that of idealized mental-
izing and heuristic models provides a coarse-grained view into the range 
of teaching strategies people employ. To gain a more fine-grained under-
standing of people’s teaching strategies, we fit each of the mentalizing 
and heuristic models to individual participant choices and calculated 
Bayesian information criterion (BIC) scores per model per participant. 
Figure 3b shows the mean BIC scores with 95% confidence intervals (CIs) 
for the different models (black circles with whiskers; lower scores reflect 
a better model fit), together with individual BIC scores for each par-
ticipant represented by coloured points, where the colour reflects each 
participant’s teaching score. The best-fitting model combined two heu-
ristics (reward and depth heuristic model), with the other best-fitting 
models being the Bayes Optimal Teacher and the No Inverse Planning 
Bayes Teacher. Consistent with mentalizing being more effective than 
heuristics, the multiple-heuristic model fit the lower-performing indi-
viduals best (blue hues for participants with especially low BIC scores) 
while the mentalizing models fit the higher-performing individuals best 
(yellow hues for low BIC-score participants). Figure 3c shows the number 
of participants best fit by each model, indicating that no single model 

provides the best fit for all participants. To obtain a stricter comparison, 
we conducted a random-effects model comparison following45. For 
each model, we computed the exceedance probability, the probability 
that the model is more prevalent than any alternative given the data, 
and we estimated population frequencies, the fraction of participants 
best explained by each model. Exceedance favoured the Bayes Optimal 
Teacher (ϕ = 0.57, estimated population frequency r = 0.32) and the 
reward and depth heuristic model (ϕ = 0.36, r = 0.30), with the No Inverse 
Planning Bayesian Teacher also accounting for a substantial fraction 
(ϕ = 0.07, r = 0.24) (Fig. 3d). These frequency estimates indicate that 
no single model dominates; rather, the leading models jointly account 
for most participants.

Experiment 1 therefore validated our Graph Teaching Task and 
modelling framework, while demonstrating that people spontaneously 
adopt distinct teaching strategies reflecting mentalizing and heuristic 
algorithms. But how malleable are these strategies and are they sensi-
tive to task contingencies? For example, heuristics are more cognitively 
frugal compared with mentalizing, so a desire to minimize cognitive 
effort might shape people’s choice of one versus the other kind of strat-
egy. In experiments 2 and 3, we aimed to investigate whether people 
would adapt their cognitive strategy in a manner reflecting the costs 
associated with mentalizing.

Strategic deployment of teaching strategies (experiment 2)
Experiment 2 examined whether people adaptively adjust their teach-
ing strategy based on the structure of teaching trials encountered. 
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Fig. 3 | Bimodal distribution of teaching scores reveals two primary teaching 
strategies. a, Histogram of participants’ average teaching score across 40 
trials. Bar colours reflecting each bin’s mean teaching score on a continuous 
blue-to-yellow scale (blue, low; yellow, high). The dotted vertical lines represent 
the argmax performance of each model as a pure teaching strategy, with 
pink labels denoting heuristic models and blue labels denoting Bayesian 
mentalizing models. Participants show a bimodal distribution of performance, 
with mentalizing models corresponding to high-performing participants and 
heuristic models corresponding to low-performing participants. b, BIC scores 
for different models across participants (n = 100 participants), with black circles 
showing the mean and horizontal whiskers showing bootstrapped 95% CI (1,000 
resamples). Coloured dots are BIC scores for individual participants, with the 

colour reflecting the participant’s Teaching Score using the colour scheme 
from a. A lower BIC score indicates a better fit. Heuristic models show better fit 
for lower-performing participants (blue hues for lower individual BIC scores) 
whereas Bayesian models show better fit for high performing participants 
(yellow hues). c, The number of participants best fit by each model, where the 
‘best-fitting’ model is defined as the one with the lowest BIC among all models for 
that participant. Colours in band c represent individuals’ average performance 
as per a. d, Random-effects model comparison. Left: exceedance probability, 
that is, the probability that each model is more prevalent than all others. Right: 
estimated population frequency, that is, the fraction of participants best 
explained by each model, estimated via variational Bayes. BT, Bayes teacher.
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Specifically, we test the hypothesis that people adopt mentalizing 
versus heuristic strategies depending on the usefulness of a simple, 
cognitively frugal heuristic. Motivated by the observation in experi-
ment 1 that participants spontaneously use a reward heuristic on our 
Graph Teaching Task, we ran a preregistered46 experiment in which 
we systematically manipulated the usefulness of this heuristic on an 
initial set of trials.

The experiment consisted of 20 training trials followed by five 
test trials. Each of N = 253 participants was assigned to either the 
heuristic-congruent training condition (N = 125), in which the reward 
heuristic values were aligned with the Bayes optimal teaching values 
in the training trials, or the heuristic-incongruent training condition 
(N = 128), in which the heuristic and optimal values diverged during 
training. Both groups then received the same set of five test trials, 
all of which had heuristic values that were incongruent with optimal 
values. As in experiment 1, there was no feedback presented on any 
trial. Training and test phases were not indicated to participants, who 
simply completed 25 trials of the task without additional instructions.

This design enabled us to compare the effectiveness of different 
teaching strategies in environments where a readily available feature 
can serve as a heuristic for optimal teaching versus environments 
where this feature is not useful as a heuristic. Figure 4a shows that 
heuristic-congruent participants performed well on training, while 
heuristic-incongruent participant performance had a similar bimodal 
pattern as in experiment 1, where some individuals’ performance aligns 
with use of the (here, specifically unhelpful) heuristic while others 
performed more optimally.

Our main analysis compared normalized performance and model fits 
on the test trials between the two conditions. Here, heuristic-congruent 
participants performed worse than heuristic-incongruent participants 
on the test trials (Fig. 4a; Mann–Whitney U test: U = 5704, n1 = 125, n2 = 
128, P < 0.001, rank-biserial r = 0.287).

Similarly, choice models fit to the test trials showed that the Bayes 
optimal model accounted for the behaviour of heuristic-incongruent 

participants better than the reward heuristic model (Fig. 4b;  
Mann–Whitney U test: U = 5461, n1 = 128, n2 = 128, P < 0.001, rank-biserial 
r = 0.333), but this was not the case for participants in the heuristic- 
congruent group (Mann–Whitney U test: U = 8059, n1 = 125, n2 = 125,  
P = 0.667, rank-biserial r = − 0.032). Consistent with these findings, the 
random-effects model comparison showed the same pattern: in the 
heuristic-incongruent group, the Bayes Optimal Teacher had an exceed-
ance probability of ϕ = 1.00 and estimated population frequency of  
r = 0.74, whereas in the heuristic-congruent group, the reward heuristic 
was comparatively more prevalent (r = 0.49) than in the incongruent 
group (r = 0.26) (Fig. 4c,d). This indicates that some participants appear 
more susceptible to environmental features and shift towards heuristic 
strategy when those features are congruent, whereas others maintain 
mentalizing-based strategies.

Scaffolding teaching by mentalizing (experiment 3)
Experiment 3 tested whether persistence observed in experiment 2 
could be explained by the cognitive cost of mentalizing. We reasoned 
that if people use heuristics to avoid the cost of mentalizing, then reduc-
ing the cost of mentalizing should decrease the use of heuristics and 
increase mentalizing when appropriate. Thus, in the preregistered 
experiment 347, we introduced an auxiliary scaffolding task designed 
to reduce the cost of mentalizing. Our main prediction was that people 
who received this scaffolding would engage in more mentalizing, teach-
ing in a way that is more consistent with the Bayes Optimal Teacher.

Participants were placed into one of six conditions (N = 759) organ-
ized into a 2 × 3 design defined by two training conditions (heuristic 
congruent and heuristic incongruent) and three scaffolding conditions 
(no scaffolding, inference scaffolding and reward scaffolding). Sample 
sizes per condition were approximately equal (ranging from 120 to 134; 
Table 1); see the Methods for details. Participants in the no-scaffolding 
condition performed the same task as in experiment 2 (with some 
minor differences in the training trials; Methods). Participants in the 
inference scaffolding condition were shown the same trials but were 
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Fig. 4 | Teaching performance is affected by training conditions. a, Histogram 
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continuous blue-to-yellow scale (blue/purple, low; yellow, high). Dotted vertical 
lines represent the performance of each model as a pure teaching strategy (pink 
labels, heuristic; blue labels, Bayesian). b, BIC scores for the Bayes Optimal 
Teacher model and reward heuristic model for each group on test trials alone 
(heuristic congruent: n = 125; heuristic incongruent: n = 128). Black circle and 
whiskers: mean BIC and bootstrapped 95% CI (1,000 resamples). Coloured dots 

are BIC scores of individual participants, with the colour reflecting their Teaching 
Score using the scale from a (yellow colours indicate higher scores). Lower BIC 
values indicate a better model fit. c, Exceedance probability for each model 
on test trials, computed from the Dirichlet posterior over model frequencies, 
shown separately for the heuristic-congruent (left) and heuristic-incongruent 
(right) group. d, Estimated population frequency on test trials (random-
effects variational Bayes), that is, the fraction of participants best explained 
by each model, shown separately for heuristic-congruent (left) and heuristic-
incongruent (right) groups.
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asked to complete an auxiliary scaffolding task at the start of each 
training trial. Specifically, before teaching an edge, they were asked 
to mark three edges they believed the learner was unaware of. They 
received no feedback. This task was intended to scaffold mentalizing 
and highlight differences between the teacher’s knowledge and the 
learner’s knowledge. Finally, participants in the reward scaffolding 
condition performed a different auxiliary task where they were asked 
to mark three edges connected to the nodes with the highest values. 
Here, the auxiliary task encouraged use of a reward heuristic rather than 
mentalizing. In addition, the reward scaffolding condition allowed us 
to control for the general effect of having an auxiliary task. In both the 
inference and reward scaffolding conditions, after making their selec-
tions, participants then taught one edge to the learner before moving 
on to the next learner and graph. Participants in all three conditions 
performed the same set of test trials without any auxiliary tasks.

Consistent with our predictions, we found that a scaffolding inter-
vention that engaged participants in inferring what a learner does 
not know increases the use of mentalizing and reduces reliance on 
heuristics. These conclusions are supported by both behavioural and 
model-based analyses, and Fig. 5a shows participant performance for 
all conditions.

For our behavioural analyses, we used a linear mixed-effects model 
to examine the effects of the two training conditions (heuristic congru-
ent and heuristic incongruent) and three scaffolding conditions (no 
scaffolding, inference scaffolding and reward scaffolding), and their 
interaction, on the dependent variable (Teaching Score), and included 
random intercepts for each participant to account for repeated meas-
ures. The analysis revealed a significant main effect of scaffolding 
conditions (F(2, 753.64) = 45.2939, P < 0.001, partial η2p = 0.107); the 
main effect of training condition was not significant (F(1, 753.65) = 3.79, 
P = 0.052, partial η2p = 0.005). There was a significant interaction 
between training conditions and scaffolding conditions (F(2, 753.65) 
= 4.23, P = 0.015, partial η2p = 0.107). Post-hoc pairwise comparisons 
with Bonferroni adjustment indicated that in the no-scaffolding condi-
tion, the heuristic-incongruent training condition had higher Teaching 
Scores compared with the heuristic-congruent training condition 
(Mann–Whitney U test: U(130, 130) = 6,377.0, P < 0.001, rank-biserial r 
= 0.245), replicating our findings from experiment 2. By contrast, no 
significant differences between training conditions were found in the 
reward scaffolding (U(122, 123) = 7,228.5, P = 0.436, rank-biserial r = 
0.037) or inference scaffolding conditions (U(120, 134) = 8074.5, P = 
0.954, rank-biserial r = −0.004). These comparisons indicate that the 
main effect of training condition was primarily driven by the observed 
difference between the two no-scaffolding training conditions.

Next, we focused on whether the scaffolding interventions affected 
participants’ performance at test, regardless of training condition. In 
the Inference Scaffolding condition, where participants were asked to 
mark three edges the learner may not know, we observed higher perfor-
mance at test compared with the no-scaffolding condition, significantly 
so for the heuristic-congruent training conditions (Mann–Whitney U 
test: U(120, 130) = 10,575, P < 0.001, rank-biserial r = −0.356) but not 
for the heuristic-incongruent training conditions (U(134, 130) = 9,828,  
P = 0.071, rank-biserial r = −0.128). This suggests that the intervention 
influenced participants to use a mentalizing teaching strategy on test 
trials even when they were no longer prompted to infer which edges 
the learner may not know. This finding underscores the impact of the 

scaffolding intervention to improve teaching even when environmental 
factors promote a heuristic strategy (Fig. 5b).

Conversely, participants in the reward scaffolding condition 
with heuristic-incongruent training performed worse at test than 
those in the no-scaffolding condition (Mann–Whitney U test between 
reward scaffolding and no scaffolding: U(123, 130) = 5,252, P < 0.001, 
rank-biserial r = 0.343), although this effect was not significant for the 
heuristic-congruent training conditions where participants in the 
no-scaffolding condition performed as poorly as those in the reward 
scaffolding condition (Mann–Whitney U test: U(122, 130) = 6971, P = 
0.097, rank-biserial r = 0.121). Together, these results highlight the 
power of scaffolding, with the latter results demonstrating that if 
implemented incorrectly, scaffolding can also lead to deleterious 
consequences (Fig. 5b).

Finally, we also performed cognitive modelling analyses by fit-
ting all models to the test trials as in experiment 2 (Fig. 6a). In the 
inference scaffolding condition, the Bayes Optimal Teacher model 
was the better-fitting model across both training groups (congruent: 
ΔBICOBM−Reward −3.73, 95% CI −5.91 to −1.55, Wilcoxon P < 0.001; incon-
gruent: ΔBIC −4.59, 95% CI −6.39 to −2.78, P < 0.001). By contrast, in 
the reward scaffolding condition, the Reward Heuristic model was 
the better-fitting model across both training conditions (congruent: 
ΔBIC +5.59, 95% CI 3.10 to 8.07, P = 0.006; incongruent: ΔBIC +6.26, 95% 
CI 3.70 to 8.82, P = 0.001). These results suggest that our scaffolding 
conditions were effective in inducing behaviour consistent with each 
of the two alternative strategies. In other words, participants’ strate-
gies aligned with the type of scaffolding they received: mentalizing 
when inference was scaffolded, heuristic when reward was scaffolded. 
Replicating the findings from experiment 2, in the no-scaffolding condi-
tion, the Bayes Optimal Teacher model provided a better fit following 
incongruent training (ΔBIC −1.93, 95% CI −3.71 to −0.14, Wilcoxon P = 
0.003), while the two models did not differ following congruent train-
ing (ΔBIC +0.99, 95% CI −0.84 to +2.81, P = 0.415). While no significant 
differences across congruency were observed within either the reward 
scaffolding or inference scaffolding groups, we collapsed across con-
gruency for the random-effects model comparison shown in Fig. 6b 
(full random-effects comparisons by scaffolding × congruency are 
reported in Supplementary Fig. 9). Consistent with the BIC results, 
the exceedance probabilities and estimated population frequencies 
favoured the Bayes Optimal Teacher in the inference scaffolding con-
dition (ϕ = 1.00, r = 0.81) and the reward heuristic in the reward scaf-
folding condition (ϕ = 0.95, r = 0.55) (Fig. 6b). Overall, these results 
support the intuition that the scaffolding interventions are influenc-
ing participants’ teaching strategies and that this influence is strong 
enough to overcome the environmental effects seen in experiment 2.

Discussion
We investigated the strategies that people use to teach, focusing on 
costly mentalizing strategies that tailor advice to specific learners and 
frugal heuristic strategies that provide generically useful information. 
Our experimental results and analyses demonstrate that participants 
adopt both kinds of strategies to teach (experiment 1), that teaching 
experiences can systematically promote the use and persistence of 
heuristic strategies (experiment 2) and that scaffolding the computa-
tions involved in teaching by mentalizing can counteract a tendency 
towards heuristic teaching while scaffolding directed at task features 
can instead reinforce it (experiment 3). As we discuss next, these find-
ings contribute to developing an integrated, theoretically grounded 
understanding of the psychology of teaching that spans computational 
modelling, education research and social cognition more broadly.

First, our analyses shed new light on teaching by bridging two 
influential theoretical frameworks from computational cognitive sci-
ence: Bayesian social cognition8,9,13,27,29 and reinforcement learning14,38. 
We proposed that, because the mentalizing strategies captured by 
Bayesian inference and action selection constitute model-based 

Table 1 | Experiment 3 per condition participant count

Heuristic congruent Heuristic incongruent

Inference scaffolding 120 134

No scaffolding 130 130

Reward scaffolding 122 123
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decision-making15, people should intelligently arbitrate between these 
more effortful strategies and easier heuristic, rule-based, or model-free 
strategies32,48–50. Empirically, this predicts we should see artefacts of 
strategy arbitration that are typically found in other domains, such 
as strategy persistence22,51,52, cognitive rigidity53 and insensitivity to 
contextual shifts (for example, hysteresis effects)54,55. Our results dem-
onstrating the adoption and persistence of heuristic strategies (experi-
ment 2) and the effects of scaffolding computations with auxiliary tasks 
(experiment 3) are consistent with these predictions.

Beyond strategy arbitration, our findings also reveal the possibility 
of more complex interactions between mentalizing and heuristics. For 
instance, in our experiments, participants never receive explicit feed-
back on the quality of their teaching yet systematically adopt different 
strategies as a function of their teaching experiences. This suggests 
that mentalizing can serve not only as a teaching strategy but also as a 
mechanism for evaluating heuristics: By simulating, with one’s theory 
of mind, how a learner would respond to different teaching interven-
tions, teachers can obtain internal feedback about each edge’s value. We 
speculate that some participants in the congruent conditions initially 
used mentalizing to discover and adopt the heuristic (a form of infer-
ence amortization56), but once they stopped mentalizing, they could 
no longer reassess whether the heuristic remained effective, a form of 
planning fallibility in which individuals default to habitual responses57,58.

Second, by relaxing the assumption that teachers infer and act 
optimally to account for suboptimal heuristic teaching, our work 

provides new ways to connect formal theories of teaching to informal 
constructs in the educational literature. While recognizing that our 
abstract task is a highly simplified version of the rich social complexity 
present in interactive classroom instruction, our finding that people 
spontaneously teach by mentalizing and with heuristics mirrors the 
distinction between routine and adaptive expertise developed in the 
educational literature59. For example, Stigler and Miller60–62 draw on 
this distinction when they note that classroom instruction in the USA 
is dominated by routine strategies: teachers solve an example problem 
and then supervise students who apply the same procedure. Japanese 
classrooms, by contrast, foster adaptive strategies; students begin with 
a challenging problem and teachers provide personalized feedback as 
the students struggle to solve it independently. The latter approach 
demands greater adaptive expertise because teachers must continu-
ously model each learner’s evolving understanding.

The educational literature also suggests that teaching by men-
talizing not only enables better information transfer, but also makes 
teachers more effective at navigating the motivational dimensions of 
teaching. Teachers who adopt a mentalizing stance can more effec-
tively lower students’ stress63 and anxiety64, and are better at reducing 
violence65 and disruptive behaviour66. Mentalizing interventions, usu-
ally involving perspective taking similar to our inference scaffolding 
condition, cut teachers’ disciplinary actions in half67, increase academic 
motivation68, increase student empathy and emotion regulation69, and 
improve teachers’ own mental health70. Future work could investigate 

Congruent Incongruent

Training group

0.55

0.60

0.65

0.70

Av
er

ag
e 

Te
ac

hi
ng

 S
co

re

Test trials

Condition

Training Test

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e 

Te
ac

hi
ng

 S
co

re

Congruent

Training Test

Incongruent

Condition
Inference sca�olding
No sca�olding
Reward sca�olding

b

Inference sca�olding
No sca�olding
Reward sca�olding

a

Fig. 5 | Inference scaffolding enhances teaching performance. a, Average 
Teaching Score for each training condition and scaffolding condition for training 
trials (left) and test trials (right). Note that, while training trials were different 
across the congruent and incongruent conditions, test trials were the same 
for all training condition. The plot shows the distribution of teaching scores 
using letter-value plots (boxenplots), which display nested boxes representing 
progressively smaller quantile ranges from the median outwards: the innermost 
box spans the interquartile range (25th–75th percentiles) and successive 
boxes extend to further quantile boundaries, providing a detailed view of the 
distribution shape including tails. Central grey line: median Teaching Score. The 
black circle and whiskers represent the mean Teaching Score across individuals 

with bootstrapped 95% CI (1,000 resamples). Sample sizes per condition: 
inference scaffolding (Congruent n = 120, Incongruent n = 134), no scaffolding 
(n = 130, n = 130) and reward scaffolding (n = 122, n = 123). b, Replotting of test 
trial performance for all six groups for ease of comparison. Data are presented as 
mean values ± bootstrapped 95% CI. The Inference Scaffolding groups performed 
best, and similarly regardless of congruent or incongruent training, whereas the 
reward scaffolding groups performed worse (again, seemingly uninfluenced 
by training condition). Replicating experiment 2, the no-scaffolding groups 
performed better (that is, more consistent with mentalizing) in the incongruent 
training condition.
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the mechanistic basis for these findings by, for example, combin-
ing our framework with models of interpersonal emotion regulation 
and motivation71,72.

Finally, our findings contribute to the growing literature on how 
cognitive costs shape human social cognition. Although previous 
work in psychology has long recognized that people avoid full theory 
of mind reasoning when simpler strategies suffice73–76, this insight has 
been difficult to square with accounts of mentalizing based on inverse 
planning and Bayesian decision-making8,27. Our work complements 
several recent lines of research that have begun to tackle these issues, 
including work by Hawkins et al.77 that examines how communicators 
adjust theory of mind use based on division of labour, work by Pöppel 
and Kopp78 that introduces a satisficing framework for limiting mental 
effort, and work by Bass et al.79 that studies how learners’ perceptions 
of teaching effort shape their receptiveness to a teacher. Furthermore, 

while we have focused on the domain of pedagogy, our empirical find-
ings are relevant to recent theoretical proposals that highlight peo-
ple’s use of more or less cognitively effortful strategies in other social 
domains, including social perception (for example, the institutional 
stance)80 and moral deliberation (for example, resource-rational con-
tractualism)81. A fruitful direction for future work will be to investigate 
how the arbitration of mentalizing and heuristic strategies in these 
other domains compares to their arbitration in the communicative 
setting studied here.

Our study has limitations. First, participants may have relied 
on hybrid strategies that blur the line between heuristic and 
inference-based approaches or reflect Bayesian processes under 
extreme priors, effectively ignoring new evidence82. Second, the 
absence of feedback may have prevented participants from recogniz-
ing and adjusting suboptimal strategies, highlighting the importance 
of feedback in real-world teaching. Finally, although our scaffolding 
intervention appeared to help participants adjust their teaching strate-
gies, further research is needed to assess how enduring these changes 
might be outside controlled settings.

In short, the current work investigates the factors that lead peo-
ple to adopt mentalizing versus heuristic teaching strategies. This 
approach provides new opportunities to bridge computational cogni-
tive science with education research and to deepen our understanding 
of the cognitive processes that underpin human social interactions.

Methods
This research complies with all relevant ethical regulations. This study 
was approved by the Institutional Review Board of Princeton University 
(protocol 11968), and all participants provided informed consent.

Task
In all experiments, participants acted as teachers. They were shown a 
graph where a learner had already taken a path from start to finish, col-
lecting points along the way. They were informed that the learner might 
not have known all possible edges (connections) between nodes, but 
took (one of) the best path(s) they could have given their knowledge. 
Participants’ task was to select one edge to teach, which the learner 
would then add to its available paths to recalculate and execute the 
highest-scoring trajectory. No feedback was provided during the trials, 
so participants had to make decisions without knowing how effective 
their teaching was. Before starting the main task, participants under-
went training, which included seeing two example trials from both 
the learner’s and teacher’s perspectives. This was followed by three 
practice trials in which participants received feedback on the learner’s 
outcome and the quality of their teaching choice. After the practice 
phase, participants took a comprehension quiz. Those who failed the 
quiz twice were excluded from the study. After completing the main 
task, participants completed a post-task debriefing questionnaire to 
provide feedback on their strategies and the task.

Experiment 1. Participants completed 40 trials, with 20 unique graphs 
and their 20 horizontally flipped versions presented in random order. 
Participants were reminded that each trial involved a new learner, 
and no feedback was provided during the task, keeping the focus on 
participants’ teaching strategies based on the observed trajectory.

Experiment 2. Participants were assigned to one of two teaching con-
ditions: congruent or incongruent. In the congruent condition, the 
optimal teaching strategy in each of the first 20 ‘training’ trials aligned 
with a simple reward heuristic, where the highest-value edge (that is, 
the edge whose nodes had the largest total reward) was the best choice. 
In the incongruent condition, in each of the first 20 trials the reward 
heuristic led to suboptimal performance, thus selecting the best edge 
to teach required more complex inference of the learner’s knowledge. 
All participants then continued to complete an identical set of five 
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while reward scaffolding (bottom) favours the reward heuristic.
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incongruent ‘test’ trials, with no feedback provided. The transition 
from teaching to test trials was not signalled. In addition, each trial had 
a 30-s time limit. If a participant did not respond within this limit, the 
trial was considered missed, and no bonus pay was awarded.

Experiment 3. Participants were again placed into congruent and 
incongruent groups as in experiment 2 and assigned to one of three 
scaffolding conditions: reward scaffolding, inference scaffolding or no 
scaffolding. Participants in the scaffolding conditions completed an 
intermediate task before teaching during the initial 15 training trials. 
In the reward scaffolding condition, they were asked to identify three 
edges connected to high-value nodes before selecting one edge to 
teach. In the inference scaffolding condition, participants identified 
three edges they believed the learner was unaware of before choosing 
an edge to teach. The no-scaffolding condition replicated the set-up 
from experiment 2 without the intermediate tasks. No feedback was 
provided during the main task. All participants completed the same 
three practice trials as in previous experiments, but those in the scaf-
folding conditions also completed two additional practice trials related 
to their specific scaffolding task. Participants completed 15 teaching 
trials followed by an identical set of 5 incongruent test trials for all 
conditions, for a total of 20 trials. Similar to experiment 2, all trials 
had a 30 second time limit. Unlike experiment 2, the transition from 
the teaching to the test phase was signalled for those in the scaffolding 
conditions, as they no longer had to complete the intermediate tasks 
once they reached the test phase.

Participants
Participants (N = 100) were recruited from Prolific using jsPsych83, 
NivTurk84 and AnyChart85 for experiment 1 (61 women, 39 men; mean 
age 34.00 ± 10.38 years); N = 265 for experiment 2 (143 women, 122 men; 
mean age 36.46 ± 10.94 years); N = 788 for experiment 3 (379 women, 
409 men; mean age 38.99 ± 12.31 years). In all experiments, partici-
pants were paid a base rate of US$3.25 and a performance-contingent 
bonus of up to US$6 in experiment 1 and US$2 in experiments 2 and 3. 
Participants earned an average of US$4.02 ± US$1.26 and spent 19.16 
± 10.44 min on experiment 1, earned an average of US$1.36 ± US$0.40 
and spent 13.07 ± 5.15 min on experiment 2, and earned an average 
of US$1.41 ± US$0.47 and spent 16.82 ± 8.18 min on experiment 3. We 
followed the preregistered data exclusion criteria, removing (N = 14 
total across all experiments) participants who had half of their test 
trials missing due to exceeding the 30-s time limit and participants 
that expressed confusion or misunderstanding about the task in the 
post-task debriefing form (N = 27 total across all experiments). The 
final number of participants was N = 100 for experiment 1, N = 253 for 
experiment 2 and N = 759 for experiment 3 (Table 1).

Experiment 2 was preregistered on 14 June 2023 (https://osf.io/
ckg98), and experiment 3 was preregistered on 18 April 2024 (https://
osf.io/x9h2v). We report the hypotheses, outcome variables and analy-
ses as preregistered, with the following exceptions: (1) Mann–Whitney 
U tests were used in place of the preregistered independent two-sample 
t-tests because teaching score distributions were non-normal and 
bounded on [0, 1]; (2) the random-effects variational Bayes model 
comparison45 was added in response to a reviewer request during peer 
review; and (3) two additional non-mentalizing utility models (tabular 
Q-value and path-averaged utility) were added during revision to pro-
vide a more comprehensive model comparison. Sample sizes for experi-
ment 2 were determined by a power analysis based on a pilot study (N 
= 35, observed d = 0.531, α = 0.001, power 0.80), yielding a target of N 
= 124 per condition. The final sample (N = 253) fell slightly below the 
planned N = 275 due to recruitment; however, both conditions exceeded 
the minimum required by the power analysis. Sample sizes for experi-
ment 3 were determined by two power analyses: a simulation-based 
analysis using the simr package in R, which indicated approximately 
85 participants per condition were needed for the scaffolding main 

effect (α = 0.001, power 0.80), and a pilot-based analysis (d = 0.445, α 
= 0.01, power 0.80) requiring N = 120 per condition for the replication 
of the training effect. We recruited above these minimums (N = 759 
across 6 conditions, all cells ≥120) to allow for exclusions. Participants 
were assigned to experimental conditions via the Prolific recruitment 
platform; within each condition, training trial order was randomized 
client side. Data collection and analysis were not performed blind to 
the conditions of the experiments. All statistical tests were two-tailed. 
Mann–Whitney U tests were used rather than t-tests because the teach-
ing score data were bounded on [0, 1] and non-normally distributed; 
visual inspection of Q–Q plots confirmed departures from normality 
(Supplementary Fig. 10), supporting the use of non-parametric tests.

Modelling
We used two types of models to explain participant behaviour: Bayesian 
inference models and heuristic-based models. The Bayesian models aim 
to infer the learner’s knowledge and maximize the utility of teaching 
an edge, while the heuristic models rely on task features rather than 
learner features to choose an edge to teach.

Bayesian teacher models
The Bayesian teacher models consist of three variants: the Bayes 
Optimal Teacher, the No Inverse Planning Bayesian Teacher and the 
Prior-Only Bayesian Teacher. Each model follows the same general 
structure: (1) modelling the learner’s behaviour, (2) inferring the learn-
er’s knowledge and (3) calculating the utility of teaching each edge.

Learner model. We model the learner as an agent navigating a directed 
deterministic graph, represented as a Markov decision process 
ML = ⟨S, 𝒯𝒯L,R⟩, where S is the set of nodes (states), 𝒯𝒯L is the learner’s 
transition model (a subset of the true transitions 𝒯𝒯 ) 𝒯𝒯L 𝒦 𝒯𝒯  where 
𝒯𝒯 𝒯 S 𝒦 S, and R ∶ S 𝒮 𝒮 is the known reward function, which assigns 
rewards to each node. We assume that the learner follows the optimal 
policy, given their knowledge of the task, πL(s′|s, 𝒯𝒯L), resulting in a trajec-
tory ζ = {s0, s1, …, sT}(as illustrated by the solid black lines in Fig. 2, right).

Utility calculation. For each Bayesian model, the utility of teaching an 
edge e = (s, s′)  is the improvement in the learner’s performance, 
defined as the difference in cumulative reward between the learner’s 
current trajectory ζ and the new trajectory ζe:

U(e|ζ) = ∑
𝒯𝒯L

P(𝒯𝒯L|ζ)(G(ζe) − G(ζ)), (3)

where G(ζ) is the cumulative reward when following ζ and P(𝒯𝒯L|ζ) is the 
probability distribution over the learner’s transition model (see below).

Inference variants. The main difference between the Bayesian models 
lies in how P(𝒯𝒯L|ζ) is computed, which depends on the likelihood func-
tion used in the inference.

Bayes Optimal Teacher. The Bayes Optimal Teacher uses inverse plan-
ning to infer the learner’s transition model by considering how likely 
the observed trajectory ζ is under the learner’s optimal policy, given 
their transition model 𝒯𝒯L:

PBOT(𝒯𝒯L|ζ) ∝ PIRL(ζ|𝒯𝒯L)P(𝒯𝒯L), (4)

where P(𝒯𝒯L) is uniform over all graphs with at least one possible trajec-
tory from the start state to a terminal state, and PIRL(ζ|𝒯𝒯L) uses inverse 
reinforcement learning (IRL) to compute a distribution of possible 
graphs that produce ζ under the assumption that the learner is attempt-
ing to act optimally according to policy π* (ref. 25):

PIRL(ζ|𝒯𝒯L) =∏
t

π(st+1|st; 𝒯𝒯L) (5)
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where tis each time step beginning from S0. In our task specifically, the 
likelihood PIRL(ζ|𝒯𝒯L)  can take on one of three values: it equals 1 if ζ 
uniquely represents the optimal trajectories for 𝒯𝒯L, equals 1

n
 if there 

are n equally optimal trajectories (including ζ) and equals 0 if ζ is not 
an optimal trajectories for 𝒯𝒯L.

No Inverse Planning Bayesian Teacher. The No Inverse Planning Bayesian 
Teacher can be viewed as a version of the Bayes Optimal Teacher with 
a simplified likelihood function that assigns a value of 1 if the learner’s 
transition model 𝒯𝒯L includes the observed trajectory ζ as a possible 
trajectory, and 0 otherwise:

PnoIRLBT(𝒯𝒯L|ζ) ∝ Pζ⊂𝒯𝒯L (ζ|𝒯𝒯L)P(𝒯𝒯L), (6)

where P(𝒯𝒯L) is uniform over all graphs with at least one possible trajec-
tory from the start state to a terminal state, and Pζ⊂𝒯𝒯L (ζ|𝒯𝒯L) is zero for 
learner graphs that do not include ζ and 1 if they do:

Pζ⊂𝒯𝒯L
(ζ|𝒯𝒯L) ∝ {

1 ifζ 𝒯 𝒯𝒯L

0 if ζ ⊄ 𝒯𝒯L

(7)

This means the No Inverse Planning Bayesian Teacher considers all 𝒯𝒯L 
that include ζ, without evaluating the optimality of the trajectory.

Prior-Only Bayesian Teacher. The Prior-Only Bayesian Teacher does 
not perform inference based on the observed trajectory and assumes a 
uniform prior over all possible transition models (that is, all graphs with 
at least one possible trajectory from the start state to a terminal state):

PPrior−onlyBT(𝒯𝒯L|ζ) = P(𝒯𝒯L). (8)

Bayesian model fitting. We used a softmax function to assign likeli-
hood to each choice a participant made according to each Bayesian 
teacher model:

P(Y) = eβUmodel

∑ eβUmodel
, (9)

where the inverse temperature β is the free parameter.

Heuristic models
Our heuristic models do not include a learner model. Instead, they 
rely on task features to identify the most useful teaching edge. These 
models employ a set of heuristics based on task structure, such as the 
sum of node values for each edge or the position of the edge in the 
graph, rather than probabilistic inference. These models therefore 
offer a low-cost alternative to Bayesian models, focusing on general 
task structure rather than tailoring decisions to the specific learner.

Reward heuristic. The reward heuristic prioritizes edges based on the 
sum of the rewards at the connected nodes. The utility of an edge ex,y is 
determined by the following feature:

Freward(ex,y = ⟨si, s j⟩) = R(si) + R(s j) (10)

where R(si) and R(sj) represent the rewards at nodes si and sj, respec-
tively. Higher sums indicate higher utility and priority for selection.

Depth heuristic. This heuristic evaluates edges on the basis of their 
vertical position in the graph. Edges closer to the start (top of the graph) 
can be riskier because a continuing path from them may not be known; 
however, they may also have more impact as they potentially open up 
whole swaths of the graph map. By contrast, edges near the bottom 
tend to be safer as their use does not require additional knowledge, 

but their effect is local. We therefore used a depth feature FDepth(ex,y = [si, 
sj]) = y (where y represents the vertical height of state sj) together with 
logistic regression (see below) to parameterize an individual preference 
for either earlier or later edges.

Heuristic model fitting. We used a multinomial logistic regression to fit 
preferences for reward and depth features to the participant’s choices:

P(Y) = eβ1Freward+β2Fdepth

∑ eβ1Freward+β2Fdepth
(11)

Non-mentalizing utility models
In addition to our Bayesian inference-based teachers, we implemented 
two models that compute edge utility without considering a learner. 
Unlike simple rule-based heuristics, these models compute and com-
pare a utility for every candidate edge, similar to solving a puzzle.

Tabular Q-value model. We obtained state-action values via a 
Q-learning algorithm44 implemented with the MSDM Python package86. 
In our graph, each edge (e) is a tuple (s, s′), that is, the transition from 
state s to next state s′. We therefore equate an edge with the action a 
that (deterministically) realizes s 𝒮 s′ and write

UQ(e) = Q(s,a) = R(e) (12)

Here, R(e) is the expected cumulative reward for traversing that edge 
under the optimal policy.

Path-averaged utility model. This model enumerates every complete 
path P from the start state to any terminal state. For each path

p = (e0, e1,… , eT), G(p) =
T

∑
t=0

R(et),

we compute its total return G(p). Then for each edge e, we compute all 
paths that include eP(e) = { p ∈ P: e ∈ p}, and define the edge’s utility as 
the average return over those paths:

Upath(e) =
1

|P(e)| ∑
p∈P(e)

G(p). (13)

Intuitively, this model assigns higher utility to edges that tend to appear 
on paths with higher total rewards.

Choice rule. Both models produce a utility for every edge. We convert 
these into a decision probability via softmax,

P(e) =
exp (βU(e))

∑e′ exp (βU(e′))
, (14)

where β is an inverse-temperature parameter fit to human data.

Model comparisons
To assess which of our candidate teaching strategy models best 
accounts for human behaviour, we used both fixed-effects BIC compari-
son and a random-effects framework. The former approach highlights 
individual differences between participants that are better explained 
by each of the models, whereas the latter approach treats each par-
ticipant’s model identity as a latent variable, allowing different par-
ticipants to follow different strategies and yielding direct estimates 
of the population-level proportions for each model45. Following the 
model comparison framework of ref. 45, we compute exceedance prob-
abilities that quantify how likely each model is to be the most prevalent 
in the dataset.
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Fixed-effects BIC
For each participant n and model k, we compute the BIC:

BICn,k = − 2 logp (Yn|Mk,θn,k) + Kk logN,

where θn,k is the maximum-likelihood estimate of the parameters for 
model k for participant n, Kk is the number of free parameters and N 
is the number of observations87. Lower BIC values indicate stronger 
support for a given model.

Random-effects variational Bayes
Each participant n draws a latent label zn ∈ {1, …, K} indicating which 
model generated their data: zn∣m ~ Categorical(m), m ~ Dirichlet(α0), 
α0,k = 1, where ~ denotes ‘is distributed as’, zn = k means ‘participant n 
uses model k’, and m = (m1, …, mK) are unknown population frequencies 
of each model, to be inferred from the data. Following ref. 45, we place 
an uninformative Dirichlet prior (α0,k = 1) on mm.

We approximate the intractable posterior p(m, {zn}∣{Yn}) via a fac-
torized variational distribution q(m)∏nq(zn). The variational-Bayes 
expectation–maximization updates then iterate until convergence:

E-step (participant responsibilities). For each participant n and model 
k, compute the approximate log-evidence87

ℓn,k ≈ − 12BICn,k,

and update the responsibility (probability that participant n uses 
model k)

un,k = q(zn = k) =
exp (ℓn,k + 𝔼𝔼q(m)[logmk𝒦)

∑K

j=1 exp (ℓn,j + 𝔼𝔼q(m)[logm j𝒦)
,

where under the Dirichlet posterior, Dirichlet(α),

𝔼𝔼q(m)[logmk𝒦 = ψ(αk) − ψ (
K

∑
j=1

αj) ,

and ψ is the digamma function.

M-step (population update). Update the Dirichlet posterior 
parameters:

αk = α0,k +
N

∑
n=1

un,k,

and extract the new model-frequency estimate:

rk = αk

∑K

j=1 αj

Iterate E and M steps until ∥rnew − rold∥ is ≤10−6.

Exceedance probability
After fitting the random-effects model, we obtain a Dirichlet posterior 
α = (α1, …, αK) over the population frequencies m. To quantify how 
strongly the data support each model k as the most prevalent strategy, 
we compute the exceedance probability

ϕk = Pr (mk > m j ∀ j ≠ k|α) .

Intuitively, ϕk (ranges from 0 (model k never wins) to 1 (model k always 
wins)) is the probability that model k wins against all others in the popu-
lation. We estimate ϕk by Monte Carlo sampling with S samples:

ϕk ≈
1
S

S

∑
s=1

1 [m(s)
k

= max
j

m(s)
j
] , m(s)∼Dirichlet(α), (s = 1,… , S).

In practice, we draw S independent samples m(s) from the posterior 
Dirichlet distribution. For each sample, we compute maxj m

(s)
j

, the 
largest component (that is, the ‘winning’ model frequency) in that 
hypothetical population. The indicator 1[⋅] equals 1 when model k 
attains this maximum and 0 otherwise. Averaging these indicators over 
all S samples yields ϕk, the proportion of draws in which model k is the 
most frequent.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
Anonymized participant data are available via GitHub at https://github.
com/sharootonian/CognitiveStrategiesInTeaching.

Code availability
The code used for all models and analyses is available via GitHub at 
https://github.com/sharootonian/CognitiveStrategiesInTeaching.
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Extended Data Fig. 1 | See next page for caption.
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Extended Data Fig. 1 | Mechanics of the Graph Teaching Task. Graph Teaching 
Task: The circles represent states/locations (example: S5) and the positive value 
inside the circle represents the reward obtained when that state is entered. The 
dotted lines represent possible deterministic transitions by the learner and the 
solid line represents the learner’s executed trajectory. The total points are the 

sum of all the rewards the learner collected along their executed “top-to-bottom” 
trajectory. A) Learner computes and executes the best available trajectory, B) 
Teacher observes the learner’s trajectory and selects an edge to teach. C) Learner 
incorporates the taught edge and computes and executes a new trajectory. Note: 
participants only see part B and make assumptions for parts A and C.
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Extended Data Fig. 2 | Posterior Predictive Check for Experiment 1.
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Extended Data Fig. 3 | Posterior Predictive Check for Experiment 2.
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Extended Data Fig. 4 | Posterior Predictive Check for Experiment 3.
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Extended Data Fig. 5 | Model Recovery for Experiment 1.
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Extended Data Fig. 6 | Model Recovery for Experiment 2.
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Extended Data Fig. 7 | Model Recovery for Experiment 3.
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Extended Data Fig. 8 | Participants’ Responses During Inference and 
Reward-Scaffolding Trials. Correlation between participants’ responses and 
model predictions in the scaffolding task. Blue shows probabilities of choosing 
edges in the inference scaffolding condition, with edges ordered according to 
the predicted probability that an edge is unknown to the learner according to 
the Bayes-Optimal Teacher (0 - most likely known, 16 - most likely unknown). 
Pink shows probabilities of choosing edges in the reward scaffolding condition, 
with edges ordered according to the value of each edge as a function of the 
sum of the two nodes it connects, as defined by the Reward Heuristic (0 - lowest 

value, 16 - highest value; note that some edges are tied, with different ties for 
each graph shown). In both cases, a higher x-axis value corresponds to edges 
more consistent with the model’s prediction for this condition. The order differs 
between the Bayes-Optimal Teacher and the Reward Heuristic. Because there 
were three choices on each trial, the y-axis shows the probability that an edge was 
one of the three selected (with a maximum value of 33.3%). This was computed by 
normalizing the proportion of responses, averaged over all trials and subjects. 
The figure shows that most responses aligned with the model predictions, 
indicating that participants performed the scaffolding task as intended.
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Extended Data Fig. 9 | Random-Effect Model Comparison for each Congruency group and Scaffolding condition.
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Extended Data Fig. 10 | Normal Q-Q plots of per-participant mean teaching 
scores confirm non-normality across all three experiments. Each point 
represents one participant’s mean teaching score (A: Experiment 1, mean  
across all 40 trials, N = 100; B: Experiment 2, mean across 5 test trials, N = 253;  
C: Experiment 3, mean across 5 test trials, N = 759). The red dashed line shows the 
expected relationship under normality. Departures from this line are evident 

in all panels, reflecting the bounded [0, 1] nature of teaching scores and their 
non-normal distributions. Shapiro-Wilk tests con- firmed significant departures 
from normality in all three experiments (Experiment 1: W = 0.906, p = 2.62 × 10-6; 
Experiment 2: W = 0.965, p = 7.39 × 10-6; Experiment 3: W = 0.980, p = 9.31 × 10-9), 
supporting the use of Mann-Whitney U tests in place of independent-samples 
t-tests.
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