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If one listens carefully to the way people talk about mental effort in 
everyday life, it is striking how often mental effort is tied to ter-
minology from economics. We invest effort, in the hope that the 

payoff may be worth it. We are exhorted to pay attention. We labour 
over a decision. Our children work hard at their school work, hope-
fully not finding it too mentally taxing. Workers at IBM were for 
many years surrounded by signs reminding them that their job was 
to THINK!. “We don’t get paid for working with our feet,” declared 
their company’s founder, “we get paid for working with our heads”1.

To judge from such locutions, it appears that we associate mental 
effort with notions of exchange and labour. In short, we think of 
mental effort in economic terms.

In scientific research on mental effort, there has been a growing 
trend towards taking this connection seriously, analysing mental 
effort from an economic point of view and applying formal tools 
from behavioural economics and labour economics to understand 
its operation. Even though this approach is relatively new, it has 
already revealed a number of key features of effort-based decision-
making. To underscore this potential, this Review traces the devel-
opment of this trend, surveys its latest products and considers its 
future prospects.

The economics of mental effort
In a scientific context, mental effort has been defined as a “subjec-
tive intensification of mental activity,” which “mediates between 
how well an organism can potentially perform on some task and 
how well it actually performs on that task”2. From both a psycho-
logical and an economic perspective, the question that naturally 
arises from this definition is, what are the factors that determine 
the ‘intensity of mental activity’ that is selected. As we shall review, 
research pursuing this question has started from two key notions. 
First, in standard economic fashion, it has been assumed that the 
allocation of mental effort is rational. That is, people use mental 
effort to increase payoffs, or in formal economic terms, to maxi-
mizing subjective utility. Second, it has been considered that mental 
effort is associated with negative utility. That is, such effort is costly. 
Putting these two notions together, the resulting challenge has been 
to understand mental effort allocation in terms of a cost–benefit 
analysis, which weighs the potential payoffs of mental effort against 
its inherent cost.

The economic perspective on mental effort was a natural exten-
sion of early behaviourist work, which propounded a law of less 
work. This stated that “if two or more behavioural sequences, each 
involving a different amount of energy consumption or work, have 
been equally well reinforced an equal number of times, the organism 
will gradually learn to choose the less laborious behaviour sequence 
leading to the attainment of the reinforcing state of affairs”3. Though 
not phrased in explicitly economic terms, the economic flavour of 
this proposal is obvious, and subsequent research has cashed out the 
law of less work in explicit economic terms by mapping it to formal-
isms from economic labour supply theory (LST)4.

The law of less work was originally intended to address physical 
rather than mental effort. However, the notion of effort minimiza-
tion soon began to pop up in research on cognition and decision-
making. In social psychology, Allport5 explained racial prejudice in 
these terms, writing, “We like to solve problems easily. Why? Well, 
it takes less effort, and effort, except in the area of our most intense 
interests, is disagreeable.” Similarly, in discussing the processing 
of political messages, McGuire6 characterized human beings as 
“lazy organisms,” seeking to spend as little mental energy as pos-
sible. Meanwhile, in cognitive psychology, Baroody and Ginsburg7 
explained strategy choice in arithmetic by appealing to a “drive for 
cognitive economy.” Summing up this point of view, Taylor8 influen-
tially described human decision-makers as “cognitive misers”.

In most early work along these lines, the notion of a cost–ben-
efit trade-off in mental effort was treated informally. However, 
a pioneering paper9, ‘On the economy of the human-processing 
system’, went further, importing from economics the notion of 
a utility function, summing the positive utility derived from task 
performance with the negative utility associated with mental effort 
itself. Conversely, economics started turning towards psychology, 
eventually broaching the role of mental effort in decision-making. 
For example, the economists Smith and Walker10 introduced a 
‘labour theory’ of economic choice, which featured a term captur-
ing the disutility of cognitive effort, and Camerer and Hogarth11 
put forth a closely related ‘capital–labour–production framework’, 
emphasizing the dependence of effort demands on cognitive ability. 
The latter paper offered a frank expression of the motivating intu-
ition: “Economists instinctively assume thinking is a costly activity. 
Mental effort is like physical effort — people dislike both.”
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Mental effort is an elementary notion in our folk psychology and a familiar fixture in everyday introspective experience. 
However, as an object of scientific study, mental effort has remained rather elusive. Cognitive psychology has provided some 
tools for understanding how effort impacts performance, by linking effort with cognitive control function. What has remained 
less clear are the principles that govern the allocation of mental effort. Under what circumstances do people choose to invest 
mental effort, and when do they decline to do so? And what regulates the intensity of mental effort when it is applied? In 
new and promising work, these questions are being approached with the tools of behavioural economics. Though still in its 
infancy, this economic approach to mental effort research has already uncovered important aspects of effort-based decision-
making, and points clearly to future lines of inquiry, including some intriguing opportunities presented by recent artificial 
intelligence research.
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evidence for an intrinsic effort cost
An important limitation attaching to all of the work noted so far is 
that it leveraged the notion of effort costs as an explanatory prin-
ciple rather than a hypothesis to be interrogated directly12–15. A 
first step towards overcoming this limitation was made16, using 
a task in which participants chose repeatedly between two visual 
stimuli. When selected, each stimulus produced a series of num-
bers which, depending on the colour they were presented in, 
demanded either a magnitude or parity judgement (Fig. 1). The 
key to the task was that one choice stimulus yielded numbers that 
required frequent switches between the two classification tasks 
(high demand), while the other yielded numbers that required less 
frequent switching (low demand). Across a series of experiments, 
participants consistently gravitated towards the low-demand 
option (Fig. 1). This bias was universal across participants, could 
not be fully explained in terms of error avoidance or minimiza-
tion of time on task, and was reduced when a monetary incentive 

was linked with the high-effort choice, confirming its sensitivity 
to motivational factors.

Closely related work17–19 provided a similar validation of the 
notion of cognitive effort costs using a task in which participants 
choose between performing a low-effort working-memory task for 
a small monetary reward or a high-effort working-memory task for 
a larger reward (Fig. 1). After each choice, an adaptive adjustment 
algorithm changes the offer for the low-effort option until an indif-
ference point between the two options is identified. Across several 
studies17–20, this indifference point has been found to link the high-
effort option with a higher reward than the low-effort option. The 
surplus amount associated with the high-reward task can be viewed 
as quantifying the cost of mental effort.

A number of subsequent studies have adopted similar paradigms 
to further probe the cost of effort. For example, evidence was pro-
vided21 that cognitive and physical effort are associated with differ-
ent cost functions. It was shown22 that effort costs are linked to a 
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Fig. 1 | Behavioural paradigms that reveal a cost of cognitive control. a, The demand selection task16. On each trial, the participant selects between two 
visual stimuli (left). The selected stimulus reveals a number (right), which is classified by one of two rules depending on its colour. One stimulus (high 
demand) yields numbers that tend not to repeat the last-encountered colour, requiring frequent effortful task-switching. The other yields numbers that 
do tend to repeat the last-encountered colour, demanding less effort. b, Typical choice behaviour from the demand selection task, showing a tendency 
to disproportionately choose the low-demand option, as predicted by the labour economic cost–benefit perspective. The error bars indicate s.e.m. and 
the dashed line indicates chance-level performance. c, The cognitive effort discounting (COG-ED) paradigm17. Participants chose repeatedly between 
performing a high-demand task for one amount of dollars and performing a low-demand task for a different amount. The amount offered for the high-
demand task was held constant at US$2.00, while the amount offered for the low-demand task was adjusted until participants’ choices suggested that 
they were indifferent between the two offers. d, Results from the COG-ED paradigm. Level N refers to the level of cognitive demand involved in the high-
demand task (an ‘N-back’ memory task), with demand increasing to the right. Young adult (YA) participants showed clear ‘effort discounting’, demanding 
increasing monetary compensation to sustain increasing mental effort, a measure of the cost associated with cognitive effort. Older adults (OA) also 
showed effort discounting, but showed greater overall effort costs than the young adults. Error bars indicate s.e.m. Panels adapted from: b, ref. 26, National 
Academy of Sciences; c,d, ref. 17, PLoS.
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metacognitive monitoring function, rather than to inherent task 
demands. These and other studies have helped to clarify which 
particular kinds of mental activity are associated with effort costs. 
While effort avoidance has been observed across a fairly wide range 
of task manipulations16,17,23–26, the common ingredient appears to be 
the engagement of top-down cognitive control27–30, possibly linked 
with engagement of the brain’s executive or ‘multiple demand’ net-
work31–34. This is not surprising, given the longstanding idea that 
subjective mental effort is linked with the mobilization of cognitive 
control functions35,36.

The shape of the effort–cost function
With the notion of a cost of effort now directly validated, several 
studies have aimed to characterize the ‘shape’ of the underlying util-
ity function, asking how the subjective cost of effort scales as the 
intensity of effort itself increases, much as previous work in behav-
ioural economics had asked how the subjective utility of monetary 
rewards scales with increasing monetary value37. While a simple lin-
ear model of the cost function has proven adequate to model some 
behavioural phenomena9,38, other work points to a nonlinear func-
tion. For example, it has been found24 that people are risk-averse to 

Box 1 | Mental effort and the utility function

The utility function is a critical construct in economics. Here, a 
real number (or ordinal rank) is attached to each member of a set 
of goods or situations, indicating its economic value or ‘utility’40. 
The economic approach to cognitive effort has generally modelled 
the cost of effort by factoring it into the utility function in some 
manner. In practice, this has taken three broad forms, with further 
qualitative distinctions within each category.

In the simplest models, it is assumed that the negative utility 
of effort combines with the positive utility of payoffs in a purely 
additive manner. This is implicit in models that define a function 
relating the intensity of effort to a single cost (a). In some such 
models, it is assumed that this relationship is linear (black line in 
a) so that every additional unit of effort adds a fixed amount of 
disutility to the cost9,38. Other work9 has considered that the form 
of this function might be convex (red line in a), so that successive 
increments in effort intensity lead to greater increases in the cost 
of effort. Finally, the relationship between effort and its cost could 
be concave, so that the cost is relatively sensitive to increases in 
effort when it is low, but not when it is high. From a behavioural 
economics standpoint, this form most closely relates to the idea 
of diminishing returns, with each additional increase in effort 
leading to smaller increases in its cost.

A second class of models posits more complex, non-additive 
relationships between rewards and effort costs, but assumes that 
the impact of effort on reward is nonetheless uniform across 
reward magnitudes. This form of model takes inspiration from 
work on temporal discounting — where rewards are decremented 

by delay — and essentially substitutes effort for time. For example, 
this relationship could take the form of an exponential discounting 
function (purple line in b), where the effect of additional effort 
is more comparable across existing levels of effort because of 
its constant decay rate95. Alternatively, it could take the form of 
a hyperbolic discounting function21 (blue line in b), predicting 
instead that additional effort more strongly affects the utility of 
a reward at lower effort demands compared with higher effort 
demands.

A third class of utility function considers that the effect of effort 
on utility may depend on both the level of effort and the level of 
reward, and may assume different functional forms depending 
on each of these. Inspiration in this case has been drawn from 
economic LST and, following the convention in that field, effort 
is usually plotted in terms of its conceptual inverse, ‘leisure’ and 
payoffs in terms of cumulative ‘income’. Utility then shows up in 
the third dimension, making the utility function a surface (c and 
see Fig. 2). Note that in the example the iso-utility contours plotted 
in the panel are concave towards the origin, but that they can take 
many different forms40, yielding different behavioural effects, as 
discussed in the main text.

It is important to realize that current research on effort-based 
decision-making has not determined which of these functional 
forms most accurately describes human behaviour. Future lines of 
research should aim to distinguish between them, and establish 
functional links between these three different categories of 
parameterizations of the relationship between effort and value.
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effort, preferring predictable amounts of effort over risky prospects. 
Applying a standard behavioural-economic analysis to this finding37 
suggests that the cost function for effort should be convex, with suc-
cessive increments in effort carrying larger and larger costs. Seeming 
to contradict this conclusion, a recent study21 compared several can-
didate functions and found that the data were best described by a 
concave (hyperbolic) cost function (Box 1). Further research will 
be needed to resolve this apparent discrepancy — and also perhaps 
to explain how hyperbolic discounting might account for decisions 
to forego both effort and payoff entirely, given that such a discount 
can never completely erase the value of a prospective payoff. In the 
meantime, the prevailing uncertainty provides an opportunity to 
note some inherent difficulties associated with inferring the cost 
function for mental effort from choice behaviour alone. Crucially, 
doing so requires the possibility of quantifying effort in terms of 
some fixed unit. This is inherently difficult, since effort is not a 
property of the target task alone, but also a function of the individ-
ual’s cognitive capacities, as well as the degree of effort voluntarily 
mobilized for the task, which in turn is a function of the individual’s 
reward sensitivity. These factors can be very difficult to disentangle 
through behavioural observations, a problem which might aptly be 
called the econometric problem in mental effort research33,39.

More coherent results have been obtained not by investigating 
the cost of effort per se, but rather the overall shape of the net util-
ity function that summarizes the effort–reward trade-off. Economic 
LST has been used to evaluate this23. This branch of economics 
addresses the question of how workers allocate their time between 
work and leisure, and in particular how this is influenced by hourly 
wages4. The founding assumption of LST is that workers weigh the 
value of monetary income against the ‘value of leisure,’ essentially 
the inverse of the cost of work or effort. Any particular combina-
tion of income and leisure time translates to a single utility, and the 
space of all income–leisure pairings is spanned by a utility ‘surface,’ 
as illustrated in Fig. 2. A central tenet of LST is that this utility sur-
face is concave, curved towards the origin and billowing upward as 
shown in the figure. Although this may sound merely like a techni-
cal point, the concavity of the utility function has important conse-
quences for choice behaviour. Most fundamentally, it means that a 
worker, given an available wage and the choice of how many hours 
to work, will always favour a balance between income and leisure 
time (Fig. 2). At a finer grain, the concave shape affects the way 
that work hours shift in response to increases or decreases in the 
available wage. In particular, it means that such shifts will depend 
critically on how many hours are already dedicated to work versus 
leisure at baseline, and how much income is being already being 
received4. Importantly, non-concave utility functions predict very 
different effects4,40. In particular, a convex or planar utility function 
would cause workers to always allocate their time entirely to either 
work or leisure, rather than seeking a mixture of the two that shifts 
smoothly as wages change; and still other (non-smooth) utility sur-
faces, studied in economics under the heading of ‘perfect comple-
mentarity’40, predict complete insensitivity to wage changes.

Evidence has been provided23 that mental-effort-based decision-
making may cohere with the laws of LST. The concave shape of the 
LST utility function strongly predicts that a particular form of wage 
increase, termed an income-compensated increase, will trigger 
increases in work, while an income-compensated wage reduction 
will lead to reductions in work (Fig. 2). What makes these predic-
tions non-trivial is that, given the detailed structure of the wage 
changes, it is possible for decision-makers to work at the same level 
after the wage change as they did before and attain exactly the same 
level of income4 (Fig. 2). The prediction from LST stipulates that 
workers will forgo this opportunity. This prediction has been suc-
cessfully tested in studies of labour markets41–43, providing empiri-
cal validation of LST, as well as in animal conditioning experiments 
looking at physical effort allocation4. The same experimental 

approach was applied to mental-effort-based decision-making23. 
Participants were offered a ‘wage’ (denominated in pieces of candy) 
for every minute spent on a cognitively demanding task during a 
30 minute test period, with the remainder of the period spent on 
an unremunerated low-demand task. Income-compensated wage 
changes induced shifts in effort allocation precisely as predicted  
by LST (Fig. 2).

These results suggest that the central features of LST, designed 
originally to account for economic labour markets, may also apply 
to mental effort. Specifically, they imply that people weigh the 
income derived from mental effort against the value of mental lei-
sure in a nonlinear fashion, resulting in a preference for balanced 
combinations of the two. At a finer grain, the results mean that the 
marginal cost of mental effort is radically baseline-dependent: the 
cost of effort relative to reward changes depending on how much 
effort is already being invested and how much income is already 
being received.

rewards of mental labour
In other research, economic tools have been leveraged to investi-
gate a range of further issues relating to mental effort. For example, 
the effort-discounting paradigm has been ported to rodents44–46, 
demonstrating a trade-off between cognitive effort and reward in 
rats. Interestingly, rats show stable individual differences in effort 
sensitivity45. This has also been observed in humans, with effort 
avoidance and incentive effects on effort correlating with some 
other cognitive and personality traits17,47,48 (Fig. 3). Group-level dif-
ferences have been reported as well, based both on age17 and psychi-
atric status20,49 (Figs. 1 and 3).

One intriguing issue that arises from this individual-differences 
perspective is that mental effort can, alongside its inherent costs, 
also carry rewards2. For example, in the case of ‘learned industrious-
ness’50, people are proposed to learn a value for the exertion of effort, 
through years of living in a world where effort often yields rewards. 
Moreover, the subjective value of earned rewards can sometimes 
increase when they are obtained through effort51,52, perhaps reflect-
ing a drive to resolve cognitive dissonance by justifying the invest-
ment of effort53. An outstanding question is whether these effects 
reflect an endowment of effort with intrinsic positive value, which 
effectively cancels some of the inherent cost of the effort, or whether 
they simply reflect value that is attached to the extrinsic products of 
the effort. Resolving this question deserves to be a central objective 
of future research, and the economic framework appears to offer a 
useful set of tools for accomplishing this.

Strategy selection
One particularly interesting recent trend in research on effort-based 
decision-making has involved a focus on strategy selection. It has 
been a long-standing proposal that people select cognitive strategies 
through a cost–benefit analysis that takes account of effort costs7,8,54. 
Recent work has made progress towards verifying this hypothesis 
by leveraging computationally explicit models of competing strate-
gies31,55,56. Particularly relevant to the present review are cases where 
strategy choice trades off against economic incentives.

A vivid example of this is provided in a recent study57. The focus 
in this work was on the decision between two strategies for reward-
based decision-making, one based on habit and the other based on 
a more effortful search through possible outcome scenarios58–61. In 
reinforcement learning theory, this distinction has been mapped to 
a ‘model-free’ system that simply reinforces actions that have led 
to reward, and a ‘model-based’ system that plans over an internal 
model of the environment towards goals62–64. A key question is how 
decision-makers choose between these two choice mechanisms. 
The economic perspective on cognitive effort suggests that this arbi-
tration may be the result of a cost–benefit decision, weighing the 
increased accuracy of model-based planning against its effort costs. 
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The study providing the first evidence of this57 relied on a variant 
of the so-called two-step task, a behavioural paradigm designed 
to disentangle model-free from model-based choice (Fig. 4a)64. 
Versions of this task have been used to show that model-based con-
trol decreases under cognitive load65, is related to cognitive control 
capacity66 and is reliant on the functioning of prefrontal cortex67, 
hallmarks of the kind of computationally expensive mental labour 
that has been identified as costly. The study57 tested the cost–ben-
efit model by predicting that behaviour on this would show more 
model-based control when higher rewards were at stake (Fig. 4b). 
This pattern was indeed clearly evident in the observed behaviour 
(Fig. 4c). As a control, the experiment was repeated, but this time 
using a version of the task in which the application of model-based 
control does not yield a benefit in terms of rewards68. In this set-
ting, the stakes manipulation did not yield a difference in behaviour  
(Fig. 4c), consistent with the interpretation that decision-makers 
engage in effortful model-based control only when the prospective 
payoffs offset the attendant effort costs. In a set of complementary 
studies69, the other side of this trade-off was investigated by manipu-
lating the effort costs of model-based control, through the required 
depth of planning, while keeping the prospective payoffs constant 
(Fig. 4d–f). Consistent with the cost–benefit account, they found 
that model-based control was reduced in the face of a deeper, more 

complex, causal structure. Taken together, these results are consis-
tent with the idea that arbitration between these reinforcement-
learning strategies is guided by an economic cost–benefit analysis.

Alongside behavioural studies like these, a growing number of 
experiments with both humans and animals have applied neuroeco-
nomic techniques to elucidate the neural underpinnings of effort-
based decision-making. Although such neuroscientific research 
falls outside the scope of this Review, it is worth noting that the 
idea of a cost–benefit analysis has become increasingly central in 
such work, being formalized, for example, in the proposal that pre-
frontal circuits maximize the ‘expected value of control,’ a quantity 
that takes effort costs into account31,32. This and other neuroscien-
tific work on mental effort has been surveyed in a number of recent 
publications21,26,31,33,34,70–72.

Why is mental labour costly?
As the existence of a cost of mental effort has become increasingly 
well validated, and its properties increasingly probed, attention 
has been increasingly paid to an overarching question: why should 
mental effort be costly? On first glance this cost seems perverse, 
since — at least according to our folk psychological notions — effort 
typically yields positive outcomes. The resulting riddle has not been 
fully solved. However, here again, an economic perspective has been 
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Fig. 3 | evidence for individual differences correlations in effort-based decision-making. a, A positive correlation was found17 between the degree of 
temporal discounting and effort and mental-effort costs as assessed in the COG-ED paradigm (with effort discounting quantified using an ‘area under the 
curve’ measurement). This correlation indicates that people with more impulsivity in an intertemporal choice paradigm showed increased mental effort 
costs on the COG-ED paradigm. The solid line indicates the linear relationship and the shaded area indicates the 95% confidence interval. b, Behavioural 
results20 revealed a relationship between negative symptoms in schizophrenia (quantified by the brief negative symptom scale (BNSS) avolition scale) 
and the COG-ED area under the curve measurement of effort costs. This result suggests that motivational deficits typically observed in schizophrenia are 
related to increased effort discounting. The dashed line indicates the linear relationship. c–f, Effort operationalized as the speed with which participants 
were able to switch between two cognitive tasks47. To assess participants’ cost–benefit trade-off, they manipulated the monetary incentive of accurate 
performance from block to block (c). They found that increased incentives enhanced effort mainly for participants who scored relatively low on a ‘need 
for cognition’ scale, which measures the inclination to engage in demanding cognitive activity in everyday life (d). They also found that participants low 
in cognitive control capacity as measured by the Stroop paradigm (e) displayed a larger incentive effect (f), presumably because for them larger rewards 
are needed to offset their increased effort costs. In d and f, the solid lines indicate the linear relationship and the shaded areas indicate the standard error. 
Panels adapted from: a, ref. 17, PLoS; c–f, ref. 47, Elsevier.
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applied. The general approach is to consider that effort may draw, in 
some sense, on a scarce resource. Costs, then, can be understood as 
serving to protect or conserve this resource.

An early hypothesis was that, like physical effort, mental effort 
might raise metabolic energy consumption. This idea was moti-
vated by a behavioural ‘depletion’ effect, in which effort was with-
drawn after bouts of effort exertion. According to an influential 
theory, this effect was proposed to reflect a depletion of blood 

glucose73. However, the glucose hypothesis has not held up74, and 
the existence of behavioural depletion has itself been called into 
question75,76. There do appear to exist real time-on-task effects on 
effort77,78, which interact with incentives79. However, these appear 
to be better explained by motivational variables than by meta-
bolic depletion80.

A more tenable idea is that mental effort costs are linked to a 
limited resource that is cognitive or computational in nature, rather 
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Fig. 4 | Transition structures, trial event sequences and results for multi-stage decision-making tasks. a, Two-step task68. Each round of the task begins 
in one of two first-stage states, each of which offers a choice between two brightly coloured spaceships. Choice of a spaceship triggers a transition — as 
shown in the figure — to two second-stage states, identified by different aliens. The second-stage states each yield a monetary reward with independent 
probabilities that change randomly but slowly across trials (to encourage continuous learning). This task distinguishes model-free from model-based 
control by exploiting the model-based system’s knowledge about the equivalence of first-stage states. Model-based decision-makers are able to transfer 
experiences from one first-stage state to the other. Model-free learners cannot do this, since by definition they rely solely on directly experienced action–
reward associations. For example, after a surprisingly large reward on the previous trial, a pure model-based learner will be more inclined to revisit the 
second-stage state even if the first-stage state in the current trial is not the same as that of the previous trial. A model-free learner is unable to make this 
inference, because it does not assess actions in terms of their consequences. b, To test the effect of increased incentives on model-based control, a stakes 
manipulation was implemented57 in the two-step task in a. Each trial began with a cue that indicated whether the points on that trial would be multiplied 
by one (low stakes) or five (high stakes). On the high-stakes trial shown here, the total points earned were 20 (5 ×  4 points). c, Model-based choice 
component for the low- and high-stakes conditions in experiments 1 and 2 from ref. 57. The ‘choice component’ measures the influence of model-based 
decision-making, quantifying this as the increase in probability of choosing the same goal as on the previous trial after positive prediction errors than after 
negative prediction errors. Prediction errors were estimated using a reinforcement learning model. In experiment 1, where model-based control yielded 
higher reward, increased stakes triggered stronger reliance on model-based control. In experiment 2, the task was designed such that model-based control 
yielded no monetary benefit, and in this setting no effect of stakes was observed. d, To test the effect of planning demands on model-based control, a novel 
multi-stage decision-making task was developed69. At the start of each trial, the effort condition was randomly selected. On low-effort trials, participants 
made a single choice between three spaceships that then transitioned to one of three planets. Note that these trials were analogous to the two-step task 
depicted in a, with the exception of an additional planet. High-effort trials first required a choice between two randomly selected space-stations that then 
transitioned to a pair of spaceships. These spaceships then transitioned to the same final-stage states as in the low-effort trials. e, At the start of each 
trial, empty containers indicate whether the following trial would be either a low- (three containers) or a high-effort (two containers) trial. f, A reduction in 
model-based control in the face of a more complex planning structure was observed, comparing the start of high-effort trials to the start of low-effort trials 
or the ‘middle’ stage of high-effort trials69. Error bars indicate ± within-subjects s.e.m. and asterisks indicate statistically significant differences derived 
from t-tests (* P <  0.001). Panels adapted from: a–c, ref. 57, SAGE; d–f, ref. 69, MIT Press.

NaTure HuMaN BeHaviour | VOL 2 | DECEMBER 2018 | 899–908 | www.nature.com/nathumbehav 905

http://www.nature.com/nathumbehav


Review ARticle NATUre HUMAN BeHAvIoUr

than metabolic9. In some work, this resource has been character-
ized broadly in terms of computation or information processing54,55, 
and indeed human decision-makers do display a tendency to select 
information processing strategies or algorithms that minimize 
computational demands55. Computation inherently demands time, 
and another related perspective on effort costs is that they are tied 
to time through ‘opportunity costs,’ the rewards associated with 
foregone activities81–83. Another form of opportunity cost derives 
from the exploration–exploitation dilemma, the inherent trade-off 
between exploiting established knowledge and exploring the envi-
ronment so as to gain new knowledge84. It has been proposed80 that 

effort avoidance may reflect an adaptive bias that triggers disen-
gagement from exploitative cognitive tasks to encourage explora-
tion (see also ref. 30).

Another, not incompatible, perspective ties the limited cognitive 
resource more specifically to cognitive control. Control functions 
have long been understood as a bottleneck in cognitive informa-
tion processing55,85,86, providing a potential explanation for why sub-
jective costs appear to be specifically linked with their allocation. 
Indeed, a number of cognitive modelling enterprises have explic-
itly incorporated a principle of ‘minimal control’87,88 or ‘least-effort,’ 
again referring to cognitive control54,89.

Having covered these points, it is worth noting that, on close 
inspection, the idea of a limited resource is not quite sufficient to 
explain the existence of mental effort costs. In principle, a ratio-
nal allocation strategy should be able to make the most of such a 
limited resource (whatever its character), without the need for an 
inherent cost. To address this issue, it was suggested90 that the cost 
of mental effort might serve as a heuristic, wired in by evolution, 
which discourages the wasteful allocation of cognitive control with-
out requiring detailed allocation decisions that might themselves be 
computationally intensive (see also ref. 81).

Another, more novel possibility can be advanced based on 
recent artificial intelligence research leveraging deep reinforce-
ment learning. Multi-task learning in a neural network architec-
ture that learned both a generic, default stimulus–response policy 
and a set of task-specific policies has been investigated91 (Fig. 5). 
Crucially, during learning, the default policy was updated by ‘dis-
tilling’ the collection of task-specific policies, absorbing their com-
mon features into the default policy, while the task-specific policies 
were shaped by a cost term that penalized them for departing from 
the default policy. The rationale for this setup was that it would 
encourage the emergence of a maximally useful default policy, and 
simulation results showed that the learning architecture displayed 
greater stability and reliability than architectures without the rel-
evant features.

Although this work was not addressed to human psychology, it 
gives rise to an intriguing new idea concerning the cost of mental 
effort. By analogy to standard cognitive models of automatic versus 
controlled behaviour29,31, the default policy in the recently reported 
architecture91 can be thought of as implementing a set of automatic 
or habitual behaviours, and the task-specific policies a set of con-
trolled behaviours, which override the automatic behaviours when 
appropriate (Fig. 5). From this point of view, the simulation results91 
suggest that it may be beneficial to attach a cost to top-down cogni-
tive control specifically because it encourages the development of 
optimal habits, resulting in a system that relies on control as little 
as possible and that displays reliable, stable learning in multi-task 
environments (see also ref. 92).

Concluding remarks
The economic perspective on mental effort has had a decidedly 
beneficial impact on psychological research. It has stimulated the 
development of important new tools, which are now being exploited 
to shed new light on many aspects of mental-effort-based decision-
making. At the same time, it has revealed novel questions that might 
not otherwise have been considered and has suggested new theo-
retical perspectives. It seems likely that the economic approach to 
mental effort will remain productive, continuing to provide leverage 
on important issues. At the same time, recent work suggests that the 
economic approach may benefit from ideas stemming from other 
fields, and in particular ideas from reinforcement learning theory 
and optimal control. In this regard, the recent explosion in research 
on artificial intelligence93 may provide a useful font of ideas.
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Fig. 5 | Schematic of the proposed multi-task learning model. a, The 
system91, which takes the form of a multi-part neural network (not 
shown), learns several ‘policies’ or ways of responding to perceptual 
inputs. These include a ‘default’ policy (symbolized by π 0) and a set of 
task-specific policies (π 1–4). The system is trained on a set of different 
tasks, in an interleaved fashion. During this process, the default policy is 
updated so as to capture elements that the task-specific policies have in 
common. In the terminology of machine learning, this is a ‘distillation’ of 
the task-specific policies into the default policy. In more cognitive terms, 
it is akin to ‘habitizing’ the most-common features of the task-specific 
policies. Meanwhile, the task-specific policies are shaped by a penalty 
that is imposed when they recommend actions that differ from the actions 
recommended by π 0. In intuitive terms, the learning process biases the 
system to ‘rely on its habits’ as much as possible, consistent with the 
psychological notion of ‘control costs.’ b, There is a direct and intriguing 
parallel with psychological models of cognitive control94. This features a 
set of connections between perceptual inputs and action outputs. On their 
own, these define a set of automatic or habitual behaviours. However, the 
system also includes ‘control’ representations, which bias or modulate 
processing in the habit pathway, allowing habits to be overridden in favour 
of non-routine responses. By analogy to the proposed architecture91, the 
habit pathway implements the default policy, while control inputs give rise 
to task-specific policies. The penalty term91 translates, in this context, into 
a cost of top-down cognitive control. Panels adapted from: a, ref. 91, MIT 
Press, b, ref. 94, Annual Reviews.
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