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THEORETICAL NOTE

An Integrative Effort: Bridging Motivational Intensity Theory and Recent
Neurocomputational and Neuronal Models of Effort and Control Allocation
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2 Department of Cognitive, Linguistic, and Psychological Sciences, Brown University
3 Carney Institute for Brain Science, Brown University

4 Department of Psychology, Brandeis University
5 Experimental Psychopathology and Treatment, Behavioural Science Institute, Radboud University

6 Donders Institute for Brain, Cognition and Behaviour, Radboud University

An increasing number of cognitive, neurobiological, and computational models have been proposed in the
last decade, seeking to explain how humans allocate physical or cognitive effort. Most models share
conceptual similarities with motivational intensity theory (MIT), an influential classic psychological theory
of motivation. Yet, little effort has been made to integrate such models, which remain confined within the
explanatory level for which they were developed, that is, psychological, computational, neurobiological,
and neuronal. In this critical review, we derive novel analyses of three recent computational and neuronal
models of effort allocation—the expected value of control theory, the reinforcement meta-learner (RML)
model, and the neuronal model of attentional effort—and establish a formal relationship between these
models andMIT. Our analyses reveal striking similarities between predictions made by these models, with a
shared key tenet: a nonmonotonic relationship between perceived task difficulty and effort, following a
sawtooth or inverted U shape. In addition, the models converge on the proposition that the dorsal anterior
cingulate cortex may be responsible for determining the allocation of effort and cognitive control. We
conclude by discussing the distinct contributions and strengths of each theory toward understanding
neurocomputational processes of effort allocation. Finally, we highlight the necessity for a unified
understanding of effort allocation, by drawing novel connections between different theorizing of adaptive
effort allocation as described by the presented models.
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Almost every day we encounter challenging situations where we
have to strive for our goals. Performing difficult cognitive or
physical tasks, remaining calm in front of our excited kids, or
staying committed to a healthy lifestyle are examples of behaviors
that require cognitive and/or physical effort to be successful and
that may consequently increase cardiovascular reactivity associ-
ated with effort. In this article, we aim to integrate recent neuro-
computational theories of effort allocation with a long-standing
theoretical framework of resource mobilization, namely motiva-
tional intensity theory (MIT; Brehm, 1975; Brehm et al., 1983;

Brehm & Self, 1989). From different angles, these theories seek to
explain the mechanisms underlying the motivation to engage in
effortful behavior. Despite the intuitive overlap in scope, no
attempt at integration has been made so far. A unifying account
of effort allocation may have critical implications for the short-
term or long-term consequences of effort and could help under-
stand phenomena such as mental fatigue (Wright, 2009; Wright &
Mlynski, 2019) and performance decrements over time (Boksem
et al., 2005). Further, it could provide insights into the neurocog-
nitive mechanisms linked to the onset of cardiovascular diseases
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(see Gendolla & Richter, 2004; Kop, 1999) and stress-related
neuropsychiatric disorders (where motivational deficits manifest
as prominent and invalidating symptoms, e.g., Husain & Roiser,
2018; Treadway et al., 2012).
As described in detail later on, the core idea of MIT is that

individuals avoid wasting resources and therefore calibrate their
effort considering the difficulty and the importance of the task at
hand. In this article, we will summarize evidence supporting these
predictions mainly based on cardiovascular measures of effort (e.g.,
Gendolla, Wright, et al., 2012; Richter et al., 2016; Wright, 1996).
More recent models aim to explain similar processes from a different
conceptual and methodological perspective. Whereas MIT is con-
cerned with the broad motivational determinants of effort, recent
models focus on the interaction between motivation and cognitive
control (Botvinick & Braver, 2015; Manohar et al., 2015; Shenhav
et al., 2013, 2017; Verguts et al., 2015) and explore neurocognitive
processes associated with resource mobilization (e.g., Sarter et al.,
2006; Shenhav et al., 2013; Silvetti et al., 2018). Building on a large
body of behavioral, computational, and neuroimaging studies, these
models propose mechanisms for how individuals determine the
intensity of cognitive control or effort (Sarter et al., 2006; Shenhav
et al., 2013; Silvetti et al., 2018) that is worth allocating and
describe the brain networks involved in computing the relevant
information to adjust behavior.
Our aim is to integrate insights from MIT with the underlying

cognitive, computational, and neural processes proposed by recent
models of cognitive control and effort. This review serves to
critically compare MIT with such models and demonstrates that
MIT remains a useful tool for predicting effortful behavior. Inte-
grating recent neurocognitive models with MIT has the potential to
inform cognitive and neural processes that determine effortful
behavior including effort-related cardiovascular adjustments. In
addition, deriving a formal relationship between these theories
may help establish connections between different levels of analysis
(ranging from cognitive to neurobiological and neuronal) to better
characterize adaptive effort allocation.
Drawing on the cognitive control and neuroscience literature,

recent work suggested that effort and effort-related cardiovascular
reactivity are mainly driven by the dorsal anterior cingulate cortex
(dACC), which is predicted to combine information about costs and
benefits to determine and drive optimal behavior adjustments
(Silvestrini, 2017). This hypothesis about dACC functionwasmainly
drawn from the conflict monitoring theory (Botvinick et al., 2001,
2004) and the expected value of control (EVC) theory (Shenhav
et al., 2013, 2016). In this article, we aim to go a step further by
discussing the specific predictions of these theories in relation toMIT
predictions. Moreover, we discuss a plausible neurobiological imple-
mentation of thesemechanisms, proposed by the reinforcementmeta-
learner (RML) theory of dACC function (RML; Silvetti et al., 2018),
and an alternative neuronal model, the neuronal model of attentional
effort (NMAE; Sarter et al., 2006). Whereas providing a detailed
comparison of all models would go beyond the scope of this article,
we rather aim to integrate the relevant aspects of these models with
the long-standing framework of MIT.
In the next section, we introduce definitions and conceptual issues

associated with effort and cognitive control. After presenting
MIT along with its core assumptions and predictions, cardiovascular
operationalizations, and supporting empirical evidence, we
describe recent models of effort allocation: the EVC theory

(Shenhav et al., 2013), the RML theory (Silvetti et al., 2018),
and the NMAE (Sarter et al., 2006). For each model, we discuss
how predictions and associated findings converge or diverge with
MIT. Finally, we integrate these propositions and findings in a
general discussion, drawing attention to the strength and specificity
of each theory, notable conceptual differences between recent
theories, and open questions and future perspectives.1

Effort and Cognitive Control: Definitions

The MIT is concerned with motivational intensity, which deter-
mines how much people strive to attain a goal (Geen, 1995). Brehm
defined motivational intensity as the momentary magnitude of
motivational arousal (Brehm & Self, 1989). Moreover, he presented
motivational arousal as the mobilization of energy, energization, or
effort. Later on, researchers testing the predictions of MIT focused
on the concept of effort (e.g., Gendolla,Wright, et al., 2012;Wright,
1996), defined as the mobilization of resources to carry out instru-
mental behavior (Gendolla &Wright, 2009). This definition applies
to both physical and cognitive effort and refers to resources that can
be biochemical (e.g., adenosine triphosphate), psychological (e.g.,
attention), or physical (e.g., time) in nature (see Silvestrini &
Gendolla, 2019). It is assumed that, to achieve their goals, people
exert effort by engaging resources and MIT predicts how much
resources people mobilize at a particular moment in time.

Early theories of cognitive control propose a distinction between
automatic and controlled processes, with the former being experi-
enced as effortless and the latter being experienced as effortful
(Norman & Shallice, 1986; Posner & Snyder, 1975; Shiffrin &
Schneider, 1977). Automatic processes refer to direct responses to
the environment driven by bottom-up processes and stimulus-
response associations (Miller & Wallis, 2009). In contrast, cognitive
control can be defined as the collection of mechanisms that bias
information processing in accordance with current task goals, often in
the face of distraction or overriding prepotent responses (Cohen et al.,
1990). This and other definitions (Shackman et al., 2011) suggest that
cognitive control—an instance of mental effort—involves executive
functions such as response inhibition, task switching, and information
updating (Jurado & Rosselli, 2007; Miller & Cohen, 2001; Miyake
et al., 2000; Niendam et al., 2012). Later theories emphasized that
the distinction between controlled and automatic processing is a
relative one: a cognitive process is consideredmore automatic, that is,
less effortful, if it interferes less with other cognitive processes
(Botvinick et al., 2001; Cohen et al., 1990).

Mounting empirical evidence suggests that the exertion of cog-
nitive control is associated with an intrinsic cost (Botvinick &
Braver, 2015; Kool et al., 2010, 2017; Manohar et al., 2015;
Westbrook & Braver, 2015). In line with MIT, the models presented
in this review all seek to explain how people allocate effort, by
describing the decision-making processes underlying the allocation
of cognitive control (Shenhav et al., 2013) and by linking these to
neural systems that compute such trade-offs (Silvetti et al., 2018)
and implement control-demanding behavior (Sarter et al., 2006;
Silvetti et al., 2018).

Shenhav et al. (2017) also define cognitive effort as the set of
intervening processes that determine which level of performance will
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be attained given the specifics of the task and individual information
processing capacity. The framework of MIT highlights what is hinted
at in this definition: effort is clearly to be distinguished from perfor-
mance (e.g., Wright, 1996). First, effort may lead to better perfor-
mance under certain conditions but is not the only determinant of
performance. Other determinants include an individual’s capacity or
strategy (see Locke & Latham, 1990, 2019). Second, effort may
reflect a compensatory process (e.g., Hockey, 1997). For instance,
individuals with a low capacity or an inefficient strategy may need to
engage additional amounts of effort to achieve a level of performance
that is comparable to the performance of individuals with a high
capacity or a good strategy (e.g., Smith & Hess, 2015). Therefore,
while effort and performance may be correlated in some cases,
performance outcomes only provide a limited indication of actual
engagement level. This is in part due to the fact that the relationship
between effort and performance is not always monotonic. Overall,
effort and performance refer to different aspects of action, as sug-
gested by studies reporting a dissociation between attentional effort
and performance (see Berry et al., 2017). Thus, MIT theory clearly
predicts effort investement rather than performance.

Motivational Intensity Theory

Formulation and Predictions

Initially, Brehm formulated a set of MIT predictions to provide a
motivational analysis of goal attractiveness (Brehm, 1975; Brehm
et al., 1983). He proposed that the attractiveness or unattractiveness
of a goal is a direct function of the level of energy mobilized to attain
that goal. The more energy an individual mobilizes in anticipation of
a task, the more valuable they should rate a positive outcome and the
more unpleasant they should rate a negative outcome, respectively.
In accordance with cognitive dissonance theory (Festinger, 1957),
individuals should attribute more positive or negative value to goals
that require some costs to reduce the dissonance induced by these
costs. Therefore, Brehm aimed to predict goal attractiveness from
the amount of energization. He conceptualized energization as the
“process by which an organism prepares to undertake an effortful
task” (Brehm et al., 1983, p. 22). The theory assumes that changes
in energization will be anticipatory when changes in perceived
difficulty are foreseen (e.g., increased energization when a difficult
task is imminent or decreased energization when a difficult task is
close to its end). Moreover, he associated energization with the
anticipation of physiological energy supply, such as blood sugar and
oxygen, to the relevant nerve and tissues, but his primary concern
was its psychological aspects.
The MIT suggests two major determinants of effort, perceived

task difficulty and success importance. The interplay between these
two determines how much effort will be mobilized. First, it is worth
highlighting that, according to MIT, perceived (subjective) diffi-
culty rather than the objective difficulty of a task should determine
effort. Accordingly, effort processes build on the perception of
individuals rather than on the task itself. There are different ways of
operationalizing task difficulty, such as changing the required level
of performance with which participants are asked to perform a task
or by changing the task itself—for example, changing the number of
elements to be remembered in a working memory task or varying the
signal-to-noise ratio in a perceptual discrimination task (Mante
et al., 2013; Towse & Hitch, 1995). According to MIT, these

task characteristics are expected to influence perceived difficulty,
which will determine in turn effort. This makes sense when consid-
ering that subjective difficulty might vary across individuals for a
given task due to interindividual differences in terms of ability or
strategy for instance. Finally, it is of note here that task difficulty is
not equivalent to likelihood of success. Within ranges, difficulty can
vary without impacting success likelihood, which should become a
concern only to the extent that there is appraisal uncertainty
regarding task demand or individual capacity. Thus, MIT predicts
effort to be determined by subjective difficulty, that is, an indivi-
dual’s expectation about the difficulty of a task rather than directly
by the task characteristics.

Second, Brehm conceptualized success importance—that is, the
magnitude of motivation determined by needs, rewards, or
outcomes—as a potential motivation. In contrast, he considered
the actual intensity of motivation as the amount of effort at one
moment in time. This distinction suggests that, when individuals can
evaluate the difficulty of a task, potential motivation determines the
maximally justified effort. Accordingly, Brehm proposed that it is
the purpose of effort to produce instrumental behavior rather than to
directly satisfy needs or acquire potential outcomes. In other words,
people adapt their effort to attain their goals and effort for instru-
mental behavior is not simply proportional to needs and/or outcome
value. He assumed that the motivational system is constructed so as
to conserve energy, which is in line with the resource conservation
principle stipulating that individuals avoid wasting resources (e.g.,
Gibson, 1900). This also complies with the law of least effort
postulating that, for a given outcome, individuals tend to prefer
the least effortful action (Hull, 1943; Kool et al., 2010). Therefore,
effort should not be greater than is necessary to produce the needed
instrumental behavior—that is, effort should remain low for an easy
task even if task success is of high importance because it only
requires low resources to succeed in the task. However, potential
motivation determines the upper limit of effort allocated to a task
with a given difficulty. If the effort required for a given task
difficulty exceeds the level of potential motivation, the theory
predicts that individuals disengage from the task. In line with a
cost–benefit analysis and the resource conservation principle, peo-
ple avoid mobilizing resources that are not required by task diffi-
culty or not justified by task importance.

Drawing on these assumptions, the core predictions of MIT
stipulate that when task difficulty is clear and known, effort is a
function of perceived task difficulty as long as success is possible
and required effort is justified by success importance. When the
required effort exceeds the level of effort justified by success
importance or when the task is perceived as impossible (for instance
when the task may only permit the participant to perform at chance
level), no effort is expected. Only when task difficulty is unspecified,
success importance directly determines effort. These predictions are
depicted in Figure 1. Importantly, people may vary in terms of
perceived difficulty and drop-off point, that is, the maximum
tolerable perceived difficulty level at which people disengage
(see also Kukla, 1972). Therefore, the sawtooth function of these
predictions should rather look like an inverted U when considering a
group of participants. This should also apply toMIT and/or when the
tasks and the measures allow averaging across trials.

However, the task difficulty should only impact effort if indivi-
duals have enough information about the difficulty of a task. In
some cases, individuals may not know the difficulty of a task
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(unspecified task difficulty), perhaps because an individual never
performed the task, the task’s difficulty varies between trials or
because people do not know the performance requirements, for
example, how fast they should react. Moreover, in some circum-
stances, people can choose the difficulty of the task, for instance by
determining the standard to be achieved to be successful or in “do-
your-best” situations, that is, unfixed task difficulty. In these situa-
tions, the theory predicts—in line with the resource conservation
principle—that individuals will engage effort in proportion to
potential motivation, that is, the amount of effort that is justified
by success importance. That is, success importance directly deter-
mines effort if task difficulty is unspecified. However, whereas this
issue is not formally mentioned in the theory, it is fair to suppose that
there is an upper limit on how hard a person can try. Therefore, if
task difficulty is unspecified, effort should be a function of success
importance only until people can try no harder. Beyond this upper
effort limit, importance should have no effect.

Cardiovascular Measures of Effort

To overcome the limitations related to self-reports and perfor-
mance indexes, empirical tests of MIT exploited physiological
measures to assess cognitive effort investment. This line of research
was initiated by Wright (1996) who integrated the psychophysio-
logical research of Obrist (1976, 1981; Obrist et al., 1978) with
MIT. In his studies, Obrist investigated cardiovascular responses
during classical conditioning and avoidance paradigms in animals
and humans. Most relevant, his research program revealed a sys-
tematic increase in β-adrenergic sympathetic activity on the heart
when individuals exert control over their default behavior, for
example, when actively avoiding a stimulus. Interestingly, Obrist
also investigated the impact of task difficulty and found a systematic
sympathetic increase only during difficult tasks compared to easy or
impossible tasks (Obrist et al., 1978, Study 2). Drawing on these
findings, Wright postulated that β-adrenergic sympathetic impact on
the heart reflects effort. Accordingly, he tested predictions of MIT
based on measures of cardiovascular responses.
It is important to consider here that β-adrenergic sympathetic

activity on the heart differentially influences the various cardiovas-
cular parameters for physiological reasons. Heart rate (HR), the
number of heartbeats per minute, is influenced by both sympathetic
and parasympathetic activity. An increase in HR does not

systematically reflect an increase in sympathetic activity but can
be attributed to a decrease in parasympathetic activity. The cardiac
preejection period (PEP)—the time interval between the onset of
ventricular depolarization and the opening of the aortic valve—is the
noninvasive parameter that is most influenced by β-adrenergic
sympathetic activity. PEP reflects heart contractility, which is almost
uniquely determined by sympathetic activity. Moreover, cardiac
contractility strongly influences systolic blood pressure (SBP), the
maximal blood pressure between two heartbeats. However, HR and
diastolic blood pressure (DBP), the minimal pressure between two
heartbeats, are commonly assessed together with PEP and SBP. In
some cases, they may also respond to sympathetic activity but other
factors, such as parasympathetic activity for HR, or peripheral
resistance for DBP, may also mask this impact. Therefore, studies
testing MIT predictions mainly considered PEP and SBP as primary
dependent variables because these two parameters more reliably
reflect effort-related β-adrenergic impact on the heart.

The seminal work of Kahneman (1973) on attentional effort also
exploited measures of sympathetic activity as cardiovascular reac-
tivity and pupillary responses (Kahneman & Beatty, 1966; see van
der Wel & van Steenbergen, 2018, for a review). Recent work
indeed showed a relationship between pupil dilation during cogni-
tive performance and neural activity in the locus coeruleus (LC).
The LC is the brainstem nucleus releasing noradrenaline, a pure
adrenergic sympathetic neurotransmitter and hormone (Joshi et al.,
2016). Pupil dilation may thus respond similarly to cardiovascular
reactivity in the context of challenging tasks—if it relies on sympa-
thetic activation rather than parasympathetic deactivation (e.g.,
Bijleveld et al., 2009; Gilzenrat et al., 2010). Importantly, this claim
is also consistent with the reinforcement meta-learner (RML) theory
described below, which associates LC activity with energization,
learning rate, and effort (Silvetti et al., 2018). Therefore, whereas
previous studies testing MIT predictions assessed effort as cardio-
vascular reactivity, it is worth to remind that other measures of
sympathetic activity, such as pupillary responses, may provide
additional insights into the mechanisms underlying effort.

Supporting Evidence

We will now present empirical findings that supported MIT. We
will not provide a complete review of all the studies that tested these
predictions, which was done in previous work (see Gendolla &
Wright, 2005; Gendolla, Wright, et al., 2012; Richter et al., 2016;
Wright & Kirby, 2001, for reviews). Rather, we will focus on
representative studies that provided compelling evidence for theo-
retical assumptions that link MIT to recent models of control
allocation.

Richter et al. (2008) tested the nonmonotonic relationship
between perceived task difficulty and effort assessed as cardiovas-
cular reactivity (PEP, SBP, DBP, and HR), when task difficulty is
known and fixed. Participants started with a resting period allowing
the measure of cardiovascular baseline values. Then, they performed
an adapted version of the Sternberg task (Sternberg, 1966), where
they had to decide whether a target letter was part of a previously
presented nonsense series of four letters. Task difficulty was manip-
ulated between participants at four different levels through various
presentation times of the nonsense letter series: low (1,000 ms),
moderate (550 ms), high (100 ms), or impossible (15 ms). Results
revealed that PEP and SBP reactivity increased across the first three

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

P
sy
ch
ol
og
ic
al

A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

Figure 1
Predictions of Motivational Intensity Theory
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difficulty levels and then dropped in the impossible condition. This
pattern was not visible on DBP and HR. Together, these findings
revealed the expected sawtooth (or inverted-U) pattern of effort
allocation as predicted by MIT, assessed as β-adrenergic sympathetic
impact on the heart. As expected, this effect was obtained by
manipulating task difficulty from an easy up to an impossible
condition.
A different study of Gendolla and Richter (2006) investigated the

interaction between perceived task difficulty and potential motiva-
tion on effort assessed as cardiovascular reactivity (SBP, DBP, and
HR). Potential motivation was manipulated through the presence or
absence of social observation with the rationale that success impor-
tance should increase in the presence of other people when perform-
ing a task. After a baseline period, participants received instructions
and performed practice trials for an adapted version of the d2 task
(Brickenkamp & Zillmer, 1998), where they had to detect a specific
combination of letters and apostrophes among distractors. The task
was either easy or difficult, which was manipulated through the
presentation times of the stimuli, that is, 3,000 ms or 700 ms,
respectively. Then, for half of the participants, the experimenter took
a seat next to them when they performed the experimental task. In
the control condition, participants achieved the task alone. Results
revealed stronger SBP and DBP reactivity in the social observation
condition when the task was difficult compared to the three other
conditions. Cardiovascular reactivity was low in the easy conditions
independently of social observation, as well as in the difficult/
control condition. Together, these findings indicated that perceived
task difficulty interacts with potential motivation to determine effort.
If the required effort exceeds themaximally justified effort (potential
motivation), then people disengage from the task. In other words,
people mobilize resources in difficult tasks only if the required effort
is justified by success importance.
Finally, two studies of Richter and Gendolla (2006) sought to

examine the impact of potential motivation on effort assessed as
cardiovascular reactivity (SBP, DBP, and HR) under unclear task
difficulty compared to fixed and known difficulty. Only under
unspecified (unclear or unfixed) task difficulty, MIT predicts that
potential motivation directly determines effort. After a baseline
period, participants could win an attractive poster (Study 1) or a
monetary reward (Study 2) when succeeding in a memory task. Task
instructions presented either clear or unclear information about task
difficulty. Participants were told that they would be presented with
successive nonsense series of four letters during 5 min. In the clear
difficulty condition, they received information about the exact
number of letter series displayed during the task and to be recalled
at the end of the task—four series in Study 1 (easy) and 30 in Study 2
(impossible). In contrast, in the unclear condition, they did not know
howmany letter series they would need to memorize. However, both
the clear and unclear conditions included the same number of letter
series, which appeared successively on the screen. Results showed
for both studies an increase in SBP reactivity when incentive was
high and task difficulty unclear. In contrast, SBP reactivity was low
when incentive was low or when task difficulty was clear (easy or
impossible). DBP followed a similar pattern but was only significant
in Study 2. HR followed a similar pattern in Study 2 but was not
significant in both studies. Together, these findings supported the
prediction of MIT that potential motivation directly determines
effort only when task difficulty is unspecified.

Numerous other studies draw on MIT to investigate the impact of
various variables on perceived task difficulty and success impor-
tance. For instance, studies investigated ability beliefs (see Wright,
1998), experienced fatigue (see Wright & Stewart, 2012), mood
states (see Gendolla, Brinkmann, & Silvestrini, 2012), implicit
affect (e.g., Gendolla, 2012; Gendolla & Silvestrini, 2011), pain
(Cancela & Silvestrini, 2021; Silvestrini, 2015, 2018), depressive
symptoms (e.g., Brinkmann & Gendolla, 2007, 2008), or self-
involvement (Gendolla & Richter, 2010). While physiological
evidence in support of MIT prediction is ample, the neurocognitive
processes underlying effort allocation mechanisms remain unclear.
In the next sections, we discuss three models that offer insights into
these neurocognitive mechanisms from a computational, neurobio-
logical, and neuronal perspective.

The EVC Theory

Formulation

In the last decades, a variety of studies examined the neural and
computational mechanisms by which people execute cognitive
control over their information processing. These efforts focused
on elucidating the implementation of control. However, less is
known about the decision processes underlying the allocation of
control, that is, how people decide how much control to allocate
among tasks. EVC theory proposes that individuals carry out this
decision by weighing the potential benefits of allocating control
against associated costs and then selecting the type and amount of
control with the greatest expected future value (Shenhav et al.,
2013). According to EVC, control allocation concerns the selection
between control signal identities (e.g., which tasks to perform or
which cognitive processing mechanism to invoke), as well as the
specification of a control signal intensity (e.g., how much control to
allocate to a particular task). Formally, it is assumed that participants
exert the control signal that maximizes the EVC,

signal � ← argmaxi ½EVC ðsignali, stateÞ�: (1)

The EVC of any candidate control signal is contingent on the
current situation (e.g., situational variables, such as expected task
environment or internal motivational state) and determined by
summing expected values over all possible outcomes and subtract-
ing the cost associated with a given control signal intensity. As
described in Shenhav et al. (2013), the EVC of a candidate control
signal amounts to

EVC ðsignal, stateÞ =
hX

i

Pr ðoutcomeijsignal, stateÞ

· Value ðoutcomeÞ − Cost ðsignalÞ
i
, (2)

where the expected probability (Pr) of each outcome is a function of
the candidate control signal, as well as the expected state of the task
environment. The value incorporates both immediate and future
rewards associated with a given outcome. The cost may take
different functional forms but is assumed to scale monotonically
with the intensity of the control signal.2
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2 The cost may attach to other terms, such as the change in control signal
from the last time step to the current time step, reflecting a reconfiguration
cost (Musslick et al., 2015).
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While Shenhav and colleagues introduced EVC theory as an
integrative perspective of dACC function, recent simulation work
highlights virtues of the theory in explaining various behavioral
phenomena in cognitive control tasks, such as the Stroop effect or
task performance in cued and voluntary task switching (Lieder et al.,
2018; Musslick et al., 2015, 2019). Furthermore, EVC theory has
been successfully applied to inform the relationship between behav-
ioral and neural correlates of incentive evaluation (Frömer et al.,
2021) and attentional allocation (Shenhav et al., 2018). One note-
worthy contribution of EVC theory is a formal distinction between
control allocation and control implementation. The former concerns
the decision about how much control to allocate to which tasks based
onmotivational factors, such as expected task difficulty or reward; the
latter concerns the process of exerting control. This distinction leads
researchers to suggest that low performance in control-demanding
task may result from motivational factors, such as distorted expec-
tancy of certain outcomes or a low sensitivity to reward, rather than
just a limited capacity to implement control (Frömer et al., 2021;
Grahek et al., 2020; Musslick, Cohen, et al., 2018; Musslick et al.,
2019). This may help reveal the computational mechanisms underly-
ing dysfunctions of cognitive control as observed in various psychi-
atric disorders, such as depression (Grahek et al., 2019).

Supporting Evidence and Explanatory Scope

A central proposition of EVC theory pertains to the attribution of
control allocation to dACC function. Here, we refer the interested
reader to Shenhav et al. (2013) for an extensive review of neural
evidence and mechanisms and focus instead on the behavioral
phenomena in support of the computational mechanisms underlying
EVC theory (Musslick et al., 2015). The theory suggests that
individuals engage in a cost–benefit analysis to decide about the
amount and type of control to allocate. As a consequence, the theory
lends itself to explaining phenomena at the intersection of cognitive
control and motivation.
A core behavioral prediction is that the cost of allocating cogni-

tive control can be offset by reward, leading to performance
improvements on a task. Padmala and Pessoa (2011) demonstrated
the effects of incentives on performance in a picture-word Stroop
task. Their task required participants to categorize a picture (either a
house or a building) while ignoring a superimposed strings of letters
which were either congruent, incongruent, or neutral with respect to
the picture (“HOUSE,” “BLDNG,” or the neutral stimulus
“XXXXX”). Each stimulus was preceded by a cue, signaling the
participants whether their performance on the next trial could yield a
monetary reward or not. As predicted by EVC theory, the prospect
of reward improved the participants’ performance on incongruent
trials (e.g., the picture of a house superimposed by the word
“BLDNG”) relative to neutral trials (e.g., the picture of a house
covered by the letters “XXXXX”), suggesting reduced interference
from the word distractor. At the same time, incentivized trials
reduced the facilitation of a response on congruent trials (e.g.,
the picture of a house superimposed by the word “HOUSE”) relative
to neutral trials. This reward-induced reduction of both distractor
interference and facilitation aligns with a central proposition of EVC
theory, namely that reward can offset the costs of allocating control
to a task (e.g., picture-categorization), leading to a narrowing of
attention toward the task-relevant stimulus. The compensatory
effect of reward can extend to other forms of costs, such as

performance costs associated with task switching. As predicted
by the EVC model (Musslick et al., 2015), and demonstrated by
Umemoto and Holroyd (2015), participant’s ability to switch
between tasks can be improved by associating the performance
of a task with reward, yielding lower task switch costs in terms of
both reaction times and accuracy.

Incentives have also been shown to impact task choice. As stated
in the previous section, EVC theory postulates that control alloca-
tion encompasses a selection of both control signal intensity (i.e., the
amount of control allocated to a task) and control signal identity
(e.g., which control mechanism to engage or which task to perform).
The latter implies that higher incentives can drive participants to
select a task, even if the task is associated with a higher cognitive
demand compared to an alternative task. Westbrook and Braver
(2015) devised a cognitive effort discounting (COGED) paradigm in
which participants can choose, on each trial, whether they want to
perform a baseline task with low cognitive demand for a low reward
or whether they want to engage in an alternative task with a high
cognitive demand for a higher reward. The amount of reward offered
for the baseline task is adjusted trial-by-trial to identify the point of
indifference, that is, the reward at which participants are indifferent
between performing the low-demand baseline task and performing
the high-demand task. This procedure can be used to quantify, for
each participant, the subjective value of performing a task with
certain cognitive demand. A computational model of EVC theory
replicates the behavior of human participants in this task, showing
that the subjective value of a task decreases with its difficulty
(Musslick et al., 2019). However, analyses of the EVC model
show that such measures may not be ideal for characterizing
individual differences in the cost of cognitive control since measures
of performance and choice can be confounded by other information
processing factors, such as one’s efficacy of implementing cognitive
control or a person’s automaticity on a task (Grahek et al., 2020;
Musslick, Cohen, et al., 2018; Musslick et al., 2019). The analytical
insights offered by EVC theory are also helpful for illuminating
relationships between latent variables in earlier theories of effort
allocation, such as MIT.

Relationship to MIT

Before comparing predictions between EVC theory and MIT, it is
worth examining important differences in terminology. Brehm et al.
(1983) conceptualized the intensity of motivation as a function of
perceived task difficulty and success importance. In EVC theory, the
intensity of motivation can be formalized as the amount of cognitive
control allocated to a task. As in MIT, it is a function of the task’s
difficulty, as well as the needs, rewards, and outcomes associated
with exercising control.

Previous instantiations of EVC theory quantify perceived task
difficulty as the expected probability of performing accurately on a
task for a fixed amount of control (see Figure 2A; Musslick et al.,
2015; Musslick, Cohen, & Shenhav, 2018; Musslick et al., 2019). It
is worth highlighting that these instantiations apply a more narrow
definition of perceived task difficulty than the one used in MIT. In
EVC theory, perceived difficulty depends on the characteristics
of the task, as well as an individual’s experience with the task, all of
which can be summarized as the expected probability (Pr)
of responding correctly on the task. In MIT, perceived difficulty
may also depend on performance standards, that is, how many
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correct answers a participant should provide to succeed in a task.
EVC conceptualizes the latter in terms of a desired performance
outcome that is associated with a given value. For instance, if the
task demands a high performance standard (e.g., reward is only paid
if an individual’s accuracy is above 90%), then EVC assumes a high
Value(accuracy > 90%) associated with high performance out-
comes (greater than 90% accuracy) and a low Value(accuracy
≤ 90%) associated with low performance outcomes (equal or less
than 90% accuracy). As we will show below, the subjective value of
a task determines, among other variables, the maximum amount of
control that an agent would be willing to invest or, in the terminol-
ogy of MIT, its potential motivation (success importance).
According to MIT, it is the purpose of effort to facilitate instru-

mental behavior, that is, to attain a given goal. In EVC theory, this
corresponds to reaching a desired outcome (e.g., performing 90%
correctly on a task). The attractiveness of a goal is conceptualized as
a function of the amount of energy (control intensity) mobilized to
attain a goal and can thus be formalized as the expected value of
implementing the optimal control signal in a given environment,

EVC(signal*, state). Similar to MIT, EVC theory assumes that the
system conserves control (energy) by weighing the benefits of
exerting control against an intrinsic Cost(signal). Effort is not
necessarily assumed to be limited but, in effect, constrained by a
cost function. This is consistent with the resource conservation
principle which is embedded in MIT and states that people avoid
spending unnecessary or unjustified effort.3 Finally, both MIT and
EVC assume that effort and performance can be dissociated. The
latter applies to situations in which increases in effort have little
effect on performance, for example, when applying small amount of
control in difficult tasks (cf. Figure 2A).

MIT makes two crucial predictions about the relationship
between invested effort and task difficulty. First, the amount of
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Figure 2
Predictions of Expected Value of Control Theory

Note. (A) The expected probability of a correct response Pr(correct) to a task can be modeled as a logistic function of control
signal intensity. The expected difficulty of a task can be operationalized as the bias of the logistic function: the more difficult the
task, the more control is needed to yield the same probability of responding correctly (black arrow). Conversely, the same amount
of control (e.g., 0.5) yields lower accuracy on a difficult task than on an easy task. (B) Optimal control signal intensity as a
function of task difficulty. Warmer colors indicate a higher task difficulty. The dashed horizontal line plots the highest control
signal intensity allocated across all levels of task difficulty. The dashed vertical arrow marks the highest task difficulty at which
the EVC agent is willing to invest control. (C) The maximum worthwhile control intensity as a function of the subjective value
V(correct) of performing the task correctly. (D) The maximum tolerable difficulty as a function of the subjective value of
performing an alternative task (opportunity cost). EVC= expected value of control. See the online article for the color version of
this figure.

3 Note that neither EVC nor MIT provides a rationale for the resource
conservation principle. Some have suggested that a cost of control results
from computational dilemmas in neural systems (Musslick et al., 2017;
Musslick, Jang, et al., 2018; Musslick & Cohen, 2021; Zénon et al., 2019)
whereas others have suggested that such costs originate from biological
constraints (e.g., Holroyd, 2016).
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effort is assumed to scale with the difficulty of a task in a non-
monotonic fashion. That is, the amount of effort may increase with
the difficulty of a task until the task reaches a certain level of
difficulty. We refer to this drop-off point as the maximum tolerable
difficulty. If the task surpasses the maximum tolerable difficulty, the
agent may avoid allocating effort to the task. Figure 2B illustrates
that this prediction is shared by EVC theory: The amount of control
invested increases until a maximum tolerable task difficulty is
reached and drops sharply if the task becomes more difficult (see
Supplemental Material for simulation details; the code for these
simulations is available at https://github.com/musslick/MIT_EVC).
Note that the simulated EVC agent reaches its highest control signal
intensity that is worth allocating (i.e., success importance) at
maximum tolerable difficulty. Thus, MIT and EVC theory make
similar predictions about the nonmonotonic relationship between
effort investment and task difficulty.
A second crucial prediction made by MIT regards situations in

which task difficulty remains unknown (unspecified) or where it can
be determined by participants themselves (unfixed). In such cases,
MIT predicts that the amount of allocated effort corresponds to
success importance or, in EVC terminology, to the maximum
control intensity that is worth allocating across all task difficulties
(maximum worthwhile control intensity), maxtask difficultyðsignal�Þ.
However, EVC theory suggests that this may not always be the case.
EVC theory assumes that the allocated amount of control depends
on the expected state of the environment, including the expected
difficulty of the task to be performed. Even if a task is unknown to
the participant, they may have a prior about its difficulty. Thus, if the
difficulty of a task remains unspecified, the amount of control
allocated depends on a participant’s expectation of the task’s
difficulty. In such circumstances, EVC theory predicts that a person
would allocate their maximum worthwhile control intensity for a
task only if their expectation about the task’s difficulty matches the
maximum tolerable difficulty for that task.4 Otherwise, if the task
difficulty remains unspecified, an individual is predicted to allocate
the amount of control that corresponds to their expectation of task
difficulty. That is, if a person expects the task’s difficulty to be
intolerable, then they may decide to not allocate effort to the task at
all, independent of the task’s actual difficulty. A different scenario
arises if the task’s difficulty can be determined by the person itself.
Without any additional incentives (e.g., by instructing participants
to do their best), EVC theory predicts that participants would choose
to select the lowest task difficulty yielding a maximum EVC (see
Figure S1).5 However, in this situation, the amount of cognitive
control allocated to that task would still be determined by motiva-
tional factors such as the value of performing the task correctly, the
expected difficulty of the task, as well as the costs of allocating
control.
The conceptual similarities between EVC theory and MIT sug-

gest that the former can be leveraged to gain formal insights about
the latter. For instance, Figure 2C shows that the maximum worth-
while control intensity (success importance) scales with the subjec-
tive value of performing the task correctly, as already suggested by
Brehm et al. (1983). In addition, EVC theory reveals dependencies
that are not explicitly stated in MIT. For instance, the maximum
tolerable difficulty of a task is predicted to be a function of
opportunity costs: Simulated EVC agents become more likely to
disengage from the primary task if the subjective value of the next
best alternative task increases (Figure 2D). Moreover, as shown in

Figure S2A, success importance, operationalized as maximum
worthwhile control intensity, decreases with the cost of allocating
cognitive control. Overall, these results suggest that EVC theory can
be leveraged as an analytic framework for quantifying the relation-
ship between defining variables of MIT.6 Note that the EVC
framework, as stated in its original form (Shenhav et al., 2013),
should be regarded as a theoretical framework, not a model. That is,
it provides theoretical constraints for deriving models of effort
allocation building on the formulation of a cost–benefit trade-off.
For instance, different models of EVC theory (e.g., the model
depicted in Figure 2) may entail different instances of cost functions
leading to different, testable predictions. Furthermore, while EVC
theory formally describes the decision-making processes underlying
the allocation of cognitive control, it is also not constrained to a
particular neurobiological implementation of those mechanisms (but
see Shenhav et al., 2013, for a review of putative neural correlates).
In the next section, we present a biologically inspired model which
shares similarities with MIT and EVC theory and proposes a RML
mechanism for learning how much effort to allocate.

The RML Model

Formulation

Theories of effort and control allocation share one key tenet:
exerting effort is costly. Allocation of resources should be optimized
to achieve best possible positive outcomes while minimizing the
cost. Hence, the value of allocating resources equals potential
reward minus the cost. While from the cognitive point of view
this is a plausible assumption, few theories have characterized the
adaptive mechanism underlying this computation, and its neural
correlates. Optimizing effort allocation requires estimating expected
reward, the required cost attached to it, and updating such estimates
on the go based on actual experience. Silvetti and colleagues
proposed a novel framework, the RML theory (Silvetti et al.,
2018), which models this optimization process. RML is a reinforce-
ment learning agent designed to learn autonomously to optimize
effort allocation (when it is valuable to exert effort and how much).
This agent is built in a neurobiologically plausible manner. Its archi-
tecture reproduces neural systems known to play a critical role in the
emergence of adaptive resource allocation: the dACC and the ascend-
ing neuromodulatory systems (dopamine and noradrenaline).

Dopamine (released by the ventral tegmental area [VTA]) broad-
casts reward and prediction error signals to dACC (Schultz et al.,
1997). Noradrenaline (released by the LC) broadcasts, among others,
signals about how changeable the environment is to dACC (envi-
ronmental volatility, Behrens et al., 2007; Silvetti, Seurinck, &
Verguts, 2013). These teaching signals are essential to update
predictions about the world. The dACC is thought to implement
this update mechanism. Indeed, dACC is more active when we
make errors (Holroyd et al., 2004; Iannaccone et al., 2015), when
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4 This assumes that the person has accurate expectations about other
aspects of the environment (e.g., rewards associated with performing accu-
rately on the task), as well as their own control parameters (e.g., the cost of
allocating control).

5 This precludes instances in which individuals seek to exert cognitive
effort (see Inzlicht et al., 2018).

6 The interested reader may refer a computational implementation of EVC
theory for framing predictions in terms of MIT: https://github.com/musslick/
MIT_EVC.
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unexpected events occur and when outcomes are better or worse than
expected (Alexander & Brown, 2011; Jessup et al., 2010; Vassena,
Krebs, et al., 2014). Critically, dACC activity also increases when
we expect to perform difficult tasks (Vassena, Silvetti, et al., 2014),
as well as during execution of demanding tasks, and is implicated in
effort-reward trade-offs during decision-making (Klein-Flügge
et al., 2016). These findings from multiple research lines inspired
the RML theory, which implements dACC as an integrator of
predictions with brainstem teaching signals (noradrenaline and dopa-
mine). Dopamine is known to be involved in decision-making, cost–
benefit trade-offs, learning, and flexibility (Cools, 2019; Salamone
et al., 2015). Noradrenaline has been implicated in energization of
behavior (Varazzani et al., 2015), increase in neural gain (Gilzenrat
et al., 2010; Mather et al., 2016), surprise, and volatility (Preuschoff
et al., 2011; Silvetti, Seurinck, & van Bochove, et al., 2013).
The key innovation modeled in the RML is the cortico-brainstem

recursive loop (Figure 3): neuromodulatory brainstem signals train
dACC activity, which in turn can up- or downregulate brainstem
signals depending on contextual needs. This top-down regulatory
capacity implies the ability to tune reward signals also in the absence
of immediate reward (as is the case for higher order conditioning or
delay discounting, when a reward is expected but only in the future,
and the agent needs to keep pursuing a goal). Similarly, it allows
tuning the strength of the noradrenergic release for adaptive resource
allocation (aimed at energizing behavior via increase of neural gain

in task-relevant brain areas). Thus, the RML implements optimal
resource allocation along two key dimensions: selecting which are
the best actions to be performed (toward the environment) and
selecting whether it is worth boosting noradrenaline and dopamine
release to achieve the goal (modulating its internal parameters, i.e.,
meta-learning).

Supporting Evidence and Explanatory Scope

The RML model is a RML agent that simulates neural activity in
dACC and neuromodulatory nuclei (VTA, LC) and the interactions
between these areas. Importantly, it also simulates behavior deriving
from such circuit dynamics (see Silvetti et al., 2018 for implemen-
tation and mathematical details). The strength of this approach is
that RML’s architecture is inspired by previous knowledge on this
circuit (from animal and human studies), resulting in an agent whose
(simulated) neural activity and behavior can be tested against those
of actual human participants. This type of model can be considered
valid if its complex dynamics capture a wide range of neural and
behavioral effects across different tasks, species, and modalities.
In this sense, RML is not a model of effort allocation per se.
Rather, it is a model of a neurobiological adaptive learning
systems, whose functions include adaptive effort allocation. To
this end, it is important to note that RML has been successfully
validated across a series of different tasks and experimental
modalities (behavior, fMRI-BOLD activity, and single-cell re-
cordings, see Silvetti et al., 2018).

In terms of explanatory scope, RML captures adaptive control of
learning rate (i.e., how quickly we adapt our expectations when
things change in the environment), higher order conditioning (i.e.,
ability to pursue long-term reward requiring several actions to
obtain), and allocation of physical and cognitive effort (see
Silvetti et al., 2018 for a detailed description of the simulations).
Through these mechanisms, RML can learn when it is better to
change one’s decision strategy because the environment has become
more volatile, or when it is worth to pursue a long-term reward
even though immediate actions are not rewarded. Although not
directly related to MIT, these aspects clearly play a role in daily life
decisions about effort investment. Adaptive allocation of cognitive
and physical effort emerges from the bidirectional interaction
between noradrenaline, dopamine, and the dACC.

The pivotal role of mesolimbic dopamine and VTA, noradrenaline,
and dACC in effort-based decision-making is rather established
(Chong et al., 2017; Klein-Flügge et al., 2016; Salamone et al.,
2015; Vassena, Holroyd, et al., 2017; Vassena, Silvetti, et al., 2014;
Walton et al., 2009). The neurocomputational mechanisms were how-
ever less clear. The meta-learning dynamics implemented in the RML
successfully capture behavior and neural activity in healthy and
dopamine-lesioned agents. The RML is able to learn that exerting
effort can be valuable when available reward is high and boosts internal
catecholamine release to implement effortful actions. However, when
the system is impaired, due for example to a dopamine depletion, this
dynamic is disrupted. The “healthy” RML generally chooses to
perform the hard task for large reward, as animals do. When dopamine
is depleted, RML becomes more effort avoidant, engaging less in high
effort for high reward option, and refusing to engage at all in a
substantial proportion of trials, again similar to human and animal
behavior (Silvetti et al., 2018; Walton et al., 2009).
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Figure 3
The Reinforcement Meta-Learner (RML): Model Architecture and
Neurobiological Implementation (Adapted From Silvetti et al., 2018)

Note. VTA broadcasts reward and prediction signals to dACC, which in
turn can regulate dopaminergic release (red pathway). LC broadcasts learn-
ing signals about environmental volatility to dACC, which in turn can
regulate noradrenergic release to support effortful behavior (orange path-
way). dACC performs two key computations: action selection toward the
environment (dACCAct) and regulation of the system’s internal parameters
(meta-learning, dACCBoost). Both computations can be seen as decisions,
results of a cost–benefit trade-off. VTA= ventral tegmental area; LC = locus
coeruleus; dACC = dorsal anterior cingulate cortex; NE = norepinephrine
(noradrenaline). See the online article for the color version of this figure.
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These simulations of brain and behavioral activity are implemen-
ted by administering an effort-based decision-making task to the
RML. Like an animal, the RML is exposed to several trials, with
different difficulty levels. Difficulty is implemented as a function of
success rate, which corresponds to changes in the task itself
(simulating, e.g., varying difficulty levels of a calculation task or
a working memory task). RML learns that boosting catecholamine
release (i.e., mobilizing effort) increases success rate on hard trials,
yet is not useful (in fact unnecessarily costly) on easy trials. This
way, RML learns how to adaptively allocate effort when this can be
beneficial.

Relationship to MIT

To exemplify the parallel with MIT and EVC theory, here we
describe two novel simulations of two hypothetical scenarios based
on previous empirical work (Vassena, Deraeve, et al., 2017;
Vassena et al., 2019; Vassena, Silvetti, et al., 2014; the code for
these simulations is available upon request). The first is a difficult
yet feasible task, featuring four possible difficulty levels, from very
easy to very hard. The second is an unfeasible task, featuring four
possible difficulty levels, from medium to impossible. In both cases,
for each trial, the agent can earn a small or a large reward upon
successful completion of the trial. Note that these simulations were
run with the same parameter set and architecture as in our published
work (see Silvetti et al., 2018 for a detailed description of the
mathematical formalization). When confronted with these tasks,
RML learns to choose between available options based on the
estimation of expected reward and on the cost tied to the required
effort, in terms of catecholaminergic boost necessary to successfully
complete the task. This is where the meta-learning aspect is critical:
the internal boosting signal is necessary to engage in hard tasks, but
is also costly, and this cost is factored in into the net-value
computation. This net value measured in RML-dACC modules
fits with previously observed net-value signal coding in dACC
(Chong et al., 2017). For example, the net-value signal in the
RML-dACC modules is lower for a hard task compared to an
easy task when reward is high (Silvetti et al., 2018).
In practice, this means that when a task is easy, more boosting is

not necessary. When difficulty increases, more boosting is required
to successfully complete the task. This is in line with the key
assumption of MIT theory on effort mobilization rising as a function
of task difficulty. However, boosting is costly and will only be done
when the expected reward is worth it as well as sufficiently likely.
This reflects a key proposition of MIT discussed above, that the
required effort is mobilized only if it is justified by success impor-
tance. The impact of expected reward (small vs. large) is evident in
Simulation 1 (Figure 4):7 when the task is hard but leads to a large
reward, the boosting signal measured in the RML-dACC module
increases, as well as the consequent probability of engaging in the
task. However, when the reward is low, both probability to engage
and boosting signal drop. Simply put, it is not worth the effort.
Simulation 2 displays the scenario when difficulty is substantially
increased, including very hard and impossible difficult situations. In
this case, the decision is shifted from “what is worth” to “what is
possible.” When the task is hard, it is worth engaging in it (and
boosting for it). When the task is very hard, it is worth engaging in it
(and boosting for it) only if the reward is high. When the task
becomes impossible, boosting would not help at all and this leads the

agent to disengage. The inverted U-shaped profile of the RML-
dACC boosting signal clearly shows that increasing difficulty leads
to increase effort allocation up to the point when it is either not worth
it, or not possible, when boosting drops. This is fully in line with
MIT predictions when considering that the sawtooth pattern of MIT
predictions should lead to an inverted-U pattern for a group of
(simulated) participants.

The RML belongs to a class of computational neuroscience
approaches to learning and adaptive behavior, which combine
reinforcement learning models with neurobiological findings
(Silvetti et al., 2014). Although developed independently, the links
with the psychological view provided by the MIT theory are
striking. MIT originally postulates that goal attractiveness is tightly
related to the effort mobilized to obtain such goal (i.e., a reward
obtained with effort will be perceived as more pleasant). The RML
captures this prediction in two ways. First, success is generally less
likely on difficult trials, and therefore performing correctly and
obtaining a reward on such trials is unexpected from a monitoring
perspective (i.e., less likely, and thus more surprising). This results
in a positive prediction error (known to be associated with increased
dACC activity, Vassena, Silvetti, et al., 2014, 2017) and elicits
positive affect (Schouppe et al., 2015; Silvetti et al., 2011). Second,
effort mobilization in the RML is associated with top-down boosting
of both noradrenaline and dopamine. This boosting triggers
increased—internally generated—VTA activity when a reward is
obtained with effort, plausibly in line with the subjective experience
of increased pleasantness for goals obtained with effort proposed
by MIT.

Further, MIT theory substantiates the willingness to mobilize
effort in a task as the interplay between perceived difficulty and
success importance, hereby defining potential motivation as the
maximally justified effort. This mechanism nicely aligns with the
core integrative computation performed within the RML-dACC
module, where cost of exerting effort is traded off against the
expected reward. This computation naturally reproduces the non-
monotonic relationship between perceived difficulty and task
engagement (see Figure 4). Interestingly, perceived difficulty is
not directly implemented in the RML. The model behaves like an
animal exploring its environment. In a given experimental task,
RML will learn task difficulty by trying out the task, experiencing
the outcome (a reward receipt or not), succeeding and failing, thus
learning when exerting effort is beneficial, and when it is worthless.
This is a trial-and-error optimization procedure that determines
subsequent decisions. For example, when a reward is too small,
obtained with a large effort, next time in the same conditions RML
will refuse to engage. Similarly, if the probability of success is too
small (as previously learned), effort will not be mobilized (Figure 4D).

While the RML framework provides a neurobiological and
functional architecture for adaptive behavior more generally, the
part implementing effort optimization is compatible with the cogni-
tive machinery proposed by the EVC theory. dACC units in the
RML integrate reward and cost information, to determine which
actions are worth pursuing. Expected reward is factored in this
calculation, predicting increased likelihood of exerting effort when
attainable reward is large, in line with key tenet of MIT that effort
allocation depends on success importance (potential motivation). In
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7 Code is available upon request.
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this integration process, the meta-learning aspect—implemented
through cortico-brainstem loops—is critical: the “value” as well
as the “cost” of each behavior is calculated through a learning
process. This implies that when difficulty is unspecified, the amount
of effort exerted will solely depend on the reward at stake, also in
line with MIT. Through learning, however, this can be updated,
depending on actual rewards obtained from the environment. In
terms of model predictions, RML-dACC activity profile resembles
an inverted-U: predicted activity increases as a function of expected
effort (because of the necessary boost) but only when it is worth it
(when the available reward is large enough, see Figure 4).

From a physiological point of view, effort allocation in the RML
is implemented as a top-down increase in catecholaminergic release,
and particularly noradrenaline, which implies sympathetic activa-
tion. Effort as defined by MIT is most often operationalized as
cardiovascular reactivity, also a measure of sympathetic activation.
Hence, dACC-driven meta-control of catecholamine release is a
plausible neural mechanism for determining the amount of effort
given perceived task difficulty and/or success importance and
triggering the physiological changes necessary to implement such
effort, of which increased cardiovascular reactivity is the peripheral
read out (Silvestrini, 2017). Converging evidence comes from a
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Figure 4
Simulations From the Reinforcement Meta-Learner (RML) Model

Note. RML behavior (left panels) and boosting signal in dACC (right panel) in an effort-based decision-
making task in two possible scenarios: when the task is hard but feasible (upper row, Simulation 1), and when
the task becomes impossible (lower row, Simulation 2). The error bars indicate the standard error of the mean
of 23 simulated participants. In each scenario, a small (orange) and large (black) reward condition are
represented. The dashed lines indicate potential motivation in MIT terms, that is, the maximally justified
effort, which depends here on reward (again orange and black). RML= reinforcement meta-learner; dACC=
dorsal anterior cingulate cortex; MIT = motivational intensity theory. See the online article for the color
version of this figure.
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recent study showing that pupil dilation, considered a peripheral
read out of sympathetic activation driven by noradrenaline release,
also follows a similar U-shaped pattern (increasing as a function of
difficulty), yet decreasing when the task becomes impossible
(Granholm et al., 2017; see also da Silva Castanheira et al., 2021).
Overall, the cortico-subcortical dynamics implemented in the

RML capture control of learning rate, higher order conditioning,
and adaptive effort allocation with the same neurocomputational
machinery and same parameter set (see Silvetti et al., 2018 for
extensive explanation of the mathematical modeling). Thus, the key
strengths of the RML framework are the neurobiological plausibility
of its architecture, the explanatory scope, the adaptive learning
aspect, and the fact that it captures neuromodulatory dynamics
(Silvetti et al., 2019).

The NMAE

Formulation

The NMAE put forth by Sarter et al. (2006) emphasizes inter-
actions between cholinergic forebrain, dopaminergic midbrain, and
prefrontal cortex (PFC) in the implementation of effort. The NMAE
posits that effort is elevated in response to the perception of
cognitive challenge and/or performance decrements (Sarter et al.,
2006). This perception of cognitive challenge may be due to external
factors such as the presentation of a distractor, evidence of perfor-
mance decrements via feedback, or internal factors such as fatigue.
Here, increases in attentional effort are defined as the motivated

activation of attentional systems to strengthen task-set representa-
tions in the face of perceived challenge (e.g., Sarter et al., 2006).
Error detection and reward loss monitored by PFC activate atten-
tional systems through a two-step process (Figure 5). First, dACC
increases activity within the mesolimbic dopaminergic system (St.
Peters et al., 2011). Second, mesolimbic projections to the basal
forebrain modulate cholinergic projections to PFC and posterior
sensory regions (see Sarter et al., 2016, for recent review) that
directly support the maintenance of optimal performance via modi-
fication of receptive field properties, distractor suppression, signal
detection, enhancement of task representations, etc.

The NMAE framework does not explicitly provide a computa-
tional account of the decision process leading to the activation of
the dopaminergic system (though see Sarter et al., 2014, for
discussion of a role of PFC acetylcholine in reducing opportunity
cost). However, similar to EVC, it suggests a monitoring mecha-
nism based on the expected state of the environment, influencing
the amount of attentional effort allocated. Furthermore, in contrast
to RML, NMAE is agnostic to cost thresholds or parameters
contributing to a “decision” to activate the dopaminergic system.
NMAE’s focus is on the neural mechanisms central to the sus-
tained implementation of effort, which it specifies as involving
cholinergic inputs to PFC (as opposed to noradrenergic as specified
by RML). However, the RML and NMAE are not mutually
exclusive, as the noradrenaline-producing LC projects directly
to the acetylcholine-producing basal forebrain (Samuels &
Szabadi, 2008). Thus, noradrenergic and cholinergic contributions
may occur in parallel or interactively. Future research on the
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Figure 5
Neuronal Model of Attentional Effort Highlights a Role of Acetylcholine in Effort

Note. (A) Motivated increases in attentional effort are mediated by dopamine-acetylcholine interactions. In response to performance
decrements, dorsal anterior cingulate cortex (dACC) increases the firing of VTA dopaminergic inputs to basal forebrain. Dopaminergic
modulation of basal forebrain increases activity of cholinergic inputs to frontoparietal attentional control regions to stabilize performance. fMRI
activation in mid-dorsal/dorsolateral PFC tracks increases in attentional effort. (B) Human fMRI studies show empirical support for U-shaped
patterns of brain activity in response to increasing task difficulty. Frontoparietal regions demonstrating consistent quadratic effects include
bilateral inferior frontal gyrus and middle frontal gyrus (IFG/MFG), frontal eye fields (FEF), and inferior parietal lobule (Callicott et al., 1999;
Linden et al., 2003; Van Snellenberg et al., 2015). dACC = dorsal anterior cingulate cortex; VTA = ventral tegmental area; PFC = prefrontal
cortex; fMRI = functional magnetic resonance imaging. See the online article for the color version of this figure.
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NMAE incorporating monitoring of noradrenergic activity is
warranted.

Supporting Evidence and Explanatory Scope

The neuromodulator acetylcholine has been implicated in models
of attention since early studies demonstrating modest attention
enhancing effects of nicotine, which acts on nicotinic acetylcholine
receptors (nAChR; for review, see Demeter & Sarter, 2013; Heishman
et al., 1994; Sarter et al., 2009). Building on precisely targeted
pharmacological effects on alpha4beta2* nAChR, lesion studies
and in vivo measurement of cholinergic activity have firmly estab-
lished the importance and necessity of the cholinergic input system for
attention (e.g., Deco & Thiele, 2009; Giocomo & Hasselmo, 2007;
Hasselmo & Sarter, 2011; McGaughy et al., 1996; Muir et al., 1994;
Robbins et al., 1989; Sarter & Parikh, 2005).
This neuronal model was developed based on a body of atten-

tional control research in rodent models which demonstrated a
critical role of cholinergic inputs to right medial PFC for attentional
performance using the Sustained Attention Task distraction condi-
tion (dSAT; Sarter & Lustig, 2020). The dSAT was adapted for use
in humans, and a series of functional magnetic resonance imaging
(fMRI) studies have indicated a specific role of right mid-dorsal/
dorsolateral PFC (rPFC, along the right middle/inferior frontal
gyrus) approximating Brodmann area nine in attentional perfor-
mance in humans (Berry et al., 2017; Demeter et al., 2011) that is
sensitive to cholinergic manipulation (Berry et al., 2015). Increases
in task difficulty (via introduction of a visual distractor) increase
rPFC activation and acetylcholine release, which is interpreted to
reflect attentional effort in the face of performance decrement.
Critically, increases in rPFC measures of effort are predicted by
dACC responses to performance decrements (Berry et al., 2017).
These findings are consistent with modeling work demonstrating
that pairing a conflict signal (ACC signal) with adjustments in the
allocation of attention (PFC signal) can accurately simulate trial-
based adjustments during attentional challenge (Botvinick et al.,
1999, 2001; Logan et al., 1983; Tzelgov et al., 1992).
While increases in effort are reflected in recruitment of rPFC and

increased levels of rPFC cholinergic activity (Sarter & Lustig,
2020), recruitment of these systems is often not sufficient to
successfully rescue performance. Instead, elevated rPFC cholinergic
activity appears to be more predictive of attempts to maintain or
recover performance following challenges (Berry et al., 2017;
Demeter et al., 2011; Paolone et al., 2012; see also Gritton et al.,
2013). These findings join others that have observed activation-
demand functions that fit an “inverted U” (Callicott et al., 1999;
Reuter-Lorenz & Cappell, 2008; Van Snellenberg et al., 2015). As
task difficulty increases, there is an increase in activation to a point,
after which there is a drop in activation and performance. As
depicted in Figure 5B, inverted U-shaped responses have been
reported in mid-dorsal/dorsolateral PFC regions similar to those
identified in studies using dSAT (Callicott et al., 1999; Reuter-
Lorenz & Cappell, 2008; Van Snellenberg et al., 2015). Addition-
ally, inverted U-shaped responses are reported in posterior parietal
and premotor cortices (Callicott et al., 1999; Van Snellenberg et al.,
2015), thalamus and striatum (Callicott et al., 1999). Cortical
regions typically showing inverted U-shaped responses are dis-
played in Figure 5B. The convergence of the theoretical prediction
and empirical evidence is notable and supports the conceptualization

of rPFC as an effort tracking region integrating dACC-midbrain’s
motivated demand signals.

Relationship to MIT

The NMAE was developed through empirical research in rodent
models and humans but shares important features in common with
MIT. For both models, effort scales with perceived task difficulty,
which permits difficulty to vary across individuals. Additionally, the
patterns of activity of the cholinergic system closely resemble
“energization” mechanisms described by Brehm. Brehm conceptu-
alized energization as the “processes by which an organism prepares
to undertake an effortful task” (Brehm et al., 1983, p. 22). Empirical
studies using the dSAT have demonstrated pretask anticipatory
increases in acetylcholine release in rodents. The ramping of
cholinergic activity in anticipation of impending cognitive demand
is associated with better performance (Paolone et al., 2012; Parikh
et al., 2007). Preparatory increases in prefrontal acetylcholine may
reflect a neurobiological mechanism of energization and further
align patterns of acetylcholine activity with the MIT theoretical
framework.

NMAE suggests activation-demand functions fit an “inverted-U,”
which is consistent with nonmonotonic responses predicted by MIT
where effort is not justified by task importance, and people disen-
gage. Patterns of rodent performance in the dSAT suggest a total loss
of motivation following extended elevation of task difficulty, which
are so abrupt they resemble a sawtooth rather than inverted-U
trajectory. Indeed, task disengagement persists with suppressed
performance levels that endure even when task difficulty returns
to baseline (Demeter et al., 2008). Additional research in humans is
needed to determine whether inverted-U patterns of brain activation
reflect loss of motivation, abandoning the current task set to explore
alternatives, or some combination of cognitive-motivational pro-
cesses (Lustig & Sarter, 2015). Testing aging or clinical populations
may be critical for establishing to what extent the drop-off point
shifts with reductions in neural capacity and is affected by subjective
experiences (e.g., Brinkmann & Gendolla, 2007, 2008; Smith &
Hess, 2015). Future human studies may resolve these questions by
pairing effortful tasks with experience sampling to directly link
reductions in task performance with self-reported loss of motivation
and disengagement.

General Discussion

The goal of this review was to critically compare influential
theories of effort and cognitive control allocation, independently
developed to explain psychological, computational, and neurobio-
logical aspects. Specifically, we aimed to contrast the predictions
and findings of MIT, a psychological theory proposed decades ago,
with those of recent computational and neurobiological models of
cognitive control and effort, to determine overlap, divergence, and
potential for integration.

Before comparing predictions and mechanisms proposed by these
theories, it is crucial to confirm that their main dependent variable is
close to the concept of motivational intensity and effort as defined by
MIT (Brehm & Self, 1989; Gendolla & Wright, 2009). The EVC
theory aims to predict, among others, the amount of cognitive
control allocated to a task, which clearly corresponds to the intensity
aspect of behavior and the amount of mobilized resources suggested
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in MIT framework. The RML is concerned, among others, with the
optimal allocation of cognitive and physical effort, which therefore
perfectly aligns with the explananda of MIT. Finally, NMAE
considers effort as the sustained motivated activation of attentional
systems, which also corresponds to the idea of resource mobilization
and the intensity aspect of behavior. Therefore, altogether, these
theories aim to predict a construct that is explicitly or closely
associated with the concept of effort as defined in MIT, that is,
the mobilization of resources to carry out instrumental behavior
(Gendolla & Wright, 2009; see also Massin, 2017).
However, it is of note here that whereas MIT and RML apply to

both cognitive and physical effort, previous instantiations of EVC
and NMAE primarily focused on cognitive effort (although they can
in principle be applied to predict physical effort). Moreover, it
appears that these models use different operationalization of effort to
test their predictions. MIT predictions were mainly tested using
cardiovascular measures of effort during cognitive tasks (see
Gendolla & Wright, 2005; Gendolla, Wright, et al., 2012;
Richter et al., 2016;Wright &Kirby, 2001, for reviews). In contrast,
EVC theory draws on computational simulations to predict the
intensity of cognitive control, which may explain various behavioral
phenomena in cognitive control tasks, such as the Stroop effect or
task performance in cued and voluntary task switching (Lieder et al.,
2018; Musslick et al., 2015), as well as the relationship between
behavioral and neural correlates of incentive evaluation (using EEG;
Frömer et al., 2021) and attentional allocation (using fMRI;
Shenhav et al., 2018). The RML framework draws on a more
mechanistic account of the neural circuitry underlying effortful
behavior to predict both effort-related behavior (decisions and
performance) and effort-related neural activity (fMRI-BOLD and
EEG activity in humans; single-cell recordings, pharmacological
depletion, and lesion studies in animals). Finally, the NMAE draws
on fMRI-BOLD (in humans) and measures of cholinergic activity
(in animals) to test its predictions. This indicates a striking degree of
coherence and interaction among these models, which inform
different levels of processes underlying effort allocation. Table 1
provides an overview of the theories and their correspondence
regarding effort.
The process of effort allocation is often described as driven by a

cost–benefit analysis, weighing potential payoffs against expected
costs (e.g., Croxson et al., 2009; Shenhav et al., 2013, 2017). The
theories presented in this review suggest slightly different concep-
tualizations of such costs and benefits, though NMAE does not
explicitly address costs of effort allocation, nor the effect of
incentives. In MIT and RML, the correspondence is rather straight-
forward. MIT suggests that the required effort reflects the costs, and
success importance, the benefits. When the required effort exceeds
success importance (the maximally justified effort), individuals
should disengage because the costs exceed the benefits. Similarly,
the RML framework considers dACC activity as the results of a
cost–benefit trade-off. Hereby, effort is costly as it requires a
catecholamine boost. This is traded-off against the reward at stake
(i.e., the potential benefits), and the results of this integrative
computation determine whether it is worth engaging in the task
at hand. This mechanism leads to similar predictions as MIT.
Similarly, in EVC theory, benefits are quantified in terms of
outcomes associated with allocating cognitive control and the
costs are quantified as a function of the amount of control
allocated. We previously established a correspondence between
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success importance in MIT and the maximum amount of justified
control in EVC theory. Beyond these slight distinctions and
various operationalizations of effort, the next section will describe
how far the predictions of these models align with those of MIT
regarding effort allocation.

Predictions for Fixed and Known Task Difficulty

The first core prediction of MIT is the nonmonotonic relationship
between perceived task difficulty and effort (Brehm & Self, 1989;
Richter et al., 2016; Wright, 1996). Accordingly, effort is a function
of perceived task difficulty as long as success is possible and the
required effort is justified by success importance. When the required
effort exceeds the level of effort justified by success importance or
when the task is perceived as impossible, low effort is predicted (see
Figure 1). The expected pattern of effort associated with this
prediction is strikingly visible in all discussed models.
As visible in the simulation depicted in Figure 2B, the EVC

theory predicts that the amount of control invested increases with
expected task difficulty until a maximum tolerable task difficulty is
reached and drops sharply if the task becomes more difficult. The
maximum worthwhile control intensity (i.e., success importance)
determines the maximum tolerable difficulty in a similar fashion as
MIT. Thus, MIT and EVC theory make similar predictions about the
nonmonotonic relationship between effort investment and task
difficulty. According to the RML and as visible in the two simula-
tions depicted in Figure 4, the inverted U-shaped profile of the
RML-dACC boosting signal clearly shows that increasing difficulty
leads to increase effort allocation up to the point when it is either not
worth it or, not possible, when boosting drops. These predictions of
the RML are fully in line with those of MIT when considering that
the sawtooth pattern ofMIT predictions should lead to an inverted-U
pattern for a group of individuals (or simulated participants).
Finally, the NMAE predicts that effort scales with perceived
difficulty until a drop-off point reflecting disengagement. These
predictions are reflected in inverted U-shaped responses in effort-
related brain areas such as the rPFC, similar to that of RML. Overall,
these predictions and findings are in line with the MIT framework.
Altogether, this review indicates that the effort pattern predicted

by MIT for fixed and known difficulty is visible in the predictions
and supporting simulations or evidence related to the three recent
models. It is remarkable to observe that the predictions formulated in
MIT decades ago correspond to those of recent models, which
indicates that MIT remains a reliable tool to predict effort when task
difficulty is fixed and known. This also suggests that MIT predic-
tions apply to various levels of effort mobilization, such as the
amount of cognitive control and effort-related brain activity. Finally,
this allows establishing connections between the theories presented
in this review, developed independently and with scarce attempts at
integration so far.

Predictions for Unspecified Task Difficulty

In situations where individuals do not know the difficulty of a task
or where they can choose the difficulty of the task, MIT predicts, in
line with the resource conservation principle, that individuals will
engage effort in proportion to potential motivation, that is, the
amount of effort that is justified by success importance. That is,
success importance directly determines effort if task difficulty is

unspecified, as the allocated amount of effort matches the maximally
justified effort. This prediction is clearly similar within the RML
framework, which implies that when difficulty is unknown, the
amount of effort exerted will solely depend on the reward at stake.
The NMAE does not explicitly mention this issue. In contrast, the
EVC theory postulates that this is only the case if certain conditions
are met, namely if the expected difficulty of a task matches the
maximum tolerable difficulty for which an agent would be willing
allocate cognitive control. This offers interesting perspectives for
future studies to establish how far priors about task difficulty may
impact effort even when task difficulty is unspecified. This issue
points to the idea that in some cases, task difficulty may not be
completely clear and known or completely unspecified but rather
anticipated as falling in some intermediate range without knowing
exactly where it will fall in that range. In turn, the degree of
perceived uncertainty about task difficulty may strongly impact
the computation of the effort worth allocating, as suggested in both
EVC and RML frameworks. Noteworthy, empirical evidence did
show support for a direct impact of success importance on effort
when task difficulty is unspecified, as predicted by MIT (e.g.,
Richter & Gendolla, 2006). In light of EVC theory, these findings
suggest that participants expected the task to be difficult enough to
justify a maximum allocation of control.

Cognitive and Neurobiological Correlates of Effort

Mounting evidence suggests that the dACC plays a central role in
the allocation of effort (Behrens et al., 2007; Botvinick et al., 2001,
2004; Chong et al., 2017; Gehring & Knight, 2000; Holroyd &
McClure, 2015; Klein-Flügge et al., 2016; Kolling et al., 2012; Luu
et al., 2000; Shenhav et al., 2016; Silvetti et al., 2018; Vassena,
Holroyd, et al., 2017), including effort-related cardiovascular reac-
tivity (Critchley et al., 2003; Silvestrini, 2017). However, the
underlying mechanisms remain highly debated. This review aimed
to go a step further in determining cognitive and neural correlates of
effort by comparing the predictions and mechanisms of recent
neurocomputational and neuronal models. This comparison re-
vealed a coherent multilevel description of adaptive effort alloca-
tion, capturing cognitive, neurobiological, and physiological
processes.

Whereas MIT is concerned with the broad motivational determi-
nants of effort, the EVC theory formally describes the decision-
making processes underlying the allocation of cognitive control
(Shenhav et al., 2013, 2017). In this context, the EVC theory
provides explanations regarding the fine-grained cognitive pro-
cesses beyond the broad constructs of perceived task difficulty
and success importance, and their interaction. As presented in
Figure 2, this model allows to simulate and precisely predict
how much cognitive control an agent will exert depending on the
value of performing correctly, the expected probability of succeed-
ing, as well as the costs associated with allocating control to that
task. Shenhav and colleagues introduced EVC theory as an integra-
tive perspective of dACC function (based on extensive review of
previous work, Shenhav et al., 2013). However, the theory is not
constrained to a particular neurobiological implementation of those
mechanisms.

Similarly, the RML theory was developed around the key princi-
ple that costs and benefits are integrated, and that this computation is
carried out by the dACC. RML proposes a neurocomputational
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mechanisms computing this trade-off (meta-learning), as well as a
candidate neurobiological mechanism (dACC—brainstem interac-
tion). This implementation is compatible with the cognitive mecha-
nism proposed by the EVC theory and the psychological mechanism
described by MIT. The RML implements dACC as an integrator of
predictions with brainstem teaching signals from the VTA (dopa-
mine) and the LC (noradrenaline). Importantly, noradrenergic
release implies activation of the sympathetic nervous system, which
triggers changes in cardiovascular reactivity. Therefore, RML offers
additional support to the view that the dACC integrates information
about costs and benefits to determine effort allocation and associated
cardiovascular reactivity (Silvestrini, 2017). This allows establish-
ing a strong link between effort allocation processes in the brain and
cardiovascular reactivity as measure in the context of MIT. Further-
more, the RML provides the implementation of a neural system that
can simulate dACC-VTA-LC interaction, as well as subsequent
predicted behavior, allowing simulations of neural lesion or cate-
cholaminergic depletion. This implies the possibility of testing
predictions (including those aligned with MIT) in conditions relat-
able to neurological or psychiatric disorders (Caligiore et al., 2020;
Silvetti et al., 2019).
Finally, the NMAE contributes an account of the neural

mechanisms underlying the maintenance of attentional effort.
In this framework, acetylcholine activity in lateral PFC tracks
effort and is stimulated by pathways involving dACC-VTA-basal
forebrain-lateral PFC. It is worth noting that this activation/
energization of the cholinergic system may also occur through
noradrenergic inputs to basal forebrain, offering a point of
harmonization of RML and NMAE models. While activation
within these lateral PFC regions tracks attentional effort, activa-
tion is not systematically associated with increased performance,
which is in line with the distinction between effort and perfor-
mance proposed in the introduction and assumed by MIT frame-
work. In contrast, the maintenance of optimal performance seems
rather associated with more posterior parietal sensory areas via
cholinergic mechanisms on receptive field properties, synchro-
nized firing, enhancement of thalamic inputs, suppression of
associational inputs, and other mechanisms designed to amplify
and specify input processing (Sarter et al., 2006). These findings
are in line as well with the distinction between control allocation
and control implementation as proposed in the EVC framework.
Accordingly, the dACC is responsible for determining the
amount of control, whereas lateral prefrontal areas are associated
with the exertion of control, for instance to maintain task sets
(e.g., Kerns et al., 2004; MacDonald et al., 2000; Shenhav et al.,
2013, 2017).
Altogether, this review indicates that the discussed models refer

to different aspects of effort and actually inform different levels of
adaptive resource allocation, including cognitive, neurobiological,
and physiological processes, highlighting connections between
these different levels. However, these models also have in common
the prediction that computation about costs and benefits is imple-
mented within dACC, which determines in turn the amount of
resources to allocate. Crucially, these theories propose similar
predictions for fixed and known task difficulty and partly similar
predictions for unspecified task difficulty. Beyond these common
predictions, we summarize in the next section some of the distinc-
tions and strengths of each theory.

Specificity and Strengths of the Theories

One may consider that the greatest strength of MIT is its
parsimony (e.g., Epstein, 1984; Nolan, 1997). Drawing on two
basic and broad motivational determinants, MIT allows predicting
effort as supported by more than a hundred studies (see Gendolla &
Wright, 2005; Gendolla, Wright, et al., 2012; Richter et al., 2016;
Wright & Kirby, 2001, for reviews), and in line with recent
neurocomputational and neuronal models as revealed by the present
review (Sarter et al., 2006; Shenhav et al., 2013; Silvetti et al.,
2018). Moreover, this theoretical framework allows the integration
of any other variable that impacts task difficulty and/or success
importance, such as ability beliefs (see Wright, 1998), experienced
fatigue (see Wright & Stewart, 2012), mood states (see Gendolla,
Wright, et al., 2012), or pain (Cancela & Silvestrini, 2021). This
substantially enlarges the scope and applicability of the initial
instantiation of MIT. Based on MIT and previous work, it is
relatively straightforward to build clear and precise predictions
on effort. The graphical representation of the predictions allows
determining the amount of effort expected depending on task
difficulty and success importance, and their interactions with third
variables, such as ability beliefs or mood states. Finally, the
numerous evidence based on cardiovascular measures and support-
ing MIT predictions allowed establishing cardiovascular reactivity
as a valid indicator of effort.

The EVC theory builds on a computational approach to derive
quantitative and formally rigorous predictions on effort allocation.
This model integrates a wide range of empirical findings related to
effort allocation by exposing a dissociation between one’s willing-
ness to exert cognitive control, as determined by motivational
factors (e.g., a person’s sensitivity to reward or expectations about
task difficulty), and one’s capacity for cognitive control, as deter-
mined by intrinsic limitations (Lieder et al., 2018; Musslick, Cohen,
et al., 2018; Musslick et al., 2015, 2019). For example, the model
can offer novel perspectives on how positive or negative affect
influences one’s motivation to exert cognitive effort (Grahek et al.,
2020), suggesting that affect can alter the perception of rewarding
outcomes. It has also influenced the understanding of cognitive
impairments in psychiatric disorders, adding the possibility that
deficits in task performance stem from changes in the decision-
making process about effort allocation (Grahek et al., 2019).
Finally, as demonstrated above, the EVC theory can be leveraged
to quantify the relationship between the different variables consid-
ered in MIT. For instance, whereas MIT considers perceived
difficulty as a broad concept, EVC offers more precise prediction
about the impact of the characteristics of the task versus perfor-
mance standards. Overall, the EVC theory provides fine-grained
computational mechanisms underlying motivated cognitive control
as well as potential dysfunctions of cognitive control.

The RML theory builds on a quantitative and formally rigorous
computational approach as well. While both EVC and RML theory
are conceived as theories of dACC function, RML is designed to
explain adaptive behaviors relying on the interaction between
dACC-brainstem circuits, offering a more mechanistic account of
associated neural dynamics and explaining learning dynamics
beyond effort allocation. Its broader explanatory scope includes
other effects observed in this network (e.g., volatility and control of
learning rate, higher order conditioning). Concerning effort alloca-
tion, RML highlights critical role of recursive loops between the
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dACC and the brainstem, explaining the contribution of dopamine
and noradrenaline release (known to be central in the context of
reward processing and energization of behavior, respectively).
Furthermore, it captures the mechanism by which effort allocation
is implemented in terms of energization of behavior, via noradrena-
line release toward task-relevant areas. Known to have an impact on
pupil dilation, such increase may well correlate with cardiovascular
measures known to track effort investment according to MIT.
Finally, the RML theory builds on a central tenet that effort
allocation derives from adaptive learning and provides a computa-
tional characterization thereof. This offers perspectives on how
individuals shape their effort-related decision processes according
to their experience and on interindividual differences in effort
allocation, with critical implications for treatment of clinical dis-
orders with motivational impairments. The simulated neural
machinery allows making neural and behavioral predictions of
consequences of catecholaminergic alterations, a promising tool
for estimating underlying neuromodulatory deficits in neuropsychi-
atric disorder without invasive measurements.
The NMAE highlights the role of prefrontal cholinergic activity in

effortful processes. Moreover, it provides a clear dissociation
between regions associated with attentional effort and performance.
Especially, it offers insight into the neural processes associated with
the allocation of effort and the execution of action through increased
efficiency in sensory areas. Finally, the theory applies to a large
spectrum from rodent models to psychopathology.
All of the presented theories are challenged by effort allocation

patterns violating the predicted inverted-U pattern of effort invest-
ment as a function of perceived task difficulty and subjective value.
The empirical finding of a monotonic relationship or regular U-
shaped pattern between effort and task difficulty, ranging from easy
levels of difficulty to levels at which the task becomes impossible to
perform, would be considered counterevidence to prior instantia-
tions of all presented models. Furthermore, MIT, EVC, and RML
theories suggest that when task difficulty is unspecified an increase
in the subjective value of a task should lead to (a) a higher likelihood
of choosing to perform this task (EVC and RML) and (b) a higher
amount of effort allocated to the task (MIT, EVC, and RML). This
predicted monotonicity of the relationship between subjective value
and effort has been treated more formally in economic theories of
rational inattention (e.g., Caplin et al., 2020; Caplin & Dean, 2015)
and provides the basis for the reliable estimation of effort costs from
human performance (Caplin et al., 2020; Musslick, Cohen, et al.,
2018). Evidence that participants showed less effort allocation in
response to greater rewards, all else being equal, would appeal to
further mechanisms. Aberrances from optimal behavior, as pre-
dicted by these theories, may also further our understanding of
disorders with motivational impairments (Grahek et al., 2019).

Notable Conceptual Differences Between
Recent Theories

While the primary purpose of this article is to integrate recent
neurocomputational models of effort allocation withMIT, it is worth
highlighting differences between the three models that we con-
trasted with MIT. The first difference pertains to the translation of
effort into performance. All models assume a gradual variation of
the effort signal, whether it be in terms of control signal intensity
(EVC), boosting (RML), or attentional effort signal (NMAE).

Furthermore, all models assume a continuous effect of those signals
on task performance. However, in contrast to NMAE, both RML
and EVC have been used to implement the impact of effort alloca-
tion on behavior: both implement behavior in that they translate their
signals into a decision (e.g., engage, do not engage, choose Option
A) or into the selection of the correct result in a performance task.
Instances of EVC theory simulate both action selection (e.g., task
choice) and task performance (e.g., reaction time), by first comput-
ing the optimal effort signals (based on a control allocation module)
and then linking these signals to the parameters of a process module
(e.g., the drift diffusion model; Ratcliff, 1978). To compute the
optimal control signal, the control allocation module may rely on
knowledge about the environment, as well as internal representa-
tions of how control signals translate into performance. RML
performs similar computations to EVC and can be connected to
an external process module (e.g., a drift diffusion model). In
contrast, RML also has an in-built action selection module. Thus,
RML simulates behavior (and the effect of effort on it) via the
boosting signal. However, unlike the control signal in EVC, the
boosting signal modulates both action selection and motivation (the
reward signal) to find the optimal policy.

Another difference between the RML and EVC models pertains
to the computation of costs associated with effort exertion. Both
models assume that the cost of effort scales with the amount of effort
exerted. However, EVC and RML approach the stability–flexibility
trade-off in selecting the optimal control signal in a different way.
Instances of EVC theory have assumed that the effort cost scales
with the change in the effort signal, resulting in a task reconfigura-
tion cost (Musslick et al., 2015). In contrast, within RML, effort cost
is purely a function of boosting (irrespective of whether the selected
boosting level is the same or different from the previous trial). This
leads to model-specific predictions: EVC assumes that a change in
control signal is generally associated with a cost, promoting stability
over implemented control signals; conversely, RML reacts to task
volatility, with changing boosting signal being less likely during
stationary periods and more likely during volatile periods (due to the
adaptive learning rate).

Moreover, in both RML and EVC models, a greater effort signal
allocated to the relevant task will generally result in better perfor-
mance. Despite these similarities between EVC and RML in contrast
to NMAE, all three models differ in terms of what is being learned
from experience. EVC theory, as originally stated in Shenhav et al.
(2013), suggests that the system may learn components (e.g.,
expectations of task difficulty or prospective rewards) that factor
into the computation of the EVC. These learning processes may
factor into trial-by-trial changes in control allocation and con-
comitant adjustments in behavior (Musslick et al., 2015, 2019;
Bustamante et al., 2021). An extension of the EVC model
proposes a mechanism for learning the value of effort directly
from reinforcement, using Bayesian linear regression (Lieder et al.,
2018; Bustamante et al., 2021). RML also learns the value of
allocating effort directly from reinforcement (i.e., when receiving
a reward following successful performance, Silvetti et al., 2018)
and adaptively adjusts its (internal and behavioral) parameters in a
trial-by-trial fashion. However, unlike the model proposed by
Lieder et al. (2018), RML also implements the optimization of
learning rates (leveraging Bayesian optimization), so to perform
well in volatile environments (with changing reward contingen-
cies). As a consequence, RML tracks well task volatility, adapting
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effort exertion dynamically. In contrast, while it is plausible to
assume that factors determining attentional adjustment in NMAE
(e.g., the expectation of a cognitive challenge) may be learned from
experience as well, no implementation for such dynamics is pro-
posed by NMAE.
Both EVC and RML differentiate themselves further fromNMAE

in that they provide a computational characterization of the rela-
tionship between expected reward and effort. That is, NMAE
focuses on the neural mechanisms underlying effort mobilization
under the assumption that participants see value in performing the
task, without considering the influence of extrinsic rewards. RML
further proposes that the boosting signal modulates not only effort
exerted but also motivation in terms of reward signal (and related
dopaminergic output). In relation to this, EVC theory focuses on
explaining the computational and behavioral mechanisms of control
allocation without constraining itself to a specific neural implemen-
tation. RML is built as a neurobiologically plausible computational
agent, thus proposing a computational mechanism and an underly-
ing neural implementation at the circuit level (although not con-
strained to it). NMAE proposes a neural implementation, without a
specific computational implementation.
These differences between the three theories derive, in part, from

their explanatory scope. EVC theory considered a general frame-
work that has focused on explaining behavioral phenomena at the
intersection of motivation and cognitive control, as well as on
providing an integrative account of dACC function in terms of
expected value computation. In contrast, NMAE was designed as a
model of the neural machinery underlying attentional effort specifi-
cally (without references to value computation). RML was con-
ceived as a general mechanistic quantitative model of adaptive
reinforcement learning and motivation (beyond effort allocation
alone), with a key role for meta-learning in reward-contingency
coding, volatility tracking, and effortful action.

Open Questions and Future Perspectives

It remains an open question whether the relationship between
subjective task difficulty and effort, at least until the drop-off point,
is strictly linear as suggested by MIT. In the EVC theory, the ascend
appears to be almost linear but is plausibly not exactly linear and
slightly concave. This may depend on the assumptions about the
cost function (exponential vs. linear), as well as the performance
metric being optimized as a function of control (e.g., accuracy vs.
reward rate). The RML theory and the NMAE rather suggest an
inverted U shape, which corresponds to the idea that individuals
should vary in terms of perceived difficulty and drop-off point, as
presented in the introduction. Here, the principle of parsimony may
lead to the conclusion that the linear trend represents the simplest
and most efficient way to describe this relationship at the individual
level, whereas, in practical, averaged data of individuals rather
reveal a curvilinear pattern.
Interestingly, several lines of research show that the dACC (or the

closely related anterior mid-cingulate cortex [aMCC]) is associated
not only with effort and cognitive control but also with phenomena
such as negative affect and pain (e.g., Rainville et al., 1997;
Shackman et al., 2011; Wager et al., 2016). This potentially reveals
control processes that are common to these domains (Shackman
et al., 2011) and it remains an open question how the neurocognitive
models presented in this review may inform such processes. In this

context, recent work drawing on multivariate pattern analyses sug-
gests that local patterns within the aMCC may distinguish between
various domains such as cognitive control and pain (Kragel et al.,
2018; Silvestrini et al., 2020; Vermeylen et al., 2020). These findings
open new perspectives in the study of dACC functional specificity
and mechanisms in different domains beyond common fMRI activity
at the gross anatomical level. In this context, it is important to keep in
mind that the present review is not exhaustive and that other models
ascribe different functions to the dACC (Alexander & Brown, 2011;
Holroyd&McClure, 2015; Kolling et al., 2012). Future reviewsmay
enlarge the comparison to these models to help establishing a
comprehensive understanding of the role or roles of dACC and other
regions in effortful processes.

An interesting open empirical question concerns the phenome-
nology of effort (Inzlicht et al., 2018; Saunders et al., 2015). The
source of the subjective experience of effort remains highly debated
(Kurzban et al., 2013). Based on RML’s functional architecture, one
could test whether subjective perception of effort is tracked by the
RML-dACC boosting signal (potentially in synergy with other brain
regions often coactive with dACC during effort discounting and
exertion and known to contribute to interoception such as the
anterior insular cortex; Arulpragasam et al., 2018; Chong
et al., 2017).

Finally, one may take advantage of this review to complement
and inform the theories. For instance, it appears that the explanation
of the drop-off point in the context of the NMAE remains specula-
tive. Building on MIT and on the predicted interaction between
subjective task difficulty and success importance, future studies
drawing on the NMAE may investigate more precisely the deter-
minants of this drop-off point in healthy or clinical population.

Conclusion

This review aimed to compare several theories related to effort.
Most important, it appears that the predictions of MIT regarding
fixed and known difficulty are shared with the three other theories
and associated supporting evidence. In contrast, the predictions for
unspecified task difficulty are similar in MIT and RML, and partly
similar in EVC. Interestingly, whereas these theories propose
relatively comparable predictions regarding effort allocation, they
concern different operationalizations of effort, as well as different
levels of analysis. This allows describing an overall view of effort
mechanisms related to cognitive computation, neurobiological me-
chanisms, macro psychological determinants, physiological reactiv-
ity, and their plausible interconnections. We hope that this review
may help further establishing a firm and comprehensive knowledge
about effort.
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