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Abstract

Current models of cognitive control address selection among
tasks in terms of a cost-benefit tradeoff. Importantly, they usu-
ally assume a fixed level of competence for each candidate task
when estimating its value. However, performing a task can im-
prove competence through learning, which should be factored
into estimates of future value. Here, we consider an extension
of the Expected Value of Control (EVC) theory that includes
such estimates. We demonstrate that control allocation is a
function of task learnability, and show the use of this model
by generating novel predictions in cognitive effort discounting
tasks. We argue that the value of learning in control alloca-
tion may account for the seemingly paradoxical finding that
sometimes participants prefer more difficult (i.e. costly) tasks,
and discuss how the model can be leveraged to further our un-
derstanding of human decision making and cognitive impair-
ments.

Keywords: learning; decision making; cognitive control; ex-
pected value of control theory

Introduction

To achieve long-term goals, humans must constantly adapt
their information processing toward relevant tasks. Cognitive
control specifies the collection of mechanisms enabling such
flexible reconfiguration. A growing number of theories sug-
gest that exerting cognitive control is associated with a cost,
and that participants consider this cost when deciding how
much control to allocate among tasks (Kool & Botvinick,
2018; Kurzban, Duckworth, Kable, & Myers, 2013; Shen-
hav, Botvinick, & Cohen, 2013). Such theories successfully
explain human behavior in cognitive studies in which partici-
pants are asked to choose between tasks of different cognitive
demand (Kool, McGuire, Rosen, & Botvinick, 2010). For in-
stance, in the Cognitive Effort Discounting (COGED) Task,
participants deciding between an easy task for a low reward
and a difficult task for a higher reward often select the easier
task, even if it means forgoing a higher reward (Westbrook &
Braver, 2015).

In contrast to this proposition, there is mounting evidence
that participants sometimes prefer more over less control-
demanding tasks despite equal rewards (Cacioppo & Petty,
1982). This “paradox of effort” has led researchers to sug-
gest that exerting cognitive control is intrinsically valuable
(Inzlicht, Shenhav, & Olivola, 2018). Yet theories of control
allocation lack a normative rationale for an intrinsic value of
control, other than the prospect of immediate rewards.

In some situations, this paradox may be a result of the value
of learning. Consider the following dilemma. A student must

3438

musslick@princeton.edu

jdc@princeton.edu

decide whether to continue typing with their index fingers,
or to learn to type properly. The meta-decision to learn to
type must take into account the predicted future benefits of
typing properly because the student must incur the cost of a
loss of productivity while learning. In a situation such as this,
not only would the student have to choose the more effortful
task, but doing so would lead to fewer present rewards than
applying the far easier policy of “hunting and pecking.” This
dilemma was recently explored in rats and simulated agents,
and both rats and agents choose the more effortful and less
presently rewarding task of learning in order to improve fu-
ture rewards (Masis, Chapman, Rhee, Cox, & Saxe, 2020).
These results suggest that in some situations, the application
of cognitive control in the absence of obvious immediate re-
wards might be explained by the future discounted value of
learning. Nonetheless, little attention has been given to the
link between control allocation and the value of learning.!

Here, we extend a rational model of control allocation,
the Expected Value of Control (EVC) theory (Shenhav et al.,
2013), to account for the future value of learning. In former
computational implementations, EVC theory has only taken
into account instantaneous expected reward from control allo-
cation (Musslick, Shenhav, Botvinick, & Cohen, 2015; Mus-
slick, Cohen, & Shenhav, 2019). However, the theory can
be extended to account for the future value of learning, that
may be an important but as yet under-addressed component
that contributes to the intrinsic value of effort. We demon-
strate that taking into account learning during control allo-
cation can lead agents to accrue higher amounts of rewards
with less control over the longer term. Further, we derive
predictions from this model that can be tested in an extended
version of the COGED task. Finally, we discuss how insights
from this study help to close current gaps between empiri-
cal phenomena and existing models of control allocation, and
discuss their role in furthering a comprehensive understand-
ing of cognition.

Learning Expected Value of Control Theory

The Learning Expected Value of Control (LEVC) theory is an
extension of the Expected Value of Control (EVC) theory that
accounts for the value of learning when allocating cognitive
control (Shenhav et al., 2013). We will first describe EVC

ISee Sagiv, Musslick, Niv, and Cohen (2020) & Ravi, Musslick,
Hamin, Willke, and Cohen (2020) for related work on the tradeoff
between learning efficiency and multitasking ability.
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Figure 1: The value of learning as a determinant of control
allocation. (a) Two theoretical tasks, one linearly learnable,
and the other static. (b) Accuracy is a function of both au-
tomaticity and control signal. Higher automaticities result in
equal accuracies for less control. (¢) The instantaneous EVC
is the difference between the payoff and cost across feasible
control signals. The optimal control signal corresponds to
the maximum of the EVC curve. (d) Increasing automaticity
leads to higher instantaneous EVCs. (e) Computing an in-
stantaneous ’greedy’ EVC and a future discounted ’learning’
EVC leads to different EVCs and optimal control signals, in
this example flipping which task has a higher EVC.

theory followed by the LEVC extension.

EVC Theory

In EVC theory, an agent chooses how much cognitive control
to exert and where to allocate it based on the expected value
of that control (Shenhav et al., 2013). The EVC, calculated
for every feasible control signal and agent state, is the differ-
ence between the expected payoff and cost of control for that
particular combination of state and control signal:

EVC(signal,state) =
E[Payoff(signal, state)] — Cost(signal) (1)

An agent’s state can encompass many aspects, such as the
particular task being considered, its difficulty, and the agent’s
(evolving) ability to perform that task (the focus of LEVC
theory). Control signal refers to the amount of control allo-
cated, ranging from nearly none (watching television) to sub-
stantial (solving a complex equation). The cost of control,
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frequently modeled as a monotonic function of the control
signal, is a reflection of the inherent cost of control (Kool et
al., 2010). Here, we model it as an exponential function of
the control signal and a cost parameter c:

Cost(signal) = esignal _ (2)

The expected payoff is a function of the probability of cer-
tain outcomes given a particular control signal and agent state
multiplied by the value associated with those outcomes:

E[Payoff(signal, state)] =
ZP(outcomei\signal, state) - Value(outcome;) (3)

1

For example, when an agent is performing a task that it can
get correct or incorrect and only correct is rewarded, the ex-
pected payoff would be written as follows:

E[Payoff(signal, state)] =

P(correct|signal, state) - Value(correct) + 0

The Value function for a particular outcome has two elements,
an immediate reward R associated with the outcome, and a
discounted future expected value with the outcome as the new
state:

Value(outcome) = Ry (outcome)-+

v- max;[EVC(signal;, outcome)] (4)

The discounted future expected value is defined recursively
as the maximum EVC across all feasible control signals with
the outcome as the new state times a discount factor Y ranging
from O to 1, where 1 means there is no discounting, and 0
means the future is fully discounted.

Once the EVC is computed for all feasible control signals
for a particular state, the optimal control signal, signal®, is de-
termined by finding the maximum EVC and its corresponding
control signal:

signal® « max;[EVC(signal;, state)] %)

Despite the two elements of the Value function (Eq. 4), previ-
ous computational implementations of EVC theory have ig-
nored the discounted future expected value, and only consid-
ered immediate reward when computing value (Musslick et
al., 2019). This ‘greedy’ EVC greatly simplifies the EVC cal-
culation, eliminating its recursiveness, and is preferable when
there are no predictable changes in the agent’s state in the fu-
ture. However, it fails to account for the value of learning.

LEVC Theory

The LEVC theory determines how control allocation should
change when an agent’s ability can improve over time. We
define an agent’s ability in a particular task as its automatic-
ity. Automaticity improves through learning as a function of
experience. Some tasks are learnable, and some tasks are not



learnable (Fig. 1a). Here, to reduce computational complex-
ity, we have assumed that automaticity on a particular task L
increases linearly with experience:

automaticity; = O, - lirials . + automaticity, (6)

where automaticity, is the agent’s initial ability at the task,
and o, is its learning rate.

An agent’s automaticity in turn determines its accuracy vis-
a-vis control signal intensity (Fig. 1b). For example, a skilled
pianist may allocate less control for a perfect performance,
while an intermediate player will require much more control
for a similar performance. Many functions could be used to
model this relationship. We use the following sigmoid:

1
1+efrale»(signalfbias)

accuracy = @)
where rate = automaticity /difficulty of the task, and bias =
baqj/rate, where b,y is a free parameter chosen based on the
range of control signals used to keep the resulting sigmoids
within a comparable range.

To calculate the instantaneous greedy EVC, an accuracy
function will be multiplied by the corresponding reward for
the current state minus the control cost (Fig. 1c). Different
automaticities lead to different EVCs (Fig. 1d).

However, as stated previously (Eq. 6), automaticity can
only be increased with experience, which means the agent
must choose to perform the task in order to improve on it and
later reap the benefits of that improvement. This is where it
becomes important to consider the discounted future expected
value term in the Value function (Eq. 4). Notably, the value
of learning results directly from the discounted future reward
obtained from task practice. In this way, the LEVC model at-
tributes the intrinsic value of learning to predicted discounted
future reward from learning, without relying on the assump-
tion that learning is inherently valuable in and of itself.

If we compute the greedy EVC on trial 1 for two tasks, one
learnable (solid cyan) and one static (solid red), then the static
task will yield a greater EVC and the agent will choose to per-
form that task. If we compute the LEVC for the same tasks,
learnable (dotted cyan) and static (dotted red), the agent will
instead choose the learnable task (Fig. le). Having chosen
this task, the agent’s automaticity will increase, and on sub-
sequent trials less control will yield equal or greater reward.

LEVC Process Model

Having set up the LEVC optimization problem, we must de-
termine how the agent will make its choices. The recursive
nature of the LEVC means that the EVC value of a particular
task on a given trial depends both on its previous choices, and
on all future possible choices. In this first presentation of the
LEVC, we have opted for dense computation of these values
for a limited number of trials, and assume that the agent has
access to these values when making decisions. Dense com-
putation reveals a normative path under the parameters cho-
sen. Future implementations will incorporate EVC approx-
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Figure 2: Learning expected value of control process
model. (a) An agent compares the maximum EVC of all
available trajectories on trial 1 of a 6-trial task. Half of these
trajectories begin with a static task S, the other half with a
learnable task L. The agent selects the task leading the trajec-
tory with the highest maximum EVC and its corresponding
optimal control signal. This process is repeated until the end
of the task. (b) EVC curves for all 2° = 64 possible trajecto-
ries on trial 1, colored by whether they begin with task L or
S. The curve with the highest EVC for each initial task is in-
dicated with a darker shade. On trial 2, there are now 2> = 32
possible trajectories and the agent picks the task and optimal
control intensity corresponding to the one with the highest
maximum EVC. By trial 6, only 2! = 2 trajectories are left.

imations that are less computationally expensive and more
biologically plausible.

We assume an agent can choose between a learnable task
(L), and a static task (S) for a length of n trials. When there
are six trials and two choices per trial, there are 2° = 64 pos-
sible trajectories on the first trial. Half of these trajectories
correspond to an initial choice of task L, and the other half
to an initial choice of task S. The agent computes the max-
imum EVC among the 64 possible trajectories, and chooses
the initial task (L) and corresponding optimal control signal
of the best trajectory (Fig. 2a-b, trial 1). On the second trial,
the agent repeats this process, but because the agent has cho-
sen task L already, it only has 2° = 32 possible trajectories
available, all of which include an initial choice of task L (Fig.
2a-b, trial 2). The agent repeats this process until the last trial,
when there are only 2 remaining possible trajectories, making
a final choice of task L or S. This procedure will culminate in
the optimal task and control signal choice trajectory for the
given parameters.



LEVC normatively accounts for value of learning
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Figure 3: Control allocation as a function of learnability.
(a) Maximum EVC per trial for LEVC (cyan) and greedy
(red) EVC agents. (b) LEVC agent optimal control signal
drops below greedy EVC agent early on. (¢) & (d) LEVC
agent starts with lower instantaneous and total cumulative re-
ward, but surpasses greedy EVC agent despite reduced con-
trol signal. (e) & (f) Longer task horizons, higher learning
rates o, and larger discount factors 7y increase value of learn-
ing, resulting in higher total cumulative reward. Total cumu-
lative reward is normalized to compare fairly across horizons
(fewer trials means fewer available rewards.)

Results
Control Allocation as a Function of Learnability

To understand the value of learning and its effects on control
allocation, we simulated a greedy EVC agent (Y = 0), and a
future discounted LEVC agent (y = 0.9) with otherwise equal
parameters, meaning learning was available in both cases.

The optimal trajectory for the greedy EVC agent (red) is
the choice of the static task S on every trial, whereas the op-
timal trajectory for the LEVC agent (cyan) is the choice of
the learnable task L on every trial. The maximum EVC is
higher for all trials for the LEVC agent (Fig. 3a). The non-
monotonic shape of the LEVC’s maximum EVC curve is a
result of the EVC value being partially determined by future
discounted rewards. As the agent nears the end of the ex-
periment, there are fewer future rewards to include in its cur-
rent choices. This observation makes the prediction that if
an agent does not anticipate continuing a task, its expected
value will decrease. This in turn predicts that learning only
has added value when the agent anticipates reaping the value
of that learning in the future.

The optimal control signal trajectory starts higher for the
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LEVC and subsequently drops below the greedy EVC (Fig.
3b). Thus, investing in learning allows an agent to exert less
control for equal or greater rewards.

Notably, the LEVC agent chooses the learnable task de-
spite the fact that its initial instantaneous and total cumulative
rewards are lower than for the greedy EVC agent (Fig. 3c-d).
Considering the entire simulation, choosing the learnable task
is a rational choice, as it leads to substantially higher instan-
taneous rewards, and to a larger total cumulative reward.

The LEVC provides a normative judgment on the value of
learning depending on the parameters provided. To probe the
value of learning across relevant parameter values, we com-
puted the total cumulative reward for different task time hori-
zons, discount factors and learning rates (Fig. 3e-f). As ex-
pected, when the future is fully discounted (y = 0), the learn-
ing rate and horizon are irrelevant to the agent’s task choice,
and it cannot reap the benefits of learning. As the future be-
comes less discounted (higher 7), the agent begins to benefit
from the value of learning, i.e. the smaller the learning rate
needs to be for the agent to choose the learning task. The step-
wise changes in total cumulative reward correspond to the
agent switching from an optimal trajectory of task S always to
one of task L always. An increased horizon exacerbates this
effect, leading to even lower learning rates required for the
same discount factors. The step-wise changes, indicating a
switch in strategy, highlight that an agent’s predicted horizon,
learning rate and discount factor are crucial in determining its
behavior. Notably, these variables can be shaped through sug-
gestion (“95% of participants learned this task™) and task de-
sign, and their effects tested empirically. Previous work has
already demonstrated that subjects will choose information
over reward when aware of a longer horizon (Wilson, Geana,
White, Ludvig, & Cohen, 2014).

Cognitive Effort Discounting with Learnable Tasks

The COGED task measures the subjective value of a harder
task relative to an easier baseline task (Westbrook & Braver,
2015). The subjective value is thus a quantification of the
cost of cognitive effort. For example, consider the harder task
pays $10 and is 10% more difficult than the baseline task. The
experimenter raises the reward of the baseline task until the
participant selects the baseline task over the harder task. If the
participant switches to the baseline task when it pays $7, then
the harder task has a subjective value of $7, or 0.7 relative
value units, when it is 10% more difficult.

In order to test predictions of the LEVC theory, we pro-
pose and simulate an experiment of cognitive effort discount-
ing with learnable tasks (L-COGED). In the L-COGED task,
a harder but learnable (L) task is pitted against an easier but
static (S) baseline task. In this situation, a subject’s choice
and effort directed towards the learnable task has the poten-
tial to generate larger future rewards. Such a setup leads to
the prediction that the learnable task should have a subjective
value above the baseline task, provided the value of learning
can be harvested (considering task horizon, discount factor,
and learning rate, as seen in Fig. 3e-f).
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S & L given equal initial automaticities (previously S was
higher). (a) Subjective value of learnable task across learn-
ing rates, (b) task horizons, (¢) and discount factors.

Our simulation of the L-COGED task predicts this behav-
ior. We first replicate the dependency of subjective value on
task difficulty, as observed in the regular COGED task with
no learning (Fig. 4a, a = 0; Westbrook and Braver (2015)).
We then show that higher learning rates lead to higher sub-
jective values for the learnable task, above the value of 1 for
certain difficulties (Fig. 4a). We observe the same decay in
subjective value with increasing difficulty, indicating that as
a task becomes more difficult, investing cognitive effort in
learning holds increasingly less value.

Accordingly, a longer horizon and larger consideration
of future value lead to a higher subjective value in the L-
COGED simulation (Fig. 4b-c). A participant’s perceived
learning rate, discount factor and horizon can be manipulated
experimentally through suggestion and task design, allowing
us to test these hypotheses. We note, however, that careful
experimental design will be required to dissociate these vari-
ables as they produce the same effects. Additionally, these
simulations may begin to provide an answer for the ‘paradox
of effort,” the aversiveness of boredom, differences in control
allocation related to psychiatric disorders, and the “need for
cognition” (Cacioppo & Petty, 1982; Geana, Wilson, Daw, &
Cohen, 2016; Grahek, Shenhav, Musslick, Krebs, & Koster,
2019; Inzlicht et al., 2018).

Discussion

We presented a theory that normatively links the value of
learning with cognitive control allocation. The LEVC theory
shows that it is advisable for an agent to choose to learn, even
when that choice requires foregoing present rewards. We fur-
ther provide predictions for the subjective value of learning
that can be tested behaviorally.

Related Work Previous empirical work demonstrated that
rats trade present rewards for faster learning, a decision re-
quiring cognitive control (Masis et al., 2020). The authors
show this behavior is normative based on a neural network
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extension of the drift-diffusion model, in which the choice of
threshold is an analog of control allocation, but that lacks a
process model through which an agent allocates control to-
wards learning. The LEVC builds on the empirical and the-
oretical predictions in this work and provides a normative
framework and process model for how cognitive control is
allocated in order to account for learning.

One recent study concerning control allocation and learn-
ing dissected the tradeoff between learning efficiency and
multiprocessing ability (Sagiv et al., 2020). Assuming an
agent will learn, should it use shared or separated representa-
tions? Shared representations have been shown to promote
learning efficiency. However, once learned, shared repre-
sentations can cause two tasks to interfere with one another
when executed simultaneously (Musslick et al., 2016). Sagiv
et al. (2020) showed that, under a wide range of parame-
ter values, ideal agents opt for learning faster using shared
task representations, at the expense of multitasking capabil-
ity. Our study instead focuses on the question of whether an
agent should choose to learn. Future extensions of the LEVC
could allow agents to split control among tasks. Such a frame-
work would allow a richer exploration of the bilateral mecha-
nisms through which learning generates value: improvement
in automaticity (explored here), and the concomitant reduc-
tion in interference, leading to a reduced cost of control. This
framework would also allow examining questions of training
regimes, such as interleaved or blocked learning, which have
been shown to affect learning efficiency (Flesch, Balaguer,
Dekker, Nili, & Summerfield, 2018).

One extension of EVC, the learned-value-of-control
(LVOC) theory, specifies a method through which an agent
can approximate the optimal allocation of control for a par-
ticular task environment given previous experience in similar
task environments (Lieder, Shenhav, Musslick, & Griffiths,
2018). This method addresses the formidable computational
complexity of calculating an optimal control signal on the fly.
The LEVC Theory presented here, by contrast, focuses on al-
locating optimal cognitive control when an agent can improve
at a task through learning. Future work could combine both
extensions of EVC theory (Shenhav et al., 2013), solving the
problem of calculating optimal control on the fly while ensur-
ing that that control reflects learning prospects in the future.

A recent elaboration of the EVC theory posits that people
take into account the efficacy of their cognitive effort when
choosing how to allocate control (Musslick, Cohen, & Shen-
hav, 2018), and was recently empirically examined (Fromer,
Lin, Dean Wolf, Inzlicht, & Shenhav, 2020). For example,
a game of blackjack with perfect strategy only yields 49:51
odds, so it may not be worth the control required to play the
game perfectly. The role of control efficacy in the EVC is
closely related and complementary to our learning extension,
as learning can be conceptualized as a strategy an agent can
pursue in order to increase its control efficacy.

Intrinsic Value of Learning Whether learning is intrinsi-
cally valuable to biological agents is an open question. Neu-



ral data supports the idea that agents may treat information
(a consequence of learning) as a good in itself: a heuristic
for its future discounted reward over the lifetime of the agent.
(Bromberg-Martin & Hikosaka, 2009; Kang et al., 2009; Got-
tlieb & Oudeyer, 2018). In line with this view, work in re-
inforcement learning posits that such a value of information
is proportional to how that information can predict future re-
wards (Behrens, Woolrich, Walton, & Rushworth, 2007). The
LEVC model presented here, however, propounds that the
value of learning can be specified entirely through predicted
discounted future rewards resulting from that learning, with-
out the need for a separate parameter encoding that value.
Because an LEVC agent has access to how its actions might
change its future self, there is no need for an intermediary
“value of information” term. That value is taken into ac-
count when estimating future discounted rewards. This fram-
ing generates the prediction that learning has added value if
it can be applied in the future (3a). Nonetheless, one could
argue that the intrinsic value of learning (and effort, Inzlicht
et al. (2018)) are in fact directly available to humans: the in-
tractability of computing discounted future rewards may re-
quire the system to cache the associated value of learning
into some “intrinsic value”. Such a cached value for learn-
ing could be conceived as a prior representing the discounted
future rewards from previous learning experiences.

Learnability One outstanding question is how an agent as-
certains a task’s learnability. One possible method is for the
agent to estimate learnability as a function of how predictable
it finds its environment. In curiosity-driven reinforcement
learning, an agent is rewarded for how poorly it predicts its
environment, pushing it towards constant exploration (Burda
et al., 2019). Novelty, however, is not equal to learnability:
a maximally random environment, such as a static-filled TV,
will instigate curiosity but it is inherently unlearnable. An-
other way an agent could estimate task learnability is through
experience, extrapolating improvements with task practice
into the future (Ravi et al., 2020). Yet another related way
an agent could estimate task learnability is by comparing its
learning rate against an optimal learning rate, analytically
available in some cases (Wilson, Shenhav, Straccia, & Cohen,
2019), and conceivably estimated based on experience. Such
a method could inform the agent not only if a task is learn-
able, but if it is worthwhile. For instance, some tasks, such as
those requiring data superseding an agent’s processing capac-
ity, remain unlearnable, which would lead to learning rates
far from optimal. This growing body of work suggests that
learnability is knowable, or at least that it can be estimated.
In LEVC, we assume that the agent already has an estimate
of the task learnability, and the question we seek to answer
is how it allocates control once it does. Future work will fo-
cus on allowing the LEVC agent to develop that estimate of
learnability based on its interactions with the environment.

Clinical Implications The value of learning may contribute
to the understanding of cognitive impairments in psychiatric

353

disorders, as commonly observed in control-demanding sce-
narios (Grahek et al., 2019). A vast amount of research
in computational psychiatry finds that psychiatric dysfunc-
tions are associated with perturbations in reinforcement learn-
ing, such as schizophrenia patients showing selective impair-
ments in reward-driven learning (Waltz, Frank, Robinson, &
Gold, 2007). While perturbations in learning behavior are
amenable to computational analysis, other psychiatric impair-
ments, such as ones associated with deficits in cognitive con-
trol, remain less well understood (Millan et al., 2012). EVC
theory offers a possible explanation for the cognitive deficits
of depressive patients in control-demanding tasks, suggest-
ing that depression may be associated with a higher cost of
cognitive control (Grahek et al., 2019). The present study
suggests that these impairments may as well result from a re-
duced value of learning, linking psychiatric perturbations in
learning with perturbations in effort allocation.

Future Work The learning algorithm described in this ar-
ticle relies on the assumption that the performance of a cog-
nitive agent improves as long as they engage with the task,
irrespective of their actual performance. We adopted this as-
sumption to reduce the computational complexity of comput-
ing EVC: future performance is only dependent on the se-
lected task (control identity), not performance (control inten-
sity). However, in realistic settings, biological and simulated
agents are likely to learn as a function of how well they per-
form on a task (Masis et al., 2020). Thus, future implementa-
tions of LEVC should explore performance-dependent learn-
ing mechanisms. The resulting increase in computational
complexity may require approximating EVC, by, for instance,
learning the optimal control policy based on reinforcement.
This extension would allow, for instance, understanding from
a control point of view the prediction that participants should
seek optimal learning rates, and should otherwise prefer al-
ternative tasks (Wilson et al., 2019).
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