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Now or later: A reinforcement learning model of behavioural delay

Sahiti Chebolu (sahiti.chebolu@tuebingen.mpg.de)'- 2, Pei Yuan Zhang?, Wei Ji Ma> ¢ & Peter Dayan'- 2

'Max Planck Institute for Biological Cybernetics, Tuebingen
2University of Tuebingen, Tuebingen
3Department of Psychology, New York University, New York
4Center for Neural Science, New York University, New York

Abstract

(Other) people notoriously delay the initiation and completion
of work, sometimes beyond what is optimal. One prominent,
and indeed experimentally validated, explanation is based on
the fact that rewards delivered in the future are discounted.
However, other factors can interact with discounting and affect
policies, such as the amount of effort and the probability of
successful completion. These have received less empirical at-
tention. Here, we build and fit a new reinforcement learning
model to the working trajectories of students over the course
of a semester in a real-world task (P. Y. Zhang & Ma, 2024).
We show that discounting, effort, and efficacy are all important
in explaining students’ delays. In addition, the discount factors
inferred from task performance correlate significantly with self-
reported measures of impulsivity and procrastination, as well
as discount rates estimated from a monetary delay discounting
task, highlighting that they robustly capture meaningful indi-
vidual differences in temporal preferences.

Keywords: delay discounting; computational modelling; be-
havioural delay; procrastination; cognitive effort

Introduction

In daily life, people often have the option of deciding how
to distribute their work over time on important tasks such as
completing an assignment, finishing a project, or filing taxes.
In particular, they choose whether to do them now or later.
People often delay working on such tasks, and various factors
are believed to influence this frequently maladaptive decision.

Delay discounting has attracted special attention (Green et
al., 1994; Loewenstein & Elster, 1992). It is the subjective
reduction in the value of delayed rewards compared to im-
mediate ones. An implication of discounting is that in (the
many) tasks where rewards are only delivered after a deadline,
people may be less motivated to engage early for this dimin-
ished reward, hence encouraging them to delay in favour of
immediate rewards. It is also proposed as an explanation for
procrastination (Steel, 2007). A few studies have tested this
hypothesis. For instance, the amount of work people complete
over time follows a hyperbolic curve, mirroring the shape of
the discounting curve (Konig & Kleinmann, 2005; Steel et
al., 2018). Discount rates explicitly estimated from delay dis-
counting tasks, where people have to choose between smaller
sooner and larger later monetary rewards, correlate with the
extent of delay people display in working for delayed benefits
(Reuben et al., 2015; P. Y. Zhang & Ma, 2024).

However, several other factors could interact with discount-

ing, affecting the delay, and it is therefore critical to understand
their role. One is the effort cost of working. Discounting im-
plies that one would avoid exerting immediate effort for distant
rewards, leading to delays in work (Akerlof, 1991; Le Bouc
& Pessiglione, 2022; S. Zhang et al., 2019). Although phys-
ical and cognitive effort have been shown to influence how
much work humans and animals are willing to perform for
a reward and how much time they allocate to a task (Dayan,
2012; Kool & Botvinick, 2018; Miiller & Apps, 2019; Niv
et al., 2005; Niyogi et al., 2014), the interaction between ef-
fort and discounting in directly shaping work allocation over
time has not been empirically tested. The subjective proba-
bility of successfully completing work (efficacy) also plays a
role in deciding whether it is worth doing a task and when
it should be done. The greater the probability, the larger the
expectation of future reward, and hence the greater the moti-
vation to work earlier (Steel & Weinhardt, 2018). However,
if completion before a deadline is mandatory, then the same
factor permits a later start, since repetition is less likely to be
necessary (Dayan, 2012). Here too, the effect of efficacy on
task-based measures of delay has not been studied.

To bridge these gaps, we model behavioural delay in a
dataset published by P. Y. Zhang and Ma (2024). It reports
when students completed certain requirements for a university
course, providing a rich, realistic setting to investigate the ef-
fects of the above factors on delay. The original study showed
that discount rates (kPP) estimated from a delay discounting
task correlated with the extent to which students delayed work.
Here, we complement their analysis by fitting a reinforcement
learning model consisting of an exponential discount factor
(y), efficacy (1), and effort costs (refort) to students’ trajecto-
ries of work to study how these parameters interact to shape
students’ delays. Firstly, we hypothesise that:

1. the fitted values vy, refort, 77 are all significantly related to the
extent of behavioural delay in the task; and particularly that
Teffort, 7 add predictive power above y in predicting delay

Furthermore, since these factors encompass entire trajectories
of work by capturing specific cognitive processes, they provide
a richer substrate for relating the real-world task to the scale-
based measures and traits of the students (Patzelt et al., 2018).
Specifically, we hypothesise that:

2. in addition to predicting behavioural delay, all three pa-
rameters also predict students’ self-reported tendency to
procrastinate, and again, 7, Fefory improve the correlation
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3. the fitted 7 is significantly related to APP and scale-based
measures of impulsivity and self-control, as it captures peo-
ple’s general tendency to discount future rewards; addition-
ally, it is a more sensitive measure, predicting impulsivity
and self-control better than kPP

Methods

Data and code for all analyses are available at https://github.
com/SahitiC/delay_cogsci2026

Data

We analysed data from a real-world task published by P. Y.
Zhang and Ma (2024). In this task, 194 bachelor students in
a psychology course were required to participate in at least 7
hours of experiments over a semester (110 days or about 16
weeks) to pass the course. Each research study took at least 0.5
hours or a multiple thereof, hence defining 0.5 hours as a unit
of work. Additional participation beyond 7 hours (14 units)
contributed 1/8™ of a grade point per unit, up to 4 extra hours.
There were more than enough research opportunities, with an
average of 15 potential hours of experiments per student.
The published dataset is rich, consisting of each student’s
working trajectory (i.e., the number of hours of experi-
ments completed each day of the semester), hyperbolic dis-
count rates kPP estimated from a monetary delay discounting
paradigm, and questionnaire measures such as the Procras-
tination Assessment Scale for Students (PASS), Barratt Im-
pulsivity Scale, and Brief Self-Control Scale, among other
measurements. In this paper, we excluded students who did
no work, those who expressly stated that they dropped out of
the requirement, and those who completed more than 22 units,
as there was no clear external incentive to do so. This left 160
subjects, all but 3 of whom completed at least 14 units.

Computational model

We model the delays and temporal distribution of work in
this task using a Markov decision process (MDP), inspired
by Chebolu and Dayan (2024, 2025) and P. Zhang and Ma
(2019). The states in the MDP comprise the current time
point in weeks (0 < ¢ < 15) and the number of units of work
completed so far (0 < s, < 22). Each week, the individual
decides to complete some number of units (0 < a, < 22 —s;).
Of these, the number of successfully completed units is deter-
mined by a Binomial success probability called efficacy (1).
The probability of completing A;;1 = s;4+1 —§; units is given
by P(s¢+1 | 8¢, a:) = (A?:l) 7+t (1 —n)% =21 A number of
factors affect efficacy, such as how well individuals can organ-
ise their time, uncertainty about the time other commitments
will occupy, or lack of desirable tasks in the week. Higher
efficacy means more work can be done in a week. There is
also an effort cost refror¢ incurred per unit of work which scales
linearly with the amount of work attempted. At the end of the
semester, the individual is rewarded with 7comp =4 for every
compulsory unit completed, provided a minimum of 14 units
is finished. If additional optional work is done, there is a
reward of rop =0.5 up to 22 units. Individuals weight delayed

rewards with an exponential discount factor y < 1. We as-
sume the same 7y for rewards and efforts. The individual’s goal
is to maximise the net discounted sum of expected rewards
over the semester. We derive the maximising decision pol-
icy using dynamic programming. Action selection follows a
softmax rule with inverse temperature w =35, leading to noisy
decisions. We fixed w because it trades-off with regor and
v, making the parameters unrecoverable from fits. The final
policy specifies the amount of work an individual intends to
do each week.

We fit this model to each student’s trajectory to esti-
mate the free parameters (y,n, reffort). We obtained maxi-
mum likelihood estimates (MLE) of the parameters. Since
only states s, are observed but not actions a,, we de-
rive likelihood £ by marginalising over a,. Hence L =

th_Ol 2a, P(sie1lse,ar,X) P(ay|s;, t;x)| where x are the

parameters. We implemented this procedure in python using
scipy.optimize. We also attempted hierarchical Bayesian
model fitting, but there was not enough data per participant
for reliable estimates.

Error regression model

Following model fitting, we aim to regress the fitted parame-
ters with the self-reported measures. The estimates of model
parameters (X; = {%;;} for the parameters j of student i) from
single trajectories are inevitably uncertain. We account for
this in our regression analyses (for variables y; such as PASS)
by treating model parameters as noisy predictors, rather than
using simple linear regression which assumes exact predic-
tors. The resulting model is:

p
yi ~ N|Bo+ Y. Bjxij» o1 |, (1)
j=1

Rij ~ N(xl-j, a'izj), where x;; ~ Uniform(a;,b;) (2)
where By is the intercept, B; is the regression coefficient
for predictor j, x;; is the latent value of the parameter that
we observe noisily as the MLE estimates (£;;), 0'3 is the
variance of y;, 0'1.2]. is the variance of £;; (estimated from
the inverse Hessian of the MLE fit for x;;) and x;; is uni-
formly distributed with limits [0, 1] for y,n, and [—4, 0] for
Teffort- Hence, instead of regressing y;; against a fixed value
of x;; to estimate B; = {fo, B, 0'y2}i, we marginalise over a
range of possible values for x;; with the width of the distri-
bution determined by the variance and maximise P(y | 8;) =
[T, [ PG | B.xi) I P(fij |Xij,0',-2j) P(x;;) dx;;. Fi-
nally, to test the significance of the regression coefficients, we
perform a likelihood ratio test (LRT), comparing this model
to a null restricted model, where the coefficient of interest is
set to 0. For these regressions, we excluded 7 subjects for
which scipy.optimize failed to find a local minimum.

Canonical correlation analysis (CCA)

To assess the relationship between questionnaire measures
(such as PASS, impulsivity, self-control etc.) on the one hand
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and parameter estimates on the other, we performed CCA
using scikit-learn in python. CCA finds linear combi-
nations of variables from each set that maximally correlate
(called canonical variables), revealing common dimensions
between sets. The loading of a variable in a set on a canonical
variable reveals how much it contributes to that dimension.

Results

Model agnostic correlations

In the original study, P. Y. Zhang and Ma (2024) examined
associations between students’ task delays, monetary delay
discount rates kPP, and self-reported procrastination scores
(PASS). They used mean unit completion day (MUCD) as
the behavioural measure of delay. Here, we re-express their
results in mean unit completion week (MUCW). To avoid
confounds in the delay measure from varying workloads, they
restricted their analysis to students who completed only the
minimum requirement of 14 units (N=93). Replicating their
findings, there are significant correlations between MUCW &
PASS (r =0.38, p < 0.001) and MUCW & kPP (r = 0.30,
p=0.006), but not between kPP & PASS (Table 1).

We repeated this correlational analysis on a broader sample
(N=160). For those who finished more than 14 units, we
calculated MUCW up to when 14 units are completed. With
our larger sample, we found significant correlations between
all three quantities, as summarised in Table 1. Hence, there
is a positive association between students’ extent of delay on
the task, their self-reported general tendency to procrastinate,
and how much they discount future monetary rewards.

Table 1: Pearson correlations between procrastination score
(PASS), behavioural delay (MUCW), and empirical discount
rates from a sample of N=93 (used in the original study) and
a broader sample of N=160 students.

N=93 N=160

Correlation r p r p

MUCW ~ PASS 0.38 0.00016 0.29 0.0002
MUCW ~ kPP 0.30  0.006 0.18 0.029
kPP ~ PASS 0.18 0.096 0.20 0.014

Model simulations

Figure 1A shows the cumulative number of units of work done
over the weeks in the semester (‘trajectory of work’) for a few
example students. Notably, there is a diversity of patterns in
work distribution.

To demonstrate the range of behaviour our model can cap-
ture and the effect of the various parameters, we simulate
example trajectories from our generative model while system-
atically varying the parameters of interest (Figure 1B-D). We
also show the mean (in bold) over 1000 simulated trajecto-
ries. In Figure 1B, we vary the discount factor y. We fix
efficacy n=0.9 and effort regory = —0.3. When v is high, fu-
ture rewards are not as strongly devalued relative to immediate

Data Simulations
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Figure 1: Trajectories of work in the real data (A) and from
simulations (B-D). Means (of 1000) simulated trajectories are
in bold and sample trajectories are shown as dashed lines in B-
D. The number of compulsory units to be done is 14 (marked
in red). A. Example trajectories from the data from P. Y.
Zhang and Ma (2024). B. As the discount factor (y) reduces,
work is delayed to later in the semester due to a preference
for immediate rewards (default 7 =0.9; refore = —0.3). C. As
efficacy (17) decreases, more time is taken to complete a unit
of work (default ¥ =0.99). D. As the cost of working (refrort)
becomes more negative, delay ensues.

rewards. This means it is better to work early to ensure com-
pletion and, since 7 < 1, to avoid failing. Hence, most work is
completed early in the semester (dark blue). As y decreases,
there is a preference to avoid exerting immediate effort for
distant rewards from completing the task. This is apparent in
the simulated trajectories where more work is done towards
the end as y reduces (in medium and light blue).

As efficacy n decreases, more time is actually required to
complete a unit of work. Hence, for a fixed discount and effort
(¥ =0.99, refrort =—0.3), work is completed later for a lower n
(Figure 1C). Finally, for fixed ¥ =0.99 & 1 =0.9, delays are
larger for more effortful work (Figure 1D). When the effort
cost is very high, it is no longer worth the effort to complete
optional units (medium and light orange). In sum, the model
produces a wide variety of patterns qualitatively similar to
those observed in the data. In the next section, we assess how
well the model fits real behaviour quantitatively.

Model fits

We fit the model to each student trajectory by maximising the
log likelihood of the observed data under the model. From
the model fits, we obtain estimates of y, n and regor¢ for each
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student. The distribution of the fitted parameters in the pop-
ulation is shown in Figure 2A. Discount factors y are con-
centrated around 0.8 - 1, with only a few below this range.
This apparently narrow distribution still represents a range of
temporal preferences as shown by the spread of the effective
scale of discounting (ﬁ) (Figure 2A). Larger y implies a
longer time horizon. Efficacy n spans the entire range from
0.0 - 1.0 and appears to be bimodal, with one mode close to
0.2 and another close to 1.0. Finally, effort rego ranges from
-4.0 to 0, with a concentration around -1 to 0. The values
do not go below this range, as it is no longer worthwhile to
work below refror = —4 (given that reomp =4). Finally, there is
no correlation between the fitted parameters as shown in the
pairwise scatter plots (Figure 2B).

We also fit a simpler model with only y as a free param-
eter, and with 7 and rego fixed to the mean estimates from
the full model fits. A model comparison using the Bayesian
Information Criterion (BIC) favoured the full three-parameter
model (BIC = 5205) over the simpler model (BIC = 6004),
indicating that the three-parameter model explains the data
better than a discounting-only model.

We ran a recovery analysis on the fitted parameters to en-
sure that our model fitting procedure can reliably recover the
parameters that generated the data. Mirroring the real data,
we generated a trajectory for each set of fitted parameters. We
then fitted the full delay model to this simulated data, finding
a moderately reliable correlation between the recovered pa-
rameters and the input parameters. The Pearson correlation
for y is 0.48; for 17 is 0.63; and for regort is 0.65.

As a posterior predictive check, we plotted the MUCW
computed from the empirical data as a function of each pa-
rameter and compared it with the MUCW obtained from the
simulated data evaluated over the same parameter values. We
calculated the average MUCW from 5 simulated trajectories
for each of the fitted parameter sets. As Figure 3A & B show,
the simulations closely reproduce the patterns in the original
data. Finally, we plotted the total number of units completed

and the completion week (for 14 units) for each student over
their fitted parameter estimates in the 3D parameter space in
Figure 3C & D. These statistics separate well in this space:
those with low magnitude of r.gor, high 1, and high ¥ com-
plete more units and take the least time to finish. When the
magnitude of regore increases or y decreases, it is no longer
worth doing all 22 units, and work is more delayed.

Statistics

Contribution of model parameters to explaining delay
and effort distribution We showed that the three-parameter
model is a better fit to the data than a simpler model with only
discounting. Further, the fitted three-parameter model also re-
capitulates key patterns in the data. Next, we test whether all
three fitted parameters within the full model are statistically
important for explaining real delays in the task. We regressed
MUCW with the parameters as predictors.! To account for
noise in the fitted parameters, we built an error regression
model, as described in the Methods. We found that all three
fitted parameters are significantly correlated with MUCW (Ta-
ble 2), with smaller y, lower 7, and larger magnitude of refror,
all predicting more delay. To test whether n7 and 7efore add sig-
nificant explanatory power over y, we fitted a restricted model
in which the regression coefficients for n and regors Were fixed
to zero. A likelihood ratio test revealed a significant differ-
ence between the two models, indicating that  and regor are
necessary for explaining some of the variance in working pat-
terns (Table 2). These results confirm our hypothesis that
effort costs and success probability are important factors in
determining people’s delay in the real world.

Regression of procrastination score with fitted parameters
Since each of the parameters affects behavioural delay, we also
expected all three fitted parameters to have an association with
students’ general, self-reported tendency to procrastinate on
tasks, measured by the PASS scale. However, we found that

INote that the variables in the regression are not normalised, and
so coefficients are scaled based on the relative sizes of the variables.
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Table 2: Regressions with all three predictors (y, 17, Feffort) (), and comparison to a regression with only 7y as a predictor (b)

(a) Regression coefficients

(b) Likelihood ratio tests

Y n Teffort
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Figure 3: Mean unit completion week (MUCW) plotted against fitted parameters for A. the real data and B. for trajectories
simulated using the same parameters. C. Total number of units completed and D. Completion week (for 14 units) for each

student over the fitted parameters.

while vy is significantly correlated with procrastination scores,
1 and refrort are not (Table 2). Furthermore, a likelihood ratio
test revealed no significant difference between the full model
and a restricted model with only y (Table 2).

Regressions of other scale measures with fitted param-
eters Finally, we tested the association between the fitted
parameter estimates and conceptually related variables mea-
sured explicitly or via self-reports. As before, we performed
error regressions. The results are summarised in Table 3.

Firstly, we hypothesised that students’ tendencies to dis-
count future rewards would be correlated between the real-
world task and the delay discounting task. Indeed, y and
kPP are significantly correlated (8 = —0.07, p =0.031). The
negative association is expected, as larger discount rates (and
smaller exponential discount factors) imply a greater impa-
tience for rewards.

Next, we hypothesised that those who discount the delayed
benefits in the research participation task (low y) might also
be more impulsive (as measured by the Barratt Impulsivity
Scale). To enable comparison with kPP, we also included

them as a predictor. We found a strongly significant correla-
tion between the two (Table 3, 8=-0.88, p=0.001), that was
not present for kPP (in either the original study or with our
larger sample size). This is some evidence that the discount
factors estimated from model fits might capture temporal pref-
erences more sensitively.

We also hypothesised that those who are more patient for de-
layed rewards would have a better ability to exert self-control
by resisting temptation and maintaining self-discipline. How-
ever, we did not find significant correlations between the self-
control score (measured by the Brief self control scale) and y
or kPP (Table 3).

Efficacy n captures how much work can be done in a week,
which is influenced by time organisation, competing demands,
or lack of desirable tasks. Effort costs regort reflect the cogni-
tive effort required to engage in the task or feelings of aversive-
ness, such as boredom. The dataset did not include specialised
scales that directly assessed these constructs for this specific
task and with a clear correspondence to the parameters. How-
ever, as an exploratory analysis, we tested the relationships
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%DD Table 3: Regressions

Y
. bet 1 -
Regression formula B p Dependent variable B p B D . Srék;ee;ndscg;edmg:_
KPP~y 41 20.07  0.031 impulsivity 088 0001 -0.08 0921 4reters
time management ~ 77 + 1 -0.33  0.18 self-control 095 0.075 -1.71 0.286

task aversiveness ~ refiore + 1 0.02  0.75

between n and regore and two predefined subsets of PASS
items measuring time management and task aversiveness as
reasons for students’ general procrastination, respectively, and
found no significant correlations in either case.

Finally, we applied canonical correlation analysis (CCA) to
identify shared dimensions between the questionnaire mea-
sures and the fitted parameters. Specifically, we aimed to
test if PASS, impulsivity, and kPP covary with v, forming a
shared dimension. We found one significant canonical corre-
lation (r =0.38, p =5.45e-06). The canonical loadings of the
individual variables from the two sets are in Table 4. PASS,
impulsivity, and the fitted y contribute most strongly to the
canonical variate, although other variables also contribute.

Table 4: Canonical loadings of scale measures and parameter
fits on the significant pair of canonical variates from CCA.

(a) Questionnaire measures (b) Fitted parameters

Variable Loading  Variable Loading
PASS 0.68 0% -0.94
kPP 0.44 n -0.27
impulsivity 0.70 Teffort 0.45
self-control -0.40

time management -0.49

task aversiveness -0.002

Discussion

Various factors affect how much people delay working for
distant rewards. We introduced a mechanistic model of de-
lay involving discounting of future rewards, a probability of
successful completion (efficacy), and effort cost of working.
We showed that in addition to discounting, efficacy and effort
costs provide significant explanatory power for students’ de-
lays in a real-world task. Despite their theoretical importance,
the role of these variables in shaping how people distribute
work over weeks has not been empirically tested previously.
This analysis paves the way for future experiments where these
interacting parameters can be explicitly measured and tested.

We also related fitted parameters to self-reported measures
in the data. We showed that students’ discount rates are cor-
related across the real-world task and the monetary delay dis-
counting task, suggesting that temporal preferences are shared
across domains. This is in line with studies showing that delay
discounting has trait-like stability (Odum, 2011). In addition,
the fitted y was significantly associated with students’ impul-
sivity scores, whereas discount rates from the delay discount-
ing task were not, indicating greater sensitivity of the fitted
delay model to behavioural variation and that y captures a

common computational mechanism driving students’ tempo-
ral decisions. Previous studies have shown that impatience for
monetary rewards is often correlated with impulsivity (Bjork
et al., 2004; Burghoorn et al., 2026; Keidel et al., 2024) (al-
though some have also shown no correlation (Keidel et al.,
2021)). Extending this literature, our findings demonstrate
that impatience in a different domain, namely working for
delayed benefits, is also related to impulsivity.

There are mixed results on the link between lack of self-
control and temporal discounting (Duckworth & Kern, 2011).
We did not find a relation in this dataset. Although we did
find an association with impulsivity, it is important to note that
impulsivity and self-control are related but distinct constructs.

An unexpected result was that while all parameters cor-
related with students’ delays, only discount factors were re-
lated to procrastination (PASS) scores. One possibility is that
delays arising either because tasks take longer to complete
(low efficacy) or because effort costs are high, reflect optimal
decision-making (and hence are not forms of procrastination).
On the other hand, hyperbolic discounting involves a genuine
temporal inconsistency where work is delayed more than in-
tended (‘intention-action gaps’ (Steel, 2007)). Hence, only
the latter might be rated as procrastination by students. As we
were only interested in the extent of devaluation of future re-
wards and do not analyse present-bias or intention-action gaps,
fitting exponential discount factors sufficed for our purposes.
However, had we estimated hyperbolic rates instead, our ex-
ponential estimates would likely have been highly correlated
with them; hence, we expect a correlation with PASS.

In this paper, we estimated effort and efficacy through model
fitting to assess their correlational effects with delay. Future
studies can explicitly manipulate how effortful a task is and the
time available for completing it to assess the causal relation-
ship. Other factors such as the deadline for completion, the
availability and size of other distractions, and task difficulty
can also interact with discounting to influence delay, and are
hence important targets for future investigation.

Optimisation for model fitting failed for 7 subjects. These
students either had sudden jumps in progress or big gaps in
work. Our discounting-based model alone might not be able
to explain such patterns, and additional mechanisms such as
taking breaks due to excess work, possibility of more inter-
esting tasks in the future, etc., might be important to capture
these behaviours. Finally, the role of other mechanisms such
as steeper discounting of efforts vs. rewards (Akerlof, 1991;
Le Bouc & Pessiglione, 2022), and non-linear scaling of effort
costs with the amount of work (P. Zhang & Ma, 2019) should
also be examined more thoroughly in future empirical studies.
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