Self-paced rest decisions: stable but ineffective for recovery
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Abstract

Rest is critical for fatigue recovery following periods of
cognitive effort. Yet, the inter and intra-individual dynam-
ics of rest decisions—and how they relate to performance—
remain poorly characterized. In the present study, we an-
alyze two experimental datasets in which participants al-
ternate between epochs of two cognitively effortful tasks.
After each epoch, subjects were given a costly and self-
paced rest opportunity (performing a low-effort task). Us-
ing predictive modeling and latent profile analysis, we
find that subjects’ decisions to rest are stable and auto-
correlated, potentially reflecting an individualized value
policy rather than tracking in-task performance dynamics.
By integrating a time-varying hidden markov model fit on
within-subject performance metrics, we also find that dis-
tinct subject profiles have significantly different state oc-
cupancy patterns, and that, across all profiles, resting for
longer does not improve subsequent performance. Over-
all, costly rest decisions appear to be a stable individual
preference that is neither driven by nor beneficial to task
performance.

Introduction

Cognitive effort expenditure is crucial for adaptive be-
havior, yet costly (Boksem & Tops, 2008; Inzlicht et al.,
2018; Kool et al.,, 2010; Shenhav et al., 2017), with
cognitive fatigue a subjective "read-out" of this cost (Bi-
jleveld, 2023; Matthews et al., 2023). Fatigue is asso-
ciated with worse performance (Boksem & Tops, 2008),
and subjectively increases following performance errors
(Matthews et al., 2023; Xu et al., 2023). Recent work
has used periodic rest—pre-determined or self-paced—
as an intervention to reduce cognitive fatigue or im-
prove performance in tasks, with mixed results: some
find benefits (Patel et al., 2024) while others find no, or
even detrimental, effects (Lim & Kwok, 2016; Perquin et
al., 2020). Moreover, in the self-paced rest case, what
drives rest decisions remains unclear. Ineffective self-
paced rest decisions may reflect an inability to judge
rest needs (Perquin et al., 2020), indicate preexisting
subjective fatigue differences (Kanfer, 2011), or sug-
gest that rest decisions are auto-correlated habits un-
aligned with task reward (Gershman, 2020). Here, we
use computational modeling to explore the relationship
between rest and recovery, and clarify whether partici-
pants’ self-paced rest decisions reflect influences from
performance dynamics versus stable preferences.

Methods

Data and experiment

The 55-minute experiment was conducted online (Pro-
lific), and consisted of two high-effort tasks (spatial re-
call: 4 flashing squares, 4x4 grid; digit span: 4 flash-
ing digits), and a lower-effort "rest task" (shape dis-
crimination, no executive load). After practice, subjects
played 10 total blocks of alternating tasks in a counter-
balanced order. Each block comprised of three epochs
of the corresponding high-effort task. After each (10
trial) epoch, subjects were presented with a cue (indi-
cating the next epoch’s task) and then proceeded to a
self-paced rest (SPR) period consisting of up to 20 rest
task trials (1.5s/trial). Participants were informed that
rest was costly' and that they could "end rest" and re-
turn to the next high-effort epoch at any time. In to-
tal, participants completed 30 high-effort epochs and 30
SPR periods. For our analyses, we combined two exper-
imental samples ("original": n=84 post-exclusion, "repli-
cation": n=103 post-exclusion)?. On average, replica-
tion subjects performed worse on the high-effort tasks
and chose to stay in rests for longer.

Modeling rest decisions

To identify features most predictive of subjects’ rest-
length decisions, we first trained Gradient Boosted De-
cision Trees (GBDT) and a Long Short Term Memory
network (LSTM). Importantly, GBDTs capture non-linear
feature relationships (from epoch-level summary fea-
tures) while LSTMs use trial-level temporal dynamics
(from subjects’ 300-trial sequence)?. To isolate rest his-
tory’s contribution and test auto-correlation, we trained
a "no-rest" version of each model (only included perfor-
mance and context features for each epoch/trial) and a
"rest" version (adding the prior period’s rest length and
cumulative rest trials taken so far). This comparison,

"Rest trials cost 1 point/trial (from a 600-point bank); leftover points
converted into a bonus. No performance-based bonus.

2Participants with accuracies <40% or >95% on all three tasks were
excluded: n=6 from original, n=24 from replication

3Training: 80% of subjects / dataset, test: 20%. GBDT: Ir = 0.05,
estimator number and tree depth were tuned via (subject-grouped)
15-fold cross-validation with early stopping. LSTM: (2 layers, 64
units/layer, dropout = 0.3, weight decay = 103, batch size = 8), trained
with Adam for 100 epochs with early stopping (patience = 15), and 20%
of training subjects were held out as a validation set.
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along with SHAP analyses, quantified how much of rest
prediction depends on rest history versus task perfor-
mance fluctuations.

Performance states across latent profiles

We then used latent profile analysis (LPA) in conjunction
with a time-varying hidden markov model (TV-HMM)*
to investigate inter and intra-individual differences in
rest decisions (n=157)%. The winning four-profile LPA
model was estimated (Table 1a) using each subject’s
summary rest (mean, SD, and slope) and performance
(means and slopes of accuracy, RT, and RT SD) fea-
tures. To characterize within-subject performance dy-
namics, a winning four-state TV-HMM was fit on within-
subject z-scored emissions (epoch accuracy, RT, and
RT SD) (Table 1b; covariates: epoch number). Finally,
using mixed effects models, we analyzed the effect of
state on subsequent rest length, and the effect of rest
length on subsequent state improvement. Importantly,
all models accounted for epoch number, game type, cue
type, dataset, and had a random intercept for subject.

(A) LPA Profiles

Profile (n subjects) DS acc SR acc RT m (SD) Rest m (SD)
Good-LowRest (60) 0.922 0.800 2639 (376) 3.2(2.2)
Good-HighRest (34) 0.931 0.836 2738 (351)  10.1 (6.1)
Okay-MaxRest (21)  0.768 0.585 3145 (390) 19.8 (0.9)
Bad-ModRest (42) 0.593 0.386 3402 (492) 10.0 (5.0)
(B) TV-HMM States

State Acc (z) RT(z) RTSD(z) Rest(raw)
S1 (Disengaged) —0.792 0.843 0.830 10.7
S2 (Typical) —0.307 0.329 0.181 8.9
S3 (Good) 0.518 —0.726 —0.444 9.0
S4 (Peak) 0.604 —0.086 —0.067 6.3

Table 1: (A) LPA profiles: DS/SR = digit span/spatial recall; RT (ms)
and rest (# trials) entries are mean (mean SD) across epochs. Slopes
omitted for simplicity. Profile names are formatted as performance-
rest-amount. (B) TV-HMM within-subject z-scored emissions, trained
with the LaMa package (Mews et al., 2025). Rest (mean # trials in
associated epochs) was not part of the emission distribution.

Results and Discussion

Predictive accuracy was high for the rest-included mod-
els, and poor for the no-rest models (GBDT,es: R? =
0.74, GBDTo_rest: R? = 0.17 | LSTM,es: R? = 0.67,
LSTMo_rest: R? = 0.09), indicating that rest-decisions
are auto-correlated. SHAP analyses of rest-included
models confirmed that predictions relied on prior rest
and epoch number, not within-subject performance dy-
namics, and LSTM,. feature analysis furthered this
finding: trial sequences added no predictive value be-
yond epoch-wide summaries, and hidden units corre-

4LPA profile number selected with BIC (2-6 profiles tested); TV-
HMM state number selected by AIC/BIC (2-4 states tested).

5We excluded additional subjects who had >80% zero-accuracy
high-effort task epochs: they led to degenerate TV-HMM states.

lated with global performance traits instead of within-
subject epoch-to-epoch performance.

The stable between-subject differences identified by
LPA reinforce this finding: we found that Good-LowRest
(n=60) and Good-HighRest (n=34) profiles have near-
identical game performance but differ in their rest deci-
sions (6.9 rest trials per SPR on average). The lowest-
performing profile (Bad-ModRest) also rested less than
the moderately performing profile (Okay-MaxRest).
These distinct profiles, which also show significantly
different TV-HMM state occupancy over time (Figure
1), corroborate that rest decisions reflect stable indi-
vidual differences rather than compensatory patterns.
Additionally, using the TV-HMM states, we found no ev-
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Figure 1: Proportion of TV-HMM states occupied by each LPA
profile group over time. These profile occupancy patterns differ sig-
nificantly (x2(9) = 972.91, p < .001).

idence that longer rests lead to performance improve-
ments, with (gimer,z = —0.984, p = 0.325, BFy; = 8.86)
or without® (z = —0.031, p = 0.302, BFy; = 793) adding
profile as an interaction. We also found little evidence
of a general compensatory relationship between lower
performance and more rest, although there were pro-
file differences. The effect of state on rest (using Imer)
was significant (F(3,4631.6) = 4.25,p = 0.005), but
a Bayes Factor analysis found inconclusive evidence
(BFg1=1.26) and pairwise comparisons showed that the
significance was from a single contrast: S2ypjcai— S3good
(b = 0.60,p = 0.003). This relationship differs by
profile (F(7,4607.0) = 4.17,p < .001): while three
of the profiles rested consistently regardless of state,
the Bad-ModRest group rested longer in S27pic4 than
S Disengaged Of SSGood (S1-S2Zb = —2.05,p = .001;
S2-S3:b=1.97,p < 0.0001).

Overall, decisions about how long to rest appear to
primarily reflect stable, auto-correlated individual differ-
ences, and longer rest does not enhance recovery even
when accounting for between-subject differences.

5Due to convergence issues we removed states that never im-
proved, and the Okay-MaxRest profile (no rest variance).
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