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Abstract

Sleep supports stabilization of explicit, declarative memory and benefits implicit, procedural
memory. In addition, sleep may change the quality of memory representations. Explicit and
implicit learning systems, usually linked to the hippocampus and striatum, can compete during
learning, but whether they continue to interact during offline periods remains unclear. Here, we
investigate for feedback-driven classification learning, whether sleep integrates explicit and
implicit aspects of memory. The negative relationship between implicit and explicit memory
components was resolved over sleep, but not wakefulness. Additionally, sleep benefitted
performance on a task that allows the cooperative use of explicit and implicit memory, and
participants who slept showed superior performance in generalizing their knowledge to unseen
exemplars. A reinforcement learning model relates this to better transfer of the learned
exemplar value representation after sleep. This suggests that sleep integrates information

learned by different routes and helps us respond optimally to everyday life contingencies.
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Introduction

To distinguish between actions with high and low reward, we must learn from different sources
of information and combine them flexibly to guide adaptive behavior in novel situations. For
instance, during childhood, we develop food preferences through explicit instruction from
caregivers. At the same time, we learn about the underlying factors that determine food value
by integrating knowledge from our own experiences. This dual learning process enables us
not only to assess the value of familiar foods, but also to generalize our preferences to new
and unfamiliar ones. Similarly, in classification learning tasks conducted in laboratory settings,
two distinct types of representations are formed. Detailed explicit episodic memory of individual
items allows generalization to unseen items based on similarity of these new items with
previously stored exemplars (exemplar-based strategy; Zeithamova & Bowman, 2020). Implicit
statistical learning leads to a non-declarative (i.e., non-verbalizable) model of common
relations between item features and associated responses, shaping behavior without
awareness and developing gradually over a large number of learning trials (strategies based
on implicit incremental learning, including information-integration; F. G. Ashby & Waldron,
1999; Poldrack & Foerde, 2008). While explicit memory is generally assumed to rely on
structures in the medial temporal lobe, including the hippocampus, in interaction with prefrontal
and posterior cortical regions (Gilboa & Moscovitch, 2021; Squire & Zola, 1996), information-
integration tasks rely on the striatum (F. G. Ashby & Ennis, 2006; Minda et al., 2024). Both
memory systems can interact during task training, while the importance of systems for a
specific task can shift over time (Poldrack et al., 2001; Poldrack & Rodriguez, 2004; Wimmer
& Shohamy, 2012). The nature of this interaction may be mediated by other brain regions
including the prefrontal cortex (Freedberg et al., 2020; Shohamy, 2011). However, it remains
unclear, which factors shape the interplay and integration of knowledge across these different
memory systems. Here, we investigate whether sleep integrates representations formed in

explicit and implicit memory systems.

Sleep has been linked to memory consolidation and synaptic plasticity (Brodt et al.,
2023; Diekelmann & Born, 2010). It supports stabilization of explicit, declarative memory (Gais
etal., 2006; Gui et al., 2017; Hanert et al., 2017; Schénauer, Pawlizki, et al., 2014) and benefits
implicit, procedural memory (Geyer et al., 2013; Nettersheim et al., 2015; Schmid et al., 2020;
Schoénauer, Geisler, et al., 2014; Walker et al., 2002). Sleep is therefore considered crucial for
the offline evolution of newly encoded memory traces (Stickgold, 2013). Information is not only
selectively strengthened (Leong et al., 2019; Wilhelm et al., 2011; but also see Davidson et al.,
2021), sleep-dependent memory processing has also been suggested to alter the quality of
the memory trace (Klinzing et al., 2019). Sleep is thought to help item integration and multi-
item generalization, leading to a functionally different representation of memories (Himmer et
al., 2017; Maddox et al., 2009; Stickgold & Walker, 2013; Witkowski et al., 2021).
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However, although evidence for sleep-dependent memory stabilization and
enhancement in both the explicit and implicit domain is ample (Diekelmann & Born, 2010), the
qualitative representational changes induced by sleep are still less well understood (Brodt et
al.,, 2023; Cordi & Rasch, 2021; Stickgold, 2013). Data from artificial grammar
learning (Batterink & Paller, 2017; Gaskell et al., 2014; Gémez et al., 2006; Hupbach et al.,
2009; Nieuwenhuis et al., 2013), statistical learning (Durrant et al., 2011, 2013) and transitive
inference (Alger & Payne, 2016; Ellenbogen et al., 2007; Lau et al., 2010; Santamaria et al.,
2024; Werchan & Gémez, 2013) suggest that sleep in fact helps to extract implicit, hidden
relations between studied items, leading to offline rule extrapolation. Furthermore, it has been
suggested that sleep may induce gist abstraction in declarative learning tasks (Lutz et al.,
2017, 2018; Schapiro et al., 2017; Wernette & Fenn, 2023) and explicit insight into problem
solving tasks (Lacaux et al., 2021; Léwe et al., 2024; Wagner et al., 2004).

These qualitative changes have been observed separately in implicit and explicit
memory. However, many everyday learning tasks engage both implicit and explicit learning
simultaneously, and it has been shown that these can compete during task training (Poldrack
et al., 2001; Schendan et al., 2003; Shohamy & Turk-Browne, 2013). Memory consolidation
including overnight sleep seems to moderate the relationship between explicit and implicit
learning systems (Albouy et al., 2008; Albouy, Sterpenich, et al., 2013; Durrant et al., 2013). It
remains unclear whether implicit and explicit aspects of a classification learning task are
integrated over a night of sleep compared to wakefulness, or if they persist as separate
representations. Recent evidence from spatial navigation learning indicates that sleep may
favor the formation of a unified spatial memory by integrating hippocampal and striatal spatial
representations (Noack et al., 2021). This suggests that sleep could resolve the competition

between explicit and implicit memory systems in classification learning.

In this study, we directly compared the contribution of sleep to the evolution of both
explicit and implicit memory acquired during classification learning. We investigated a form of
implicit contingency learning in a typical feedback-driven information-integration classification
task in which participants learned a complex decision rule. Two different memory traces were
established during learning: explicit knowledge about individual exemplars and implicit memory
relying on integration of information regarding the underlying regularities. After periods of sleep
or wakefulness, we tested explicit exemplar knowledge and implicit information-integration
proficiency separately. Additionally, we tested cooperation between implicit and explicit

memory using a task that could be solved using both implicit and explicit memory.
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Results

Participants were trained on a classification learning task in which they had to distinguish
between winning and losing exemplars. Participants performed 625 consecutive learning trials.
On each given trial, two stimuli were presented on a black screen and participants had to
choose the exemplar with the higher rank, i.e., the exemplar winning the respective
comparison (see Fig. 1). The rank of the stimuli was defined by a hidden rule reflecting a linear
combination of values assigned to the different stimulus properties (shape, symboal, fill color,
frame color) and frame color as irrelevant distractor. Importantly, during learning, the same 25
exemplars were always the higher-ranking ones (winner exemplars) and the remaining 25
exemplars were always the lower-ranking ones (loser exemplars). Thus, participants could
solve the task either by explicitly remembering if single exemplars were winners or
losers (exemplar-based decision), or by implicitly learning the underlying hidden regularities
that determined the exemplar’s rank (decision based on information-integration learning).
Participants were tested on different aspects of memory (implicit memory, explicit memory,
and cooperation between these two systems) in a separate retrieval session. In the night-sleep
and day-wake groups, participants were tested after a 12-h interval, during which they had
either a full night of sleep or a normal day of wakefulness while participants in the circadian
control groups (morning and evening control groups) were tested immediately after learning in

the morning or evening, respectively.

Participants Learned to Distinguish Winning from Losing Exemplars

All participants successfully acquired knowledge about winning and losing exemplars during
classification task training (Fig. 2A; Supplementary Tables S2A; S3A). As a result, they
performed with high accuracy during the second half of task training (overall performance:
92.02 % + 0.44 %; t(182) = 95.41, p <.001, d = 7.05 [two-tailed one-sample t-test against
chance performance]; night-sleep group: 91.54 % + 0.67 %; day-wake group: 92.27 % +
0.80 %; morning control group: 91.98 % + 1.38 %; evening control group: 92.53 % + 0.93 %).
Importantly, performance during the second half of training did neither differ between
participants that were tested immediately after learning (morning # evening circadian control
groups: t(55) = —0.33, p =.740, d = —0.09), nor between participants that received the
delayed tests (night-sleep # day-wake groups: t(124) = —0.70, p = .487, d = —0.12), nor
between participants that learned the classification task during the same time of day (night-
sleep # evening circadian control group: t(90) = —0.84, p = .403, d = —0.19; day-wake #
morning circadian control group: t(89) = 0.19, p = .847, d = 0.04). Because participants could
apply different learning strategies during training, we fitted a reinforcement learning (RL) model
on behavioral choices during the learning task to predict their behavior during the later memory

tests assessing the use of explicit and implicit memory representations (Fig. 2B;
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Fig. 1. Study design and procedure. (A) Study design: n = 86 participants in the main study followed a 12-h
day-wake (task training in the morning, testing in the evening) vs. 12-h night-sleep (task training at night, testing
in the following day) design. An additional n = 40 that were tested in the MRI scanner followed the same
schedule. To rule out circadian influences, n = 57 participants in the circadian control groups were either trained
and tested in the morning (morning circadian control group) or evening (evening circadian control group).
(B) Exemplar value dimensions: During the learning task, participants were presented exemplars that were
assigned different values according to a hidden exemplar hierarchy unknown to the participants. Exemplar
values were determined by adding the values (1-5) assigned to the properties (e.g., triangle, ellipse, rectangle,
square, circle for the dimension ‘shape’) of the individual relevant dimensions (i.e., shape, symbol, fill color).
The frame color served as a distractor. (C) Learning task: During task training, participants had to decide which
of the two presented exemplars ranked higher according to the hidden value hierarchy, and to indicate the result
via keypress with the left or right index finger. Correct decisions were reinforced with a happy face. Incorrect
decisions were penalized with a sad face and a delay of 3 sec. Importantly, exemplars during training either
always won (winner exemplars) or lost the comparisons (loser exemplars). Thus, participants could solve the
task either by explicity remembering for single exemplars if they were winners or losers (exemplar-based
decision), or by implicitly learning the underlying hidden regularities that determined the exemplar’s
rank (decision based on information-integration learning). (D) Memory tests: Implicit memory for the hidden
regularities was tested by pairing two new exemplars that had not been presented during training. Explicit
exemplar memory was tested in a recognition task by presenting the 50 exemplars that had appeared during
training and 50 novel exemplars. Cooperation between memory systems was assessed by asking participants
to judge for individual, previously presented exemplars whether these exemplars would rather win or lose in
comparison to other exemplars. (E) Exemplar value distributions: Winning exemplars during training ranked
between 10 and 12, losing exemplars between 6 and 8. New exemplars presented during the implicit memory
test spanned the whole possible exemplar sum point value range between 3 and 15.
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approach, we performed a recovery analysis where we predicted participants’ choices during
learning from the trained model parameters. Overall, the model was able to predict participants’
behavior with high accuracy (overall performance: 85.44 % + 0.45 %; t(182) = 78.44, p <
.001, d = 5.80 [two-tailed one-sample t-test against chance performance]; night-sleep group:
84.84 % + 0.70 %; day-wake group: 85.77 % + 0.83 %; morning control group: 85.23 % +
1.46 %; evening control group: 86.23 % + 0.83 %; Fig. 2C). Importantly, these prediction
accuracies again did not differ either between participants who were tested immediately after
learning (morning # evening circadian control groups: t(55) = —0.60, p = .549, d = —0.16), or

between participants who received the delayed tests (night-sleep # day-wake groups: t(124) =
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Fig. 2. Task learning performance and reinforcement learning (RL) modeling. (A) Learning performance:
Participants successfully acquired knowledge about winning and losing exemplars during classification task
learning, indicated by overall above chance accuracy in the second half of learning. Performance did not differ
between groups. (B) Modeling analysis logic: Participants’ behavior during task training and memory tests was
modeled using a RL algorithm. The model was fitted to participants’ behavioral choices during task training and
provided the learnt exemplar value representation (Q-values) for each participant individually. Based on this
model, participants’ responses during the memory tests were predicted using different policies for the explicit,
the implicit, and the cooperative memory task to assess whether participants were able to successfully apply
the learnt exemplar and corresponding value representations to solve the respective memory tasks. (C) Model
accuracy in the learning task was consistently high, confirming the validity of our modeling approach. No
differences between groups were observed. (A, C) Data are M + SEM. Red dotted lines indicate chance
performance, a value of 1 indicates 100 % accuracy. ***: p <.001; ns: p > .1.
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—0.86, p =.393, d = —0.15), or between participants who learned the classification task during
the same time of day (night-sleep # evening circadian control group: t(90) = —1.18, p = .240,
d = —0.27; day-wake vs. morning circadian control group: t(89) = 0.34, p =.733, d = 0.08).
Together, this demonstrates that the participants became proficient in the classification and

that our RL model is suitable to predict behavioral choices during categorization.

Different Brain Networks Support the Acquired Explicit and Implicit Representations

The main objective of this study was to test if sleep resolves the competition between explicit
exemplar memory and implicit information-integration proficiency. For this, participants were
tested separately on their explicit and their implicit memory in the retrieval session, as well as
on a memory test allowing for a cooperative use of both memory systems (see Fig. 1D). We
first confirmed that participants were able to acquire both explicit exemplar and implicit
information-integration rule representations during classification task training. Explicit
exemplar memory was tested in a recognition task contrasting the exemplars that had
appeared during learning with new ones. Implicit memory for the hidden regularities was tested
by pairing two new exemplars (Fig. 1D). Participants had to decide which exemplar ranked
higher. Cooperative use of explicit and implicit memory representations was assessed by
presenting exemplars studied during the learning task and asking participants whether an
exemplar would rather win or lose in an exemplar comparison. In this task, best performance
can be achieved by relying on a combination of explicit and implicit memory representations.
Overall, participants performed well in all three tasks (overall explicit performance [d’]: 0.86 +
0.03; t(182) = 25.35, p <.001, d = 1.87 [two-tailed one-sample t-test against chance
performance]; Supplementary Tables S2B, S3B; overall implicit performance [accuracy]:
65.28 % + 0.54 %, t(182) = 28.43, p <.001, d = 2.10 [two-tailed one-sample t-test against
chance performance]; Supplementary Tables S2C, S3C; overall cooperation
performance [accuracy]: 80.30 % + 0.65 %; t(182) = 46.94, p < .001, d = 3.47 [two-tailed one-
sample t-test against chance performance]; Supplementary Tables S2D, S3D). Functional
brain activity during these memory tests provided further evidence for the engagement of
separate explicit and implicit memory systems. Correct compared to incorrect decisions in the
explicit memory test activated regions associated with explicit recognition memory in the
parietal, temporal, and frontal cortices (see Fig. 3A; Supplementary Table S6A; Benoit &
Schacter, 2015; Brodt et al., 2016, 2018; Stevenson et al., 2020) while correct compared to
incorrect decisions in the implicit memory test engaged brain regions implicated in information-
integration learning and the representation of the learnt category structure, including the
striatum and frontal cortex (see Fig. 3B; Supplementary Table S6B; F. G. Ashby & Ennis, 2006;
S. R. Ashby & Zeithamova, 2022; Bowman & Zeithamova, 2018; Minda et al., 2024; Poldrack

et al., 2001). In the cooperative memory test, a combined usage of networks associated with
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explicit and implicit processing was observed, with correct compared to incorrect decisions
leading to higher activity in the hippocampus, the striatum, frontal cortex and further areas
implied in recognition memory (see Fig. 3C; Supplementary Table S6C). Together, this
suggests the involvement of two different brain networks for representing explicit information
about exemplar identity and for representing implicit statistical information about the exemplar

value hierarchy, respectively.

The individual value representations obtained from the RL model allowed us to
accurately predict participants’ behavioral choices in the implicit memory test requiring them
to decide which of two unfamiliar exemplars would win the comparison. The model thus
generalized well to this task (see ‘Methods’; Supplementary Table S7; overall implicit model
accuracy: 65.35 % + 0.54 %; t(182) = 28.64, p < .001, d = 2.10 [two-tailed one-sample t-test
against chance performance]). A parametric modulation analysis modeling the exemplar value
difference during the implicit memory test based on participant-specific exemplar value
representations (Q-values) showed that activation in brain regions associated with
representing object value, including medial prefrontal cortex (mPFC; Benoit et al., 2019;
Castegnetti et al.,, 2021), occipital and parietal cortex was modulated by participants’
representation of the choice exemplar values they had acquired during learning (i.e., higher
brain activation was related to larger exemplar @Q-value differences; see Fig. 3D;
Supplementary Table S7). Participants were thus able to infer and neurally represent exemplar

values acquired during training.

A Explicit memory: correct - incorrect responses B Implicit memory: correct - incorrect responses

C Cooperation memory: correct — incorrect responses D implicit memory: exemplar value modulation (Q-value)

Fig. 3. Responding brain networks during memory tests. (A) Explicit memory test, correct > incorrect
responses: superior parietal lobule, angular gyrus (Supplementary Table S6A). (B) Implicit memory, correct >
incorrect responses: putamen, postcentral gyrus (Supplementary Table S6B). (C) Cooperation memory, correct
> incorrect responses: putamen, hippocampus, midcingulate cortex including precuneus (Supplementary
Table S6C). (D) Implicit memory, exemplar value modulation (Q-value): occipital cortex, cuneus, angular gyrus,
superior frontal cortex (Supplementary Table S7). (A to D) Whole-brain MNI space group-level analyses. All
clusters exhibited significant peak-level effects at pyycorr < -001 and exceeded 5 voxels. No masking. Images
are displayed in anatomical orientation.
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Sleep Resolves Competition Between Explicit and Implicit Memory Systems

We next analyzed whether there was a tradeoff between explicit and implicit memory
performance (Supplementary Table S1C). When patrticipants were tested immediately after
learning (circadian control groups), the relationship between explicit and implicit aspects of
their memory was competitive, as indicated by a significant negative relationship between
explicit and implicit memory scores (morning control group: b = —0.09 + 0.03, t(175) = —3.25,
p = .001; evening control group: b = —0.09 + 0.03, t(175) = —2.91, p = .004 [two-tailed tests];
Fig. 4A). However, this initially competitive relationship was selectively resolved after a 12 h-
consolidation interval including sleep (night-sleep group: b = 0.01 + 0.02, t(175) = 0.74, p =
460 [two-tailed test]; Fig. 4B). Importantly, we did not observe this effect after a time interval
of the same length of wakefulness (day-wake group: b = —0.08 + 0.02, t(175) = —3.55, p <
.001 [two-tailed test]). Consequently, regression slopes differed significantly between night-
sleep and day-wake groups, but not between circadian control groups (night-sleep > day-wake:
b =0.09 £+ 0.03, t(175) = 3.09, p =.001 [one-tailed test]; morning control # evening control:
b = 0.00 £+ 0.04, t(175) = —0.10, p = .923 [two-tailed test]) with the difference between night-
sleep and day-wake groups being larger than the difference between circadian control
groups (night-sleep - day-wake > control morning - control evening: b = 0.09 £ 0.05, t(175) =
1.88, p =.031 [one-tailed test]). This demonstrates that an initially competitive relationship
between explicit and implicit memory systems is selectively resolved by sleep. Note, that we
did not only observe this sleep-dependent resolution of competition in the large study sample
that combines data from behavioral and fMRI study protocols (as reported above), but also in

the individual study samples, independently (Supplementary Tables S1A-C).
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Fig. 4. Relationship between explicit and implicit memory performance. Relationship between
performance in explicit and implicit memory tests at (A) immediate tests (morning and evening circadian control
groups) and (B) after a consolidation interval of 12 h (night-sleep and day-wake groups). Immediately after
learning, the relationship between explicit and implicit aspects of their memory was competitive, i.e., negatively
correlated but was selectively resolved after a 12 h-consolidation interval including sleep and not wakefulness.
(A, B) Regression line + 95 %-confidence interval. Memory scores are displayed as residual scores after
regressing out learning performance in the second half of task training. **: p < .01.
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Sleep Promotes Transfer of the Exemplar Value Representation Acquired During Task

Training

To better understand the mechanisms underlying this resolved competition between memory
systems after sleep, we again made use of the RL model fitted on participants’ learning task
performance, to model choices in the memory tests (Fig. 5; see ‘Methods’). This allowed us to
investigate the influence of sleep on participants’ memory representations by applying different
decision policies to the learned exemplar value representation depending on the memory test
used. In the explicit recognition memory test, we applied a policy for which the probability to
rate an exemplar as ‘old’ increased with the number of exemplar features matching a specific
exemplar from the learning exemplars. This policy was overall able to accurately predict
participants’ performance on this task (overall explicit model accuracy: 69.82 % + 0.64 %;
t(182) = 109.95, p<.001, d=8.13 [two-tailed one-sample t-test against chance
performance]) and yielded no differences between the night-sleep and day-wake group in
accurately predicting participants’ choices in the explicit memory test (night-sleep [70.98 % +
1.17 %] > day-wake [69.86 % * 1.00 %]: t(124) = 0.73, p = .232, d = 0.13 [one-tailed t-test];
Fig. 5A). Likewise, we did not observe circadian effects on the prediction of participants’
choices in the explicit memory test (control morning [69.71 % *+ 1.86 %] # control
evening [67.31 % + 1.29 %]: t(55) = 1.07, p =.290, d = 0.28 [two-tailed t-test]; Fig. 5A;
Supplementary Tables S4B, S5B). Accordingly, sleep did not seem to influence transfer of
explicit memory representations from task training to testing in this memory task. However,
when generalizing the models’ exemplar values to unseen exemplars in the implicit memory
test by recombining the single features an exemplar is composed of, participants in the night-
sleep group demonstrated better transfer of the acquired value representation from learning to
testing compared to the day-wake group. This was reflected in a better prediction of
participants’ choices in the implicit memory test in the night-sleep compared to the day-wake
group while no circadian effects were observed (night-sleep [66.87 % + 0.77 %] > day-
wake [63.98 % + 0.97 %]: t(124) = 2.33, p=.011, d = 0.42 [one-tailed t-test]; control
morning [64.00 % + 1.69 %] # control evening [66.31 % + 1.22 %]: t(55) = —1.12, p = .269,
d = —0.30 [two-tailed t-test]; Fig.5B; Supplementary Tables S4C, S5C). Furthermore,
predicting participants’ choices in the cooperative memory task using a value-based policy
(overall cooperation model accuracy: 80.31% + 0.64 %; t(182) =47.06, p <.001, d =
3.48 [two-tailed one-sample t-test against chance performance]) also demonstrated better
transfer of the acquired value representation from learning to testing compared to the day-
wake group. Here, the policy applied to the model was more likely to indicate that an exemplar
would rather win than lose in an exemplar comparison if the exemplars’ value ranked relatively
high within all possible exemplars. Accordingly, prediction of participants’ choices in the

cooperative memory test in the night-sleep group was more accurate than in the day-wake
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group while no circadian effects were observed (night-sleep [80.60 % + 0.94 %] > day-
wake [78.06 % + 1.07 %]: t(124) =1.78, p =.039, d =0.32 [one-tailed t-test]; control
morning [81.29 % + 2.02 %] # control evening [83.59 % + 1.62 %]: t(55) = —0.89, p =.377,
d = —0.24 [two-tailed t-test]; Fig. 5C; Supplementary Tables S4D, S5D). In summary, this
indicates that sleep allows for better transfer of learned exemplar value representation to post-

sleep memory tests.
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Fig. 5. Reinforcement learning (RL) model prediction of memory tests. Group comparisons predicting
participants’ behavior in the explicit, implicit, and cooperation memory tests employing different policies of the
RL model. (A) Explicit model accuracy: No differences between groups in accurately predicting participants’
choices in the explicit memory test were observed. (B) Implicit model accuracy: Participants in the night-sleep
group demonstrated better transfer of the acquired value representation from learning to testing compared to
the day-wake group. This was reflected in better prediction of participants’ choices in the implicit memory test
in the night-sleep compared to the day-wake group, while no circadian effects were observed. (C) Cooperation
model accuracy: Similarly, using a value-based policy, prediction of participants’ choices in the cooperative
memory test in the night-sleep group was more accurate than in the day-wake group while no circadian effects
were observed. (Ato C) Dataare M + SEM. Red dotted lines indicate chance performance, a value of 1 indicates
100 % accuracy. *: p < .05; ns: p > .1.

Sleep Benefits Generalization of the Exemplar Value Rule to Unseen Exemplars

Resolved competition between explicit and implicit memory systems as well as better transfer
of exemplar value representations from task training to testing after sleep might influence
overall performance at test. Consequently, we assessed general group differences between
explicit, implicit, and cooperative memory scores (Fig. 6). A night of sleep significantly
improved implicit information-integration learning compared to a day of wakefulness, circadian
effects were not observed (night-sleep group [0.02 + 0.01] > day-wake group [—0.01 + 0.01]:
t(124) = 2.51, p =.007, d = 0.45 [one-tailed t-test]; morning control group [—0.01 + 0.02] #
evening control group [0.014+ 0.01]: ¢(55)=-1.20, p=.234, d=-0.32; Fig.6B;
Supplementary Tables S2C, S3C). Similarly, when explicit and implicit knowledge could be
used cooperatively, we again found a positive effect of sleep over wakefulness while we did
not find significant differences in performance between the morning and evening groups in this
task (night-sleep group [0.01 + 0.01] > day-wake group [—0.02 + 0.01]: t(124) = 2.79, p =
.003, d = 0.50 [one-tailed t-test]; morning control group [0.01 + 0.01] # evening control
group [0.03 £ 0.01]: t(55) = —0.97, p = .336, d = —0.26; Fig. 6C; Supplementary Tables S2D,
S3D). Explicit recognition of old exemplars was neither affected by sleep nor circadian
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influences (night-sleep group [—0.03 £+ 0.05] > day-wake group [—0.11 + 0.05]: t(124) = 1.14,
p =.128, d = 0.20 [one-tailed t-test]; morning control group [0.26 + 0.09] # evening control
group [0.04 + 0.07]: t(55) = 1.90, p =.063, d = 0.50; Fig. 6A; Supplementary Tables S2B,
S3B). This underlines our findings that sleep increased implicit knowledge about the exemplar
hierarchy rule as well as performance in the cooperation task where this knowledge can be

used jointly with explicit memory representations.

A Explicit performace know? (x) B Implicit performance  whichwins? I8 &, € Cooperation performance rather win/lose? [5]
@

g ns 8 ns § ns

c s £

] © =

E E &

2 2 0 @

= £~ 2=

@ [T >

o o © =0

—_— © o

5S 53 23 — —~
@

E Q\ gé ‘/. ~ £

E . E 0 g

s - s s s

a a @ .

3 E &
g

immediate test delayed test immediate test delayed test immediate test delayed test

control morning © control evening  sleep . wake

Fig. 6. Behavioral performance in memory tests. Group comparisons of behavioral performance in the
explicit, implicit, and cooperation memory tests. (A) Explicit performance: Explicit recognition of old items was
neither affected by sleep nor circadian influences. (B) Implicit performance: A night of sleep significantly
improved implicit information-integration learning compared to a day of wakefulness while no circadian effects
were observed. (C) Cooperation performance: Similarly, when explicit and implicit knowledge could be used
cooperatively, we again found a positive effect of sleep over wakefulness while no circadian effects were
observed. (A to C) Data are M + SEM. To aid comprehension, uncorrected memory scores are displayed
although statistical tests were performed on residual scores after regressing out learning performance in the
second half of task training. Red dotted lines indicate chance performance. (B, C) A value of 1 indicates 100 %
accuracy. **:p < .01; :p<.l;ns:p >.1.

Sleep Does not Promote Explicit Insight Into the Exemplar Value Rule

Participants in the night-sleep group compared to the day-wake group were more accurate in
discriminating unseen exemplars based on their assigned value in the implicit memory test.
We therefore tested whether participants in the sleep group also obtained better explicit insight
into the task rule assigning values to exemplars. Participants were asked to indicate which
factors determined exemplar value during the experimental task in written reports. These were
rated based on whether the reported rules implied a hierarchy of exemplars or exemplar
features, and based on whether the reported rules implied that a combination of exemplar
features across exemplar dimensions defined exemplar value (nominal ratings yes/no).
Although participants showed improved implicit memory performance after a night of sleep
compared to a day of wakefulness, this did not transfer to enhanced explicit insight into the
exemplar value rule, neither for rules involving a hierarchy (night-sleep group [percentage of
reported hierarchy rules]: 54 %, day-wake group [percentage of reported hierarchy rules]:
54 %; X2(1) = 0.00, p = 1.000; Supplementary Tables S11D, S11E) nor for rules involving a
combination of features (night-sleep group [percentage of reported combination rules]: 59 %,

day-wake group [percentage of reported combination rules]: 46 %; X?(1) = 1.56, p = .212;
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Supplementary Tables S11D, S11F). Although sleep allowed for better implicit generalization
of the feature rule, this improvement did thus not transfer into the explicit, verbalizable domain.

Modulation of Memory-Related Brain Activity by Sleep

Analyzing differences in brain activity during memory tests between the night-sleep and day-
wake groups did not yield any significant results at a conventional significance
threshold (pyncorr < -001, cluster extent threshold = 5). Since we observed strong and reliable
effects in behavioral outcomes for night-sleep compared to day-wake group comparisons, we
report exploratory results that were performed at a more liberal significance threshold in the
Supplementary Information (puncorr < -005). During the implicit memory task, sleep after task
training resulted in stronger activity in the bilateral temporal lobe, including hippocampus,
during correct versus incorrect decisions, extending brain systems use beyond striatal
activity (see Fig. 3B) in participants who slept (Supplementary Fig. S10B). In the same
memory test, sleep also increased exemplar value representations in the medial frontal
cortex (Supplementary Fig. S10D). In the cooperation memory task, sleep led to small
increases in the activation of the putamen as well as medial frontal cortex, accompanying
behavioral benefits (Supplementary Fig. S10C). Visualizations of all clusters and tables
reporting all sleep > wake contrasts can be found in the Supplementary Information, including
results on the explicit memory test where no behavioral benefit of sleep was

observed (Supplementary Fig. S10; Supplementary Tables S8A-C, S9).

Discussion

Interactions between memory systems are considerably more flexible than previously
assumed. Here, we find that the relationship between explicit and implicit memory in a
classification learning task is moderated by sleep. Sleep is known to support memory
consolidation in multiple memory systems (Berres & Erdfelder, 2021; Gui et al., 2017; Schmid
et al., 2020). Our data show that during sleep, memory is not only strengthened within these
systems, but that information is integrated across explicit and implicit memory systems. An
initially competitive relationship between implicit and explicit memory is resolved after a night
of sleep, but not after a day of wakefulness. This integration results in a better transfer of the
learned exemplar value representation to post-sleep memory tests assessing implicit memory
for the categorization rule. Moreover, participants who slept showed superior performance both
on the implicit memory test, requiring use of implicit rule knowledge to assess novel exemplars
not seen during classification task training, as well as on the cooperative memory test, where
they could rely on both the explicit and implicit memory representations acquired during
training. Sleep thus selectively resolves competition between implicit and explicit memory
systems to improve application of acquired knowledge and aid generalization to novel

situations.
13
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Classification tasks, such as the one used in the present experiments, can be learned
using explicit or implicit decision strategies and, accordingly, have been shown to activate the
medial temporal lobe or the striatum, depending on boundary conditions such as training mode,
training duration, or the activation of the stress system (Dickerson et al., 2011; Gluck et al.,
2002; Poldrack et al., 2001; Poldrack & Rodriguez, 2004; Schwabe & Wolf, 2012; Wimmer et
al., 2014). Moreover, activity in multiple memory systems can shift over time, possibly reflecting
strategy use (Packard & Knowlton, 2002). The striatum and medial temporal lobe can also be
recruited in parallel in other memory tasks, such as motor sequence learning, associative
memory, (reward) generalization, and navigation (Albouy et al., 2008; Albouy, Sterpenich, et
al., 2013; Albouy et al., 2015; Brown et al., 2012; Mattfeld & Stark, 2011, 2015; Moses et al.,
2010; Van De Ven et al., 2020; Wimmer & Shohamy, 2012). Here, explicit and implicit learning
systems can interact both competitively and cooperatively. Sleep has been proposed as an
important factor modulating the nature of this interaction (Albouy, King, et al., 2013; Freedberg
et al., 2020). Our task was designed to examine the development of explicit and implicit
memory components and their interaction. We show that, after sleep, the initially competitive
interaction between explicit and implicit memory is resolved. A mutual inhibition, reflected in a
negative relationship between these two aspects of memory after training, was replaced by a
more cooperative relationship after sleep. Importantly, sleep also benefitted performance in a
memory test allowing a cooperative use of both explicit and implicit memory systems. Sleep

thus is a decisive factor facilitating the cooperative use of different memory representations.

While conclusions on sleep-dependent memory consolidation are usually drawn from
direct measures of immediate and delayed memory performance, few attempts have been
made to characterize the underlying cognitive representations using computational modeling
approaches (Berres et al., 2024). We used a reinforcement learning approach to model
participant-specific cognitive representations of the multi-dimensional feature space in an
information-integration classification learning task, which could be solved by different
mnemonic strategies. This allowed us to assess differences in strategy use between
participants who slept after task training and participants who stayed awake. We find that after
a night of sleep, participants made more efficient use of the exemplar value representation
they had acquired during training. This suggests that sleep not only allows for better access to
simple memory representations acquired before sleep, as typically indicated by better retention
of learning material in declarative memory tasks (Schénauer, Pawlizki, et al., 2014), but may
also enhance access to more complex representations of multidimensional task
spaces (Chatburn et al., 2014). This greater cognitive availability of the task space may explain
why participants who slept after training demonstrated superior generalization of the hidden
exemplar value rule to novel, unseen exemplars, as reflected in their superior performance on
the implicit memory test.
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Our finding that sleep aids generalization of the acquired exemplar value rule to new
exemplars extends research on qualitative changes in memory over sleep, including improved
gist abstraction and extraction of hidden regularities (Durrant et al., 2011; Ellenbogen et al.,
2007; Lutz et al., 2017, 2018; Schapiro et al., 2017; Werchan & Gémez, 2013). Note, however,
that other studies failed to replicate this facilitating effect of sleep on the abstraction and
generalization of task regularities (Cordi & Rasch, 2021; Mirkovi¢ & Gaskell, 2016; Talamini et
al., 2022; Tandoc et al., 2021). Our findings suggest that sleep may patrticularly favor implicit
forms of generalization. Benefits of sleep on the extraction of hidden regularities in a wide
range of learning tasks, including artificial grammar learning, information-integration learning,
and category learning, were only evident in implicit performance improvement, but not explicit
rule knowledge (Lerner & Gluck, 2019; note that this may be different for learning tasks
employing temporal rules). Consequently, participants’ performance on our implicit memory
test benefitted from a night of sleep although they did not gain more explicit insight into the

exemplar value rule.

Contrary to robust reports on sleep-dependent benefits in episodic memory
performance (Berres & Erdfelder, 2021), we did not find a beneficial effect of sleep on explicit
exemplar recognition. The task goal in our study was to identify a hidden underlying exemplar
hierarchy, regardless of whether participants employed an explicit exemplar-based or implicit
information-integration strategy. Previous research has suggested that sleep-dependent
memory consolidation mainly targets features with future relevance (Leong et al., 2019;
Wilhelm et al., 2011; but also see Davidson et al., 2021). Consolidating individual exemplar
representation may not have been of highest priority in the present experiments. Instead, sleep
accomplished an implicit understanding of the exemplar hierarchy based on the explicitly
learned exemplars and implicit information-integration rule representations before sleep. In line
with task demands, this boosted implicit memory performance and led to an integration of

explicit and implicit memory representations.

During sleep, the hippocampus coordinates reactivation of previous learning
experiences together with other cortical and subcortical areas (Girardeau et al., 2017; Ji &
Wilson, 2007; Lansink et al., 2009; Olafsdéttir et al., 2016; Pennartz et al., 2004; Peyrache et
al., 2009; Rothschild et al., 2017; Sterpenich et al., 2021). A joint reactivation of memory
representations in multiple memory systems may mechanistically underlie our finding that
sleep resolved competition between implicit and explicit learning systems. Lansink et al. (2009)
investigated replay of neuronal activity during sleep in both the hippocampus and striatum.
They show that firing patterns in which hippocampal cells code for the spatial component of
the memory and striatal cells code for the associated reward component of the learning

experience are preferentially reinstated in a coordinated replay across these brain structures.
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This cross-regional replay may have a functional relevance for consolidating a multi-facetted
memory engram, with both spatial and reward components bound together during sleep-
dependent consolidation. Our brain imaging analyses lacked the power to investigate neural
evidence for such an integrated, multi-facetted memory representation. Behavioral evidence
on the promotion of an integrated memory trace following reactivation is provided by a study
using targeted-memory reactivation (TMR) during sleep indicating that reactivation promotes
explicit knowledge of an implicit motor sequence rule (Cousins et al., 2014). Furthermore, in a
category learning paradigm, cuing of categories during sleep reduced details of the studied
exemplars (Witkowski et al., 2021), indicating a reactivation-dependent rule abstraction. Our
study extends these findings by demonstrating a sleep-dependent conversion of an initially
competitive interaction between explicit and implicit memory systems following sleep,
assessed via behavioral performance. During initial task training, separate memory
representations are formed in explicit and implicit memory systems. Over sleep, joint
reactivation may lead to an integration of information across these systems. As a
consequence, competing representations of the same task can be bound into one coherent
representation, so that different aspects of a memory together contribute to optimal behavioral
output. This is reflected in a more cooperative relationship between explicit and implicit

memory performance, as well as better performance on a cooperative memory test after sleep.

Our findings demonstrate that sleep plays a critical role in resolving competition
between explicit and implicit memory systems, fostering a more cooperative relationship that
enhances memory performance and generalization. By facilitating the integration of separate
memory representations, sleep enables the formation of a more coherent and accessible
memory trace, improving implicit rule abstraction in an information-integration category
learning task and the application of learned information to novel situations. These results align
with prior research on qualitative changes to memory over sleep-dependent consolidation and
extend these findings by highlighting that sleep affects the flexible interplay between multiple
memory systems in addition to strengthening individual memory traces. While our behavioral
data suggest that sleep promotes cross-system integration, future neuroimaging studies are
needed to directly assess the neural mechanisms underlying this process. Overall, our study
provides compelling evidence that sleep not only stabilizes memory but also transforms the

underlying cognitive architecture, promoting the adaptive use of stored knowledge.
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Methods
Participants

The main study followed a 12-h day-wake vs. 12-h night-sleep design (see Fig. 1A).
87 participants (52 female, 35 male) learned a feedback-driven classification task either in the
morning 1 hour after their habitual wake-up time (n = 44, day-wake group), or in the evening
after being awake for 13 hours (n = 43, night-sleep group). Performance was tested after a
12-h consolidation period, during which they had either a full night of sleep or a normal day of
wakefulness. All participants were healthy adults between 18 and 30 years with no history of
neurological or psychiatric disorders. They were color-sighted as assessed by the Ishihara
test. They were regular sleepers with a habitual sleep duration of more than 6 hours and wake
up times between 7 am and 9 am. They did not report any chronic or acute sleep related
problems, did no shift work, and had not changed time zones in the 6 weeks leading up to the
experiment. Participants were told to refrain from drinking alcohol, coffee, and tea on the day
of the experiment, as well as the night before, and did not take any medication that affect the
central nervous system. All participants were non-smokers. Participants were randomly
assigned to either the sleep or wake condition, with sex balanced across conditions.
Participants kept sleep logs during the two nights preceding the experimental session and on
the day of the experiment itself to verify regular sleeping patterns. Additionally, activity during
the consolidation period was monitored using actimetry to confirm that participants in the wake
groups did not sleep during the day and to verify reports on sleep length in the sleep group.
Sleep journals and actimetry data were found to be compatible and no participant was
excluded for this reason. One participant from the night-sleep group who showed insufficient
learning performance during the second half of training (< 70 % exemplars correctly learned)
was excluded, resulting in a sample size of n = 42 for the night-sleep group. Participants in
the night-sleep group slept on average 7 h 9 min = 8 min during the night after learning the
classification task. At the end of each visit to the laboratory, a subset (n = 40) of participants
performed a 10-min psychomotor vigilance task (PVT; Dinges & Powell, 1985). Fatigue did not
differ between conditions (mean number of lapses — learning: sleep 1.76 + 0.49, wake 0.95 +
0.30; t(38) = 1.38, p = .177; retrieval: sleep 0.90 + 0.26, wake 0.84 + 0.32; t(38) = 0.15, p =
.878; median reaction times — learning: sleep 295.26 + 5.41 ms, wake 298.66 + 5.43 ms;
t(38) = —0.44, p = .661; retrieval: sleep 289.62 + 5.73 ms, wake 295.61 + 5.53 ms; t(38) =
—0.75, p = .459).

In a second experiment designed to control for circadian influences,
58 participants (42 female, 16 male) learned the task again either in the morning (n = 29) or
in the evening (n = 29) but were retested immediately after training to control for circadian

effects on performance (Fig. 1A). One participant from the morning group who showed
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insufficient learning performance during the second half of training (< 70 % exemplars
correctly learned) was excluded, resulting in a sample size of n = 28 for the morning control
group. A third experiment with 40 participants (31 female, 9 male) followed the same day-
wake/night-sleep design (n = 19 and n = 21, respectively) as the main study, but performance
was tested in the magnetic resonance imaging (MRI) scanner (fMRI study, Fig. 1A).
Participants in the night-sleep group slept on average 6 h 46 min + 16 min during the night
after learning the classification task. Sleep duration did not differ significantly between
participants that were tested in the MRI scanner and participants that only performed the

experimental task without MRI scanning (t(60) = 1.52, p = .133).

Task

During classification task training, two stimuli were presented on a black screen, and
participants had to decide which of these exemplars has a higher rank, i.e., wins the
comparison (Fig. 1C). The rank of the stimuli was defined by a hidden rule reflecting a linear
combination of values assigned to stimulus properties, which is typical for information-
integration tasks (F. G. Ashby & Maddox, 2005, 2011). Stimuli differed on four

dimensions (shape, symbol, fill color, frame color).

Each dimension had five possible properties (e.g., triangle, ellipse, rectangle, square,
circle for the dimension ‘shape’). For each participant, we assigned a new arbitrary hierarchy
to the five properties of the dimensions shape, symbol, and fill color (exemplary hierarchy
shown in Fig. 1B). According to the hierarchy, scores between 1 and 5 were assigned to the
properties. Frame color served as a distractor. A score between 3 and 15 was calculated for
each object by adding these values across dimensions (Fig. 1E). Because of this small range
of scores for the 625 possible different stimuli, this task was difficult to learn. Together with the
irrelevant distractor dimension, it was impossible for the subjects to deduce the full underlying
value system explicitly. When asked whether they could name general rules that determined
exemplar values at the end of the experiment, participants were unable to explicitly report the

complete information-integration rule.

During training, participants’ task was to decide which of the two presented exemplars
ranked higher according to this score, and to indicate the result via keypress with the left or
right index finger, respectively (Fig. 1C). They performed 625 of these decision trials. In each
trial, the two exemplars were shown for a minimum of 2 sec. If participants did not react within
5 sec, the stimuli vanished, and a black screen was shown until a decision was made. The
short presentation time and the large number of trials made it virtually impossible to keep all
eight different features of one display in working memory. We intended this procedure to
prevent participants from actively trying to discover the hidden rule underlying the classification

task by intensely studying, comparing, and excluding different alternatives based on the stimuli
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present on screen. After each reaction, a symbolized happy or sad face was presented as
feedback for 2 sec, depending on whether the answer was correct or not. If the exemplars had
already disappeared when the decision was made, they reappeared together with the smiley.
The sad face was additionally accompanied by an aversive sound and followed by an empty

screen and a penalty delay of 3 sec, emphasizing the error.

During the 625 training trials, 50 exemplars were shown in varying combinations in such
a way that 25 exemplars were always the higher-ranking ones (winner exemplars; exemplar
sum point value between 10 and 12) and 25 exemplars were always the lower-ranking
ones (loser exemplars; exemplar sum point value between 6 and 8; Fig. 1E). Thus, participants
could solve the task either by explicitly remembering for single exemplars if they were winners
or losers (exemplar-based decision), or by implicitly learning the underlying hidden regularities
that determined the exemplar’s rank (decision based on information-integration learning).
Instructions made participants aware of both possible solutions. They were also informed that

they would be asked to recognize the stimuli later.

In the retrieval session, three different aspects of memory were tested (see Fig. 1D).
Implicit memory for the hidden regularities was tested by pairing two new exemplars (exemplar
sum point values between 3 and 15; Fig. 1E). Participants had to decide which exemplar
ranked higher. These decisions could only be based on implicit memory for the underlying
hidden rule acquired during information-integration learning. Explicit exemplar memory was
tested in a recognition task by presenting those 50 exemplars that had appeared during
learning and 50 new ones. Participants indicated whether an exemplar was old or new. To
successfully solve this task, participants had to use their explicit memory of the exemplars
presented during training. Additionally, we used a cooperative memory task that could be
solved with the help of both explicit and implicit memory. Participants were asked for individual,
previously presented exemplars to judge whether these exemplars would rather win or lose in
comparison to other exemplars. In this task, best performance can be achieved by relying on
both explicit and implicit memory representations. Finally, in a forced-choice task, we created
a competition between explicit exemplar memory and memory for the implicit information
integration rule. The 25 winner exemplars and 25 loser exemplars from training were paired
with higher-ranking (sum point values of 11 to 15) and lower-ranking new items (sum point
values of 3 to 7), respectively, such that winner exemplars would now lose, and loser items
would now win the comparison. This task was designed to assess relative changes in the use
of explicit and implicit memory representations. We found that participants tended to rely on
exemplar-based memory in this forced-choice task, as indicated by relatively more exemplar-
based (explicit) compared to rule-based (implicit) decisions, yet no differences emerged

between conditions. Results on this task are reported in the Supplementary
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Information (Supplementary Tables S2E, S3E). During all retrieval tests, no feedback for
correctness of decisions was given. Finally, participants’ explicit insight into the underlying task
rule was assessed by asking participants to indicate what determined exemplar value in the

experimental task using written reports.

The task design was chosen based on a large literature of studies on classification
learning (F. G. Ashby & Maddox, 2005). It has been shown that various strategies are used to
solve classification tasks (Gluck et al., 2002). We specifically enforced multiple systems use
by providing strong cues for different learning strategies during task training. For one, we
prompted implicit information-integration learning by basing the hidden rule on a conjunction
of features, which is in its complexity impossible to verbalize and has to be inferred from
integrating information across many stimuli and feature dimensions. This kind of implicit
learning has been shown to depend critically on the striatum (F. G. Ashby & Ennis, 2006; Minda
et al., 2024). Feedback-driven training is thought to further reinforce these implicit aspects of
memory and striatal involvement (Poldrack et al., 1999, 2001; Shohamy, 2004). The use of
explicit exemplar-based strategies was ensured by instructing subjects about the possibility to
classify each exemplar as belonging to the winning or to the losing category. During
classification learning, every exemplar can be stored in memory, along with its winning or losing
category label. This kind of explicit encoding strategy depends critically on the

hippocampus (Pickering, 1997; Poldrack et al., 2001).

In the fMRI experiment, the retrieval tests and retrieval test timings were equivalent to
behavioral experiment. Every 60 seconds, all tests were interrupted by short blocks of an odd-
even number judgement task which has been shown to suppress hippocampal activity (Stark
& Squire, 2001). Block duration for the odd-even judgement task was jittered between 18 and
23 sec, with an average duration of 20.5 sec. Participants had 1.5 sec per trial to select their

response, and each trial was followed by a 0.5 sec intertrial interval.

Behavioral Data Analysis

Behavioral analyses were performed on the collapsed behavioral data from the main (no MRI
scanning) and the fMRI study. Analyses conducted separately for the main and the fMRI study
can be found in the Supplementary Information. Descriptive statistics are provided as mean
values (+ standard error). Statistical comparisons between night-sleep and day-wake groups
with a priori hypotheses were one-tailed; all other comparisons were two-tailed tests at a

significance level of @ = 0.05.

Memory test scores. Initial learning performance was measured as the percentage of correct
decisions during the second half of categorization task training. Implicit information-integration

memory was measured as the percentage of correct decisions in the implicit memory test.
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Explicit recognition was analyzed in terms of memory sensitivity d’ which is calculated as
Z(hits) — Z(false alarms) in the recognition task. Memory systems cooperation was
assessed by the percentage of correct decisions whether items would rather win or lose in the
cooperation memory test. Chance performance was at 50 % for the implicit memory test and
the cooperative memory task. Memory systems competition was measured as percentage of
rule-based decisions. Chance performance cannot be meaningfully determined in this forced-

choice test.

Relationship between explicit and implicit memory test scores. We analyzed the
relationship between explicit and implicit aspects of memory using multiple regression
analysis. We corrected for initial learning performance when testing relationships between
memory scores at test by regressing out performance in the second half of initial learning
before entering memory scores into the final regression analysis to account for differences in
initial learning level. The explicit memory score and experimental group (night-sleep, day-
wake, morning control, and evening control) served as predictors while the implicit memory
score served as dependent variable. We examined regression slopes for the individual groups
and compared slopes between experimental groups. As such, we investigated differences in
the relationship between explicit and implicit memory for participants who slept after learning
and participants who stayed awake (main and fMRI study). We then compared this to
differences in the relationship between explicit and implicit memory for participants that were
directly tested on their explicit and implicit memory after learning either in the morning or in the

evening (circadian control groups).

Group differences in memory test scores. We compared differences in memory
performance (initial learning performance, implicit memory, explicit recognition, and
cooperative memory) between experimental groups using Student’s t-tests. Performance in
the second half of initial learning was regressed out before entering memory scores into the ¢t-
tests to account for differences in initial learning level. Note that in the figure (Fig. 6)
accompanying this analysis, uncorrected memory scores are displayed to aid comprehension
although statistical tests were performed on residual scores after learning performance in the

second half of learning has been regressed out. Cohen’s d is reported as effect size.

Explicit insight into exemplar value rule. Participants’ written reports on what determined
exemplar value during the experimental task were rated for indications of hierarchy and
combination rules (nominal ratings yes/no). A self-reported rule was rated as a hierarchy rule
if a report either explicitly or implicitly referred to a hierarchy between exemplars or exemplar
features. A self-reported rule was rated as a combination rule if a report mentioned the
combination of exemplar dimensions defining exemplar value. Rules were scored by two
independent raters. Rater agreement for the hierarchy rule was at 88% and for the
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combination rule at 96 %. If the two raters did not agree on the same result, no indication of a
reported hierarchy or combination rule was scored in the final rating. Validity of the applied
rating approach is suggested by improved performance in the implicit memory test in
participants reporting a hierarchy or combination rule (see Supplementary Tables S11B, S11C).
Differences between the number of reported rules between groups were assessed using X?-

tests.

Reinforcement Learning (RL) Model

Participants’ behavior during task training and memory tests was modeled using a
reinforcement learning (RL) algorithm to assess participant-specific exemplar value
representations. The goal of this analysis was to test to which extent they applied resulting
exemplar (explicit) and value (implicit) representations during later memory tests by predicting

participants’ behavior based on the learned model representations.

Environment formulation. We formulate the classification task as a contextual multi-armed
bandit task with action space A. Specifically, we define each action (exemplar) a € A as a
vector consisting of three relevant feature dimensions (shape, symbol, fill color) and one
irrelevant feature dimension (frame color). Each dimension may take one of five alternative
values and their identity is randomized across participants, i.e., a € Z° and 1 < a < 5 for all

a € A. Thus, the entire action space has a cardinality of 5* = 625.

Learning task and model fitting. We employ a reinforcement learning algorithm that is based
on the assumptions made in the Rescorla-Wagner-model (Rescorla & Wagner, 1972; Sutton
& Barto, 2018). We assume that during the learning task, the action-values (Q-values) for the
individual exemplars start with Q,(a) = 0 for all a € 4, and are then updated after the action

execution for the tth trial according to:
Qt(a) = (1 — a)Q¢-1(a) + aryg(a), for both a € A,

where « is the learning rate and A; is the action subspace of the tth trial, consisting of
the presented left (a;,) and right (ag) exemplars, i.e., A; = {a;, ag}. Note that we define positive
and negative reward values 7, 5 for the winner and loser exemplars, respectively, according to

B if ais winner
—f ifaisloser’

rp(@ = {

where B is the reward strength. We then apply a Boltzmann policy with respect to the
action-value function for the tth trial to select actions for each learning trial, i.e., given the action
subspace A; = {a;, ar}, we have

exp Q¢(ay)
exp Q¢(ar)+exp Q¢(agr)’

me(a,) =
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where 1,(a;) describes the probability of selecting the left choice-option a; over the
right ag. We use the data from the learning task to fit the algorithm parameters a and g for
each individual participant. We then use these parameters to estimate the action-values in
each trial of the subsequent test tasks. Specifically, we apply Markov chain Monte
Carlo (MCMC; Gilks, 1995), a class of sampling-based parameter estimation methods. Let D
be the participant behavior observed during the learning task, we aim to find the posterior
distribution of model parameters a and § given D, i.e.,

P(a, B|D) « P(D|a, B)P(a)P(B),

where we define the priors for @ and  as @ ~ Beta(2,5) and  ~ Ga(7.5,1), respectively.
To sample from the posterior P(a, 8|D), we sample 4 Markov chains with 5,000 samples in
parallel (after 2,000 discarded burn-in samples) drawn from each chain. Afterwards, we select
the group of parameters with highest posterior probability (i.e., the posterior mean) for further
analysis. As a result, we obtain an exemplar value representation of the exemplars studied

during task training, represented by participants’ individual Q-values.

Generalization of action-values. To predict choices in the test tasks, we generalize the
learned action-values of familiar, previously seen exemplars to new, unseen exemplars. To

this end, we assume that
Q(a) = 8Ta + 6y,

for all a € A, where 8 € R* describes the coefficient vector of the four feature
dimensions of each exemplar and 6, € R denotes the intercept. For each participant, we

estimate the parameters 8 and 6,, by solving the following least-squares problem:

2

minimize || [ALgr 1] [990] - QLER”Z'

where A, gr € Z>°%* describes the action subspace of the familiar exemplars that were
previously seen during learning (LER) and Q;zr describes the final action-value function over

A, gr after learning.

Test tasks. For each of the three test tasks, we then model the decision policies according to

the instructions for the individual tasks.

Explicit memory task. For the explicit memory task, we employ a feature-based decision
policy to model the probability of a participant to indicate that they have seen the exemplar

before (true):

1
T[(true) = P(a € ALER) = Za,rélAaX Z?:llal{ (ai)l
LER
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where IaL( (a;) is an indicator function that equals to 1 if a; = a; and 0 otherwise. This

policy works such that the probability to label an exemplar as old (instead of new) in the
recognition memory test is higher the more similar a presented exemplar is to an exemplar that

was actually presented during task training.

Implicit memory task. For the implicit memory task all a € A gg. Thus, we employ a

Boltzmann policy on the generalized action-values:

exp Q¢(ar) _ exp(8Tar+6,)
exp Q¢(ar)+exp Qc(ar)  exp(6TaL+6,)+exp(6Tag+6,)

m.(a,) =

Therefore, this policy makes use of the exemplar value representation acquired during
task training (Q-values) and generalizes them to decisions between exemplars that were never

presented before.

Cooperation memory task. For the cooperation memory task where all a € A; gg, we employ
the following policy to estimate the probability that the participant would identify a given
exemplar a as a winner (win):

1

m(win) = =

Yarea_, 1(Q(a) > Q(a"),

where A_, is the action space with the current test exemplar a removed, and the
indicator function I(Q(a) > Q(a")) is equal to 1 if Q(a) > Q(a’) and O otherwise, with the
generalized action-values Q(a) = 8Ta + 6, for a and all a’ € A_,. This policy is more likely to
label a presented exemplar as winner (compared to loser) the higher the exemplar ranks
among all possible exemplars and therefore makes use of both exemplar value
representations acquired during task training and generalized exemplar value representations

of exemplars not presented during training.

Functional MRI Acquisition and Analysis

Whole-brain functional T2*- weighted MRI data were acquired at the Max Planck Institute of
Psychiatry, Munich, with a 3-T MR750 scanner (GE) using a 12-channel head coil and a single-
shot echo planar imaging (EPI) sequence (repetition time: 2,500 ms; echo time: 30 ms; flip
angle: 90°; voxel size: 1.88 x 1.88 x 3.5 mm?3, acquisition matrix size: 96 x 96 x 42,
reconstructed to 128 x 128 x 42 voxel; interleaved slice acquisition). A whole brain structural
scan was acquired using a T1l-weighted 3D fast spoiled gradient echo sequence (repetition
time: 7.1 ms; echo time: 2.2 ms; flip angle: 12°; phase acceleration: 2; voxel size: 0.8 x 0.8 x
1.3 mm?3; matrix size: 320 x 320 x 128 voxel). DICOM to NIFTI conversion was performed using
dem2niix (Lietal., 2016). The first four scans were discarded to allow for magnetic saturation

effects.
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Results included in this manuscript come from preprocessing performed using
fMRIPrep 23.2.0 (Esteban et al., 2019; Markiewicz et al., 2024; RRID:SCR_016216), which is
based on Nipype 1.8.6 (Gorgolewski et al., 2011; Esteban et al., 2022; RRID:SCR_002502).

Anatomical data preprocessing. The Tlw image was corrected for intensity non-
uniformity (INU) with N4BiasFieldCorrection (Tustison etal., 2010), distributed with ANTs
2.5.0 (Avants et al., 2008; RRID:SCR_004757), and used as T1lw-reference throughout the
workflow. The Tilw-reference was then skull-stripped with a Nipype implementation of the
antsBrainExtraction.sh workflow (from ANTS), using OASIS30ANTS as target template.
Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and gray-
matter (GM) was performed on the brain-extracted T1w using fast (FSL, RRID:SCR_002823;
Zhang et al., 2001). Brain surfaces were reconstructed using recon-all (FreeSurfer 7.3.2,
RRID:SCR_001847; Dale et al., 1999), and the brain mask estimated previously was refined
with a custom variation of the method to reconcile ANTs-derived and FreeSurfer-derived
segmentations of the cortical gray-matter of Mindboggle (RRID:SCR_002438; Klein et al.,
2017). Volume-based spatial normalization to one standard space (MNI152NLin2009cAsym)
was performed through nonlinear registration with antsRegistration (ANTs 2.5.0), using
brain-extracted versions of both T1w reference and the T1w template. The following template
was selected for spatial normalization and accessed with TemplateFlow (23.1.0; Ciric et al.,
2022): ICBM 152 Nonlinear Asymmetrical template version 2009c¢ (Fonov et al., 2009;
RRID:SCR_008796; TemplateFlow ID: MNI152NLin2009cAsym).

Functional data preprocessing. For each of the 4 BOLD runs found per subject (across all
tasks and sessions), the following preprocessing was performed. First, a reference volume
was generated, using a custom methodology of fMRIPrep, for use in head motion correction.
Head-motion parameters with respect to the BOLD reference (transformation matrices, and six
corresponding rotation and translation parameters) are estimated before any spatiotemporal
filtering using mcflirt (FSL; Jenkinson et al., 2002). The BOLD reference was then co-
registered to the T1w reference using bbregister (FreeSurfer) which implements boundary-
based registration (Greve & Fischl, 2009). Co-registration was configured with six degrees of
freedom. Several confounding time-series were calculated based on the preprocessed BOLD:
framewise displacement (FD), DVARS and three region-wise global signals. FD was computed
using two formulations following Power (absolute sum of relative motions; Power et al., 2014)
and Jenkinson (relative root mean square displacement between affines; Jenkinson et al.,
2002). FD and DVARS are calculated for each functional run, both using their implementations
in Nipype (following the definitions by Power et al., 2014). The three global signals are
extracted within the CSF, the WM, and the whole-brain masks. Six head-motion

estimates (3 translations, 3 rotations) calculated in the correction step were placed within the
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corresponding confounds file. Frames that exceeded a threshold of 0.5 mm FD or 1.5
standardized DVARS were annotated as motion outliers. All resamplings were performed with
a single interpolation step by composing all the pertinent transformations (i.e., head-motion
transform matrices and co-registrations to anatomical and output spaces).
Gridded (volumetric) resamplings were performed using nitransforms, configured with

cubic B-spline interpolation.

Many internal operations of fMRIPrep use Nilearn 0.10.2 (Abraham et al., 2014;
RRID:SCR_001362), mostly within the functional processing workflow. For more details of the

pipeline, see the section corresponding to workflows in fMRIPrep’s documentation.

Copyright waiver. The above boilerplate text was automatically generated by fMRIPrep with
the express intention that users should copy and paste this text into their manuscripts
unchanged. It is released under the CCO license. Sections referring to estimates not

considered in our preprocessing workflow were omitted.

Preprocessing quality control. Quality control of anatomical and functional data
preprocessing was ensured by visual inspection of fMRIPrep’s output summary. For each
subject, brain mask and brain tissue segmentation of the T1w, spatial normalization of the
anatomical T1w reference, and surface reconstruction were examined. Furthermore, FD,
DVARS and the three region-wise global signals were checked for large deviations suggesting

excessive motion. Indices of all subjects were found to suffice for subsequent data analysis.

General linear model analysis. Mixed-effects general linear model (GLM) analyses were
performed using SPM12 (SPM, RRID:SCR_007037). Before data were entered into the GLM

analyses, they were smoothed with an 8 mm FWHM Gaussian kernel.

Memory test functional brain activity. We assessed brain regions contributions to correct
memory recall and categorization performance in GLM analyses modeling brain activity during
trials in which participants made correct versus incorrect decisions. At the first level, for each
memory test, onsets and durations untili motor responses following stimulus
presentation (separately for correct decisions, incorrect decisions and responses to the odd-
even number judgement task) were convolved with a standard hemodynamic response
function. These were modeled together with 6 head-motion regressors obtained from
fMRIPrep (three rotations and three translations) as fixed effects in a GLM for each individual
subject. High-pass filtering was implemented in the matrix design by using a cutoff period of
128 sec to remove low-frequency drifts from the time series. Serial correlations in the signal
were estimated by using a first-order autoregressive plus white noise model and a restricted
maximum likelihood (ReML) algorithm. The effects of interest consisted in the hemodynamic

response to correct and incorrect decisions in the different memory tests. This was tested by

26


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

obtaining statistical parametric maps from positive contrasts for correct and incorrect decisions
separately. These summary statistic images were further smoothed (6 mm FWHM Gaussian

Kernel) and entered in a second-level analysis.

Data of all participants were entered in a full factorial random effects model with the
factors performance (correct vs. incorrect decisions) and group (night-sleep vs. day-wake)
treating participants as a random factor. Main effects and interactions were tested using t-
contrasts. ReML estimates of variance components were used to allow for unequal variance

and possible deviations from sphericity.

Q-value modulation. In GLM analyses on modulation by Q-value, correlations between Q-
values obtained from the RL model and brain activity in the implicit memory test were
performed. At the first level, a Q-value regressor was obtained by calculating the absolute
difference between participants’ Q-values of the two exemplars in the present implicit memory
test trial and convolving this with a standard hemodynamic response function. Therefore, this
analysis tests for brain regions that display variance in their activity according to the difference
between participants’ value representations of the presented unknown exemplars. Similar to
the GLM analysis on modulation of brain activity according to memory test performance, the
Q-value regressor was modeled together with responses to the odd-even number judgement
task and 6 head-motion regressors obtained from fMRIPrep (three rotations and three
translations) as fixed effects in a GLM for each individual subject. High-pass filtering was
implemented with a cutoff period of 128 sec, and serial correlations in the signal were
estimated by using a first-order autoregressive plus white noise model and a restricted
maximum likelihood (ReML) algorithm. The effect of interest consisted in the hemodynamic
response to variations in the Q-value difference in the implicit memory test. This was tested by
obtaining a statistical parametric map from this contrast. This summary statistic image was
further smoothed (6 mm FWHM Gaussian Kernel) and entered in a second-level analysis
testing for a (i) significant parametric modulation by Q-values across participants (one-sample
t-test against 0) and (ii) differences in Q-value modulation between groups (night-sleep vs.

day-wake, two-sample t-test) treating participants as a random factor (see above).

Significance threshold. Only peaks reaching the statistical threshold of pyncorr < .001 with
the cluster exceeding a voxel count of 5 are reported in the results section and tables.
Furthermore, for night-sleep vs. day-wake contrasts, exploratory analyses on pyncorr < .005
were performed as we observed strong and reliable effects in behavioral outcomes but not in
the corresponding GLM analyses on brain activity (see ‘Results’). All coordinates are given as
standard Montreal Neurological Institute (MNI) coordinates and correspond to the maxima of
the reported cluster of activation. Coordinates were labeled using bspmview. Functional

images are displayed on a standard MNI T1 image.
27


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Acknowledgement
A special thanks to Eliana Feurer and Lena Tesch for handling and scoring the written rule
reports. Also, thanks to Anika Lowe for helpful comments and discussion of the manuscript.
Data and Code Availability

Behavioral and BIDS-formatted MRI data and supporting analysis code will be made available
on OSF (Open Science Framework) upon publication.

28


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

References

Abraham, A., Pedregosa, F., Eickenberg, M., Gervais, P., Mueller, A., Kossaifi, J., Gramfort, A.,
Thirion, B., & Varoquaux, G. (2014). Machine learning for neuroimaging with scikit-
learn. Frontiers in Neuroinformatics, 8. https://doi.org/10.3389/fninf.2014.00014

Albouy, G., Fogel, S., King, B. R., Laventure, S., Benali, H., Karni, A., Carrier, J., Robertson,
E. M., & Doyon, J. (2015). Maintaining vs. enhancing motor sequence memories:
Respective roles of striatal and hippocampal systems. Neurolmage, 108, 423—-434.
https://doi.org/10.1016/j.neuroimage.2014.12.049

Albouy, G, King, B. R., Maquet, P., & Doyon, J. (2013). Hippocampus and striatum: Dynamics
and interaction during acquisition and sleep-related motor sequence memory
consolidation: Hippocampus and Striatum and Procedural Memory Consolidation.
Hippocampus, 23(11), 985—-1004. https://doi.org/10.1002/hipo.22183

Albouy, G., Sterpenich, V., Balteau, E., Vandewalle, G., Desseilles, M., Dang-Vu, T., Darsaud,
A., Ruby, P., Luppi, P.-H., Degueldre, C., Peigneux, P., Luxen, A., & Maquet, P. (2008).
Both the Hippocampus and Striatum Are Involved in Consolidation of Motor Sequence
Memory. Neuron, 568(2), 261-272. https://doi.org/10.1016/j.neuron.2008.02.008

Albouy, G., Sterpenich, V., Vandewalle, G., Darsaud, A., Gais, S., Rauchs, G., Desseilles, M.,
Boly, M., Dang-Vu, T., Balteau, E., Degueldre, C., Phillips, C., Luxen, A., & Maquet, P.
(2013). Interaction between Hippocampal and Striatal Systems Predicts Subsequent
Consolidation of Motor Sequence Memory. PLoS ONE, 8(3), e59490.
https://doi.org/10.1371/journal.pone.0059490

Alger, S. E., & Payne, J. D. (2016). The differential effects of emotional salience on direct
associative and relational memory during a nap. Cognitive, Affective, & Behavioral
Neuroscience, 16(6), 1150-1163. https://doi.org/10.3758/s13415-016-0460-1

Ashby, F. G., & Ennis, J. M. (2006). The Role of the Basal Ganglia in Category Learning. In
Psychology of Learning and Motivation (Bd. 46, S. 1-36). Elsevier.

https://doi.org/10.1016/S0079-7421(06)46001-1

29


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Ashby, F. G., & Maddox, W. T. (2005). Human Category Learning. Annual Review of
Psychology, 56(1), 149—178. https://doi.org/10.1146/annurev.psych.56.091103.070217

Ashby, F. G., & Maddox, W. T. (2011). Human category learning 2.0: Human category learning
2.0. Annals of the New York Academy of Sciences, 1224(1), 147-161.
https://doi.org/10.1111/j.1749-6632.2010.05874.x

Ashby, F. G., & Waldron, E. M. (1999). On the nature of implicit categorization. Psychonomic
Bulletin & Review, 6(3), 363—-378. https://doi.org/10.3758/BF03210826

Ashby, S. R., & Zeithamova, D. (2022). Category-Biased Neural Representations Form
Spontaneously during Learning That Emphasizes Memory for Specific Instances. The
Journal of Neuroscience, 42(5), 865-876. https://doi.org/10.1523/JNEUROSCI.1396-
21.2021

Avants, B., Epstein, C., Grossman, M., & Gee, J. (2008). Symmetric diffeomorphic image
registration with cross-correlation: Evaluating automated labeling of elderly and
neurodegenerative brain. Medical  Image  Analysis, 12(1), 26-41.
https://doi.org/10.1016/j.media.2007.06.004

Batterink, L. J., & Paller, K. A. (2017). Sleep-based memory processing facilitates grammatical
generalization: Evidence from targeted memory reactivation. Brain and Language, 167,
83-93. https://doi.org/10.1016/j.bandl.2015.09.003

Benoit, R. G., Paulus, P. C., & Schacter, D. L. (2019). Forming attitudes via neural activity
supporting affective episodic simulations. Nature Communications, 10(1), 2215.
https://doi.org/10.1038/s41467-019-0996 1-w

Benoit, R. G., & Schacter, D. L. (2015). Specifying the core network supporting episodic
simulation and episodic memory by activation likelihood estimation. Neuropsychologia,
75, 450—-457. https://doi.org/10.1016/j.neuropsychologia.2015.06.034

Berres, S., & Erdfelder, E. (2021). The sleep benefit in episodic memory: An integrative review
and a  meta-analysis. Psychological  Bulletin, 147(12), 1309-1353.

https://doi.org/10.1037/bul0000350

30


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Berres, S., Erdfelder, E., & Kuhimann, B. G. (2024). Does sleep benefit source memory?
Investigating 12-h retention intervals with a multinomial modeling approach. Memory &
Cognition. https://doi.org/10.3758/s13421-024-01579-8

Bowman, C. R., & Zeithamova, D. (2018). Abstract Memory Representations in the
Ventromedial Prefrontal Cortex and Hippocampus Support Concept Generalization.
The Journal of Neuroscience, 38(10), 2605-2614.
https://doi.org/10.1523/JNEUROSCI.2811-17.2018

Brodt, S., Gais, S., Beck, J., Erb, M., Scheffler, K., & Schdnauer, M. (2018). Fast track to the
neocortex: A memory engram in the posterior parietal cortex. Science, 362(6418),
1045-1048. https://doi.org/10.1126/science.aau2528

Brodt, S., Inostroza, M., Niethard, N., & Born, J. (2023). Sleep—A brain-state serving systems
memory consolidation. Neuron, 111(7), 1050-1075.
https://doi.org/10.1016/j.neuron.2023.03.005

Brodt, S., Péhichen, D., Flanagin, V. L., Glasauer, S., Gais, S., & Schénauer, M. (2016). Rapid
and independent memory formation in the parietal cortex. Proceedings of the National
Academy of Sciences, 113(46), 13251-13256.
https://doi.org/10.1073/pnas.1605719113

Brown, T. I., Ross, R. S., Tobyne, S. M., & Stern, C. E. (2012). Cooperative interactions
between hippocampal and striatal systems support flexible navigation. Neurolmage,
60(2), 1316—1330. https://doi.org/10.1016/j.neuroimage.2012.01.046

Castegnetti, G., Zurita, M., & De Martino, B. (2021). How usefulness shapes neural
representations during goal-directed behavior. Science Advances, 7(15), eabd5363.
https://doi.org/10.1126/sciadv.abd5363

Chatburn, A., Lushington, K., & Kohler, M. J. (2014). Complex associative memory processing
and sleep: A systematic review and meta-analysis of behavioural evidence and
underlying EEG mechanisms. Neuroscience & Biobehavioral Reviews, 47, 646—-655.

https://doi.org/10.1016/j.neubiorev.2014.10.018

31


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Ciric, R., Thompson, W. H., Lorenz, R., Goncalves, M., MacNicol, E. E., Markiewicz, C. J.,
Halchenko, Y. O., Ghosh, S. S., Gorgolewski, K. J., Poldrack, R. A., & Esteban, O.
(2022). TemplateFlow: FAIR-sharing of multi-scale, multi-species brain models. Nature
Methods, 19(12), 1568-1571. https://doi.org/10.1038/s41592-022-01681-2

Cordi, M. J., & Rasch, B. (2021). How robust are sleep-mediated memory benefits? Current
Opinion in Neurobiology, 67, 1-7. https://doi.org/10.1016/j.conb.2020.06.002

Cousins, J. N., El-Deredy, W., Parkes, L. M., Hennies, N., & Lewis, P. A. (2014). Cued Memory
Reactivation during Slow-Wave Sleep Promotes Explicit Knowledge of a Motor
Sequence. The Journal of  Neuroscience, 34(48), 15870-15876.
https://doi.org/10.1523/JNEUROSCI.1011-14.2014

Dale, A. M., Fischl, B., & Sereno, M. I. (1999). Cortical Surface-Based Analysis. Neurolmage,
9(2), 179-194. https://doi.org/10.1006/nimg.1998.0395

Davidson, P., Jonsson, P., Carlsson, |., & Pace-Schott, E. (2021). Does Sleep Selectively
Strengthen Certain Memories Over Others Based on Emotion and Perceived Future
Relevance? Nature and Science of Sleep, Volume 13, 1257-1306.
https://doi.org/10.2147/NSS.S286701

Dickerson, K. C., Li, J., & Delgado, M. R. (2011). Parallel contributions of distinct human
memory systems during probabilistic learning. Neurolmage, 55(1), 266-276.
https://doi.org/10.1016/j.neuroimage.2010.10.080

Diekelmann, S., & Born, J. (2010). The memory function of sleep. Nature Reviews
Neuroscience, 11(2), 114—126. https://doi.org/10.1038/nrn2762

Dinges, D. F., & Powell, J. W. (1985). Microcomputer analyses of performance on a portable,
simple visual RT task during sustained operations. Behavior Research Methods,
Instruments, & Computers, 17(6), 652—655. https://doi.org/10.3758/BF03200977

Durrant, S. J., Cairney, S. A., & Lewis, P. A. (2013). Overnight Consolidation Aids the Transfer
of Statistical Knowledge from the Medial Temporal Lobe to the Striatum. Cerebral

Cortex, 23(10), 2467—-2478. https://doi.org/10.1093/cercor/bhs244

32


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Durrant, S. J., Taylor, C., Cairney, S., & Lewis, P. A. (2011). Sleep-dependent consolidation of
statistical learning. Neuropsychologia, 49(5), 1322-1331.
https://doi.org/10.1016/j.neuropsychologia.2011.02.015

Ellenbogen, J. M., Hu, P. T., Payne, J. D., Titone, D., & Walker, M. P. (2007). Human relational
memory requires time and sleep. Proceedings of the National Academy of Sciences,
104(18), 7723-7728. https://doi.org/10.1073/pnas.0700094104

Esteban, O., Markiewicz, C. J., Blair, R. W., Moodie, C. A,, Isik, A. I., Erramuzpe, A., Kent, J.
D., Goncalves, M., DuPre, E., Snyder, M., Oya, H., Ghosh, S. S., Wright, J., Durnez,
J., Poldrack, R. A., & Gorgolewski, K. J. (2019). fMRIPrep: A robust preprocessing
pipeline for functional MRI. Nature Methods, 16(1), 111-116.
https://doi.org/10.1038/s41592-018-0235-4

Esteban, O., Markiewicz, C. J., Burns, C., Goncalves, M., Jarecka, D., Ziegler, E., Berleant,
S., Ellis, D. G., Pinsard, B., Madison, C., Waskom, M., Notter, M. P., Clark, D.,
Manhaes-Savio, A., Clark, D., Jordan, K., Dayan, M., Halchenko, Y. O., Loney, F., ...
Ghosh, S. (2022). nipy/nipype: 1.8.3 (Version 1.8.3) [Software]. Zenodo.
https://doi.org/10.5281/ZENODO.596855

Fonov, V., Evans, A., McKinstry, R., Almli, C., & Collins, D. (2009). Unbiased nonlinear average
age-appropriate brain templates from birth to adulthood. Neurolmage, 47, S102.
https://doi.org/10.1016/S1053-8119(09)70884-5

Freedberg, M., Toader, A. C., Wassermann, E. M., & Voss, J. L. (2020). Competitive and
cooperative interactions between medial temporal and striatal learning systems.
Neuropsychologia, 136, 107257.
https://doi.org/10.1016/j.neuropsychologia.2019.107257

Gais, S., Lucas, B., & Born, J. (2006). Sleep after learning aids memory recall. Learning &
Memory, 13(3), 259-262. https://doi.org/10.1101/Im.132106

Gaskell, M. G., Warker, J., Lindsay, S., Frost, R., Guest, J., Snowdon, R., & Stackhouse, A.
(2014). Sleep Underpins the Plasticity of Language Production. Psychological Science,

25(7), 1457—-1465. https://doi.org/10.1177/0956797614535937

33


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Geyer, T., Mueller, H. J., Assumpcao, L., & Gais, S. (2013). Sleep-Effects on Implicit and
Explicit Memory in Repeated Visual Search. PLoS ONE, 8(8), e69953.
https://doi.org/10.1371/journal.pone.0069953

Gilboa, A., & Moscovitch, M. (2021). No consolidation without representation: Correspondence
between neural and psychological representations in recent and remote memory.
Neuron, 109(14), 2239-2255. https://doi.org/10.1016/j.neuron.2021.04.025

Gilks, W. R. (with Richardson, S., & Spiegelhalter, D.). (1995). Markov Chain Monte Carlo in
Practice. CRC Press LLC.

Girardeau, G., Inema, |., & Buzsaki, G. (2017). Reactivations of emotional memory in the
hippocampus—amygdala system during sleep. Nature Neuroscience, 20(11), 1634—
1642. https://doi.org/10.1038/nn.4637

Gluck, M. A., Shohamy, D., & Myers, C. (2002). How do People Solve the “Weather Prediction”
Task?: Individual Variability in Strategies for Probabilistic Category Learning. Learning
& Memory, 9(6), 408—418. https://doi.org/10.1101/Im.45202

Goémez, R. L., Bootzin, R. R., & Nadel, L. (2006). Naps Promote Abstraction in Language-
Learning Infants. Psychological Science, 17(8), 670-674.
https://doi.org/10.1111/j.1467-9280.2006.01764.x

Gorgolewski, K., Burns, C. D., Madison, C., Clark, D., Halchenko, Y. O., Waskom, M. L., &
Ghosh, S. S. (2011). Nipype: A Flexible, Lightweight and Extensible Neuroimaging Data
Processing Framework in  Python. Frontiers in  Neuroinformatics, 5.
https://doi.org/10.3389/fninf.2011.00013

Greve, D. N., & Fischl, B. (2009). Accurate and robust brain image alignment using boundary-
based registration. Neurolmage, 48(1), 63-72.
https://doi.org/10.1016/j.neuroimage.2009.06.060

Gui, W.-J., Li, H.-d., Guo, Y.-H., Peng, P., Lei, X., & Yu, J. (2017). Age-related differences in
sleep-based memory consolidation: A meta-analysis. Neuropsychologia, 97, 46-55.

https://doi.org/10.1016/j.neuropsychologia.2017.02.001

34


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Hanert, A., Weber, F. D., Pedersen, A., Born, J., & Bartsch, T. (2017). Sleep in Humans
Stabilizes Pattern Separation Performance. The Journal of Neuroscience, 37(50),
12238-12246. https://doi.org/10.1523/JNEUROSCI.1189-17.2017

Himmer, L., Mdller, E., Gais, S., & Schoénauer, M. (2017). Sleep-mediated memory
consolidation depends on the level of integration at encoding. Neurobiology of Learning
and Memory, 137, 101-106. https://doi.org/10.1016/j.nlm.2016.11.019

Hupbach, A., Gomez, R. L., Bootzin, R. R., & Nadel, L. (2009). Nap-dependent learning in
infants: Nap-dependent learning in infants. Developmental Science, 12(6), 1007—-1012.
https://doi.org/10.1111/j.1467-7687.2009.00837 .x

Jenkinson, M., Bannister, P., Brady, M., & Smith, S. (2002). Improved Optimization for the
Robust and Accurate Linear Registration and Motion Correction of Brain Images.
Neurolmage, 17(2), 825—-841. https://doi.org/10.1006/nimg.2002.1132

Ji, D., & Wilson, M. A. (2007). Coordinated memory replay in the visual cortex and
hippocampus  during  sleep. Nature  Neuroscience, 10(1), 100-107.
https://doi.org/10.1038/nn1825

Klein, A., Ghosh, S. S., Bao, F. S., Giard, J., Hdme, Y., Stavsky, E., Lee, N., Rossa, B., Reuter,
M., Chaibub Neto, E., & Keshavan, A. (2017). Mindboggling morphometry of human
brains. PLOS Computational Biology, 13(2), €1005350.
https://doi.org/10.1371/journal.pchbi.1005350

Klinzing, J. G., Niethard, N., & Born, J. (2019). Mechanisms of systems memory consolidation
during sleep. Nature Neuroscience, 22(10), 1598-1610.
https://doi.org/10.1038/s41593-019-0467-3

Lacaux, C., Andrillon, T., Bastoul, C., Idir, Y., Fonteix-Galet, A., Arnulf, ., & Oudiette, D. (2021).
Sleep onset is a creative sweet spot. Science Advances, 7(50), eabj5866.
https://doi.org/10.1126/sciadv.abj5866

Lansink, C. S., Goltstein, P. M., Lankelma, J. V., McNaughton, B. L., & Pennartz, C. M. A.
(2009). Hippocampus Leads Ventral Striatum in Replay of Place-Reward Information.

PLoS Biology, 7(8), €1000173. https://doi.org/10.1371/journal.pbio.1000173

35


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Lau, H., Tucker, M. A., & Fishbein, W. (2010). Daytime napping: Effects on human direct
associative and relational memory. Neurobiology of Learning and Memory, 93(4), 554—
560. https://doi.org/10.1016/j.nim.2010.02.003

Leong, R. L. F.,, Cheng, G. H.-L., Chee, M. W. L., & Lo, J. C. (2019). The effects of sleep on
prospective memory: A systematic review and meta-analysis. Sleep Medicine Reviews,
47, 18-27. https://doi.org/10.1016/j.smrv.2019.05.006

Lerner, I., & Gluck, M. A. (2019). Sleep and the extraction of hidden regularities: A systematic
review and the importance of temporal rules. Sleep Medicine Reviews, 47, 39-50.
https://doi.org/10.1016/j.smrv.2019.05.004

Li, X., Morgan, P. S., Ashburner, J., Smith, J., & Rorden, C. (2016). The first step for
neuroimaging data analysis: DICOM to NIfTI conversion. Journal of Neuroscience
Methods, 264, 47-56. https://doi.org/10.1016/j.jneumeth.2016.03.001

Lowe, A. T., Petzka, M., Tzegka, M., & Schuck, N. W. (2024). N2 Sleep Inspires Insight.
https://doi.org/10.1101/2024.06.24.600359

Lutz, N. D., Diekelmann, S., Hinse-Stern, P., Born, J., & Rauss, K. (2017). Sleep Supports the
Slow Abstraction of Gist from Visual Perceptual Memories. Scientific Reports, 7(1),
42950. https://doi.org/10.1038/srep42950

Lutz, N. D., Wolf, 1., HUbner, S., Born, J., & Rauss, K. (2018). Sleep Strengthens Predictive
Sequence Coding. The Journal of Neuroscience, 38(42), 8989-9000.
https://doi.org/10.1523/JNEUROSCI.1352-18.2018

Maddox, W. T., Glass, B. D., Wolosin, S. M., Savarie, Z. R., Bowen, C., Matthews, M. D., &
Schnyer, D. M. (2009). The Effects of Sleep Deprivation on Information-Integration
Categorization Performance. Sleep, 32(11), 1439-1448.
https://doi.org/10.1093/sleep/32.11.1439

Markiewicz, C. J., Esteban, O., Goncalves, M., Provins, C., Salo, T., Kent, J. D., DuPre, E.,
Ciric, R., Pinsard, B., Blair, R. W., Poldrack, R. A., & Gorgolewski, K. J. (2024).
fMRIPrep: A robust preprocessing pipeline for functional MRI (Version 24.1.1)

[Software]. Zenodo. https://doi.org/10.5281/ZENODO.852659

36


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Mattfeld, A. T., & Stark, C. E. L. (2011). Striatal and Medial Temporal Lobe Functional
Interactions during Visuomotor Associative Learning. Cerebral Cortex, 21(3), 647—658.
https://doi.org/10.1093/cercor/bhq144

Mattfeld, A. T., & Stark, C. E. L. (2015). Functional contributions and interactions between the
human hippocampus and subregions of the striatum during arbitrary associative
learning and memory: ROLES OF THE HIPPOCAMPUS AND STRIATAL
SUBREGIONS. Hippocampus, 25(8), 900-911. https://doi.org/10.1002/hipo.22411

Minda, J. P., Roark, C. L., Kalra, P., & Cruz, A. (2024). Single and multiple systems in
categorization and category learning. Nature Reviews Psychology, 3(8), 536-551.
https://doi.org/10.1038/s44159-024-00336-7

Mirkovi¢, J., & Gaskell, M. G. (2016). Does Sleep Improve Your Grammar? Preferential
Consolidation of Arbitrary Components of New Linguistic Knowledge. PLOS ONE,
11(4), e0152489. https://doi.org/10.1371/journal.pone.0152489

Moses, S. N., Brown, T. M., Ryan, J. D., & Mclintosh, A. R. (2010). Neural system interactions
underlying human transitive inference. Hippocampus, 20(8), 894-901.
https://doi.org/10.1002/hip0.20735

Nettersheim, A., Hallschmid, M., Born, J., & Diekelmann, S. (2015). The Role of Sleep in Motor
Sequence Consolidation: Stabilization Rather Than Enhancement. The Journal of
Neuroscience, 35(17), 6696—6702. https://doi.org/10.1523/JNEUROSCI.1236-14.2015

Nieuwenhuis, I. L. C., Folia, V., Forkstam, C., Jensen, O., & Petersson, K. M. (2013). Sleep
Promotes the Extraction of Grammatical Rules. PLoS ONE, 8(6), e65046.
https://doi.org/10.1371/journal.pone.0065046

Noack, H., Doeller, C. F., & Born, J. (2021). Sleep strengthens integration of spatial memory
systems. Learning & Memory, 28(5), 162—-170. https://doi.org/10.1101/Im.053249.120

Olafsdéttir, H. F., Carpenter, F., & Barry, C. (2016). Coordinated grid and place cell replay

during rest. Nature Neuroscience, 19(6), 792—794. https://doi.org/10.1038/nn.4291

37


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Packard, M. G., & Knowlton, B. J. (2002). Learning and Memory Functions of the Basal
Ganglia. Annual Review of Neuroscience, 25(1), 563-593.
https://doi.org/10.1146/annurev.neuro.25.112701.142937

Pennartz, C. M. A, Lee, E., Verheul, J., Lipa, P., Barnes, C. A., & McNaughton, B. L. (2004).
The Ventral Striatum in Off-Line Processing: Ensemble Reactivation during Sleep and
Modulation by Hippocampal Ripples. The Journal of Neuroscience, 24(29), 6446-6456.
https://doi.org/10.1523/JNEUROSCI.0575-04.2004

Peyrache, A., Khamassi, M., Benchenane, K., Wiener, S. |., & Battaglia, F. P. (2009). Replay
of rule-learning related neural patterns in the prefrontal cortex during sleep. Nature
Neuroscience, 12(7), 919-926. https://doi.org/10.1038/nn.2337

Pickering, A. D. (1997). New Approaches to the Study of Amnesic Patients: What Can a
Neurofunctional Philosophy and Neural Network Methods Offer? Memory, 5(1-2), 255—
300. https://doi.org/10.1080/741941146

Poldrack, R. A., Clark, J., Paré-Blagoeyv, E. J., Shohamy, D., Creso Moyano, J., Myers, C., &
Gluck, M. A. (2001). Interactive memory systems in the human brain. Nature,
414(6863), 546-550. https://doi.org/10.1038/35107080

Poldrack, R. A., & Foerde, K. (2008). Category learning and the memory systems debate.
Neuroscience & Biobehavioral Reviews, 32(2), 197-205.
https://doi.org/10.1016/j.neubiorev.2007.07.007

Poldrack, R. A., Prabhakaran, V., Seger, C. A., & Gabrieli, J. D. E. (1999). Striatal activation
during acquisition of a cognitive skill. Neuropsychology, 13(4), 564-574.
https://doi.org/10.1037/0894-4105.13.4.564

Poldrack, R. A., & Rodriguez, P. (2004). How do memory systems interact? Evidence from
human classification learning. Neurobiology of Learning and Memory, 82(3), 324-332.
https://doi.org/10.1016/j.nIm.2004.05.003

Power, J. D., Mitra, A., Laumann, T. O., Snyder, A. Z., Schlaggar, B. L., & Petersen, S. E.
(2014). Methods to detect, characterize, and remove motion artifact in resting state

fMRI. Neurolmage, 84, 320-341. https://doi.org/10.1016/j.neuroimage.2013.08.048

38


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Rescorla, R. A., & Wagner, A. R. (1972). A theory of Pavlovian conditioning: Variations in the
effectiveness of reinforcement and nonreinforcement. In A. Black & W. Prokasy (Hrsg.),
Classical conditioning IlI: Current theory and research (S. 64—99). Appleton-Century-
Crofts.

Rothschild, G., Eban, E., & Frank, L. M. (2017). A cortical-hippocampal—cortical loop of
information processing during memory consolidation. Nature Neuroscience, 20(2),
251-259. https://doi.org/10.1038/nn.4457

Santamaria, L., Kashif, I., McGinley, N., & Lewis, P. A. (2024). Memory reactivation in slow
wave sleep enhances relational learning in humans. Communications Biology, 7(1),
288. https://doi.org/10.1038/s42003-024-05947-7

Schapiro, A. C., McDevitt, E. A., Chen, L., Norman, K. A., Mednick, S. C., & Rogers, T. T.
(2017). Sleep Benefits Memory for Semantic Category Structure While Preserving
Exemplar-Specific Information. Scientific Reports, 7(1), 14869.
https://doi.org/10.1038/s41598-017-12884-5

Schendan, H. E., Searl, M. M., Melrose, R. J., & Stern, C. E. (2003). An fMRI Study of the Role
of the Medial Temporal Lobe in Implicit and Explicit Sequence Learning. Neuron, 37(6),
1013-1025. https://doi.org/10.1016/S0896-6273(03)00123-5

Schmid, D., Erlacher, D., Klostermann, A., Kredel, R., & Hossner, E.-J. (2020). Sleep-
dependent motor memory consolidation in healthy adults: A meta-analysis.
Neuroscience & Biobehavioral Reviews, 118, 270-281.
https://doi.org/10.1016/j.neubiorev.2020.07.028

Schoénauer, M., Geisler, T., & Gais, S. (2014). Strengthening Procedural Memories by
Reactivation in Sleep. Journal of Cognitive Neuroscience, 26(1), 143-153.
https://doi.org/10.1162/jocn_a_00471

Schénauer, M., Pawlizki, A., Kdéck, C., & Gais, S. (2014). Exploring the Effect of Sleep and
Reduced Interference on Different Forms of Declarative Memory. Sleep, 37(12), 1995—

2007. https://doi.org/10.5665/sleep.4258

39


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Schwabe, L., & Wolf, O. T. (2012). Stress Modulates the Engagement of Multiple Memory
Systems in Classification Learning. The Journal of Neuroscience, 32(32), 11042—
11049. https://doi.org/10.1523/JNEUROSCI.1484-12.2012

Shohamy, D. (2004). Cortico-striatal contributions to feedback-based learning: Converging
data from neuroimaging and neuropsychology. Brain, 127(4), 851-859.
https://doi.org/10.1093/brain/awh100

Shohamy, D. (2011). Learning and motivation in the human striatum. Current Opinion in
Neurobiology, 21(3), 408-414. https://doi.org/10.1016/j.conb.2011.05.009

Shohamy, D., & Turk-Browne, N. B. (2013). Mechanisms for widespread hippocampal
involvement in cognition. Journal of Experimental Psychology: General, 142(4), 1159—
1170. https://doi.org/10.1037/a0034461

Squire, L. R., & Zola, S. M. (1996). Structure and function of declarative and nondeclarative
memory systems. Proceedings of the National Academy of Sciences, 93(24), 13515—
13522. https://doi.org/10.1073/pnas.93.24.13515

Stark, C. E. L., & Squire, L. R. (2001). When zero is not zero: The problem of ambiguous
baseline conditions in fMRI. Proceedings of the National Academy of Sciences, 98(22),
12760-12766. https://doi.org/10.1073/pnas.221462998

Sterpenich, V., Van Schie, M. K. M., Catsiyannis, M., Ramyead, A., Perrig, S., Yang, H.-D., Van
De Ville, D., & Schwartz, S. (2021). Reward biases spontaneous neural reactivation
during sleep. Nature Communications, 12(1), 4162. https://doi.org/10.1038/s41467-
021-24357-5

Stevenson, R. F., Reagh, Z. M., Chun, A. P, Murray, E. A., & Yassa, M. A. (2020). Pattern
Separation and Source Memory Engage Distinct Hippocampal and Neocortical
Regions during Retrieval. The Journal of Neuroscience, 40(4), 843-851.
https://doi.org/10.1523/JNEUROSCI.0564-19.2019

Stickgold, R. (2013). Parsing the role of sleep in memory processing. Current Opinion in

Neurobiology, 23(5), 847—853. https://doi.org/10.1016/j.conb.2013.04.002

40


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Stickgold, R., & Walker, M. P. (2013). Sleep-dependent memory triage: Evolving generalization
through  selective  processing.  Nature  Neuroscience, 16(2), 139-145.
https://doi.org/10.1038/nn.3303

Sutton, R. S., & Barto, A. (2018). Reinforcement learning: An introduction (Second edition).
The MIT Press.

Talamini, L. M., Van Moorselaar, D., Bakker, R., Bulath, M., Szegedi, S., Sinichi, M., & De Boer,
M. (2022). No evidence for a preferential role of sleep in episodic memory abstraction.
Frontiers in Neuroscience, 16, 871188. https://doi.org/10.3389/fnins.2022.871188

Tandoc, M. C., Bayda, M., Poskanzer, C., Cho, E., Cox, R., Stickgold, R., & Schapiro, A. C.
(2021). Examining the effects of time of day and sleep on generalization. PLOS ONE,
16(8), e0255423. https://doi.org/10.1371/journal.pone.0255423

Tustison, N. J., Avants, B. B., Cook, P. A., Yuanjie Zheng, Egan, A., Yushkevich, P. A., & Gee,
J. C. (2010). N4ITK: Improved N3 Bias Correction. IEEE Transactions on Medical
Imaging, 29(6), 1310-1320. https://doi.org/10.1109/TMI.2010.2046908

Van De Ven, V., Lee, C., Lifanov, J., Kochs, S., Jansma, H., & De Weerd, P. (2020).
Hippocampal-striatal functional connectivity supports processing of temporal
expectations from associative memory. Hippocampus, 30(9), 926-937.
https://doi.org/10.1002/hipo.23205

Wagner, U., Gais, S., Haider, H., Verleger, R., & Born, J. (2004). Sleep inspires insight. Nature,
427(6972), 352—-355. https://doi.org/10.1038/nature02223

Walker, M. P., Brakefield, T., Morgan, A., Hobson, J. A., & Stickgold, R. (2002). Practice with
Sleep Makes Perfect. Neuron, 35(1), 205-211. https://doi.org/10.1016/S0896-
6273(02)00746-8

Werchan, D. M., & Gémez, R. L. (2013). Generalizing memories over time: Sleep and
reinforcement facilitate transitive inference. Neurobiology of Learning and Memory,

100, 70-76. https://doi.org/10.1016/j.nlm.2012.12.006

41


https://doi.org/10.1101/2025.02.21.639581

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.21.639581; this version posted February 25, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Sleep Resolves Competition Between Explicit and Implicit Memory Systems

Wernette, E. M. D., & Fenn, K. M. (2023). Consolidation without intention: Sleep strengthens
veridical and gist representations of information after incidental encoding. Psychonomic
Bulletin & Review, 30(4), 1475—-1483. https://doi.org/10.3758/s13423-023-02247-9

Wilhelm, I., Diekelmann, S., Molzow, I., Ayoub, A., Mdlle, M., & Born, J. (2011). Sleep
Selectively Enhances Memory Expected to Be of Future Relevance. The Journal of
Neuroscience, 31(5), 1563—1569. https://doi.org/10.1523/JNEUROSCI.3575-10.2011

Wimmer, G. E., Braun, E. K., Daw, N. D., & Shohamy, D. (2014). Episodic Memory Encoding
Interferes with Reward Learning and Decreases Striatal Prediction Errors. The Journal
of Neuroscience, 34(45), 14901-14912. https://doi.org/10.1523/JNEUROSCI.0204-
14.2014

Wimmer, G. E., & Shohamy, D. (2012). Preference by Association: How Memory Mechanisms
in the Hippocampus Bias Decisions. Science, 338(6104), 270-273.
https://doi.org/10.1126/science.1223252

Witkowski, S., Noh, S. M., Lee, V., Grimaldi, D., Preston, A. R., & Paller, K. A. (2021). Does
memory reactivation during sleep support generalization at the cost of memory
specifics?  Neurobiology = of Learning and  Memory, 182, 107442.
https://doi.org/10.1016/j.nim.2021.107442

Zeithamova, D., & Bowman, C. R. (2020). Generalization and the hippocampus: More than
one story? Neurobiology of Learning and Memory, 175, 107317.
https://doi.org/10.1016/j.nlm.2020.107317

Zhang, Y., Brady, M., & Smith, S. (2001). Segmentation of brain MR images through a hidden
Markov random field model and the expectation-maximization algorithm. IEEE

Transactions on Medical Imaging, 20(1), 45-57. https://doi.org/10.1109/42.906424

42


https://doi.org/10.1101/2025.02.21.639581

