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A B S T R A C T

The brain stores memories by persistently changing the connectivity between neurons. Sleep is known to be
critical for these changes to endure. Research on the neurobiology of sleep and the mechanisms of long-term
synaptic plasticity has provided data in support of various theories of how brain activity during sleep affects
long-term synaptic plasticity. The experimental findings – and therefore the theories – are apparently quite
contradictory, with some evidence pointing to a role of sleep in the forgetting of irrelevant memories, whereas
other results indicate that sleep supports the reinforcement of the most valuable recollections. A unified theo-
retical framework is in need. Computational modeling and simulation provide grounds for the quantitative
testing and comparison of theoretical predictions and observed data, and might serve as a strategy to organize
the rather complicated and diverse pool of data and methodologies used in sleep research. This review article
outlines the emerging progress in the computational modeling and simulation of the main theories on the role of
sleep in memory consolidation.

1. Introduction

The brain preserves recently acquired memories through a con-
solidation process that structurally changes the synapses (Bliss &
Collingridge, 1993; Davis & Squire, 1984; Jarome & Helmstetter, 2014).
Several decades of research have uncovered behavioral, electro-
physiological and molecular evidence that sleep is critical for memory
consolidation (Diekelmann & Born, 2010; Marshall, Helgadóttir, Mölle,
& Born, 2006; Rasch & Born, 2013; Rudoy, Voss, & Westerberg, 2009;
Stickgold & Walker, 2013; Vorster & Born, 2015; Walker & Stickgold,
2004). During sleep, the brain produces generalized alterations in
neuronal dynamics (Blanco et al., 2015; Gervasoni et al., 2004; Hobson
& McCarley, 1971; Ma, Shi, Peng, & Yang, 2018; Noda, Manohar, &
Adey, 1969). Given the activity-dependent nature of synaptic plasticity
(Bliss & Collingridge, 1993; González-Rueda, Pedrosa, Feord, Clopath,
& Paulsen, 2018), these changes trigger molecular cascades that ulti-
mately produce long-lasting synaptic modifications. While several dif-
ferent theories have been proposed to explain the effect of sleep on
memories, a consensus is still lacking about the ruling principles that

link sleep-dependent changes in brain activity to memory consolida-
tion.

A first topic of contention originates from the observation that sy-
napses can either be strengthened (long-term potentiation, LTP) or be
weakened (long-term depression, LTD) depending on how they are
stimulated (Bliss & Lømo, 1973; Hager & Dringenberg, 2010; Hölscher,
Anwyl, & Rowan, 1997; Hyman, Wyble, Goyal, Rossi, & Hasselmo,
2003; Pavlides, Greenstein, Grudman, & Winson, 1988) (For more de-
tails, see Box A). The synaptic homeostasis hypothesis (SHY) posits that
the slow rhythm of brain waves during sleep, -specially hippocampal
sharp wave ripples, weakens synaptic connections, which in turn pro-
motes the forgetting of unimportant memories (Tononi & Cirelli, 2003,
2014). On the other hand, the reactivation (or replay) theory proposes
that the repetition during sleep of brain activity first experienced during
waking would reinforce some, but not all, synaptic patterns (Chauvette,
Seigneur, & Timofeev, 2012; Foster & Wilson, 2006; Pavlides & Winson,
1989). Both SHY and the replay theory relate mainly to slow-wave sleep
(SWS), which spans most of the sleep in vertebrates. SHY accounts well
for forgetting and even a relative strengthening of synapses (i.e.,

https://doi.org/10.1016/j.nlm.2018.10.003
Received 31 January 2018; Received in revised form 18 September 2018; Accepted 11 October 2018

⁎ Corresponding author at: Av. Nascimento de Castro 2155, Natal, RN 59056-450, Brazil.

1 These authors contributed equally to the work.
E-mail address: sidartaribeiro@neuro.ufrn.br (S. Ribeiro).

Neurobiology of Learning and Memory xxx (xxxx) xxx–xxx

1074-7427/ © 2018 Published by Elsevier Inc.

Please cite this article as: Rennó-Costa, C., Neurobiology of Learning and Memory, https://doi.org/10.1016/j.nlm.2018.10.003

http://www.sciencedirect.com/science/journal/10747427
https://www.elsevier.com/locate/ynlme
https://doi.org/10.1016/j.nlm.2018.10.003
https://doi.org/10.1016/j.nlm.2018.10.003
mailto:sidartaribeiro@neuro.ufrn.br
https://doi.org/10.1016/j.nlm.2018.10.003


synapses can become weaker but relatively stronger than other sy-
napses that are also depressed), but collides with the mounting ex-
perimental evidence of sleep-dependent memory restructuring, crea-
tivity and mnemonic enhancement, which pose less of a challenge to
replay theory (Donlea, Thimgan, Suzuki, & Gottschalk, 2011; Fischer,
Drosopoulos, Tsen, & Born, 2006; Lerner, 2017a; Wagner, Gais, Haider,
Verleger, & Born, 2004; Yordanova, Kolev, Wagner, Born, & Verleger,
2012). It is worth mentioning that the evidence of replay also during
quiet wakefulness (wake replay), in association with the occurrence of
hippocampal sharp wave ripples (Jadhav, Kemere, & German, 2012),
poses a question mark on the replay theory. This contradiction may be
circumvented by extending to quiet wakefulness the same cognitive
properties ascribed to SWS, based on the occurrence of sharp wave
ripples in both states. The sharp wave ripple represents an instance of
extreme synchronization for hippocampal neurons (Buzsáki, 1986;
Chrobak & Buzsáki, 1994; Csicsvari, Hirase, Czurkó, & Mamiya, 1999),
which fire sequentially as temporally compressed versions of firing
patterns originally observed during active waking (Lee & Wilson, 2002;
Nádasdy, Hirase, Czurkó, Csicsvari, & Buzsáki, 1999; Skaggs &
McNaughton, 1996; Wilson & McNaughton, 1994).

A second controversial issue relates to the specific roles played by
two of the main states of sleep, SWS and rapid-eye-movement sleep
(REM). These states cyclically recur during sleep, with a broad diversity
of episode durations, and quite variable levels of neural activity (Blanco
et al., 2015; Gervasoni et al., 2004; Hobson & McCarley, 1971; Noda
et al., 1969). A major dispute is whether each sleep state has a different
function for the consolidation of memory and, if so, what would be the
function of each state. The sequential theory postulates that SWS

weakens irrelevant synaptic patterns, while REM sleep strengthens the
relevant ones (Giuditta et al., 1995; Giuditta, 2014). The synaptic
embossing theory proposes that trace reverberation during SWS is fol-
lowed during REM sleep by an activity-dependent combination of sy-
naptic strengthening and weakening in complementary circuits, re-
spectively tagged or untagged by relevant waking experience (Ribeiro,
2012). The theory of active systems consolidation during sleep assumes
this phenomenon to occur exclusively during SWS, i.e. not during REM
sleep (Born & Wilhelm, 2012).

Despite the wealth of behavioral, electrophysiological and bio-
chemical evidence in support of each of the theories of sleep and
memory (Born & Wilhelm, 2012; Born, Rasch, & Gais, 2006;
Diekelmann & Born, 2010; Marshall & Born, 2007; Puentes-Mestril &
Aton, 2017; Rasch & Born, 2013; Tononi & Cirelli, 2014; Vorster &
Born, 2015) (For more details, see Box B), the complexity of the me-
chanisms involved and the diversity of methodologies make it hard to
compare and test the grounds of each theory. Notwithstanding theo-
retical mismatches, the underlying processes described by the several
competing theories are not necessarily contradictory. Through the
analysis of the available empirical evidence, it should be possible to
draw a more precise picture of the role of sleep in learning and memory.
Here we focus on the computational evidence obtained from modeling
and simulation studies (For more details, see Box C). Our goal here is to
assess how the interaction between theory and experimentation using
computer models has been developing in the sleep and memory field.

In the following sections, we present a brief review of each of the
major classes of theories regarding sleep’s role in memory consolida-
tion, followed by a survey on the different simulation studies that

Box A
Long-term synaptic plasticity

The synaptic memory doctrine postulates that molecular modifications in the synapse strength allow the brain to store, maintain and
retrieve memories (Lisman, 2017a) (Takeuchi, Duszkiewicz, & Morris, 2014). Such a hypothesis is alternative to the idea that memories are
stored as changes in the cellular properties of neurons (Mozzachiodi & Byrne, 2010). Synapse strength is proportional to synapse size and
exhibits an approximate 10-fold gradation (Liu, Hagan, & Lisman, 2017), granting ample space for storing information. For this reason, the
brain implements many different mechanisms of synaptic plasticity (Citri & Malenka, 2008). A standard protocol to observe changes in
synaptic strength consists in comparing the amplitude of evoked post-synaptic potential (EPSP) produced with electrical stimulations of the
same magnitude on two different occasions (Nicoll & Malenka, 1999). Changes can be short-lived as in the processes of neural facilitation
(Del Castillo & Katz, 1954), synaptic augmentation (Magleby & Zengel, 1976), synaptic depression (Tsodyks & Markram, 1997), post-
tetanic potentiation (Bao, Kandel, & Hawkins, 1997) or synaptic fatigue (Armbruster & Ryan, 2011). However, within the synaptic memory
doctrine, one would be focused on the long-lasting changes of synaptic strength, termed Long-term potentiation (LTP) and Long-term
depression (LTD) for positive and negative changes, respectively (Bliss & Collingridge, 1993; Morris, 2003). The causal link between
memories and LTP/LTD has been established by experiments that observed the cellular signatures of LTP after learning (Whitlock, Heynen,
& Shuler, 2006) and that could evoke or inhibit a memory trace by producing LTP and LTD (Nabavi et al., 2014). Therefore, it is reasonable
to consider that long-term synaptic changes have a direct impact on memory.

The mechanisms underlying LTP and LTD are still under investigation, but many of the molecular players are known. For instance, the
kinases CaMKII (Lisman, 1985; Sanhueza & Lisman, 2013) and Protein Kinase M-zeta (PKM-zeta) (LeBlancq, McKinney, & Dickson, 2016;
Sacktor, 2012; Tsokas et al., 2016) have been hypothesized to regulate memory storage. The processes involve changes in sub-synaptic
structures such as the volume of the presynaptic button, active zone, postsynaptic density (PSD) and dendritic spine (Arellano, Benavides-
Piccione, Defelipe, & Yuste, 2007; Bosch et al., 2014; Meyer, Bonhoeffer, & Scheuss, 2014). Such processes depend on protein synthesis
(Frey, Krug, Reymann, & Matthies, 1988; Kelly, Mullany, & Lynch, 2000). As a result, the expression of specific immediate early genes (IEG)
involved with direct or indirect synaptic remodeling, such as Arc and Zif-268, respectively, work as signatures of long-term plasticity
(Abraham, Dragunow, & Tate, 1991). Importantly, the genetic cascade promoted by these genes is activity-dependent (Penke & Chagneau,
2011), pointing to potential triggers of synaptic plasticity.

Paired stimulation of pre- and post-synaptic neurons can produce LTP (Bliss & Lømo, 1973) and LTD (Hager & Dringenberg, 2010).
Notably, LTP or LTD can be induced in single synapses (Matsuzaki, Honkura, Ellis-Davies, & Kasai, 2004). Aligned with the abundant
experimental evidence that coincident presynaptic and postsynaptic activity promote long-term plasticity (Lisman, 2017b), the Hebbian
plasticity rule remains the standard model of synaptic plasticity (Hebb, 1949). The Hebbian rule designates that connected neurons with
coincident firing enhance their connectivity. In contrast, synapses between neurons with non-paired firing are weakened. The STDP rule
incorporates to the Hebbian model the temporal gap between pre- and post-synaptic action potentials, as observed experimentally (Levy &
Steward, 1983; Markram, Lübke, Frotscher, & Sakmann, 1997; Sjöström, Turrigiano, & Nelson, 2001). The alternative class of plasticity
rules, known as non-Hebbian, imply that synaptic strengths can be self-regulated to maintain or optimize system functionality, avoiding
saturation (Turrigiano, 2017), as also observed empirically (Turrigiano et al., 1998).
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provide computational evidence in favor of specific classes of theories.
We classify the theories according to whether they include (i) any
process for the homeostatic regulation of synaptic weights, (ii) selective
potentiation of specific synapses through activity replay, or (iii) as-
signment of different roles for each of the sleep states. We describe the
methodology of each simulation study and discuss the level of evidence
that the results provide in support to the reference theory. Further, we
discuss and propose how the use of computational approaches could
potentially integrate the many different theories of sleep and memory
into a single theoretical framework.

2. Computational studies of the homeostatic regulation of
synaptic weights

Immediate early genes (IEG) (Cole, Saffen, Baraban, & Worley,
1989; Kaczmarek & Chaudhuri, 1997) mediate morphological changes
in neuronal dendrites and axons, which are required for LTP, LTD and
the stabilization of lasting memories (Alberini, 2009; Bozon et al.,
2003; Chowdhury et al., 2006; Messaoudi et al., 2007; Shepherd et al.,
2006; Waung, Pfeiffer, Nosyreva, Ronesi, & Huber, 2008). For this
reason, in the mid-1990s experiments began to examine whether the

positive effects of sleep on memory could be caused by the activation of
IEG during sleep. The first experiments failed to corroborate the hy-
pothesis: IEG transcription was actually downregulated by sleep
(Pompeiano, Cirelli, & Tononi, 1992, 1994, 1995, 1997). This led the
researchers to propose that synaptic strengthening occurs exclusively
during waking, with sleep being responsible for their weakening, which
would prevent saturation and allow more learning to occur in the next
waking period (Tononi & Cirelli, 2003). This theory was called the
synaptic homeostasis hypothesis (SHY), since the excess of synaptic
strengthening during wakefulness would be balanced by generalized
non-Hebbian synaptic weakening during sleep. SHY is mechanistically
based on the notion that the slow rhythm of brain waves during SWS
weakens synaptic connections, erasing the weaker ones (de Vivo et al.,
2017; Tononi & Cirelli, 2003, 2014; Vyazovskiy, Cirelli, Tononi, &
Tobler, 2008). SHY is reminiscent of the phenomenon of homeostatic
plasticity, i.e. natural compensatory changes in synaptic strength able
to prevent extreme potentiation or depotentiation due to activity per-
turbations (Turrigiano & Nelson, 2004; Turrigiano, Leslie, Desai,
Rutherford, & Nelson, 1998). An even earlier inspiration for SHY was
the “reverse learning” theory of sleep, by which undesired spurious
memory traces would be erased during sleep, not strengthened (Crick &

Box B
Molecular mechanisms of sleep-dependent plasticity

The investigation of sleep-dependent plasticity during development uncovered several mechanisms of synaptic plasticity during sleep, and
thus generated evidence in support of theories that predict phenomena outside the boundaries set by SHY (Frank, 2012). Studies of juvenile
rats found that REM sleep deprivation modulates plasticity in the visual cortex (Shaffery, Lopez, Bissette, & Roffwarg, 2006), in a process
mediated by the brain-derived neurotrophic factor (BDNF) (Shaffery, Lopez, & Roffwarg, 2012). In the hippocampus of juvenile rats, REM
sleep deprivation makes LTP unstable and decreases the protein levels of glutamatergic synaptic components such as N-methyl-d-aspartate
(NMDA) receptor subunit 2B and the AMPA receptor subunit 1 (Lopez et al., 2008). Ocular dominance plasticity in the primary visual (V1)
cortex caused by monocular deprivation in juvenile cats (Hubel & Wiesel, 1969) was found to be enhanced by sleep (Frank, Issa, & Stryker,
2001; Seibt et al., 2012), in a process that involves activation of the NMDA receptor and the cAMP-dependent protein kinase (PKA), as well
as the downstream phosphorylation of CaMKII and extracellular signal-regulated kinase (ERK) (Aton et al., 2009). Importantly, REM sleep
has been shown to be necessary for ERK phosphorylation involved in ocular dominance plasticity in the V1 cortex (Dumoulin Bridi et al.,
2015). The different theories of sleep and memory differ widely in regard to the dependence on the role of the different states of sleep and
the associated patterns of synaptic modification. This section will review these main theories, with reference to their empirical scaffold. It is
important to consider that the different theories often reflect diverse bodies of empirical evidence and, therefore, likely describe synaptic
modifying mechanisms that are complementary rather than contradictory.

The debate on whether sleeps harbors Hebbian mechanisms of plasticity in adult and developing animals unraveled with recent studies
using in vivo transcranial two-photon imaging to quantify dendritic spines in mice exposed to motor learning, deprived of specific sleep
states and subjected to pharmacological treatments (Li, Ma, Yang, & Gan, 2017; Yang et al., 2014). Wenbiao Gan and his team showed that
NREM sleep that follows motor learning promotes the formation of branch-specific dendritic spines by way of trace reverberation and
activation of NMDA receptors (Yang et al., 2014), a process that leads to persistent synaptic plasticity (Cichon & Gan, 2015). REM sleep
promotes the pruning of new dendritic spines but also the persistence of selected ones, again by way of NMDA receptor activation (Li et al.,
2017). Altogether, the results constitute direct evidence of Hebbian synaptic strengthening in combination with non-Hebbian synaptic
weakening during sleep. If calcium signaling during regular sleep facilitates the selective strengthening of specific synapses, sleep depri-
vation decreases calcium signaling and long-term plasticity in the rodent hippocampus (Havekes et al., 2014; Havekes, Park, Tolentino,
et al., 2016; Ravassard et al., 2009, 2016; Vecsey et al., 2009), leading to elevated levels of the protein cofilin, which disassembles actin
filaments and leads to spine loss (Havekes, Park, Tudor, et al., 2016).

Evidence seemingly at odds with most studies reviewed above came from a neurophysiological investigation by Gina Turrigiano and
collaborators of neuronal firing rates in the visual cortex of juvenile rats subjected to monocular deprivation (Hengen, Torrado Pacheco,
McGregor, Van Hooser, & Turrigiano, 2016). As expected, firing rates dropped dramatically due to the contralateral deprivation. However,
while rates remained low during ensuing sleep, they increased back to their original levels during subsequent waking periods. This led to
the proposal that “sleep inhibits, rather than promotes, firing rate ” (Hengen et al., 2016). In possible agreement with this notion, recordings in
the CA1 field of the hippocampus of adult rats showed that firing rates decrease and firing synchrony increases across sleep periods
(Miyawaki & Diba, 2016; Vyazovskiy et al., 2009).

One study of CA1 neurons showed that rates increase during NREM sleep but decrease even more during REM sleep, in correlation with
the power of theta oscillations (Grosmark et al., 2012). This in-depth investigation of multiple NREM/REM cycles presents an apparent
challenge to SHY: Since NREM sleep greatly enhances the number of synapses (Yang et al., 2014), the consequence may be a net increase in
synaptic strength and therefore an overall increase in firing rates, which would directly contradict SHY. The solution of this conundrum
requires differentiating net effects from localized, synapse-specific effects. Indeed, REM sleep triggers selective synaptic enhancement
combined with overall synaptic decimation (Li et al., 2017), a mixture expected to cause net rate decrease, but with selected firing rate
increase in specific neurons.
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Mitchison, 1983). Altogether, these theories have in common the idea
that sleep promotes forgetting.

A first class of computational studies (Table 1a) that are particularly
relevant to SHY provides mechanistic descriptions and simulations of
the cellular and network mechanisms underlying slow-wave activity
observed during sleep and the transition to an awake brain state
(Bazhenov, Timofeev, Steriade, & Sejnowski, 2002; Compte, Sanchez-
Vives, McCormick, & Wang, 2003; Esser, Hill, & Tononi, 2007, 2009;
Hill & Tononi, 2005; Komarov et al., 2018). Although these studies do
not deal directly with plasticity issues, they provide compelling com-
putational evidence that changes in specific anatomical variables,
possibly mediated by plasticity or neuromodulatory influence, have a
substantial impact on brain dynamics. These observations are valuable
to SHY as this theory postulates that the role of sleep is to counteract
the anatomical modifications introduced during waking, so as to keep
brain dynamics within a functional range. For these studies, the authors
built large-scale computational models of the thalamocortical system
aiming to reproduce the patterns of neuronal activity during waking
and sleep. Such models include networks of excitatory and inhibitory
neurons with detailed biophysics, including variables such as potassium
leak conductance and synaptic efficacy, and external stimuli emulating
a sensory input pathway. The strategy consisted of manipulating the
anatomical variables to assess effects on specific features of network
activity that can be related to sleep or waking brain states. More spe-
cifically, the authors evaluated the level of neuronal synchronization,
the presence of slow-frequency oscillations and the impact of external
stimuli on network dynamics. The waking state manifested a low level
of synchronization, an absence of slow oscillations and a substantial
impact of external perturbations in network dynamics. In contrast, the
sleep state exhibits a high level of neuronal synchronization, a presence
of slow oscillations, and weak variance when subjected to external
stimuli. Among these models, it is worth mentioning a recent study that
replicated many of the previous studies results in a simulation of a
network with 1.36million neurons (Komarov et al., 2018). This large-
scale simulation revealed brain dynamics patterns such as traveling
waves, which were observed in SWS sleep (Sheroziya & Timofeev,
2014), but that could not be replicated in the above mentioned small-
scale simulations. Traveling waves propagate across the cortical surface

and have been implicated with information transfer across brain re-
gions (Rubino, Robbins, & Hatsopoulos, 2006; Zhang, Watrous, Patel, &
Jacobs, 2018).

These different models, although showing considerable methodo-
logical differences in their implementation, can overall capture the
initiation, maintenance, and termination of the slow oscillation. Of
particular interest to SHY, one singular model provided a link between
synaptic strength and the level of slow-wave activity found in simulated
brain dynamics (Esser et al., 2007). The simulations revealed that a
reduction in cortical synaptic strength leads to a decrease of slow-wave
activity during sleep, with a decreased incidence of large-amplitude
slow waves, a decrease in their slope, and an increase in the number of
multipeak waves. Although the model was constructed based on elec-
trophysiological recordings from cats, the predictions of the model
could also explain gradual changes in brain activity between early- and
late-sleep observed with local field potential (LFP) recordings in rats
(Vyazovskiy et al., 2007) and high-density electroencephalographic
(EEG) recordings in humans (Riedner et al., 2007).

The second class of computational studies related to SHY (Table 1b)
considers the role of plasticity in concert with the changing brain dy-
namics across the sleep-wake cycle. One approach included a spike-
timing-dependent plasticity (STDP) rule (Levy & Steward, 1983) to the
thalamocortical model cited in the paragraph above (Olcese, Esser, &
Tononi, 2010). The plasticity rule, aligned with predictions made by
SHY, produced an increase in the overall synaptic strength when the
network activity was in the awake mode. In their simulations, synaptic
weights did not change homogeneously and seemed to reflect patterns
of the external perturbations applied to the model. In contrast, in the
sleep mode, the authors implemented a modulation of the learning rule
favoring depression that in concert with the high synchronicity of
neuronal firing and the dynamics of the slow-wave activity produced a
net reduction of the synaptic weights. Considering previous observation
that in simulation the changes in synaptic weights were sufficient to
promote the transition between sleep and waking states, the researchers
could now implement and produce an autonomous sleep-awake cycle
only controlled by the changes caused by plasticity. Namely, during
waking, the net gain in synaptic weights augments cortical-cortical
synchrony and produces slow-wave activity. During sleep, however, the

Box C
Evidence from computational modeling and simulations

Computational modeling and simulations reproduce in silico the behavior of a dynamic system using a mathematical model. Scientific
evidence drawn from computational studies fall into three categories of supportive evidence: reproductive, predictive, and functional.
When the simulated dynamics are derived from mathematical models with sufficient detail about the actual biological system, the re-
production of experimental data constitutes evidence that the observed phenomenon develops from the modeled anatomical structures. The
predictive evidence is at stake when information about the structure of the biological system is available, but not all aspects of its dynamics
are known. Simulations can inform specific behavioral signatures of a given theory, which in turn can be validated or falsified by further
experimental studies. The last class of evidence consists of a demonstration that some aspects of a given theory provide a functional
advantage to the modeled system. In the specific case of a learning and memory system, it is possible to evaluate how the network pattern
related to the initial encoding is affected, both qualitatively and quantitatively, by a simulation of sleep.

The use of computational models as a strategy to bridge theory and experimentation has become a routine scientific practice in
neuroscience (e.g., Valton, Romaniuk, Douglas Steele, Lawrie, & Seriès, 2017) and is increasingly welcomed by research editors (Shou,
Bergstrom, Chakraborty, & Skinner, 2015). The computational approach allows scientists to describe the theoretical formulations formally
and, using simulations, directly confront theoretical predictions in the form of simulated data with experimental data obtained from studies
with animal models as well as humans. This close link between theory and experimentation supports the design of new theory-oriented
experiments and the development of experimentally-constrained models. Some specific research areas in neuroscience experienced a fast-
paced advance following this strategy (Churchland & Sejnowski, 2016). For example, our understanding of the dynamics of local neuronal
electrochemistry rose with the cross-talk between biophysically-detailed models (Hodgkin & Huxley, 1952) and patch clamp techniques
(Neher & Sakmann, 1976). In systems neuroscience, theories about the brain mechanisms underlying spatial cognition (Tolman, 1948)
drove the experimental observation of neuronal correlates of position, such as place cells (O’Keefe & Nadel, 1978) and grid cells (Hafting,
Fyhn, Molden, Moser, & Moser, 2005), which in turn started a virtuous loop with modelers that led to the development of interconnected
theoretical and experimental studies (Lu et al., 2013; McNaughton, Battaglia, Jensen, Moser, & Moser, 2006; Rennó-Costa et al., 2010; Yoon
et al., 2013).
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slow-wave activity gradually reduces synaptic weights, which has a
dampening effect on the slow-wave activity itself. The long-term effect
on the net synaptic strength is neutral. The most remarkable feature of
the simulations was that the sequences of neuronal activity that surged
during the waking state were more likely to reappear in the sleep state.
The chance of re-occurrence of these sequences dramatically decayed as
synaptic depression advanced during sleep. The simulations produced
computational evidence that synaptic plasticity and sleep/waking ac-
tivity profiles interact so as to produce a stable cyclic dynamics across
the sleep-wake cycle. Another study evaluated in detail the possible
mechanisms that can link slow-wave sleep and synaptic depolarization
considering a STDP rule in a recurrent network with conduction delays
(Lubenov & Siapas, 2008). Simulations revealed that in condition in
which network activity is synchronized and exhibit population bursts,
STDP rules promote synaptic changes that desynchronize activity. In
contrast, with random network activity patterns, the learning rule
promotes coupling and synchronization of activity.

The studies mentioned above did not produce any computational

support for the behavioral advantage of sleep-evoked synaptic changes
other than a renormalization function able to “keep the system
working.” To produce functional evidence, some studies considered
explicit learning paradigms, such as object recognition and motion
anticipation, to test the potential cognitive benefits of synaptic de-
pression during sleep (Hashmi, Nere, & Tononi, 2013; Nere, Olcese,
Balduzzi, & Tononi, 2012, 2013). The simulations demonstrated that
activity-dependent synaptic potentiation during waking followed by
off-line synaptic depression during sleep has a beneficial effect on the
integration of new memories to the old ones and gist extraction (i.e. the
identification of common features in a set of new items). One inter-
esting analysis of the authors included a differentiation of the possible
functional mechanisms of sleep-dependent learning at the network and
cellular levels. The studies provide computational evidence that both
network features, such as patterns of cortical-cortical connections, and
cellular features, such as local synaptic patterns, benefit from the pro-
cesses described by SHY. Altogether, these studies provide computa-
tional evidence that the SHY prediction of functional advantage after a

Table 1
Computational models of the homeostasis theory. List of the different computational studies that present evidence taken from simulations in favor of SHY. Displayed
with name first author and year, the name of the article and a short description. Separated by (a) models of SWS dynamics and (b) models of SWS and plasticity.

Authors Computational model Description

(a) Bazhenov et al.
(2002)

Model of Thalamocortical Slow-Wave Sleep Oscillations
and Transitions to Activated States

The model describes features of SWS and activated states (such as
REM sleep or waking) in the thalamocortical system as well as the
transition between UP and Down states

Compte et al. (2003) Cellular and Network Mechanisms of Slow Oscillatory
Activity (< 1Hz) and Wave Propagations in a Cortical
Network Model

A model for the slow oscillations observed in vitro that reproduces the
single neuron behaviors and the membrane potential oscillation
between UP and DOWN states. The model also describes a network
firing patterns in the control condition, as well as under
pharmacological manipulations like neuromodulators

Hill and Tononi
(2005)

Modeling Sleep and Wakefulness in the Thalamocortical
System

The model is the first to integrate intrinsic neuronal properties with
detailed thalamocortical anatomy and to reproduce neural activity
patterns in both wakefulness and sleep, thereby providing a powerful
tool to investigate the role of sleep in information transmission and
plasticity

Esser et al. (2007) Sleep Homeostasis and Cortical Synchronization: I.
Modeling the Effects of Synaptic Strength on Sleep Slow
Waves

The simulation used the thalamocortical model developed by Hill and
Tononi (2005) to explore the relationship between synaptic strength
and slow-wave activity and shows that cortical synaptic strength is
sufficient to account for changes in slow-wave activity during sleep,
with corresponding changes in slow wave parameters

Esser, Hill, and
Tononi (2009)

Breakdown of Effective Connectivity During Slow Wave
Sleep: Investigating the Mechanism Underlying a Cortical
Gate Using Large-Scale Modeling

The model incorporates in the previous model (Hill & Tononi, 2005)
basic principles of thalamocortical architecture, cellular and synaptic
physiology, and the influence of various arousal promoting
neuromodulators to understand the mechanisms underlying a
cortical gate

Komarov belongs
in (a) above

Komarov et al. (2018) A new class of reduced computationally efficient neuronal
models for large-scale simulations of brain dynamics

Large-scale simulation of a cortical network. Simulations replicates
previous SWS features such as cortical UP and DOWN states and
transition between sleep and awake states. First model to show
travelling waves during sleep. Evaluates the role of synaptic noise in
the generation of replay sequences

(b) Olcese et al. (2010) Sleep and synaptic renormalization: a computational study The model included a STDP rule in their simulations to show that the
synaptic changes induced during waking are preferably reactivated
during sleep, with a decrease in the incidence of reactivation as sleep
progresses. The model of sleep-dependent synaptic renormalization
leads to increased signal-to-noise ratios, increased resistance to
interference, and desaturation of learning capabilities

Lubenov and Siapas
(2008)

Decoupling through Synchrony in Neuronal Circuits with
Propagation Delays

The simulations show that, in a recurrent network with delayed
connections and a STDP learning rule, synchronous activity leads to a
decoupling force whereas random activity promotes changes in the
synaptic weights that favors synchrony of activity

Nere, Hashmi, Cirelli,
and Tononi (2013)

Sleep-dependent synaptic down-selection (I): modeling the
benefits of sleep on memory consolidation and integration

Biologically-constrained models considered explicit learning
paradigms – object recognition and motion anticipation – to test the
potential benefits for learning of synaptic depression during sleep

Hashmi et al. (2013) Sleep-Dependent Synaptic Down-Selection (II): Single-
Neuron Level Benefits for Matching, Selectivity, and
Specificity

Simulations of sleep-dependent synaptic down-selection to
demonstrate the single-neuron level benefits for matching between
brain and environment, used to measure how this process increases
the ability of the neuron to capture environmental regularities, and
contributes to the selectivity of neuronal responses, and the
specificity across different neuronal subsets

Sullivan and de Sa
(2008)

Sleeping our way to weight normalization and stable
learning.

A homeostatic synaptic scaling algorithm for abstract self-organizing
maps, to neutralize the unconstrained growth of Hebbian learning
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renormalization cycle is mechanistically plausible.
It is also worth mentioning a completely different approach, un-

concerned with detailed biophysics, to seek computational support for
the behavioral consequences of SHY. Sullivan and de Sa (2008) applied
a homeostatic synaptic scaling algorithm for abstract self-organizing
maps to contrast with the “standard normalization of weights” often
used to neutralize the unconstrained growth of Hebbian learning
(Sullivan & de Sa, 2006). Self-organizing maps are an artificial neural
network formation used for unsupervised feature learning from an
input dataset (Kohonen, 1982). “Standard normalization” cares about
the net average of synaptic weights as individual synaptic weights
change. The online normalizing rule applied commonly in machine
learning models contrasts with an SHY-based normalizing rule that
ignores synaptic normalization during learning and predicts an offline
separate process for weight renormalization. The simulations demon-
strate that both approaches lead to similar results in machine learning
tasks. However, while the simulations validate the idea that an overall
downscaling of synaptic weights can counteract the instability of
Hebbian learning, the data also point to a possible caveat of SHY. If
potentiation is disproportionally strong, and depending on the learning
and normalizing dynamics, Hebbian learning can potentially saturate
synaptic weights during waking, long before sleep ever takes place,
which relates to the cognitive effect of learning saturation. Still, since
the model has no link to quantitative biophysics, such warning could
not be tested.

3. Computational studies of memory reactivation during sleep

The second class of sleep-dependent plasticity models proposes that
the reactivation during sleep of memory traces acquired through
waking experience supports the consolidation of such memories
(Table 2). This view stems from the fact that sleep, and in particular
SWS, promotes the replay of cortical-hippocampal activity related to
memory encoding and consolidation (Chauvette et al., 2012; Ji &
Wilson, 2007; O’Neill, Pleydell-Bouverie, Dupret, & Csicsvari, 2010;
Pavlides & Winson, 1989; Peyrache, Khamassi, Benchenane, Wiener, &
Battaglia, 2009; Ribeiro et al., 2004; Sejnowski & Destexhe, 2000; van
de Ven, Trouche, McNamara, Allen, & Dupret, 2016; Wilson &
McNaughton, 1994). Most of the evidence in this direction comes from
intracerebral electrophysiological recordings in rats, but molecular
experiments in mice and human brain imaging studies also support this
view (Abel, Havekes, Saletin, & Walker, 2013). Replay theory proposes
that the repetition during sleep of neuronal activity first experienced
during waking reinforces some, but not all, synaptic patterns. Although
different researchers hold distinct views of how this replay takes place
and affects memories (Khodagholy, Gelinas, & Buzsáki, 2017; Nádasdy
et al., 1999; Pavlides & Winson, 1989; Peyrache et al., 2009; Ribeiro
et al., 2004; Tatsuno, Lipa, & McNaughton, 2006; van de Ven et al.,
2016; Wilson & McNaughton, 1994), this group believes that sleep
promotes remembering.

The first class of computational studies relevant to the reactivation
theories intends to explain the mechanistic origin of the replay of
neuronal activity observed during sleep (Table 2a). The spontaneous
reactivation of experience-specific patterns of neuronal activity was
first observed in extracellular recordings from the rat hippocampus
(Pavlides & Winson, 1989; Wilson & McNaughton, 1994), therefore it is
natural that the first models of the replay theory evoked mechanisms
based on hippocampal models (Shen & McNaughton, 1996). In this
early model, each neuron represented a single position in 2-dimensional
space, to emulate the activity response of place cells (O’Keefe &
Dostrovsky, 1971). The network simulated an awake exploration of the
environment by using a Hebbian learning rule to reinforce the con-
nections between neurons whose respective places overlapped. Sleep
was simulated by adding random inputs to the neuronal population.
During simulated sleep, the authors observed moments of low activity
interleaved with brief events of high-frequency activity. The cells that

were activated during exploration had a higher chance of being re-
activated during sleep and tended to fire together with cells with
overlapping reference places. A similar model produced equivalent
results but considering areas adjacent to the hippocampus, such as the
entorhinal cortex and the post-subiculum (Hasselmo, 2008). In models
with a more comprehensive set of biophysical details (Jahnke, Timme,
& Memmesheimer, 2015; Molter, Sato, & Yamaguchi, 2007), the au-
thors could evaluate mechanisms underlying replay events, such as
sharp-wave ripples (Buzsáki, 1986, 2015). The simulations indicate that
the formation of fast sequences can be explained by the nonlinear
amplification of synchronous inputs to the hippocampus, considering a
random, rapid, and irregular sub-threshold input component, in concert
with selective place cell activations. The mechanisms described in these
studies point to the origin of the replay events well within the hippo-
campus (CA1/CA3), and can account for characteristic electro-
physiological features of sharp-wave ripples such as LFP waveforms and
the oscillation frequency profile. Remarkably, one crucial aspect of the
sequences produced is that they are not necessarily equal to the ex-
perienced ones. This reflects the idea that different experiences lived
during waking might overlap and interfere with each other, imposing a
generalized hippocampal representation of the two memories (Berens &
Bird, 2017), or explaining why an adjacent map-like relational struc-
ture, such as the entorhinal cortex, might be interpolating multiple
experiences in the form of novel sequences (Sanders, Rennó-Costa,
Idiart, & Lisman, 2015). A possible implication is that interference of
new relations could potentially arise from such non-experienced se-
quences. Interestingly, memory reactivation could also be obtained
with the thalamocortical models used to study synaptic downscaling
during sleep (Olcese et al., 2010), indicating that memory replay can
arise in different networks.

The second class of computational studies relevant to reactivation
theories focuses on the mechanisms by which the reactivation of
memory traces during sleep affects memory consolidation (Table 2b).
Different computational studies considered abstract memory systems to
evaluate how the reactivation of memory traces could enhance en-
coding, storage, and retrieval. Pioneer in such functional studies,
Willian Levy investigated in a series of computational studies the role of
online and offline sequences in the consolidation of memories in net-
works with hippocampal characteristics such as sparsity and recurrence
(August & Levy, 1999; Levy, 1996; Levy, Hocking, & Wu, 2005; Minai &
Levy, 1993). Among these studies, it is of special interest for sleep re-
search the simulations that demonstrate how the compact sequences of
experienced can emerge from these networks (August & Levy, 1999)
and how the production of such compressed sequences can support
cognitive function associated with the hippocampus such as the pro-
duction of representations that can be easily readable by other networks
and the support to neocortical encoding of memories (Levy et al.,
2005).

In another model, Johnson and Redish (2005) studied the effect of
memory reactivation on the processes of encoding and recalling of se-
quences memories in a functional abstract model inspired by the hip-
pocampus network. Neurons in the network had a specific selectivity to
places in a maze. In their model, an agent could predict the correct path
to leave a maze after learning a path through a reinforcement learning
paradigm. By adding a “sleep state” in which the replay of memory
sequences drove network activity and consequently learning, the au-
thors could accelerate the learning of the correct path. The algorithm
provides a fast learning tool for conditions in which the sampling of
experiences is rare or costly.

In a different model, the authors evaluated an unsupervised learning
network that extracts image features (Hinton, Dayan, Frey, & Neal,
1995). In contrast to the network constructed by the model above,
which had neurons organized in a single layer with lateral connectivity,
the network in this study considered many neuronal sheets with feed-
forward connectivity. In the waking state, many input samples were
presented to the network in such a way that the activity propagated

C. Rennó-Costa et al. Neurobiology of Learning and Memory xxx (xxxx) xxx–xxx

6



Table 2
Computational models of the replay theory. List of the different computational studies that present evidence taken from simulations in favor of Replay theory.
Displayed with name first author and year, the name of the article and a short description. Separated by models of (a) dynamics of replay activation, (b) memory
consolidation dependent on replay events and (c) complementary learning systems.

Author Computational model Description

(a) Shen and McNaughton
(1996)

Modeling the spontaneous reactivation of experience-specific
hippocampal cell assembles during sleep

The network simulates an awake exploration of the environment by using a
Hebbian learning rule to reinforce the connections between neurons whose
respective places overlap. Sleep was simulated by adding random inputs to
the population of neurons. During simulated sleep, the authors observed
moments of low activity interleaved with brief events of high-frequency
activity. The cells that were activated during exploration had a higher
chance of being reactivated during sleep, and tended to fire together with
cells with overlapping reference places

Molter et al. (2007) Reactivation of behavioral activity during sharp waves: a
computational model for two state hippocampal dynamics.

A computational model of the hippocampus with theta phase precession and
synaptic plasticity during theta rhythm. Two mechanisms are proposed to
initiate sharp-wave ripple events: random reactivation in the presence of
rapid, irregular sub-threshold inputs and place selective cell activations. In
2D navigation computational experiments, rather than observing the perfect
replay of experienced pathways, new pathways ‘‘experienced during
immobility’’ emerge. This suggests a neural mechanism for shortcut
navigation

Hasselmo (2008) Temporally structured replay of neural activity in a model of the
entorhinal cortex, hippocampus and post-subiculum

The spiking activity of hippocampal neurons during rapid eye movement
(REM) sleep exhibits temporally structured replay of spiking occurring
during previously experienced trajectories. Here, temporally structured
replay of place cell activity during REM sleep is modeled in a large-scale
network simulation of grid cells, place cells and head direction cells

Jahnke et al. (2015) A Unified Dynamic Model for Learning, Replay, and Sharp-Wave/
Ripples.

The simulations indicate that nonlinear amplification of synchronous inputs
in the hippocampus, considering a random, rapid, and irregular sub-
threshold input component, in concert with place selective cell activations
explains the formation of fast sequences. The mechanisms described in these
studies can also point to the origin of the replay events in the interior parts
of the hippocampus (CA1/CA3) and can account for characteristic
electrophysiological features of sharp-wave ripples such as LFP waveform
and the oscillation frequency profile. Remarkably, one crucial aspect of the
produced sequences is that they are not necessarily equal to the experienced
ones

(b) Alvarez and Squire
(1994)

Memory consolidation and the medial temporal lobe: A simple
network model

A simple neural network that modeled the memory consolidation process in
such a way that memory is first stored in fast memory system (medial
temporal lobe) during waking. Later, the memory trace is transferred to the
others areas of the brain

McClelland et al.
(1995)

Why there are complementary learning systems in the hippocampus
and neocortex: insights from the successes and failures of
connectionist models of learning and memory

They modeled the memory consolidation process like a Complementary
Learning System in such a way that memory is first stored in a soft and fast
memory system (hippocampus) during waking. Later, the memory trace is
transferred to the hard memory system (neocortex) during sleep

Hinton et al. (1995) The “wake-sleep” algorithm for unsupervised neural networks An unsupervised learning network that extracts image features. This study
considered a network of many neuronal sheets with feed-forward
connectivity. In the waking state, many input samples were presented to the
network in such a way that the activity propagated from the bottom layers
to the top. In the sleep state, activity in the upper layer was artificially set,
simulating a replay signal that propagates back from top to bottom and that
could artificially reproduce the original image in the input vector

August and Levy
(1999)

Temporal Sequence Compression by an Integrate-and-Fire Model of
Hippocampal Area CA3

Model of a simple network inspired by the hippocampal CA3 region that
exhibit the formation of compact sequences of memories traces experienced
during awake state

Norman et al. (2005) Methods for reducing interference in the Complementary Learning
Systems model: oscillating inhibition and autonomous memory
rehearsal

The model considers that SWS and REM contribute in a more specific way to
the learning during the sleep: SWS contributes the hippocampal repetition
of new memories in the cortex and REM supports tuning of pre-existing
cortical and hippocampal. Reduction of memory interference can be
obtained by a system set to strengthen the old memories that are relevant
and to weaken those that interfere with it

Johnson and Redish
(2005)

Hippocampal replay contributes to within session learning in a
temporal difference reinforcement learning model

The model was developed based on reinforcement learning. The model
provides testable predictions relating the effects of hippocampal
inactivation as well as hippocampal replay on this task

Kirkpatrick et al.
(2017)

Overcoming catastrophic forgetting in neural networks A solution based on memory replay that doesn't require the use of
complementary learning systems if it only considers the labeling of relevant
synapses for a memory in the learning of new ones. The model does not
explicitly emulate sleep but describes abstract mechanisms that can reflect a
function of sleep related dynamics such as memory trace replay

(c) Wittenberg et al.
(2002)

Synaptic reentry reinforcement based network model for long-term
memory consolidation

The model describes the consolidation mediated by the repeated post-
learning reinforcement of synaptic modifications through hippocampus and
cortex, it holds that memory reactivation during the sleep can also influence
the process of memory selection. The study treated the temporal aspect,
showing the despite the occurrence of an intrinsic destruction of the
synaptic effectiveness throughout the week, and beyond, SRR is capable of
strengthening and maintaining memory traces, where they would otherwise
become unstable over time. They built a computational model to further

(continued on next page)
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from the bottom layers to the top. In the sleep state, activity in the
upper layer was artificially set, simulating a replay signal that propa-
gated back, from top to bottom, and that could artificially reproduce
the original image in the input vector. The learning rule applied during
the waking state sought to enhance the ability of the sleeping network
to reproduce the original image. In contrast, the learning rule applied
during the sleep state enhanced the ability of the awake network to
differentiate the activity vector in the upper layers. By separating
learning in two states, the authors could show that emerging re-
presentations in the feature space provide a very economic description
of the input images. One might observe the difference in the network
structure of the memory systems (horizontal vs. vertical) and the
functional advance introduced by sleep (fast learning vs. better memory
coding) when comparing this model with the one described in the
previous paragraph. Such disparity provides evidence that the effect of
sleep-dependent memory reactivation on learning might be multi-
factorial.

Other models considered a fundamental concept for the replay
theory, namely the idea that the hippocampus and the neocortex form
Complementary Learning Systems (CLS) (McClelland, McNaughton, &
O’Reilly, 1995; Squire, Stark, & Clark, 2004) (Table 2c). The notion that
the hippocampus and the neocortex have complementary roles derives
from the fact that these regions have very different connections and
underlie distinct functions. However, the specific function attributed to
each region by the many available computational models is far from
consensual. As an example, it was hypothesized that the hippocampus is
a temporary memory store for new data while the neocortex served as a
permanent memory store (Marr, 1971). In a similar direction, the
overlapping (accelerated) replay of new memories during SWS has been
implicated with the integration of a new memory encoded by the hip-
pocampus into an existing neocortical memory schema (Lewis &
Durrant, 2011). The different roles for each brain region are not just

related to time, but also to the generalization level attained by the
memory trace stored. In humans, the interplay between the two regions
favors the integration of episodic memories into semantic networks
(Walker & Stickgold, 2010). The hippocampus is also seen as a structure
that can orient memory organization in the neocortex (Grossberg, 1976;
Wickelgren, 1979), and orchestrate different areas of the cortex, by
associating memories distributed far apart (Mishkin, 1982). There is a
new consensus regarding the role of the hippocampus in the formation
and retention of an index of neocortical areas activated by experiential
events (Teyler & DiScenna, 1986). Based on this notion, different stu-
dies modeled the memory consolidation process in such a way that
memory is first stored in a soft and fast memory system (hippocampus)
during waking. Later, during sleep, the memory trace is transferred to
the hard memory system (neocortex) (Alvarez & Squire, 1994;
McClelland et al., 1995).

One of the functions hypothesized for having complementary
learning systems such as the hippocampus and the neocortex is that
they provide a solution for the problem of catastrophic forgetting in
memory systems (Hasselmo, 2017). Catastrophic forgetting or cata-
strophic interference occurs when the learning of a new memory ne-
gatively interferes with the encoding of a memory learned in a previous
occasion. Such destructive effect in learning only rarely happens in
animals whereas, under certain circumstances, it is very common in
connectionist networks (French & French, 1999). The concept of cata-
strophic forgetting also relates to the idea of the “memory capacity” of a
network. One network can only store memories to the limit by which
catastrophic interference begins to occur (de Almeida, Idiart, & Lisman,
2007).

CLS theory solves such issue as follows. New information is quickly
encoded in a temporary store during the awake experience. During
sleep (or waking) consolidation, old memories from a stable store are
also loaded in the temporary store. Next, all memories, old and new, are

Table 2 (continued)

Author Computational model Description

illustrate and explore the effect of the SRR process on the formation of long-
term memory

Káli and Dayan (2004) Off-line replay maintains declarative memories in a model of
hippocampal-neocortical interactions

A computational study that investigated the storage, access and decoding of
episodic and semantic memories in hippocampal-cortical networks found
that replay plays an essential role in the maintenance and preservation of
stored traces. The model replicates in simulation the findings that recently
acquired memories are more prone to forgetting than old memories, as
episodic memories become semantic concepts. In the absence of
hippocampal reactivation, memory traces once considered stable and
consolidated are easily lost in the face of cortical plasticity

Amaral et al. (2008) A Synaptic Reinforcement-Based Model for Transient Amnesia
Following Disruptions of Memory Consolidation and Reconsolidation

The model provides means for fast recovery of memories in local networks
and serves as a computational explanation for events such as transient
amnesia “following disruptions of consolidation and reconsolidation.”

Fiebig and Lansner
(2014)

Memory consolidation from seconds to weeks: a three-state neural
network model with autonomous reinstatement dynamics.

Proposed a functional neural network implementation of spontaneous
reactivations of hippocampal memories, as observed in place cell
reactivations during slow-wave-sleep. The model is an extended three-state
implementation of the CLS framework using a consolidation chain of
Bayesian Confidence Propagation Neural Networks, capable of autonomous
replay

Wei et al. (2016) Synaptic Mechanisms of Memory Consolidation during Sleep Slow
Oscillations

Computational model of the thalamocortical system to report that
interactions between slow cortical oscillations and synaptic plasticity
during deep sleep can underlie the mapping of hippocampal memory traces
to persistent cortical representation

Lerner (2017) Unsupervised Temporal Learning During Sleep Supports Insight The core of the model is that compressed memory replay in the
hippocampus bring disparate encoded events “together” to allow detecting
hidden temporal regularities within stimuli that were too separate in time
during wake (over seconds) to be detected by Hebbian mechanisms. This
allows, as a second stage, for predicting upcoming events by the prefrontal
cortex during the following wake period (through wake replay that serves as
a 'cue' to elicit the full temporal representations discovered by the
hippocampus during the prior sleep). The model thus directly relates to
results in the literature supporting an effect of SWS on insight (Fischer et al.,
2006; Wagner et al., 2004), which were all achieved in tasks containing
temporal regularities
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interleaved used as the reference for an update of traces in the stable
store. Since old and new memories are present altogether, the network
can slowly find a synaptic organization that encompasses all the learned
memories. Simulations that support this theory compared the perfor-
mance differences in the encoding of memories in an artificial neural
network when the input patterns were presented interleaved or sepa-
rated (McClelland et al., 1995). The simulations demonstrated a con-
siderable lower interference of new memories when old and new pat-
terns were presented slowly and interleaved. Another computational
study that implemented a similar network provided a similar account
when considering a network that learns to represent visual patterns
(Hattori, 2012). Importantly, the implementation of slow and fast
learning components in a memory system does not necessarily depend
on two networks, as proposed by CLS. An alternative considers different
dynamic processes of learning within the synapses of the same network.
As an example, one model combined fast and slow variables in the
modeled synapses to show that the memory capacity of the network
grows linearly with the number of synapses (Benna & Fusi, 2016). In
this specific model, fast and slow synapses within the same neuron
interact bi-directionally as new patterns are presented to the network.
Although this model does not specifically address sleep, it describes
well the functioning of CLS in a computational model. It seems a rea-
sonable extension to consider non-uniform learning rates and trans-
mission between synaptic types in the emulation of sleep stages. It re-
mains to be verified whether the capacity scalability of the network
would remain linear across sleep stages.

A concept closely related to the catastrophic forgetting issue and
usually considered by the propositions that seek a solution to the pro-
blem is the “stability and plasticity” dilemma (Carpenter & Grossberg,
1988). The decision that must be made by a learning algorithm when
considering new information is whether the new memory should be
allowed to affect the current structure, with the potential of disrupting
old memories, or whether it should not, at the risk of not encoding
something relevant. The use of CLS offers a practical solution for the
dilemma when considering functionalities other than the off-line in-
terleaved replay (Norman, Newman, & Perotte, 2005). The proposed
system uses local oscillations based on feedback inhibition to identify
components of a memory trace that are weakly stored, and should be
strengthened, and components of other memory traces that compete
with it and that should be weakened. Another mechanism involves local
processes within the cortex and the hippocampus such as the adaptation
of current patterns to one previously stored (pattern completion). Si-
mulation data show that a multitude of mechanisms in the CLS provides
better memory capacity in the condition that is known to provoke
memory interference. Furthermore, a similar solution based on memory
replay might not require the use of CLS if it only considers the labeling
of relevant synapses for a memory in the learning of new ones
(Kirkpatrick et al., 2017). In the latter model, relevant synapses are
protected from modification once a new pattern is presented, so that it
only affects synapses that are not relevant to the memories already
known.

Other models investigated the importance of local computation
within the hippocampus or the neocortex for the interplay between
these areas during consolidation, taking into consideration critical
biophysical details such as the dynamics of protein formation. The
concept of synaptic reentry reinforcement proposes that local replay
can repeatedly trigger the molecular cascade that leads to synaptic
structuring, counteracting the rapid degradation of synaptic receptor
proteins (Shimizu, Tang, Rampon, & Tsien, 2000). In simulations of a
computational model that implements this concept (Wittenberg,
Sullivan, & Tsien, 2002), the authors demonstrated a transfer of
memory traces from the hippocampus to the cortex. The transfer theory
posits that episodic memories migrate from the hippocampus to become
semantic memories in the cortex. Since cortical areas comprise synaptic
connections across sensory areas, such transfer theoretically leads to
faster processing of sensory inputs. The model provides means for the

fast recovery of memories in local networks, and serves as a computa-
tional explanation for events such as transient amnesia (i.e. temporary
inability to establish new memories).

Understanding transient amnesia may or may not be directly re-
levant for the sleep and memory field, but the fact that models based on
CLS provide a mechanistic explanation for this effect indicates that the
theory captures essential aspects of the brain network. In an emerging
consensus, learning results from the combination of activity-dependent
plasticity, systems consolidation and the capacity for storing manifold,
multiplexed and often competing memory traces (Amaral, Osan,
Roesler, & Tort, 2008). A computational study that investigated the
storage, access, and decoding of episodic and semantic memories in
hippocampal-cortical networks found that replay plays an essential role
in the maintenance and preservation of stored traces (Káli & Dayan,
2004). The model replicated in simulation the finding that recently
acquired memories are more prone to forgetting than old memories, as
episodic memories become semantic concepts. In the absence of hip-
pocampal reactivation, memory traces once considered stable and
consolidated were easily lost in face of cortical plasticity. This suggests
that hippocampal replay allows the memory system to refresh the re-
cord of connections between hippocampal and cortical representations,
maintaining them in register despite the changes in the cortical net-
work.

An important aspect of the cortical-hippocampus systems is the form
of the memory trace. The sequential and orthogonal nature of the
hippocampal representation (Lisman & Jensen, 2013) differs from the
persistent and distributed structure verified in cortical networks
(Steriade, Timofeev, & Grenier, 2001), especially during the UP and
DOWN states characteristics of slow-wave activity in the neocortex
(Bazhenov et al., 2002). The question that arises is how do the two
different codes interact? One computational model considered the dif-
ferent natures of the hippocampal and neocortical codes and showed
that local reactivation in a thalamocortical network could interact with
hippocampal-like ripples resulting in input-specific changes of synaptic
weights (Wei, Krishnan, & Bazhenov, 2016). In the simulations of the
model, the spatiotemporal pattern of activity propagation in the UP
state regulates the changes of synaptic strengths between neurons, in-
dicating a specific role for the different states of slow-wave activity and
a potential role for the coincidence of neocortical states and the oc-
currence of hippocampal ripples. These results relate to the observation
that changes in neocortical states precede replay events (Rothschild,
Eban, & Frank, 2017) and are aligned with the concept that the neo-
cortex can sculpt the patterns of hippocampal activity that can pass
through, known as the cortical gate function (Lewis & Durrant, 2011;
Peyrache, Battaglia, & Destexhe, 2011). The ability of the neocortex to
interfere in the hippocampus representation can support the formation
of shared schemas primarily stored at the cortex, but updated by new
information with the hippocampal interaction.

Another model to consider the differences in neocortical and hip-
pocampal coding posits a temporal scaffolding function for the ob-
served coding differences (Lerner, 2017a). In such a model, the function
of the time compression of sequences in the hippocampus is to over-
come a limitation of molecular mechanisms underlying Hebbian
learning for sequential patterns separated by intervals in the “seconds”
range. The role of the hippocampus is to reorganize these memory se-
quences perceived in a “long” time scale into a time frame adequate to
cortical learning. In a computational implementation of this principle
with a spiking neural network model of the hippocampus and prefrontal
cortex, simulations demonstrated that the supervised learning of se-
quential patterns in the cortex benefits from the sleep-dependent un-
supervised learning in the hippocampus in a forward predictive task
(Lerner, 2017b). It is worth mentioning another computational model
that implements the transfer theory and tackles the temporal scaf-
folding function (Fiebig & Lansner, 2014). The model, which included a
differentiation between sensory driven cortical areas and the prefrontal
cortex, produced the stochastic reactivation dynamics of replay and
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consolidated episodic memory in a pattern learning protocol. Interest-
ingly, the model exhibited typical empirical memory effects such as
retrograde and anterograde amnesia after simulated hippocampal im-
pairment, and replicated the detrimental effects of benzodiazepines on
memory.

4. Computational investigation of theories based on different
roles for the different states of sleep

An alternative concept to the apparently conflicting roles of
strengthening or weakening memory traces during sleep is proposed by
the sequential theory, which postulates that the different sleep states
play distinct but complementary cognitive roles: While SWS would
weaken irrelevant or competing synaptic patterns, REM sleep would
strengthen the relevant ones (Giuditta et al., 1995; Giuditta, 2014).
Mechanistic insight regarding this perspective came from evidence of
experience-dependent IEG upregulation during REM sleep in the hip-
pocampus and cerebral cortex of rodents, including transcription fac-
tors Zif-268, CREB and Fos, phosphatases Ppp2ca and Ppp2r2d, and
cytoskeleton-associated gene Arc (Calais, Ojopi, Morya, Sameshima, &
Ribeiro, 2015; Ravassard et al., 2009; Ribeiro, Goyal, Mello, & Pavlides,
1999, 2002, 2007; Ulloor & Datta, 2005). REM sleep also promotes the
experience-dependent phosphorylation of Calcium/Calmodulin-Depen-
dent Protein Kinase type II (CaMKII) (Blanco et al., 2015), a key com-
ponent of the molecular cascade that leads to LTP (Silva, Stevens,
Tonegawa, & Wang, 1992), responsible for sustained levels of phos-
phorylation in the early steps of the signaling cascade (Mayford et al.,
1996; Silva et al., 1992). Altogether, these molecules are involved in
various aspects of synaptic remodeling.

The experiments that led to these results were overall similar to
those used to support SHY, but with two important differences. Firstly,
SWS and REM sleep were scrupulously separated using electro-
physiological markers. Secondly, non-stimulated animals were com-
pared to animals exposed to new sensory and/or motor stimuli. The
results showed that SWS effectively downregulates the levels of plas-
ticity-related factors, regardless of the animal’s prior experience. REM
sleep, on the other hand, has distinct effects depending on the animal's
previous experience. In non-exposed animals, REM sleep downregulates
IEG expression, but in exposed animals REM sleep induces the tran-
scription of the same genes.

This line of research led to the synaptic embossing theory, which
proposes that the sleep stages other than REM (NREM) harbor both
Hebbian synaptic upscaling (due to trace reverberation) and non-
Hebbian synaptic downscaling (due to homeostatic plasticity), while
REM sleep triggers Hebbian long-lasting plasticity able to strengthen
and weaken complementary circuits, respectively tagged or untagged
by relevant waking experience (Poe, Walsh, & Bjorness, 2010; Ribeiro &
Nicolelis, 2004; Ribeiro, 2012; Stickgold, Whidbee, Schirmer, Patel, &
Hobson, 2000). Experimental support for the embossing theory in hu-
mans comes from the observation that the product of the amount of
early SWS and late REM can explain 80% of the variance in the per-
formance improvement in a visual task (Stickgold et al., 2000). The
predictions made by the embossing theory are overall similar to those
made by the theory of active systems consolidation during sleep, which
assumes however that memory consolidation at the systems level occurs
exclusively during SWS, while REM sleep would solely promote local
synaptic plasticity (Born & Wilhelm, 2012).

Unlike the other two classes of theories described in the sections
above, the computational evidence for the two-stage hypothesis is re-
stricted to a single study which implemented two different models
aimed at providing predictive and functional evidence for the synaptic
embossing theory (Blanco et al., 2015). The first model implemented
was an abstract neural network with connections subject to an STDP
learning rule (van Rossum, Bi, & Turrigiano, 2000) and an independent
reactivation pattern. The network was fed with data (action potentials)
obtained from real recordings from the CA1 field of the hippocampus of

rats, as they spontaneously traversed different states of sleep. It is in-
teresting to notice that unlike other studies (e.g., Olcese et al., 2010),
the instantaneous synaptic plasticity rule in this model is not modified
by the ongoing sleep-wake state. The simulations demonstrated that the
pattern of input activity during waking led to synaptic potentiation,
whereas activity during SWS led to synaptic downscaling, as in SHY
theory. The independent reactivation pattern produced LTP on selected
weights a few hours after a triggering sleep event. After an evaluation of
the different triggers of LTP, with reference to original im-
munohistochemistry data showing experience-dependent phosphoryla-
tion of CaMKII during REM sleep, the simulated data showed that using
the transition between REM and SWS as a trigger for LTP rendered
highest levels of synaptic reorganization if compared to other LTP
triggers such as the end of SWS period. The results support a function
for LTP in the restructuring of the synaptic landscape, in alignment with
the embossing theory (Stickgold et al., 2000; Ribeiro & Nicolelis, 2004;
Poe et al., 2010; Ribeiro, 2012) as well as some aspects of the active
system consolidation theory (Born & Wilhelm, 2012).

In the same study, a second simulation used a canonical hippo-
campal model (de Almeida, Idiart, & Lisman, 2009a, 2009b; Rennó-
Costa & Tort, 2017; Rennó-Costa, Lisman, & Verschure, 2010, 2014) to
study the ability of LTP to imprint a specific pattern in a network. The
simulations demonstrated that a period of synaptic downscaling prior to
a selective LTP period facilitates the modification of the network pat-
terns by inputs from another network (Blanco et al., 2015). These si-
mulated results indicate that the interaction between homeostasis and
reactivation mechanisms can facilitate the reorganization of memory
during sleep, with positive effects for learning.

5. Discussion

The sleep and memory field is very much alive as it continues to
evolve from apparently incongruent findings to a new synthesis able to
make sense of all the empirical evidence already available. Some of the
core questions in the field remain open. For instance, why is sleep
needed to weaken and strengthen synapses, if LTD and LTP both occur
normally during waking, as in the example of self-organizing maps
discussed above (Sullivan & de Sa, 2006)? While the answer to this
question relates directly to the biology of state-dependent synapto-
genesis, computational models can help to understand the constraints
posed on memory consolidation by online waking processing, which is
characterized by retroactive interference and catastrophic forgetting.

Likewise, the need for a two-stage process within sleep (i.e. REM
and NREM) remains an important focus of contention which cannot be
solely solved by computational modeling, but that can certainly benefit
from modeling the known specificities of these stages in search of ne-
cessary and sufficient features. The fact that REM sleep is suppressed by
fear (Jha, Brennan, Pawlyk, Ross, & Morrison, 2005) suggests that,
under strong predation pressure, offline memory consolidation will be
dominated by SWS, which favors both the forgetting of irrelevant in-
formation and the strengthening of relevant information, but fails to
promote memory restructuring and therefore creativity. The two-stage
model may therefore be applicable only to animals at the top of the food
chain, where creativity is an affordable luxury.

At present, the conflicting theories of sleep and memory assessed by
computational modeling cannot be discriminated based solely on their
empirical ground. All three classes of synaptic modification proposed to
occur during sleep, namely homeostasis, reactivation and two-stage
classes of theories, are supported by computational evidence provided
by modeling and simulation studies. Computational models of the
homeostasis hypothesis show how neural networks can counteract the
overall synaptic potentiation during waking with synaptic downscaling
during sleep. This effect positively affects the storage and recall of
memories acquired during waking, and normalizes synaptic weights to
prepare the brain for new memories. Computational models of memory
reactivation during sleep demonstrate that the observed replay of
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memory traces is a natural byproduct of learning during waking.
Moreover, the continued learning during sleep, oriented by replay
events, has important advantages for the reorganization of memory: it
allows for the extraction of regularities from encoded experiences, the
development of economic representations and for the integration of
new memories with the pool of old memories. Finally, a model of the
two-stage theory of sleep indicates that the initial stage of synaptic
downscaling facilitates a subsequent stage of selective synaptic po-
tentiation.

The significant challenge in building a model with realistic anato-
mical aspects is to find direct links between experimentally observable
data and numerical variables. As an example, the level of activation and
auto-phosphorylation of CaMKII has been used as a marker for synaptic
plasticity (Blanco et al., 2015). Incorporating detailed models that can
link the abstract concepts of changes in synaptic weights to levels of
CaMKII activation provides a path to directly compare the simulated
data with experimental values (Hashambhoy, Winslow, & Greenstein,
2009; Holmes, 2000; Lisman & Zhabotinsky, 2001; Lučić, Greif, &
Kennedy, 2008). The association is not always possible, either because
the added complexity might make the simulations unfeasible, or be-
cause the underlying mechanisms are simply unknown. In such cases,
approaches taken from areas such as systems biology might render
data-driven realistic simplifications that can surpass both limitations
(Kotaleski & Blackwell, 2010). Moreover, the fast-paced evolution of
parallel computer architectures and data collection allow large-scale
simulations such as full-scale models of the hippocampus CA1 with
regard to the number of neurons (Bezaire, Raikov, Burk, Vyas, &
Soltesz, 2016), or very detailed models of the neocortical microcircuit
(Markram, 2015).

It is important to consider that the stark theoretical distinctions of
two decades ago have been softened and nuanced over time.
Proponents of the synaptic strengthening group allow that some degree
of downscaling may be occurring during sleep (Diekelmann & Born,
2010; Grosmark, Mizuseki, Pastalkova, Diba, & Buzsáki, 2012). In turn,
the main proponents of the SHY theory have conceded that a restricted
set of synapses may be potentiated or spared from downscaling during
sleep (Tononi & Cirelli, 2014).
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