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Abstract

A major challenge in neuroscience is deciphering how the brain orchestrates behavior in
response to changes in environmental conditions. This process is characterized by several
processing stages, from perception to the storage of important information. Information
storage is performed by a memory system implemented through complex networks of highly
interconnected neurons. The collective operational principles of neuronal networks that support
formation and storage are the main topics of this thesis.

To investigate the collective dynamics of the hippocampus from the perspective of the brain
criticality hypothesis, | started by analyzing cascades of neural activity ~ neuronal avalanches
~ that have been characterized by the absence of a typical spatial or temporal scale. Measures
derived from neuronal avalanches suggested that during wakefulness the hippocampus operated
further away from criticality than during sleep/rest. In addition, neural activity propagated
differently in these two brain states, as indicated by different collapses of the avalanche shapes.
Next, the Phenomenological Renormalization Group approach also indicated conceptually
similar differences, through the scaling exponent of activity variance «, which was higher during
sleep/rest than during awake. These results confirmed that the activity of the hippocampus
exhibits signatures of criticality and that these signatures change with the state of the brain.

Next, | found that memory retention was predicted by the scaling exponent of activity variance
«. The exponent o measured during the sleep/rest session that followed learning correlated
with memory retention during the subsequent unrewarded testing session. Moreover, «
predicted performance even when controlled for reactivation that occurs in parallel. Second, «
measured in the sleep/rest phase that preceded learning was correlated with the learning speed.
| analyzed distributions of the cells' characteristic timescale and burstiness. The day-to-day
variability of these distributions, during sleep/rest that followed learning, correlated with the
scaling exponent of activity variance «, as well as with memory retention. These findings
confirmed that variance scaling and functional heterogeneity provide behaviorally meaningful
perspectives on hippocampal activity, as they are directly related to memory consolidation.

| further investigated the process of memory acquisition and consolidation between the
hippocampus CA1 and the mEC. During learning, CA1 cells shifted their firing field towards
the goals, while mEC cells remained mostly stable, shifting their firing fields towards the goals
during sleep/rest that followed learning. This shift during sleep/rest was supported by the
reactivation process, which occurred in two ways, synchronously with CA1 (during SWRs) and
independently of the hippocampal SWRs. Both types of reactivation predicted subsequent
memory retention, as well as the amount of goal-related remapping. Again, the day-to-day
variability of the distribution of the cell timescales correlated with the goal-related remapping,
in CA1 during the learning session and in mEC during sleep/rest. These results suggest that
in spatial navigation tasks, the functional responsibilities of CA1 and mEC change between
learning and sleep/rest and that their function benefits from increased functional heterogeneity
among cells.
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CHAPTER

Introduction

In the animal kingdom, a critical skill for survival is identifying effective strategies to forage
for resources and avoid danger. These two behaviors require sophisticated navigation through
various environments and the ability to adapt to evolving external conditions. The brain
orchestrates these behaviors by encoding and recalling significant landmarks and events, as well
as acquiring new information, which is then integrated with pre-existing memories. According
to traditional views (Kandel, Dudai, and Mayford 2014) the memory system in the brain
supports two types of long-term memory, procedural (implicit) and declarative (explicit). The
former allows animals to perform a set of skills, often subconsciously, while the latter allows
animals to remember events (episodes), objects, and experiences and assign them semantic
meanings. The support for declarative memory in the brain is crucial for steering animals away
from adverse experiences while guiding them towards favorable ones, and it is indispensable in
social interactions that enhance survival across a multitude of species. Furthermore, declarative
memory serves as a vital tool for handling recurrent challenges, allowing animals to utilize
strategies formulated from past experiences. The process of memory is supported by a
continuous, lifelong learning mechanism that expands the animal’s repository of experiences,
incorporating data about novel alterations in their environment. These cognitive processes
involve multiple stages and several brain regions, ranging from the primary sensory cortices
to the deep-seated thalamic structures, to the hippocampus and the cerebral cortex. To
effectively execute these functions, brain networks perform local processing while simultaneously
maintaining long-range communication with other neural networks. Thus, the brain coordinates
these dual functions, ensuring that neither is compromised while they are executed concurrently.

The domain of spatial information processing refers specifically to the encoding positions of
various objects and landmarks, which, in turn, play a crucial role in facilitating spatial navigation.
Within the brain, two regions are intimately involved in spatial information processing: the
medial entorhinal cortex (mEC) and the hippocampus. The mEC and the hippocampus are
positioned at the top of the hierarchy for spatial information processing and serve as the
primary centers for spatial memory formation and consolidation.

Learning and memory have long been the subjects of scientific investigation because of their
essential functions in animal behavior. This thesis aims to further explore and expand the
existing body of knowledge on these topics, with a particular emphasis on the mechanisms
underlying memory consolidation. | approach this topic from an unconventional standpoint as |
examine the "brain criticality hypothesis" and try to connect the concept of “criticality" to the
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processes of learning and memory consolidation within the hippocampus. By doing so, | hope
to provide novel insights into computational principles that guide spatial learning and memory.

1.1 Hippocampus and medial entorhinal cortex

Contemporary understanding of the role of these brain areas in memory functions traces back
to the seminal finding of the 1950s. The patient known as HM underwent a bilateral medial
temporal lobectomy, a surgical procedure aimed at mitigating his severe epileptic seizures
(Scoville and Milner 1957). This surgical intervention involved the removal of significant
portions of his hippocampal structures, which consequently prevented the patient from forming
new episodic and semantic memories. However, the intervention did not alter the intellectual
abilities of the patient or the ability to acquire procedural skills. The clinical case of HM
provided the first empirical indication that declarative memory is a specialized cognitive function
tied to a specific anatomical region within the brain (Eichenbaum 2013). Following this report,
in subsequent decades extensive research efforts have been dedicated to the hippocampus and
enthorinal cortex, their anatomy, physiology, and function.

Before the entorhinal cortex and the hippocampus can act, the process of handling information
from a dynamic environment involves several stages. First, the sensory organs capture the
information and transmit it to the thalamic nuclei, which then convey it to the cortex (Adams
et al. 2002; Sherman 2006; Mitchell et al. 2014). The sensory cortices then process specific
modalities through several stages before relaying the information to higher cortical areas. Here,
information from various sources is integrated and processed to perform higher-order cognitive
functions. The pathway | described here appears straightforward, but it is far from simple, as
it involves multiple feedback loops and interactions, but ultimately brings us to the top of the
cortical hierarchy and the main topic of this thesis: the entorhinal cortex and the hippocampus.

The entorhinal cortex (EC) serves as a major hub for memory and navigation, receiving diverse
inputs from various subcortical and cortical regions (Canto, Wouterlood, and Menno P. Witter
2008). It is connected to numerous thalamic and hypothalamic nuclei and midbrain areas and
also receives input from the amygdala and basal ganglia. Importantly, the medial septum,
which plays a role in theta oscillations, projects onto to the EC.

The cortical inputs to the entorhinal cortex (EC) are diverse, with direct contributions from
various sensory and association cortices (Canto, Wouterlood, and Menno P. Witter 2008).
The perirhinal and postrhinal cortices provide essential input to the EC for object recognition,
spatial navigation, and memory. The olfactory cortex directly projects and conveys information
regarding smell and general olfactory cues. In addition, EC also receives projections from
various associative regions, while the subiculum and hippocampus provide spatial-related
information to the EC (Figure 1.1 B).

All this input means that EC processes and integrates various information modalities using
about 600, 000 —"700, 000 neurons in rats (Rapp et al. 2002), arranged in a six-layer architecture.
Layers | and IV function as plexiform layers, primarily containing axons and dendrites with a
negligible proportion of somas, while layers Il, lll, V and VI serve as cell layers. Across all layers
of the entorhinal cortex, there are numerous cell types distributed, such as abundant pyramidal
cells, bipolar cells, and interneurons (Figure 1.1 D) (Canto, Wouterlood, and Menno P. Witter
2008).

In addition to anatomical stratification, the researchers further divide the entorhinal cortex (EC)
into medial (mEC) and lateral (LEC) subdivisions, each region exhibiting unique characteristics.

2
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Figure 1.1: CAI and mEC.

A - illustration of hippocampus and entorhinal cortex in the rat brain, B - schematic representation
of the EC-hippocampus connectivity (adapted from Hernandez-Frausto and Vivar 2024), C - schematic
representation of diverse cell types in the hippocampus (3 subtypes of pyramidal and 21 subtypes of
interneurons) (adapted from Klausberger and Somogyi 2008), D - different morphological (soma
and dendrites, top and middle) and physiological (resting potential and somatic current) properties
between superficial and deep pyramidal cells in CAl (adapted from Soltesz and Losonczy 2018), E -
diagram of cell types within mEC (left: superficial layers I-111, right: deep layers IV-VI, adapted from
Canto, Wouterlood, and Menno P. Witter 2008).
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The lateral entorhinal cortex is primarily involved in the processing of object-related information
and displays minimal spatial tuning capabilities. In contrast, the medial entorhinal cortex is
notable for its abundance of spatially tuned cells (Hargreaves et al. 2005; Van Cauter et al.
2013). Based on their spatial tuning characteristic, cells in mEC can be put into three main
groups: grid cells, border cells, and head-direction cells.

Grid cells represent the most famous subset of cells within the medial entorhinal cortex. They
exhibit periodic hexagonal firing patterns that tessellate the whole environment (Hafting et al.
2005). Grid cells form distinct functional modules along the dorso-ventral axis of the MEC.
Each module maintains a uniform grid spacing and orientation relative to external landmarks.
Grid cells in the same module display varying spatial phases, with their firing fields randomly
offset from each other. The grid cells in a module collectively cover all spatial points, providing
a robust population-level code for location. Moreover, grid fields remain stable and anchor
to external cues, maintaining their stability even after removing these cues. Due to these
characteristics, the medial entorhinal cortex (mEC) has been proposed as an area that provides
a reliable metric of space in the brain (Edvard I. Moser and M.-B. Moser 2008). Furthermore,
grid cells have been suggested to play a vital role in the path integration process. This is
because they are capable of updating the internal representation of an organism'’s position
using only self-generated motion cues, such as the running speed and direction. This capability
allows maintaining positional awareness without the need for continuous sensory input from
external landmarks (Bush, Barry, and Burgess 2014). However, the whole picture is more
nuanced, as recent studies have indicated that there is a reorganization of grid cell maps
towards the reward locations (Boccara et al. 2019; Butler, Hardcastle, and Giocomo 2019).

Border cells (Solstad, Boccara, et al. 2008; Savelli, Yoganarasimha, and Knierim 2008), also
known as boundary vector cells, exhibit neural firing patterns relative to particular distances
and orientations of the boundaries of an environment. This firing behavior is crucial for spatial
navigation, as it enables the encoding of positional information in relation to environmental
edges. Within the MEC, a significant percentage of border cells are observed to predominantly
fire along a single wall of the environment. Their firing patterns are robust to other external
conditions, suggesting that they fire in an allocentric (world centered) reference frame, anchored
to the physical structure of the environment.

Similarly to the subiculum, mEC is also a home for head direction (HD) cells (Taube, R. U.
Muller, and J. B. Ranck 1990; Taube, R. U. Muller, and J. B. Ranck 1990; Sargolini et al.
2006). An HD cell fires selectively and persistently when the animal’s head is pointing in a
specific allocentric direction, regardless of the animal’s location. The population of HD cells,
with their preferred directions uniformly distributed throughout the 3601 of the horizontal
plane, provides a continuous internal representation of the orientation of the animal, acting
like a compass. In the MEC, the properties of HD cells are aligned along the dorsoventral axis,
with a decrease in directional tuning from dorsal to ventral.

Besides these, mEC contains cells that do not fit into the specified categories yet still show
spatial selectivity. The mEC population provides a spatial reference frame and internal
navigation system, and, along with the LEC, significantly inputs to the hippocampus.(Figure
1.1 B), while also receiving direct CA1 output (Canto, Wouterlood, and Menno P. Witter
2008; Hernandez-Frausto and Vivar 2024).

Cells in deep layers V and VI are targets for projections from the hippocampus and subiculum,
whereas cells from the superficial layers 1l and Ill project onto the hippocampus (Hernandez-
Frausto and Vivar 2024). The connection between the entorhinal cortex (EC) and the
hippocampus involves the trisynaptic and perforant pathways (Amaral and M. P. Witter

4
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Figure 1.2: Spatial representation in CA1 and mEC.

A - grid cells in mEC, left: rat trajectory with superimposed spikes, middle: firing rate maps,
right: spatial autocorrelation (adapted from Hafting et al. 2005), B - firing rate maps of border
cells in mEC (adapted from Solstad, Boccara, et al. 2008), C - hippocampal place cells, left: first
reported place cell, histogram at the bottom shows firing rate at different positions marked with
letters (adapted from J. O'Keefe and Dostrovsky 1971), right: example firing rate maps of cells
analyzed in this study, D - head direction cells in subiculum (adapted from Taube, R. U. Muller, and
J. B. Ranck 1990).

1989; Menno P. Witter et al. 2000; Canto, Wouterlood, and Menno P. Witter 2008). The
trisynaptic pathway refers to projections that are initiated from layer Il of the mEC and extend
to the dentate gyrus (DG), which subsequently relays signals to the CA3 region, which, in
turn, transmits signals to CA1, completing the pathway. Initially, granule cells located in the
dentate gyrus receive direct excitatory projections originating from layer Il of the mEC and
IEC. Subsequently, the dentate granule cells transmit the processed information through mossy
fibers to the CA3 region. Here, the pyramidal cells of the CA3 area send their axons, known as
Schaffer collaterals, and make synaptic connections with the pyramidal cells in the CA1 region.
The perforant pathway refers to the direct transmission of signals from layer Il cells of the mEC
to the CA1 region, predominantly its deep pyramidal neurons. (Hernindez-Frausto and Vivar
2024). In addition to excitatory glutamatergic projections, interneurons of mEC also make
inhibitory GABAergic projections onto the hippocampus (Basu et al. 2016; Hernandez-Frausto
and Vivar 2024) using both the trisynaptic and perforant pathway. Finally, pyramidal cells
located in the CAL region, together with subiculum neurons, transmit processed information
back to the deeper layers of the entorhinal cortex (EC) and other regions of the brain. This
effectively closes the loop between the entorhinal cortex and the hippocampus, facilitating the
continuous flow and processing of information within these regions of the brain.

The entorhinal cortex serves as the main source of input to the hippocampus; however, it is not
the sole contributor. In addition, the hippocampus establishes connections with other regions,
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including the amygdala and the medial septum. To process all these inputs, the hippocampus
is divided into specific regions known as the dentate gyrus (DG), the hippocampus proper,
which includes the Cornu Ammonis areas CA1, CA2, and CA3, as well as the subiculum. CAl
is divided according to the anatomical organization and packing of the cell bodies, axons, and
dendrites. Stratum lacunosum moleculare is a dendritic layer where the EC projections reach
CAL. Just above is the stratum radiatum, where the CA3 pyramidal cells project onto CAL.
The cell bodies of the pyramidal cells constitute the stratum pyramidale. At the top of CAl is
the dendritic layer stratum oriens.

In the hippocampus, GABAergic interneurons constitute 10 — 15% (Pelkey et al. 2017) of
all cells, with diverse anatomical and functional properties (Pelkey et al. 2017; Topolnik and
Tamboli 2022; Klausberger and Somogyi 2008) (Figure 1.1 C). The majority are pyramidal
cells (85 — 90%), which also exhibit great heterogeneity in both structure, physiology, and
connectivity patterns (Soltesz and Losonczy 2018; Cembrowski and Spruston 2019) (Figure
1.1 D).

Primarily spatial inputs, which are processed by complex circuits within the hippocampus, lead
to the generation of a spatial code in the CAl. This code is exemplified by the activity of
place cells, which are neurons that activate when an organism is in particular locations within
its environment, known as place fields (J. O'Keefe and Dostrovsky 1971). Collectively, these
place fields cover the entire environment (R. Muller, J. Kubie, and J. Ranck 1987). This
comprehensive coverage contributes to the formation of the cognitive map (John O'Keefe
and Nadel 1978). Different environments have different hippocampal representations (Alme
et al. 2014). When an animal changes environments, the hippocampus undergoes a process
termed "remapping", where it shifts from one representation to another (R. U. Muller and
J. L. Kubie 1987; Colgin, Edvard |. Moser, and M.-B. Moser 2008; John L. Kubie, Levy, and
Fenton 2020). The emergence of hippocampal representations in novel environments has
been extensively studied, showing the condition-dependent speed of the emergence of spatial
representations (Hill 1978; Bostock, Robert U. Muller, and John L. Kubie 1991; Lever et al.
2002; Cacucci et al. 2007; Law, Bulkin, and Smith 2016). Since the majority of the input
signals the hippocampus receives are from the entorhinal cortex, which is characterized by a
multitude of specialized spatial neurons, including grid cells, border cells, and head direction
cells (Zhang et al. 2013), it was proposed that the hippocampus place cells arise as a predictable
transformation of this upstream activity (Solstad, Edvard |. Moser, and Einevoll 2006; Bruce L.
McNaughton et al. 2006; Monaco and Abbott 2011). However, recent studies demonstrated
a very straightforward way to generate place fields, based on thresholded gaussian processes
(Mainali, Azeredo da Silveira, and Burak 2025), which reproduce the diversity among the
shapes and sizes of place fields (Rich, Liaw, and Lee 2014; Fenton et al. 2008; Cohen and
Drugowitsch n.d.). In addition, place firing depends on the radial position (Danielson et al.
2016) within CA1, and the hippocampal maps are modulated by rewards (Gauthier and Tank
2018; Boccara et al. 2019).

Despite the diversity in spatial tuning, the activity of hippocampal cells is not chaotic and
independent, but often coordinated and rhythmic. The two primary categories of rhythms that
have been extensively researched are theta (6 — 10H z, Figure 1.3 A) and sharp wave-ripples
(150 — 250H z, Figure 1.3 B). These rhythms serve as a substrate for different functions in the
hippocampus and cells are often coupled to different phases of each oscillation (Figure 1.3 C).

Theta oscillations occur during active locomotion and REM sleep, in all sub-regions of the
hippocampus. The generation of the theta rhythm in the hippocampus is primarily influenced
by the rhythmic neuronal activity within the septal regions. When the septal areas are damaged,
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there is a notable disruption in the hippocampal theta activity (Green and Arduini 1954). In
addition, intrinsic circuits within the hippocampus also play a crucial role in modulating this
theta rhythm. In a simplified perspective, the primary contribution involves the rhythmic firing
of the septal interneurons, which send GABAergic projections to the hippocampal interneurons.
This process results in the disinhibition of hippocampal pyramidal cells in an oscillatory
fashion. However, this mechanism is more intricate, as demonstrated by the varying theta
modulation observed among different subtypes of hippocampal interneurons and pyramidal
cells (Klausberger, Magill, et al. 2003; Klausberger and Somogyi 2008; Colgin 2016). In
addition to the GABAergic input, the medial septum transmits cholinergic projections that
significantly modulate the excitability of the hippocampus, further amplifying theta oscillations
(Colgin 2016; Vandecasteele et al. 2014). Finally, the intrinsic properties of hippocampal cells,
related to HCN channels (Colgin 2016 for review), contribute to theta rhythm generation,
as evidenced by spontaneous emergence of theta rhythm in vitro (Goutagny, Jackson, and
Williams 2009).

The coordinated synchronous activity observed in the theta rhythm has been identified as
functionally significant. The association between the presence of theta waves and enhanced
learning speed, as well as improved memory function, has been recognized in earlier research
(Berry and Thompson 1978; Winson 1978) and has been reaffirmed in more contemporary
studies (reviewed in Colgin 2016), leading to the theory that theta is essential for memory
formation. Theta cycles exhibit a close relationship with the firing of place cells, as observed in
theta phase precession (William E. Skaggs, Bruce L. McNaughton, M. A. Wilson, et al. 1996).
This is a phenomenon where a neuron initially fires at a late phase within the theta cycle
and progressively advances to earlier phases within the same cycle, as the animal repeatedly
navigates through the neuron’s place field. However, place fields can form even when theta is
experimentally blocked (Brandon et al. 2014) or is naturally absent (in flying bats, Yartsev
and Ulanovsky 2013, which implies that theta oscillations are not necessary for the formation
of spatial representations. Yet, the formation of memory representations is a complex process
that involves a large number of neurons. Theta rhythm has been proposed to play a crucial
role in organizing these neural ensembles that serve to represent distinct individual memories.
Nested in theta cycles, these ensembles are called theta sequences (William E. Skaggs, Bruce L.
McNaughton, M. A. Wilson, et al. 1996; Foster and M. A. Wilson 2007) ~ organized groups of
place cells that activate in a specific order. Moreover, theta sequences represent behaviorally
meaningful information; they segment the environment into smaller portions (Gupta et al.
2012), encode a trajectory towards an upcoming goal (Wikenheiser and Redish 2015; Tang
et al. 2025), or "sweep" unvisited parts of the maze (Vollan et al. 2025). Theta rhythm is
also related to locomotion and stepping, which in rats occurs with a similar frequency of
8H z, and is synchronized with spatial representation. The current position of the animal is
represented when the forelimbs are on the ground, while sequences encoding possible future
location occur within the interval between two steps (Joshi et al. 2023). In addition to locally
important coding properties, the hippocampal theta rhythm is coupled with the activity of
other cortical areas (Siapas, Lubenov, and M. A. Wilson 2005; Backus et al. 2016; Nardin et al.
2023) and thalamic nuclei (Ramirez-Villegas, Besserve, et al. 2021), thus being proposed as a
substrate for long range communication between the hippocampus and other areas of the brain
(Eichenbaum 2017). Finally, brain-wide theta rhythms are associated with sensory processes
and may coordinate the integration of multi-modal sensory information and its higher-level
processing (Colgin 2016).

Another important class of hippocampal oscillations are sharp wave ripples (SWR), transient
oscillations in the frequency range of 150 — 250H z (Buzsaki et al. 1992) that occur during
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Figure 1.3: Theta and SWR oscillations.

A - illustration of theta oscillations and theta sequences (adapted from Colgin 2016), B -
illustration of SWR (top), spike raster of mEC (green) and CA1 (crimson) activity during SWR, C
- recruitment and phase locking of different classes of hippocampal cells during theta and SWRs,
histograms of firing rates (adapted from Klausberger and Somogyi 2008).

slow wave sleep and quiet immobility. SWRs are generated within the hippocampus and
consist of two distinct elements: a sharp wave component and superimposed ripple oscillations.
Sharp waves are large amplitude excitatory events that originate in the CA3 region of the
hippocampus and that are subsequently propagated to the CAl area (Gyérgy Buzsaki 1986),
while ripples are generated by local CA1 interneurons (Klausberger, Magill, et al. 2003; Colgin
2016). The characteristics of SWRs vary across the hippocampus (t. Csicsvari et al. 1999;
Taxidis et al. 2015; Ramirez-Villegas, Logothetis, and Besserve 2015; Sebastian et al. 2023),
mainly due to differential input mechanisms and possibly due to different functional properties
(Taxidis et al. 2015; Robinson et al. 2025; Castelli et al. 2025).

Sharp wave-ripples play a significant functional role during periods of active wakefulness, as
their disruption has been shown to negatively impact task performance (Jadhav et al. 2012)
and to destabilize place fields (Roux et al. 2017). As a consequence of these findings, it
has been hypothesized that SWRs are integral to memory-driven planning processes related
to task execution (Carr, Jadhav, and Loren M. Frank 2011; Roumis and Loren M Frank
2015). SWRs are widely recognized for their significant contribution to the process of memory
consolidation (G. Buzsaki 1989; G. Buzsaki 1996; Gyorgy Buzsaki 2015). The function of SWR
in the consolidation of memory is observable through the processes of neuronal reactivation
and replay (M. Wilson and B. McNaughton 1994; Louie and M. A. Wilson 2001; Lee and
M. A. Wilson 2002; Joseph O'Neill et al. 2010). The process of memory reactivation plays an
essential role in reinforcing and stabilization of memories over time. It is a process in which
neural activity patterns that are initially exhibited during wakeful behavior are subsequently
reactivated during periods of sleep or quiet wakefulness, particularly when SWRs occur. The
causal role of reactivation in memory consolidation was demonstrated by disrupting SWR-
related hippocampal reactivation during sleep, thereby impairing memory consolidation and
recall (Girardeau, Benchenane, et al. 2009; Ego-Stengel and M. A. Wilson 2009). Moreover,
disrupting only assemblies that encode a specific environment affects only memory associated
with disrupted assemblies, leaving other memories intact (Gridchyn et al. 2020). On the other
hand, prolonging existing SWRs improves memory (Fernandez-Ruiz et al. 2019). It should
be noted that CAL representations are not necessarily affected by optogenetic disturbance of
SWRs during sleep (Kovacs et al. 2016). The disturbance may primarily affect assemblies that
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have not been stabilized, whereas those that have already achieved a stable configuration may
remain unaffected. (Ven et al. 2016). Finally, the functional importance of reactivation during
SWRs for brain-wide memory processes is exemplified through the brain-wide coupling of
oscillations during slow wave sleep, where SWRs are nested in the troughs of thalamic spindles
(12 — 15Hz), themselves nested in the excitable up-state of the cortical slow oscillations
(< 1Hz) (Klinzing, Niethard, and Born 2019).

The brain-wide integration and intrinsic computational characteristics allow the hippocampus
and entorhinal cortex to be crucial components in the formation and use of declarative
memories (Kandel, Dudai, and Mayford 2014). These memories refer to information about
events (episodic memory) and associated meaning attached to different types of entities
(semantic memory) and can be represented by the hippocampal-enthorinal circuit that enables
the representation of spatial maps and spatial relations (Gydrgy Buzsaki and Edvard | Moser
2013). Therefore, place cells in CA1 and grid cells in mEC, along with object representation
in IEC (Tsao, M.-B. Moser, and Edvard |. Moser 2013), are believed to be the most important
neural substrate of declarative long-term memory, its formation, and its conscious use (Kandel,
Dudai, and Mayford 2014).

From a theoretical perspective, memory has undergone a comprehensive investigation within
the framework of attractor network models (Hopfield 1982). This is a circuit with recurrent
connectivity, where the weights between nodes reflect interactions between neurons. In attractor
networks, the dynamic behavior typically evolves to form stable, self-perpetuating configurations
known as attractors. These attractors are crucial, as they embody the representation of
memories encoded within the network. Since its initial publication, attractor networks have
become a key concept in computational neuroscience for modeling how the brain stores and
retrieves memories using collective dynamics.

1.2 Collective dynamics and brain criticality

Attractor networks demonstrate how interactions among numerous simple neurons can lead to
the emergence of computational capabilities. Emergence describes the phenomenon where
complex high-level properties arise that cannot be easily explained by the system'’s basic
components. This insight inspired a lot of subsequent research on collective dynamics in
neuroscience and how it can lead to the emergence of brain functions. One such approach to
investigating collective dynamics is known as brain criticality, the hypothesis that the brain
operates near a border between order and chaos (Figure 1.4 A, Plenz et al. 2021; O'Byrne
and Jerbi 2022; Tian et al. 2022).

This abstract view of brain activity is based on three important concepts: the subcritical
regime, the supercritical regime, and the critical point. In the subcritical regime (Figure 1.4 B
left), the system (population of neurons in our case) is very ordered, exhibiting large domains
of uniform activity and negligible variability over space (cell population) and time. Within this
regime, the activity of neural networks is attenuated and diminishes as time progresses. This
particular regime hinders the effective processing of information, as it adversely affects local
neural processing and the sensitivity to incoming signals. Furthermore, it also disrupts the
communication between neurons over longer distances, thereby impeding the overall efficiency
of neural information transmission.

At the other extreme of the spectrum is the supercritical regime (Figure 1.4 B right), charac-
terized by disordered neural activity that resembles chaotic behavior. The activity propagates
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Figure 1.4: Criticality.
A - the critical point as a border between silence and chaos, (adapted from Wilting and Priesemann
2019), B - snapshots of Ising model during subcritical, critical and supercritical state (adapted from
Chialvo 2010).

quickly, leading to sustained neural firing that does not show features of collective behavior.
In this disordered system, there exists the potential for unchecked dissemination of activity
across the network, which may culminate in hyper-synchronization, resembling the phenomena
observed during an epileptic seizure (Lepeu et al. 2024; Liu, F. Li, and Wan 2023)). Once
more, this regime is not computationally desirable due to its heightened sensitivity and the
insufficient segregation of units, as it leads to numerous components responding in a similar
manner to identical stimuli.

At the middle, in the sweet spot, resides the concept of criticality ~ a condition wherein the
system functions in proximity to the boundary, known as the critical point, separating two
distinct phases. Compared to two other regimes, the system in this regime demonstrates
markedly distinct characteristics, not only temporally but also spatially, across various neurons
in the network. Neural activity is balanced, avoiding both uncontrolled proliferation into
disordered states and degradation or decline. Neurons demonstrate long-distance correlations,
and complex patterns of neural activity can arise solely from relatively weak interactions among
cells. These activity patterns generally do not exhibit a distinct temporal or spatial scale
(number of neurons), and their features obey the power law. This implies that events of
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various magnitudes and lengths are possible, encompassing a wide range of sizes and durations.
The scale-free nature of dynamics implies that dynamic operations are the same across varying
scales, ranging from individual local circuits to extensive large-scale networks.

Finally, the brain criticality hypothesis is not based only on theoretical principles but also on
experimentally observed signatures of brain criticality in neural recordings. The first signatures
of criticality observed in the brain have been neuronal avalanches ("avalanche criticality",
Beggs and Plenz 2003; Beggs and Plenz 2004). These are cascades of neural activity that
propagate through the network, displaying a distinctive absence of a characteristic scale. As
a result, the distributions of their sizes and durations adhere to a power law (Figure 2.1,
Section 2.1). Neuronal avalanches have been documented in recordings spanning a range
of scales, from slice cultures (Beggs and Plenz 2003; Mazzoni et al. 2007; Pasquale et al.
2008), over cortical populations in vivo (Petermann et al. 2009; Gireesh and Plenz 2008; Hahn,
Petermann, et al. 2010; Yu et al. 2011; Xu et al. 2024), and to the level of the whole-brain
(Adrian Ponce-Alvarez, Kringelbach, and Deco 2023; Freeman et al. 2003; Meisel et al. 2013;
Solovey et al. 2012; Poil et al. 2012; Lombardi, Shriki, et al. 2021).

If brain activity is critical and marked by the appearance of scale-free characteristics, it is
sensible to analyze it varying spatial and temporal scales. In other words, the underlying
system can be more comprehensively understood by taking a broader perspective, or "zooming
out," to examine if it retains properties that are anticipated to remain consistent regardless of
the scale at which they are observed. Statistical physics offers a well developed theoretical
framework known as the Renormalization Group (RG) (Kadanoff 1966; K. G. Wilson 1975;
Sethna, Dahmen, and Myers 2001), which is utilized for this kind of methodological approach.
Given the current lack of clarity regarding whether the brain satisfies the formal prerequisites
necessary for the application of the traditional Renormalization Group, Meshulam et al. 2019
introduced the Phenomenological Renormalization Group (PRG) as a modification of the RG
applicable to neural data (Figure 2.5, Section 2.2, Chapter 3). By employing this method,
scale-free activity patterns, similar to those predicted in a critical state, have been detected
throughout the rodent brain (Meshulam et al. 2019; Morales, Santo, and Mufioz 2023; Castro
et al. 2024) and across different species (Castro et al. 2024).

However, in order to exhibit these characteristics, the brain is not required to function precisely
at the critical point. Instead, it can operate in proximity to this point or within a region
that is nearly critical, often referred to as a quasi-critical region (Williams-Garcia et al. 2014;
Tian et al. 2022). One way to achieve and maintain proximity to a (quasi-)critical state can
be accomplished through the meticulous adjustment of control parameters, such as those
influenced by neuromodulators Chialvo 2010. However, certain natural systems appear to have
inherent mechanisms that enable them to self-organize to reach a critical point, a phenomenon
known as self-organized criticality. It is hypothesized that the brain may be one of such
systems, capable of self-organization (Hesse and Gross 2014; Plenz et al. 2021) and enjoys
the benefits of criticality.

Maintaining operations at or near criticality provides a diverse range of functional benefits
(Shew and Plenz 2013). In many modeling studies, it has been shown that operating at
(quasi-)criticality facilitates long-range communication (Lombardi, Shriki, et al. 2021; Avramiea
et al. 2022) and maximizes input sensitivity (Kinouchi and Copelli 2006). In the context of
this thesis, the most relevant aspects are those that explain how operating close to criticality
affects the storage of memory and the transfer of information in neural networks. The number
of different configurations of cortical networks is maximized when they operate in a regime
that exhibits signatures of criticality (Shew, Yang, Yu, et al. 2011), linking the concept of
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criticality to the maximal information capacity of the network. Furthermore, the identical
operational regime enhances the information transmission, which is quantitatively evaluated
through the mutual information between the input and the output (Shew, Yang, Yu, et al.
2011).

1.3 Aims of the Thesis

Despite the computational advantages and the presence of well-documented signatures of
criticality within the brain, it is still not well established whether the concept of criticality
is behaviorally relevant. This is particularly evident in the case of the hippocampus, where
there is a lack of direct understanding of how its dynamics, when examined through the
lens of criticality, correlates with its roles in memory processes. However, memory is not an
exclusive feature of the hippocampus, and the mechanism of memory consolidation involving
the hippocampus and other cortical regions remains a significant subject of ongoing research.
Thus, | sought to broaden the understanding of this complex process. Consequently, the
objectives of this thesis can be outlined as follows:

1. Characterize hippocampal activity from the point of view of criticality using neuronal
avalanches and the Phenomenological Renormalization Group and examine relationships
between these two views

2. Investigate whether criticality-related measures of hippocampal activity are related to
spatial memory consolidation

3. Investigate encoding dynamics and CA1-mEC communication in relation to spatial

memory

While conducting the analysis related to the listed aims, | found relationships between the
signatures of criticality and functional heterogeneity among cells. This led to two smaller
goals:

1. Develop measures of the functional variability of neurons in CA1 and mEC

2. Investigate whether functional variability supports the functioning of CA1 and mEC
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Methods

Experimental Methods

Animals

All animals used in this study were Long-Evans rats, 10-20 weeks old, weighing 300 — 400g.
In total, the analysis was performed on 16 animals. Parts of the dataset used were previously
published. Details are in Table 1.1:

Experimenter Publication Num. Num. Chapter
animals | rec days

Peter Baracksay Bollmann et al. 2025 3 8 2

Charlotte Boccara Boccara et al. 2019 4 13 3,4

David Dupret Dupret et al. 2010 3 8 3

Juan Felipe Ramirez Vil- 2 2 3

legas

Predrag Zivadinovic¢ 3 5 3

Table 1.1: Animals used in this thesis

The three animals | recorded were used for optogenetic experiments (detail below). However,
there was no light stimulation in the recording days used for this study.

All experimental procedures were carried out in accordance with the Austrian Federal Law for
experiments with live animals and under a project license approved by the Austrian Federal
Science Ministry.

Maze Aparatus

| used the same “cheeseboard” maze as previously described (Dupret et al. 2010; Boccara et al.
2019). The maze is made of a circular PVC board with a diameter of 1.2m and a thickness of
2cm. The maze has 177 food wells drilled on the board in a regular grid with a spacing of
8cm between the centers of the wells. Alongside the maze was placed the start box of size
30220cm with 50 — 60cm in height. The start box is not covered and has doors lower than
the walls, allowing the animal to be tracked inside. A black curtain surrounded the entire
apparatus.

Behavioral paradigm

The behavioral protocol used in this study has already been published (Dupret et al. 2010;
Boccara et al. 2019). It was developed to assess spatial learning and memory in rats. On each
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day of recording, rats were tasked with finding and remembering three new wells in which food
pellets (20mg) were hidden. All days of recording followed the same protocol, starting with a
“Pre-Probe" session during which the rats were free to explore the maze without any food
rewards present in it, for 10-25 minutes. The rats were then put into a separate sleep box for
the 30-90-minute “Pre-Sleep™ session. Then came the “Learning” session, during which rats
learned to locate and remember the locations of three rewarded wells. The “Learning” session
typically consisted of 20-40 trials and was followed by the “Post-Sleep” session. Finally, rats’
memory recall was tested in the second unrewarded “Post-Probe” session. To prevent rats
from using odor-guided navigation to locate food pellets, the maze was covered with a food
powder made from the same pellets that were given to rats.

Pre-training procedure

Similar protocols were used in all subsets of animals (Dupret et al. 2010; Boccara et al. 2019).
At the beginning of every experiment, rats were pre-handled and habituated to both the
experimenter and the recording environment. After the initial habituation period, implantation
surgery was performed, followed by a recovery period of a week. Subsequently, rats were put
on a food restriction protocol during which their weight was slowly reduced to the target value
of 85 — 88% of the starting weight. During this period, rats were exposed to the maze and
trained to locate three food pellets (20mg) and, after consuming them, returned to the start
box. At every trial start, the start box door would open, allowing rats to come out onto the
maze, then the doors would close and remain so until rats located all three food pellets. Upon
locating and eating all the pellets, the start box door would open, allowing the rats to return.
To motivate them to return, food pellets were also placed in the start box. This procedure
was repeated for 10-20 trials per training day, depending on the motivation of the rats’. The
whole protocol was repeated for 4-6 days, until the rats performed the given task consistently
and until they reached the target body weight.

Extracellular Recordings

The recordings were performed using microdrives consisting of 16 or 32 independently movable
tetrodes. The tetrodes were made from four tungsten wires twisted and heated to bind
together. The wire used was 10 or 12um thick, while the tips were gold-plated to achieve a
target impedance of 400 — 500k€2. Each bundle of tetrodes consisted of 16 tetrodes implanted
in the right hemisphere. Drives with 32 tetrodes had two bundles implanted bilaterally. On
each recording day, tetrode positions were tuned to ensure that they remained within the
dorsal CA1, using LFP features as visual guidance.

All data were recorded using Axona or Intan acquisition systems for electrophysiological
recordings. Wideband (0.4 — 9k H z) recordings were made and amplified local field potentials
were digitized at 20k H z or 24kH z.

Isolating single-unit activity

In data recorded by Predrag Zivadinovi¢ and Juan Villegas, individual spikes were detected
as events whose amplitude crossed the threshold of five standard deviations over the mean
amplitude of the signal. The spikes were assigned to the clusters using a combination of
automatic clustering with Mountainsort (Chung et al. 2017) and manual curation with Phy
(Manual Clustering Practical Guide (by S. Lenzi and N. Steinmetz) - phy 2025). Details about
processing of previously published data can be found in the corresponding publications.
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Position Recordings

On top of the microdrives were mounted LEDs that were used for position tracking. The
position of the rat was recorded using a separate camera positioned above the maze. The
camera was recording at 39.0625 frames per second and was synchronized with the acquisition
system via a TTL pulse.

Drive implantation and recovery

Surgical implantation was performed as previously described (Dupret et al. 2010; J. O'Neill
et al. 2017; Boccara et al. 2019). The rats were put under Isoflurane anesthesia (1 —2%) and
treated with analgesics throughout the procedure. The craniotomies were open and drives
were implanted so that the tetrode bundles are positioned over the dorsal CA1 (2-4mm ML,
-2.5 -5mm AP). During implantation, the tips of the tetrodes were positioned superficially, 1
to 1.4mm from the surface of the brain. After surgery, rats were allowed at least a seven-day
recovery period. After the recovery period, the tetrodes were slowly lowered towards the
hippocampus, over the following few days.

Optogenetic stimulation

In some animals, an optogenetic excitation of hippocampal interneurons was performed.
Channelrhodopsin ChR2 was expressed in cells containing the mDLx promoter using Adenovirus
AAV1 as a vector (Dimidschstein et al. 2016). The virus was injected into six locations
spread over dorsal CA1 (2001 in each location) in a separate surgery performed three weeks
before microdrive implantation. Stimulation was performed using pulses of blue light delivered
through optical fibers attached to the microdrives. For the analysis in this study, | used only
days during which no light stimulation was performed.

Data analysis

Unless stated otherwise, data analysis pipelines are implemented using Linux core utils, Python
programming language (Van Rossum and Drake 2009), and packages from its vast data
analysis ecosystem: numpy (Harris et al. 2020), scikit-learn (Pedregosa et al. n.d.), scipy
(Virtanen et al. 2020), statsmodels (Seabold and Perktold 2010), pandas (McKinney 2010;
The pandas development team 2020), matplotlib (Hunter 2007), plotly (Inc 2015), seaborn
(Waskom et al. 2014), plotnine (The plotnine development team n.d.), joblib (Developers
2025).

The quantities in the text are expressed as mean + standard error, unless stated otherwise.
In the text N.S. denotes p > 0.1, x denotes p < 0.05, ** denotes p < 0.01, * % * denotes
p < 0.001, * * *x* denotes p < 0.0001.

Bayesian information criterion The Bayesian information criterion (BIC) is a quantity
used for model selection. BIC measures the likelihood of the model while accounting for the
complexity of the model (number of parameters). The model with the lowest BIC is preferred.

BIC is computed as:

BIC =k -In(n) —2-In(L)
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where k is the number of parameters in the model, n is the sample size, L is the likelihood of
the model.

Quartile coefficient of dispersion

The quartile coefficient of dispersion (QCD) is a measure of dispersion of a distribution. It is
one of the robust measures of scales. It is calculated from the first and third quartiles (Q

and Q3):

QCD Q3_Q1

:Q3+Q1

Sarle’s bimodality coefficient

Sarle's bimodality coefficient b quantifies the "modality of the distribution". For a finite sample,
it is calculated as follows:

h— g +1
- 3(n—1)2
A 3 ey

where n is the number of elements in the sample, g is the sample skewness and k is the sample
excess kurtosis. The value of b lies between 0 and 1, with the value of 5/9 assumed by the
uniform distribution. The value of 1 is assumed by a Bernoulli distribution with two values.

Neuronal avalanches
Temporal Binning

The duration of temporal bins used in the avalanche analysis was calculated as the average
inter-spike interval of spikes from all available cells. This was done for each session individually.
First, spikes from all available cells were collected into a single list and ordered by time. Then,
the average difference between successive spike times was computed on this list and used as
the duration of the temporal bins.

Detection, size, and duration of neuronal avalanche

Next, | binned the spikes in temporal bins and identified bins that did not contain spikes
(“silent bins"). A neuronal avalanche is defined as a period of non-zero activity between two
successive silent bins. The duration of the avalanche is defined as the total number of active
bins (1 or more spikes), while the size of the avalanche is defined as the total number of spikes
emitted during an avalanche.

Avalanche Size and Duration Power Laws

To find power laws associated with neuronal avalanches, | first computed histograms of
avalanche duration and size. Then, | set the scaling range as [1, 30] for the duration of the
avalanches and [1, 100] for the size of the avalanches. Using only values that fall within the
given range, | found the maximum likelihood fit. | used the Python package “powerlaw” to
perform the calculation. The power law exponent fitted to the avalanche duration distribution
is labeled with «, while the exponent related to the avalanche size distribution is 7.

Scaling Relation

16



1.3. Aims of the Thesis

To compute the scaling relation between the duration and the size of avalanches (i) | first
collected all distinct durations of the avalanche and, for each duration, calculated the mean
size of the avalanche. Then, | applied a log transformation to both distinct durations and
mean sizes. | fitted a line to these data using the ordinary least squares method. The scaling

relation is the slope of the fitted line.
DCC
The Distance to criticality coefficient is defined as the absolute difference between the scaling

relation and the ratio between power law exponents for duration and size:

1 —1
DCC = |— — £
ovz T—1

Temporal profiles (avalanche shapes)

To compute temporal profiles of avalanches (avalanche shapes), | first identified distinct
avalanche durations. For every unique duration, | collected all avalanches. Then, for every
avalanche duration, | calculated the temporal profile as the mean number of spikes per-bin,
across all avalanches with the given duration.

For a given scaling parameter s, | obtained scaled temporal profiles by bringing all profiles to
a uniform duration ¢ € [0, 1] and multiplying the mean size per time point by ¢°. In critical
systems, rescaling the temporal profiles with parameter s = i collapses all durations onto a
single line. To find the scaling exponent X that gives the best collapse, | used the method
described in (Marshall et al. 2016). It performs a grid search to find a value of the parameter
s that minimizes the variance of rescaled shapes. The code implementation is from NCC
Toolbox (Marshall et al. 2016).

Phenomenological Renormalization Group
Brief outline

Consider a collection of N neurons, where the temporarily binned (details below) activity
of the i-th neuron is denoted by x(z). Neurons are grouped during each step K of the
phenomenological renormalization group (PRG) process based on the criterion of the maximum
pairwise Pearson correlation coefficient. Denote by ¥ the activity of the coarse-grained unit i
at step K of the PRG. Initially, the activities Z{ coincide with the original cell activities. Each
step begins by selecting the most correlated pair of cells (7, j), and merging their activities
into a new coarse-grained variable:

T(i)! + 3()*

where c¢ is picked so that the mean non-zero activity is equal to one and preserves Os.
Subsequently, we merge the next most-correlated pair and continue until we form N/2 coarse-
grained units, each comprising the aggregated activity of the 2 original cells. In the next
iteration, the procedure produces the third PRG level (K = 4) with N/4 coarse-grained units,
each consisting of four original cells. This procedure is repeated iteratively until only one unit
remains.

Calculating temporal bin duration (Geom.IST)
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The duration of temporal bins used in the PRG analysis was calculated as the geometric mean
of the inter-spike intervals of the spikes of all available cells. This was done for each session
individually. First, spikes from all available cells were collected into a single list and ordered by
time. Then, the differences between successive spike times were calculated, producing a list
[dy ...d,]. The geometric mean of this list was calculated as follows:

GeomMean(dyds .. dy) = Uvdy . d, = CPUd) FInldy) + .. In(dy))

n

Pairwise Correlations

Pairwise Pearson correlations were computed between units at the given level of PRG. If x(7)
represents the activity of the ith unit, the Pearson correlation between units ¢ and j was
calculated as:

(El(z(i) = Elz(@)])(z(7) = Elz(7)])]

Oa(i)T(5)

p(i,j) =

Distribution of Non-Zero activity Q(x)

The distributions of non-zero activity Qx(x) are plotted as a histogram of non-zero activity
at the given PRG level K.

Probability of Silence, free energy I, and scaling exponent [

| computed the probability of silence P, for each coarse-grained PRG unit at each PRG step K.
For a given coarse-grained unit at the PRG level K, the probability of silence is the number of
bins valued 0 divided by the total number of bins. The free energy F' is computed as:

After computing the free energy F’ for every unit in the PRG, | calculated the mean free energy
< F(K) > for each PRG level K. Then | plotted < F'(K) > as a function of K. Next, |
calculated a logarithm of < F/(K') > and fitted a line. The scaling exponent 3 is the slope of
the fitted line.

Activity Variance and the scaling exponent «

| computed the activity variance of each coarse-grained PRG unit at every PRG step K. For a
given coarse-grained unit at PRG level K, | first traced the K cells that comprise the given
unit. Then | concatenated the activity of the traced cells into a single array and calculated
the variance of the concatenated array.

After computing the activity variance of every unit in PRG, | calculated the mean activity
variance < M2(K') > for each PRG level K. Then | plotted < M2(K) > as a function of K.
Next, | calculated a logarithm of < M2(K) > and fitted a line. The scaling exponent « is
the slope of the fitted line.

Covariance matrix spectrum and the scaling exponent 1

For a given PRG level K and a given coarse-grained unit u’,, the original cells {c* ... "%} that
comprise it were isolated. Then, among the original cells {c' ... %} a pairwise correlation
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1.3. Aims of the Thesis

matrix c%- was calculated. Then the eigenvalues {\* ... \’¢} of the matrix ¢’ were computed.
Each eigenvalue had an associated fractional rank. The fractional rank is computed as the
eigenvalue rank divided by K:

Rank(\")

FractionalRank:(/\i) = e

Next, all eigen values across all pairwise correlation matrices of all PRG levels were plotted
as a function of their fractional rank. The scaling exponent ;1 was obtained by fitting the
following function to the eigenvalue-fractional rank relation:

A = B x Fractional Rank(\)™*

Decay of autocorrelation time and the scaling exponent =

The decay of autocorrelation time was calculated for every PRG level and refers to the
exponential decay constant of the population autocorrelation function.

The autocorrelation function has been estimated from binned activity time series (binned
spike trains with bin duration GI E] at K = 1, coarse-grained activity for & > 1). For each
unit at a given PRG level K, the binned activity was first z-scored, then the average was
computed across all units at the given level K. After this, normalized autocorrelation function
was computed:

cov(X (1), X(t2))  E(X(t1) — p(t))(X(t2) — u(t2))

o(ti)o(tz) o(t1)o(t)

(X (t1), X (£2)) =

The decay constant tau(K') was obtained by fitting an exponentially decaying function of the
form:

autocorrelation(X,) = Ae~®™ + B

Then | plotted 7(K) as a function of K. Next, | calculated a logarithm of 7(K') and fitted a
line. The scaling exponent z is the slope of the fitted line.

Behavior
Occupancy Maps

Estimates of the probability of visiting each part of the maze are represented as occupancy
maps. To compute them, | assign the recorded = — y positions to the spatial bins and then
smoothed the bin counts with a Gaussian kernel (SD =2 or SD = 1.5). To determine bin
limits, | divided the maze into a square grid with 5¢m spacing along both axes.

Occupancy Subsampling

Across sessions: Since rats spend different amounts of time around goals in Post-Probe than
in Pre-Probe (EoL than in BolL), | implemented a subsampling procedure that equalizes
occupancy between Pre-Probe and Post-Probe (or BoL and Eol).

To equalize occupancy between sessions S1 and S2, | divided the maze into a grid with
30cm spatial bins. To each bin | associated a number of animal visits N,;, corresponding to
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the minimum occupancy of the given bin in sessions S1 and S2. Then, for each session, |
performed downsampling with replacement of N,;, events in each spatial bin. | repeated this
procedure 200 times for each session, computing the change in FBV between sessions S1 and
S2, for every random sample.

Within sessions: Since rats do not visit all parts of the maze equally, | implemented a
subsampling procedure that makes occupancy during a given session more uniform.

For given session S | divided the maze into a grid with 30cm spatial bins. To each bin |
associated a number of animal visits N,;s corresponding to the minimum occupancy across all
bins during sessions S. Then, | performed downsampling with replacement of N,;, events in
each spatial bin. | repeated this procedure 200 times, computing the change in FBV between
the preprobe and the postprobe (BolL and Eol).

Learning curve, learning performance, and learning speed

The learning curve is produced by measuring the distance covered by the animals in each
learning trial. The lower distance is interpreted as better than the longer distance. To account
only for parts of the trial relevant to the task, | calculated the distance between the exit from
the start box and the last visit to any of the three reward sites. This excluded the last part
of each trial, returning to the start box, as it is not relevant to the task and may include
additional noise.

In chapter 4, to quantify behavior during learning, | used “learning performance”. It was
defined as 1/learning curve.

The speed of learning was defined as the number of trials necessary for an animal to achieve a
distance equal to 20% of the distance of the first trial.

Memory Retention Performance

In chapter 4, memory retention performance was evaluated as the number of crossings of
reward zones - circles centered on rewards with a radius of 10cm. In chapter 3, memory
retention performance was evaluated as normalized time spent in reward zones.

Both quantities were normalized relative to the baseline. | first calculated the time in the
real reward zones RZimerear OF the crossings of the real reward zones RZ; ossingsrear- 1hen |
randomly sampled 1000 reward configurations outside of existing reward zones and calculated
the time spent at the sampled rewards RZ,;;e sampied O the number of crossings of the sampled
reward zones RZ yossings sampled- Finally, | calculated the following index:

RZtime real — AVG<Rthme sampled)
RZtime real + AVG (RZtime sampled)

RZtime normalized —

RZ - RZcrossz'ngs real — AVG(RZcrossings sampled)
crossings normalized —
RZcrossings real T AVG(RZcrossmgs sampled)

where the AVG function calculates the average of given values.

Both normalized quantities assume values from [—1, 1], and a value of 1 occurs if the animal
visits only the reward zones, while a value equal to —1 occurs if the animal never visits any of
the reward zones.
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1.3. Aims of the Thesis

Single cell activity

All procedures described in this section have been computed on a single-cell basis for every
cell analyzed in the recorded data.

Firing Rate Maps

Spatial firing rate maps were calculated for every cell separately. First, | divided the whole maze
into baxHcm spatial bins. Then, | counted the number of emitted spikes in every spatial bin
and smoothed the bin counts with a Gaussian kernel of SD = 1.5. Then, | divided smoothed
bin counts with the smoothed occupancy map to compute estimates of firing rates for every
position bin. In most situations, unless otherwise stated, | used only periods of mobility, with
speed > 5em/s.

Spatial Information Content

| calculated the spatial information content of the principal cells in bits / spike as (William E.
Skaggs, Bruce L. McNaughton, Katalin M. Gothard, et al. 1992; William E Skaggs, Bruce L
McNaughton, and Katalin M Gothard 1993; Markus et al. 1994; Souza et al. 2017):

in formation content = -, P, ng Zog2(%)

Where P, , is the occupancy of the bin (z,y), R, , is the mean firing rate of the cell in the
bin (z,y) and R is the overall mean firing rate of the cell.

Spatial Information Criteria

In the reactivation analysis in chapter 3 and in the whole of chapter 4 | used only cells with
spatial tuning.

To determine if a cell had spatial tuning, | first created a per-cell shuffled distribution by 200
times randomly shifting the cell's firing rate map along the x and y axes. For every random
shift, | calculated the spatial information content to obtain a shuffle distribution. A cell had
spatial tuning if its information content was greater than both the 95th percentile of the
shuffled distribution and greater than the threshold. For the analysis in chapter 4 | used a
threshold of 2 bits/spike for CAL cells and 1.5bits/spike for mEC cells (and 95th percentile
of per-cell shuffled distribution). For the reactivation analysis in chapter 3 | used a threshold
of 1.5bits/spike.

Goal-related Remapping Score (FBV)

The goal-related remapping score, or the firing-by-vicinity score (Boccara et al. 2019), is a
weighted average firing rate around goal locations. It is computed on a cell-by-cell basis by
multiplying a cell’'s normalized firing rate map with a kernel and then summing the multiplied
values. The kernel is designed by generating three two-dimensional Gaussian kernels with
o = 10cm and centering them on reward locations. This procedure, when calculating the
average firing rate, assigns higher importance to locations closer to the goals and lower
importance to locations further away from the goals.

| calculated FBV in the first three minutes of Pre-Probe and Post-Probe sessions, and in
blocks of five trials over learning.

Characteristic Timescale

Characteristic timescale of a cell is defined as the exponential decay constant of the cell's
autocorrelation function.
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The autocorrelation function has been estimated from binned spike trains (bin duration Geom.
ISI'in chapter 3 and 51.2ms in chapter 4). After binning, | first z-scored spike trains and then
computed normalized autocorrelation function, essentially computing time-lagged Pearson
correlation coefficient:

oo(X(1), X(2)  B(X() — p(r)(X(2) — u(12)
(X X02) = — oot o (1) (12)

| then fitted an exponentially decaying function of the form:

autocorrelation(X;) = Ae"®™ + B

The characteristic time scale is the value of the fitted parameter 7.
Burstiness

Cell burstiness was calculated on a single-cell basis. It is defined as the proportion of inter-spike
intervals shorter than 6ms.

Predicting Goal-Related Remapping from Reactivation

To predict goal-related remapping during Post-Sleep in mEC, | fitted a linear model that
predicts single-cell firing-by-vicinity score based on activity during reactivation periods. For
each mEC cell, the input features are its increase in its firing rate during SWRs and independent
HSEs, relative to the cell’s firing rate outside of reactivation events (F Ry cac/ F Routside_reac)-
The target value was the cell's goal-related remapping value (firing-by-vicinity) score. For
a population of N mEC cells, the input to the model was a data matrix X € RV*2 while
the output was a matrix Y € RV*!. | fitted two models, one on the beginning of Post-Sleep
and one on the end of Post-Sleep. Both models were evaluated using Pearson’s correlation
coefficient between predictions and ground truth. All evaluation metrics obtained using five-fold
cross validation. Shuffled distributions were generated by randomly shuffling labels (cells' goal
remapping score).

Population activity
Population Vectors

For every position bin, a list of firing rates of all cells in that position bin is a population
vector. To calculate population vectors, | first stacked firing rate maps of analyzed cells along
the z-axis. Then | took the firing rates along all the spatial coordinates x — .

Detecting High Synchrony Events (HSE)

| detected HSEs using a method very similar to that used in (Davidson, Kloosterman, and
M. A. Wilson 2009; J. O'Neill et al. 2017). | selected HSEs based on multi unit activity (MUA)
derived from the activity of the principal cells. First, MUA was binned into 1.5ms bins and
smoothed with a Gaussian kernel with SD = 15ms. Next, | z-scored the smoothed MUA and
marked all continuous bin blocks with z-score > 3 as HSEs. | determined the beginning of
HSE by extending left from the peak while the z-scored MUA was greater than 1. | determined
the end of HSE by extending right from the peak while the z-scored MUA was greater than 1.
All subsequent HSEs that occur within 50ms were merged. | kept only HSEs with a duration
between 50ms and 1000ms. | kept only HSEs with at least 5 emitted spikes. | kept only HSEs
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1.3. Aims of the Thesis

with a number of active cells larger than 4 or 10% of the total number of cells. For chapter 4,
| detected HSEs in CA1 and mEC separately. For mEC, | used only HSEs that did not overlap
in time with SWRs.

Reactivation

Reactivation analysis was computed during the sleep session S.S (Pre-Sleep or Post-Sleep) and
based on awake activity recorded during the first three minutes of Post-Probe or Pre-Probe
session. First, population vectors (PVs) were calculated based on the first three minutes of
Post-Probe or Pre-Probe session. For each of the three goals, a list of PVs was compiled from
the 10cm reward zone and only PVs from these lists were used for the reactivation analysis.
The activity corresponding to SWR (or independent HSE in mEC) events was then isolated
during Post-Sleep. Each candidate event had an associated activity vector with cell firing
rates. Activity during all candidate events was compared with PVs of all three goals, allowing
a detailed look at per-goal reactivation. For a given goal GG; and a given candidate event e,
the Pearson correlation coefficient was calculated between the activity vector of the event and
all PVs related to the goal G;. The maximum correlation coefficient p,,,, was selected. If
the corresponding correlation was significant (p < 0.05), P was compared with the shuffle
distribution. If p,,.. exceeded the 95th percentile of the shuffle distribution, the candidate
event e was marked as an event that reactivated the goal GG;. This procedure was repeated
for the two remaining goals, allowing each candidate event to reactivate more than one goal
at a time.

To investigate the relationship between reactivation and memory retention, for each goal, a
fraction of events reactivating the given goal was calculated. This was correlated with the
normalized number of crossings (Chapter 4) or the normalized time spent around the goal
(Chapter 3). All correlations were bootstrapped 5000 times.

To generate the shuffle distribution, the PVs were calculated by randomly shifting the awake
firing rate maps of each cell independently, along both axes. Values that shifted beyond
the last position are re-introduced at the first. This procedure maintains single-cell place
selectivity but breaks spatial correlations among cells. Random shuffling was performed 200
times and for each random draw the maximum correlation p,,,, between the shuffled PVs
and SWR/HSE activity was kept. This ensured a fair comparison as p,q, calculated from the
data was compared with the distribution of random p,,,.-€s.

Reactivation maps were calculated for each event separately. Each PV, from the whole map
and not only the reward zones, was correlated with the activity vector of the event. The
reactivation map is a 2D array of Pearson correlation coefficients between PVs and the event's
activity vector.

LFP Analysis
SWR detection

As in (J. Csicsvari et al. 1999) to detect SWRs | analyzed the local field potentials of tetrodes
located in CAl. For each tetrode, | first performed a band-pass filter to 150-250Hz and
calculated the instantaneous power of the signal. Then, | summed the power from the signal
of all CAl tetrodes and z-scored it. The SWR peaks were then identified as moments in
which the z-scored power was higher than 6. To determine the beginning and end, | extended
from the peak until the z-scored power was larger than 1.2. Finally, | kept only SWRs that
overlapped with hippocampal HSEs.
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CHAPTER

Criticality in the hippocampus

Abstract

The brain criticality hypothesis offers a perspective into the activity of the brain that has the
potential to explain the emergence of computational properties from the collective activity
of individual cells. Signatures of brain activity that indicate criticality have been observed
in different brain regions; however, criticality in the hippocampus under different behavioral
conditions has not been studied extensively. In addition, brain criticality can be analyzed
using multiple different approaches, whose results are typically not related to each other. To
bridge some of these gaps, in this Chapter, | analyzed the activity of the hippocampus during
sleep/rest and active wakefulness using two different approaches rooted in the brain criticality
hypothesis. | first analyzed cascades of neural activity, neuronal avalanches, that have been
characterized by the absence of a typical spatial or temporal scale. The absence of a typical
scale is indicated by power law distribution of duration and sizes, as well as scaling relation
between duration and size. Inferring exponents of neuronal avalanches from data allows us
to estimate the distance from the system to the critical point DC'C' . The estimated DC'C
was larger during wakefulness than during sleep/rest, suggesting that during wakefulness the
hippocampus operated farther away from criticality than during sleep/rest. Next, | used the
Phenomenological Renormalization Group (PRG) to perform iterative simplification of the
system ("coarse-graining") and observe scaling of the select properties of neural activity. Most
PRG-derived scaling exponents did not differ between sleep/rest and wakefulness, except the
scaling exponent of activity variance «. This exponent was higher during sleep/rest than
during awake, indicating conceptually similar differences to those observed using neuronal
avalanches. Together, the results presented in this Chapter confirmed that the activity of the
hippocampus exhibits signatures of criticality and that these signatures change with the state
of the brain.

Introduction

This study aims to examine how criticality influences the functioning of the hippocampus. Prior
to this analysis, it is essential to verify the presence of "signatures of criticality" in hippocampal
activity. These signatures are often observed as power laws in avalanche distributions and
scale-invariant population activity (Beggs and Plenz 2003; Beggs and Plenz 2004; Friedman
et al. 2012; Meshulam et al. 2019; Morales, Santo, and Mufioz 2023; Munn et al. 2024).
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Signatures of criticality have been documented in slice cultures (Beggs and Plenz 2003;
Mazzoni et al. 2007; Pasquale et al. 2008), the cortex in vivo (Petermann et al. 2009; Gireesh
and Plenz 2008; Hahn, Petermann, et al. 2010; Yu et al. 2011; Xu et al. 2024), and at the
level of the whole-brain (Adridn Ponce-Alvarez, Kringelbach, and Deco 2023; Freeman et al.
2003; Meisel et al. 2013; Solovey et al. 2012; Poil et al. 2012; Lombardi, Shriki, et al. 2021),
but there is less extensive research in the context of the sleeping or resting hippocampus
(Morales, Santo, and Mufioz 2023; Ribeiro et al. 2010).

The presence of criticality signatures suggests that the hippocampus functions at or near the
border between completely ordered and disordered states (Larremore et al. 2012; Tian et al.
2022). Concurrent theoretical research indicates that criticality enhances both information
processing (Beggs and Plenz 2003; Shew, Yang, Yu, et al. 2011) and storage capacities in neural
networks (Haldeman and Beggs 2005). Given its role in learning and memory consolidation,
operating in this regime may be advantageous to the hippocampus, making it an interesting
region for further study of critical phenomena.

To achieve this, | analyzed extracellular recording data from the dorsal CA1 area of freely
moving rats. Rats were trained to locate three food rewards in a cheeseboard maze (refer to
Methods for specifics), while neural activity was captured during wakefulness and approximately
20 hours of post-learning sleep (Bollmann et al. 2025), from the previously published data set.
The analysis in this chapter includes data from eight sessions recorded from three animals.

2.1 Neural avalanches and distance to criticality

To assess criticality in the hippocampus through what is called "avalanche criticality", | first
isolated neuronal avalanches (Beggs and Plenz 2003; Beggs and Plenz 2004) —cascades of
uninterrupted activity separated by quiescence periods (Figure 2.1). In my analysis, | define
neuronal avalanches based on spikes emitted by the entire CAl population. | binned spikes in
temporal bins whose duration was calculated separately for every session as the average inter-
spike interval of all emitted spikes (Beggs and Plenz 2003; Ribeiro et al. 2010; Fontenele et al.
2019) (2.1 £0.25ms during wakefulness, 3.1 £ 0.30ms during sleep/rest, mean 4+ sem). This
procedure ensures the existence of silent bins (and, by extension, avalanches) by accounting
for different numbers of recorded cells and the variation of firing rates between sleep and
wakefulness. Importantly, as the number of recorded cells grows, this binning strategy produces
shorter temporal bins. Therefore, for a very large number of recorded cells one can expect
sub-millisecond temporal bins, on a timescale faster than spikes. It is not clear what the
avalanche statistics would look like in this case, however, with 100 — 200 recorded cells, the
data used in this work were far from this limit, as evidenced by the reported average inter-spike
intervals.

To assess neuronal avalanches, | quantified their duration in number of temporal bins and size
in number of spikes. In systems operating at the critical point, avalanche duration P(7") and
size P(S) follow power law distributions:

P(T) ~T¢
and
P(S)~1TT
with exponents & = —2 and 7 = —1.5, respectively (The Theory of Branching Processes

2025; Zapperi, Lauritsen, and Stanley 1995; Eurich, J. Michael Herrmann, and Ernst 2002;
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Cells

| I |1
Time

Figure 2.1: Neuronal avalanches.
Spike raster of CA1 activity, individual cells are arranged along the y-axis, temporal bins along
the x-axis. Red ticks denote individual spikes, vertical lines indicate temporal bins, and green shaded
areas mark avalanches. Silent bins are in white.

Paczuski, Maslov, and Bak 1996). The histograms of the duration and size of the avalanches
are shown in Figure 2.2. The power law fitting yielded an exponent o = —1.701 + 0.011
for duration during wakefulness and o = —1.754 + 0.008 during sleep/rest. For size, the
exponents were 7 = —1.508 £ 0.009 in wakefulness and 7 = —1.566 4 0.006 in sleep/rest.
Although different from the theoretical values expected in critical systems (o = 2,7 = 1.5),
these results align with values from similar in vivo spike avalanche studies (Fontenele et al.
2019; Viola Priesemann, Wibral, et al. 2014; Bédard, Kroger, and A. Destexhe 2006; Ma et al.
2019; Hahn, Adrian Ponce-Alvarez, et al. 2017).

Next, | characterized the relation between avalanche duration and size by calculating the
average avalanche size for every available avalanche duration (Figure 2.2 C and F). Avalanche
size increases exponentially with duration, adhering to the "scaling relationship” i (Friedman
et al. 2012; Sethna, Dahmen, and Myers 2001). In my study, | measured a value of i =
1.340 £ 0.004 during awake periods and i = 1.345 4+ 0.004 during sleep/rest periods, again
similar to previous reports ( 1.3 in Friedman et al. 2012, 1.32+0.12 under different conditions
in Fontenele et al. 2019, 1.16 in Ma et al. 2019, 1.23 — 1.5 in Mariani et al. 2021, depending

on the analysis).

Neuronal avalanches are cascades of activity throughout the population, so | analyzed the
propagation of activity by evaluating the internal temporal structure of these cascades —
avalanche shapes (Marshall et al. 2016; Friedman et al. 2012; Sethna, Dahmen, and Myers
2001, Figure 2.3 A and B). For a specific duration, an avalanche shape is calculated by
averaging the spike count in each temporal bin across all avalanches of that duration. In
critical systems, temporal profiles exhibit a parabolic shape and collapse onto a single line
when rescaled using the scaling relation exponent i (Friedman et al. 2012). In my analysis,
the avalanches collapsed near, but not exactly, the same line, particularly during awake periods

27



2.

CRITICALITY IN THE HIPPOCAMPUS

A C
3| 1/ovz ~ 1.340 + 0.004
A107 o
-2 (%3]
>\1O [J]
2 5102
5 10* 5
o o
2 S
us ©, 1
a 10+
o
s
109/° ‘ ‘
10° 10 102
. A
1020 I~ _T=-1.566 +0.006 n
> 2
= - =2
a 10} E
2 2
o -6 (10}
& 10 10+
\ ©
108 \
‘ | ‘ ‘ \ .10 ‘ ‘
10° 10! 10% 10° 10’ 10° 10° 10° 10' 10?
Avalanche Duration Avalanche Size Avalanche duration

Figure 2.2: Distributions and scaling of neuronal avalanches.

A - distribution of avalanche durations during wakefulness (number of bins), B - distribution of
avalanche sizes during wakefulness (number of spikes), C - scaling relation during wakefulness, D -
distribution of avalanche durations during sleep/rest (number of bins), E - distribution of avalanche
sizes during sleep/rest (number of spikes), F - scaling relation during sleep/rest. Line colors on panels
A,B,D and E, alongside circle colors on panels C and F, correspond to different recording days.
Exponent and scaling relation values are reported as the mean across recording days =+ standard
error.

(2.3 B and E). | sought the exponent value that optimally collapses observed avalanches as
close as possible to a single line. One way to calculate this value is to find an exponent ¥ that
minimizes variance across scaled shapes (Marshall et al. 2016) (see Methods). The observed
value of > was different from the scaling relation i during awake periods (p = 0.008,
Wilcoxon Signed-Rank test), but not during sleep/rest (p = 0.08, Wilcoxon Signed-Rank test).
The differences between the optimal scaling exponent ¥ and scaling relation —— were evident

ovz

in the distinct collapse of avalanche shapes with these two values (2.3 B to F).

Next, | applied the described avalanche properties to estimate the state of the CAl network
relative to the critical point. In critical systems, the scaling relation i is equal to the ratio

of power law exponents for duration and size =% (Friedman et al. 2012). As described in

T—1

previous research (Ma et al. 2019), | calculated the “distance to criticality coefficient” to
quantify the discrepancy between these two values:

a—1

1
DCC = |——
ovz T—1

For strictly critical systems DCC = 0, while in my study DCC' | observed DC'C' = 0.038 £+
0.0044 in wakefulness and DC'C' = 0.014 £ 0.003 in sleep/rest.

Lastly, | compared the distance from the critical point in the CAl network during wakefulness
and sleep using DCC' (Figure 2.4 A). This revealed that DC'C was greater in the awake
state than in sleep/rest (p = 0.039, Wilcoxon Signed-Rank test). This suggests that the
network approaches a critical state during sleep and moves away from it when awake. These
results align with previous analyses of neocortex data in freely moving rats (Xu et al. 2024)
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Figure 2.3: Temporal profiles of neuronal avalanches - avalanche shapes.

Avalanche shapes for a subset of avalanche durations {18, 20, 22, 24, 26, 28, 30, 32, 34}, color
intensity increases with avalanche duration, from 18 (lightest colors) to 34 temporal bins (darkest
colors). Shades of blue indicate avalanche shapes during wakefulness, shades of red during sleep/rest.
Averages calculated across avalanches pooled from all recording days. A - avalanche shapes during
wakefulness, on the x-axis is the number of temporal bins from the onset of avalanche, on the y-axis
is the average number of spikes for each temporal bin, B - collapsing of avalanche shapes during
wakefulness when rescaled with i , on the x-axis is the scaled number of temporal bins from the
onset of avalanche, on the y-axis is the scaled number of spikes for each temporal bin (details in
Methods), C - collapsing of avalanche shapes during wakefulness when rescaled with X , on the
x-axis is the scaled number of temporal bins from the onset of avalanche, on the y-axis is the scaled
number of spikes for each temporal bin (details in Methods), D - avalanche shapes during sleep/rest,
on the x-axis is the number of temporal bins from the onset of avalanche, on the y-axis is the average
number of spikes for each temporal bin, E - collapsing of avalanche shapes during sleep/rest when
rescaled with i , on the x-axis is the scaled number of temporal bins from the onset of avalanche,
on the y-axis is the scaled number of spikes for each temporal bin (details in Methods), F - collapsing
of avalanche shapes during sleep/rest when rescaled with 3 , on the x-axis is the scaled number of
temporal bins from the onset of avalanche, on the y-axis is the scaled number of spikes for each
temporal bin (details in Methods).
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Figure 2.4: Criticality in wakefulness and sleep/rest.

A - Distance-to-criticality coefficient in awake and sleep/rest (p < 0.05, Wilcoxon Signed-Rank
test, Bonferroni correction), B - Optimal exponent for collapsing avalanche shapes X in awake and
sleep/rest (p < 0.05, Wilcoxon Signed-Rank test, Bonferroni correction), C - Power law exponent of
avalanche duration « in awake and sleep/rest (p < 0.05, Wilcoxon Signed-Rank test, Bonferroni
correction), D - Power law exponent of avalanche size 7 in awake and sleep/rest (p < 0.05, Wilcoxon
Signed-Rank test, Bonferroni correction), E - Scaling relation in awake and sleep/rest (p > 0.1,
Wilcoxon Signed-Rank test, Bonferroni correction). Circle colors correspond to different recording
days.

and human LFP, which link prolonged wakefulness to increased deviations from criticality
(Meisel et al. 2013). In this study, | find no significant differences in the scaling relation i
between wakefulness and sleep (p = 0.98, Figure 2.4 E). However, the exponent ¥ , which
reduces the variance of collapsed avalanche shapes, increases during sleep/rest compared to
wakefulness (Figure 2.4 B, p = 0.039, Wilcoxon Signed-Rank test; ¥ = 1.276 £ 0.016 during
wakefulness and ¥ = 1.384 4 0.019 during sleep/rest). The power law exponents of avalanche
distributions, v and 7, show higher values during sleep/rest compared to wakefulness (Figure
2.4 C and D, p < 0.05 Wilcoxon Signed-Rank test), indicating that activity spreads farther

and for a longer time in both temporal and spatial dimensions during wakefulness.

Taken together, these results indicate that hippocampal activity exhibits a dynamics close
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to criticality and that the hippocampus might operate in a regime close to the critical point.
Additionally, in wakefulness and sleep/rest, | observed a different dynamics relative to the
critical point. This difference is mostly a consequence of slower decaying activity during awake
than during sleep/rest, and likely results from different spatiotemporal activity propagation.

2.2 Phenomenological Renormalization Group

In addition to "avalanche criticality," researchers examine critical-like neural dynamics by looking
at the activity at a series of different spatiotemporal scales. Meshulam et al. 2019 introduced
the Phenomenological Renormalization Group (PRG) by modifying the Renormalization Group
procedure (Kadanoff 1966; K. G. Wilson 1975) to apply to neural activity(Meshulam et al.
2019; Morales, Santo, and Mufioz 2023; Munn et al. 2024; Castro et al. 2024). This approach
iteratively simplifies the underlying system through a series of coarse-graining steps, observing
and measuring macroscopic properties at each step. If the measured properties increase (or
decrease) with the coarse-graining procedure, the system exhibits scaling behavior. | applied
this method to the same data used for avalanche analysis to provide an alternative perspective
on potential critical dynamics in hippocampal activity.

In the traditional Renormalization Group framework, coarse-graining involves averaging over
local spatial neighborhoods. However, this method is inapplicable to extracellular recordings
due to the lack of precise spatial coordinates and connectivity data for recorded cells. In con-
ventional systems, nearby elements exhibit the strongest correlations, so, for neural recordings,
pairwise correlations between cells are utilized as a proxy for distance in the Phenomenological
Renormalization Group (PRG).

The PRG procedure begins by binning the activity of N recorded cells into temporal bins (Figure
2.5). The duration of the temporal bins is calculated as the geometric mean (/175 ... %,,) of
inter spike intervals for all spikes (35.125 4 2.47ms during wakefulness, 46.8 4+ 3.32m.s during
sleep/rest, see Methods and Supplementary figure S.1), considered an effective estimator of
the characteristic timescale of the population (Morales, Santo, and Mufioz 2023). Binned
spiking activity represents the finest granularity of the system, initiating PRG with K =1,
where each cell serves as a unit. | compute pairwise correlations among cells and sort the
pairs according to these values, ensuring that each cell belongs to a single pair. The first pair
displays the highest correlation, and the last pair the lowest correlation. Pairing cells outlines
the initial coarse-graining stage: units at the second PRG step arise from merging the activity
of cells in each pair. The merging refers to the sum of activities, followed by renormalization
that sets the average non-zero activity to one and preserves zero bins (i.e., activity in temporal
bins is divided by the average activity of non-zero bins). The merged activity of units for
K > 1 is referred to as coarse-grained activity. Applying this to each pair of cells results in
N/2 coarse-grained units at the second PRG level (K = 2) where each coarse-grained unit
comprises two original cells. In the next iteration, the procedure produces the third PRG level
(K = 4) with N/4 coarse-grained units, each comprising four original cells. Repeating this
procedure iteratively until one unit remains results in a list of PRG steps, denoted by the count
of original cells K, as depicted in Figure 2.5.

In a typical population analysis, researchers examine neural activity at the most detailed
microscopic level (K = 1) by observing single-cell activity over time. The PRG method allows
for an iterative increase in scale, with each PRG step K representing a new scale level ('zoom’),
averaging out small-scale details of the system along the way. The essence of PRG analysis
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Figure 2.5: Phenomenological Renormalization Group.

An illustration of the PRG procedure for a population of N = 8 cells. Variable K is used as the
index of PRG and denotes the number of original cells that compose a unit at each step of PRG.
At the first step of PRG (K = 1), units are binned spikes of original cells. The next step (K = 2,
four units) is obtained by ordering cell pairs by correlation, summing and renormalizing their activity.
Repeating this procedure two more times yields the third (K = 4, two units) and fourth (K = 8, one
unit) step of PRG. Activity variance for the blue unit at K = 4 is calculated as the total variance of
cells 1 — 4 that participate in that unit.

lies in tracking the evolution of variables that depict collective activity across different scales
(PRG steps K).

Progressing through the PRG simplifies the system, allowing expression of the coarse-grained
activity distribution at each K as:

P () = Py (z) + (1 = By (2)Q" (x)

where PX(z) is the probability of silence (zero activity) and Q™ (z) is the distribution of
non-zero activity.

As each coarse-graining step merges the activities of the units from previous steps, K increases,
and coarse-grained units accumulate more and more summed cells. If the collective activity of
all cells was simple and weakly correlated, due to the Central limit theorem, all artificial units
in the PRG would be normally distributed. However, throughout PRG, | observed (Figure 2.6)
non-normal activity distributions. These distributions have heavy tails as evidenced by the
measured excess kurtosis of 15.55 + 1.65 during awake and 17.87 4 1.09 during sleep/rest,
implying that PRG reflects complex interaction patterns between cells. Moreover, up to a
certain value, the distributions Q% (z) at different steps K assume a similar form and are
invariant to coarse-graining, indicating convergence (fixed-point) of the Renormalization Group.
Together, the convergence and non-Gaussian form of coarse-grained activity distributions
might be interpreted as a signature of critical dynamics (Meshulam et al. 2019).

To examine the second term of the coarse-grained activity distributions, the probability of
silence Py(z), | first calculate its negative logarithm, the “free-energy” (—In(F)). Plotting
this relationship against K on a double logarithmic scale (Figure 2.7) yields a straight line.
This indicates that increasing the number of participating cells results in a proportional and
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Figure 2.6: Distribution of non-zero, coarse-grained activity.

Histograms of non-zero coarse grained activity for different PRG steps K € {16, 32,64, 128}.
Coarse-grained activity is renormalized so that the mean of non-zero temporal bins is equal to 1.
Histograms are normalized and calculated over equal-width bins, where each bin has width of 0.5.
For visualization purposes only coarse-grained activity in the range [0, 10] is shown. For both panels
data is pooled from all recording days, circles indicate mean probability, error bars are inside the
circles. The dashed gray lines denote normal distribution with mean = 1 (the mean of non-zero
coarse grained activity) and variance o equal to the variance of non-zero coarse grained activity. A -
during wakefulness, B - during sleep/rest.

regular increase in free energy, illustrating the concept of free energy scaling. The slope of
the fitted line in a log-log plot provides the exponent /3, which quantifies the scaling of the
free energy. Systems with uncorrelated units exhibit an upper bound of 3 = 1. This study
finds 5 = 0.79 £ 0.017 during wakefulness and 5 = 0.762 + 0.018 during sleep/rest, aligning
with (Meshulam et al. 2019; Morales, Santo, and Mufioz 2023; Munn et al. 2024; Castro et al.
2024).

Next, | measured the activity variance within coarse-grained units (Morales, Santo, and Mufioz
2023). For each coarse-grained unit, as depicted in Figure 2.5, the activity of the original
cells that comprise the given unit (before coarse-graining) is summed and the variance is
calculated. Figure 2.8 shows how the activity variance scales in the PRG. The scaling exponent
of activity variance is denoted as « and should not be confused with the power law exponent
of distributions of avalanche duration from the previous section. In systems with entirely
uncorrelated units, a equals 1, and the activity variance increases only due to the increase
in cell count. For systems with fully correlated units, o becomes 2, serving as the upper
limit for «. The analysis of the dataset shows o = 1.434 4 0.015 during awake periods and
a = 1.497 £+ 0.012 during sleep/rest, highlighting the complex nature of the CA1 dynamics.

Next, | examined the diagonalized spectrum of the covariance matrix of units in the PRG
(Meshulam et al. 2019) (details in the Methods). The eigenvalues \; of all covariance matrices,
plotted against their fractional rank (rank()\;)/K, Figure 2.9), show power law scalings with
an exponent of = 0.814 +0.055 in wakefulness and p = 0.819 4 0.05 during sleep/rest. The
spectra of covariance matrices from various steps of the coarse-graining procedure align closely
with a power law decay, consistent with previous reports (Meshulam et al. 2019; Morales,
Santo, and Mufioz 2023).
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Figure 2.7: Scaling of free energy under coarse-graining.

Free energy as a function of the number of units per block K. For each K, data was pooled
from all recording days, circles indicate mean free energy, error bars (SEM) are inside the circles.
The dashed line denotes scaling with g = 1.
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Figure 2.8: Scaling of activity variance under coarse-graining.

Variance of the within-block activity as a function of the number of units per block K. For each
K, data was pooled from all recording days, circles indicate mean activity variance, error bars (SEM)
are inside the circles. Top and bottom dashed lines denote scaling with oo = 2 and alpha = 1.
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Figure 2.9: Scaling and collapsing of the covariance matrix spectrum of clustered activity.

A - during wakefulness, B - during sleep/rest. For different iterations of coarse-graining (K).
For both panels, data is pooled from all recording days, circles indicate mean A, error bars are inside
(SEM) the circles. The dashed gray lines represent fitted power law with exponent 1 (power law
scaling is indicated by dashed lines positioned above scatter plots for visualization purposes).

PRG units consist of multiple original cells, and when the system approaches the critical point,
the autocorrelation function for units at higher K values decays more slowly compared to
those at lower K values. The decay is quantified through an exponential decay constant 7,
which scales in systems near the critical point (Meshulam et al. 2019; Meshulam et al. 2018).
In my study, when plotted against K (Figure 2.10 B), the results show a clear scaling of the
autocorrelation decay constant tau,., with exponents z = 0.313 + 0.022 for wakefulness and
z = 0.303 £ 0.025 for sleep/rest, aligning with previous findings but differing in exponent
values (Morales, Santo, and Mufioz 2023). Additionally, when, within each PRG step K, the
autocorrelation time is normalized by the decay constant 7., the autocorrelation functions
collapse onto a single line (Figure 2.10 A).

So far, PRG analysis revealed scale-free activity patterns akin to those seen in systems
approaching a phase transition. This finding supports the presence of universal (quasi-)critical
dynamics (Meshulam et al. 2019; Morales, Santo, and Mufioz 2023; Munn et al. 2024;
Meshulam et al. 2018) and conceptually aligns with the "avalanche criticality” analysis in
Chapter 2.1. However, PRG does not provide a way to quantify the system’s distance from the
critical point analogous to DC'C', and the understanding of PRG's relationship with criticality
in neural networks remains unresolved (Nicoletti, Suweis, and Maritan 2020; Nascimento et al.
2025). | explored whether both approaches yield qualitatively consistent results. Specifically,
do PRG scaling exponents, like those of DC'C', also reveal distinct CA1 criticality-related
dynamics during wakefulness versus sleep /rest? Figure 2.11 illustrates that the activity variance
scaling exponent («) differs between sleep and wakefulness, whereas the scaling exponents
for free energy (/3), autocorrelation time (z), and the covariance matrix spectrum (u) stay
constant.

Sleep and wake states not only affect the scaling of activity variance, but also influence the
distance to criticality coefficient (DCC' ) derived from avalanches (Figure 2.4 A). Although
this suggests alignment between these interpretations of critical-like dynamics, the connection
between PRG exponents and avalanche criticality remains unclear. | analyzed the mutual
relationship between two perspectives of collective dynamics despite having only eight days
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Figure 2.11: Scaling exponents of PRG during wakefulness and sleep/rest.

A - scaling exponent of activity variance, B - scaling exponent of free energy, C - scaling
exponent of the covariance matrix spectrum, D - scaling exponent of characteristic correlating
timescale (Wilcoxon Signed-Rank test and Bonferroni correction for all panels, for N.S., p > 0.1, for
%, p < 0.05). Diagonal lines represent y = x, circle colors correspond to different recording days.
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Figure 2.12: Relation between scaling exponents of PRG and avalanches.

A - correlation matrix between scaling exponents of PRG and DCC during wakefulness (p > 0.1
in all cases, adjusted for multiple comparison), B - same as in A, but during sleep/rest (p > 0.1 in
all cases, adjusted for multiple comparison), C - correlation matrix between scaling exponents of
PRG and optimal collapsing exponents of avalanche shapes , during wakefulness (p > 0.1 in all cases,
adjusted for multiple comparison), D - same as in C, but during sleep/rest (p > 0.1, for o, 5, u
and p = 0.001 for z - red bounding box, adjusted for multiple comparison), E - correlation between
scaling exponent of autocorrelation timescale z and the optimal collapsing exponent for avalanche
shapes X .

of recording, which limits statistical power (Figure 2.12). The PRG scaling exponents did
not show a significant linear correlation with DCC' during wakefulness (Figure 2.12 A) or
sleep/rest (Figure 2.12 B). This suggests the presence of potentially complex, non-linear
associations between these quantities.

In addition, | explored the link between PRG scaling and activity propagation in avalanches,
characterized by their shapes. The optimal collapsing exponent ¥ for avalanche shapes varied
between awake periods and sleep/rest (Figure 2.4 B) and did not show correlation with the
PRG scaling exponents during wakefulness (Figure 2.12 C). During sleep or rest, X exhibited
a negative correlation with the scaling exponent of the autocorrelation timescale z (Figure
2.12 D and E, p < 0.001). This relationship clearly shows the connection between population
timescales and cascaded activity propagation in neuronal avalanches.

2.3 Discussion

One of the main challenges in neuroscience is understanding how, amidst ever-changing
environmental and internal conditions, the brain directs behavior. This process involves multiple
stages: perception through sensory systems, integration of sensory inputs and preexisting
memories, and storage of critical information. Each stage has distinct computational demands
and is performed by extensive networks of interconnected neurons. Neural networks often
appear to be noisy and have complex dynamics that can be studied from different angles
(Barabasi et al. 2023; Srivastava et al. 2022). In this chapter, | applied tools derived from
statistical physics to study hippocampal dynamics in relation to the brain criticality hypothesis.
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2.3. Discussion

To start, | detected neuronal avalanches (Beggs and Plenz 2003; Beggs and Plenz 2004) and
showed power laws within distributions of their size and duration. The duration distribution
power law exponents were different, while the size distribution power law exponents aligned
with theoretical predictions for critical systems (o = 2,7 = 1.5), closely resembling the
values reported in other studies on avalanche spiking data in vivo (Fontenele et al. 2019;
Viola Priesemann, Wibral, et al. 2014; Bédard, Kroger, and A. Destexhe 2006; Ma et al.
2019; Hahn, Adrian Ponce-Alvarez, et al. 2017). Next, | showed that the duration and size of
hippocampal neuronal avalanches are intertwined by a scaling relation i (Friedman et al.
2012; Fontenele et al. 2019; Sethna, Dahmen, and Myers 2001), corroborating findings from
related studies (Friedman et al. 2012; Xu et al. 2024; Fontenele et al. 2019; Ma et al. 2019;
Mariani et al. 2021). Using this exponent to rescale avalanche temporal profiles (Marshall
et al. 2016; Friedman et al. 2012; Sethna, Dahmen, and Myers 2001), achieved shape collapse
of the avalanches, yet without optimal results (i # % 1). | utilized avalanche properties to
assess the deviation of CA1 activity from the critical point using the distance to criticality
coefficient (DCC' ) (Ma et al. 2019). This measurement was positive and near zero, indicating
dynamics near, but not precisely at the critical point (Viola Priesemann, Wibral, et al. 2014).

These results indicate a system with critical exponents showing inconsistencies but fulfilling the
scaling relation, suggesting quasicritical dynamics (Tian et al. 2022; Williams-Garcia et al. 2014;
Fosque et al. 2021). This perspective implies the presence of a critical-like dynamic region
where a network might function, which explains the observations presented in this chapter.
Additionally, quasicriticality might encompass some earlier evidence of slightly sub-critical
operating regimes in the brain (Viola Priesemann, Wibral, et al. 2014; Jens Wilting et al.
2018).

My study focused solely on the hippocampus; therefore, | cannot determine the origin of the
hippocampal dynamics resembling criticality. This regime might result from input-dependent
modulation (Ribeiro et al. 2010; Hahn, Adrian Ponce-Alvarez, et al. 2017; Viola Priesemann
and Shriki 2018; Stewart and Plenz 2006; Stewart and Plenz 2008; Zierenberg, Jens Wilting,
and Viola Priesemann 2018; Habibollahi et al. 2023), or it might emerge as “self-organized”
criticality due to the inherent circuitry properties of CA1 (Chialvo 2010; Beggs 2007; Hesse
and Gross 2014; Plenz et al. 2021; Tkacik, Mora, et al. 2015; A. Levina, J. M. Herrmann, and
T. Geisel 2007; Anna Levina, J. Michael Herrmann, and Theo Geisel 2009; Effenberger, Jost,
and Anna Levina 2015; Arcangelis and H. J. Herrmann 2010; Arcangelis, Perrone-Capano, and
H. J. Herrmann 2006; Lombardi, Wang, et al. 2020; Tkacik, Marre, et al. 2014). Distinguishing
these two hypotheses requires complete experimental control of all input to the hippocampus,
which is hardly achievable at present in vivo.

| must acknowledge alternative explanations for power law avalanche distributions that might
not be related to criticality (Bédard, Kroger, and A. Destexhe 2006; Touboul and Alain
Destexhe 2017; Touboul and Alain Destexhe 2010; Alain Destexhe 2009; Mia C. Morrell,
A. J. Sederberg, and Nemenman 2021; Mia C Morrell, Nemenman, and A. Sederberg 2024,
Chintaluri and Vogels 2023). Specifically, signatures of criticality could arise as a result of the
interplay of a limited number of latent factors (Mia C. Morrell, A. J. Sederberg, and Nemenman
2021; Mia C Morrell, Nemenman, and A. Sederberg 2024) or stem from intracellular metabolic
processes (Chintaluri and Vogels 2023). Thus, one has to refrain from asserting that criticality
is the principle that universally governs brain function (Hengen and Shew 2025). However,
these reports do not undermine the potential practical contributions of studying brain dynamics

1] have not yet investigated the origin of this discrepancy and can only leave this question open for future
work.
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from the perspective of criticality. Specifically, criticality signatures have been relevant for
neural disorders and pathological conditions (Heiney et al. 2021; Zimmern 2020; He 2011;
Mufioz 2018; Hengen and Shew 2025), such as epilepsy (Lepeu et al. 2024; Liu, F. Li, and
Wan 2023; Miiller et al. 2025), and differ between different behavioral states (Cambrainha
et al. 2025; Xu et al. 2024; Meisel et al. 2013), suggesting a potential functional role of
critical-like dynamics (Cambrainha et al. 2025; Miller et al. 2025).

Using the distance to the critical point during both sleep/rest and awake periods, | found DCC
in CA1 to be greater during wakefulness compared to sleep/rest, consistent with findings in the
neocortex (Xu et al. 2024). This suggests that awake behavior disrupts critical-like dynamics,
whereas sleep restores the brain to its natural state, optimal for learning (Xu et al. 2024;
Fosque et al. 2021; Tkacik, Mora, et al. 2015). However, | must note that the dynamics of the
CALl code during learning differs from the dynamics during sleep/rest. During learning, CA1
encodes new place and learning-related information, altering its code in response to external
and internal changes (R. U. Muller and J. L. Kubie 1987; Quirk, R. U. Muller, and J. L. Kubie
1990; Bostock, Robert U. Muller, and John L. Kubie 1991; John O'Keefe and Burgess 1996).
Meanwhile, CA1 significantly contributes to memory consolidation during sleep. Thus, the
distinct critical-like dynamics that | observed in CAl during awake compared to sleep/rest
may also reflect different roles assumed by the hippocampus at different experimental stages.

Finally, | want to note that the power law exponents reported in this chapter are evident only
over approximately 1.5 to 2 orders of magnitude. | had to restrict the range of avalanches for
fitting power laws due to potentially insufficient representation of events towards the tail of
distributions. Since these distributions likely do not have finite variance and possess “fat-tails”,
the probability of avalanches of extreme durations or sizes is small but significant. Thus, one
needs a very good sampling of underlying events, in the case of this study, spikes, to estimate
power law decay properly, requiring simultaneous recording from a large number of cells for
long periods of time. Otherwise, it is possible to observe the effects of insufficiently good
sampling (Nonnenmacher et al. 2017). To overcome some of these challenges, | analyzed only
very long recording sessions with a relatively high number of cells (150-200). However, this
represents 0.1 — 0.2% of the total cell count in the rat’s hippocampus (G. Buzsiki 1989),
over time during which rats may experience various global brain states. These methodological
limitations make it difficult to assess the temporal evolution of brain states related to criticality
or to relate them to learning and memory performance. Thus, for the remainder of the study,
| analyzed the data using the Phenomenological Renormalization Group approach (Meshulam
et al. 2019).

The initial results of the Phenomenological Renormalization Group analysis, consistent with
previous studies (Meshulam et al. 2019; Morales, Santo, and Mufioz 2023; Munn et al. 2024;
Jones et al. 2023), show robust scaling across multiple coarse-graining steps for various
macroscopic quantities. In particular, | observed scaling in the covariance matrix spectrum,
autocorrelation times, negative logarithm of silence probability ("free energy"), and activity
variance. The last two exponents capture interest because their values indicate intricate
properties of CAl dynamics. The observed value of the exponent beta was within the bounds
provided by a system with only independent units (/5 = 1), while alpha took the value within the
bounds provided by systems with completely independent units (aw = 1) and the upper bound
in systems with completely correlated units (o = 2). In addition to robust scaling exponents,
coarse-grained activity showed non-Gaussian distributions. These distributions converged to
a uniform form up to a certain limit, demonstrating invariance when coarse-grained. The
invariance of coarse-grained probability distributions, together with robust scaling exponents,
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during two different behavioral regimes, sleep and wakefulness, is substantial evidence in favor
of scale-invariant activity in the hippocampus (Meshulam et al. 2019; Morales, Santo, and
Mufioz 2023; Munn et al. 2024).

However, the question of whether this form of scaling is a feature of criticality in the brain
remains open. On the one hand, the invariance of the probability distributions of coarse-grained
activity can be interpreted as the proof of criticality in the network (Meshulam et al. 2019),
and the variability of the scaling exponents can be attributed to the existence of critical
regions (Moretti and Mufioz 2013; Morales, Santo, and Mufioz 2023) instead of a singular
critical point, conceptually matching a quasi-critical explanation of the avalanche exponents
(Williams-Garcia et al. 2014; Fosque et al. 2021). On the other hand, the relation between
quantities isolated using PRG and critical systems is not well understood, and one has to
carefully interpret the scaling exponents (Nascimento et al. 2025). Computational analyzes
show that contact process models, when adjusted for supercriticality, exhibit scaling exponents
and coarse-grained activity distributions that have a significantly different form from those
produced by the model tuned to criticality (Nicoletti, Suweis, and Maritan 2020). However,
there is a lack of understanding between sub-critical dynamics and PRG, especially in more
realistic models of brain activity or in experimental data. | tried to bridge this gap by performing
a simple analysis between these two views. | did not observe any significant correlation between
distance to criticality and PRG scaling exponents. This might indicate a complex, non-linear,
and non-monotonic relationship between PRG scaling exponents and criticality. Interestingly,
during sleep/rest, PRG and avalanche criticality were mutually entangled through measures
of temporal activity propagation. The optimal exponent for collapsing avalanche shapes was
> negatively correlated with the scaling of characteristic timescales in PRG. The existence
of this relation only during sleep/rest might suggest a brain-state-dependent (dis)agreement
of the two views of criticality. However, investigating the origin and mechanistic properties
leading to this has to be left for future work.

Next, | compared the results of applying PRG to wakefulness and sleep. As with the estimated
distance to criticality (DCC' ), the scaling between these two states was different. The
exponents (3, 1 and z remained robust, while the exponent « differed between wakefulness and
sleep/rest. This finding initially appears to contrast with Morales, Santo, and Mufioz (2023),
which reported « that does not differ between task-engaged and resting mice. However, that
study examined the scaling exponent « throughout the brain, including regions not involved in
the task. The varying scaling exponent a between wakefulness and sleep/rest likely results
from differing inputs or general activity levels in sleep/rest. Alternatively, consistent with other
studies, it could be explained by a dynamics distorted by awake behavior, only to be restored
to its natural state during sleep (Xu et al. 2024; Meisel et al. 2013).

| propose an additional interpretation. Different avalanche dynamics and different scaling
laws in the hippocampus during awake and sleep/rest may reflect functionally different roles
assumed by the hippocampus during these two states. In awake behavior, the hippocampus is
engaged in navigation and, in experiments | analyzed, learning. During sleep/rest, it is involved
in memory consolidation, where, under the prevailing view, it serves as a source from which
short-term memories are transferred to the cortex. Learning and acquiring new information
necessitate distinct computational demands compared to transferring that information to
the cortex. The former process requires a circuit that can rapidly adapt and encode novel
information, while the latter process requires a circuit that produces stable encoding that can
be a reliable source of information for the cortex. These two processes may require different
underlying dynamics echoed by different scaling of activity variance and different DCC' . If
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correct, this explanation would imply a direct functional relevance of activity scaling, and that
is what | set out to investigate in the next chapter.
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CHAPTER

Functional role of scaling in the
hippocampal activity

Abstract

It has been extensively studied how operating in a scale-free regime would endow neural networks
with maximal information processing and storage capabilities. However, the functional role
of critical scaling remains highly debated. In this chapter, | applied the Phenomenological
Renormalization group (PRG) on the spiking data recorded from the rat's hippocampus
during a memory consolidation period and related PRG-derived scaling exponents to memory
retention performance. | found that the scaling exponent of activity variance o measured
during the sleep/rest session that followed learning correlated with memory retention during
the subsequent unrewarded testing session. Moreover, « predicted performance even when
controlled for reactivation that also occurs in the same sleep/rest session. Second, oz measured
in the sleep/rest phase that preceded learning was correlated with the learning speed. To
better understand the nature of the scaling exponent «, | analyzed the distributions of
the characteristic timescale and burstiness of the cells. The day-to-day variability of these
distributions, during sleep/rest that followed learning, correlated with the scaling exponent of
activity variance «. Interestingly, the same distributions predicted subsequent memory retention.
These findings confirmed that the scaling of activity variance provides a behaviorally meaningful
perspective on hippocampal activity, as it is directly related to memory retention. Furthermore,
these results indicate the importance of hippocampal activity outside of reactivation periods,
and beyond sharp wave-ripples, for the memory consolidation process.

Introduction

In the previous Chapter, | have demonstrated signatures of dynamics close to criticality in the
hippocampus CA1l. My findings align with other studies in slice cultures (Beggs and Plenz
2003; Mazzoni et al. 2007; Pasquale et al. 2008), in vivo (Petermann et al. 2009; Gireesh
and Plenz 2008; Hahn, Petermann, et al. 2010; Yu et al. 2011; Xu et al. 2024), and across
species (Adrian Ponce-Alvarez, Kringelbach, and Deco 2023; Freeman et al. 2003; Meisel et al.
2013; Solovey et al. 2012; Poil et al. 2012; Lombardi, Shriki, et al. 2021; Mainali, Azeredo
da Silveira, and Burak 2025). However, the origin and nature of these neural dynamics remain
a topic of debate (Bédard, Kroger, and A. Destexhe 2006; Touboul and Alain Destexhe 2017;

43



3.

FUNCTIONAL ROLE OF SCALING IN THE HIPPOCAMPAL ACTIVITY

Touboul and Alain Destexhe 2010; Alain Destexhe 2009; Mia C. Morrell, A. J. Sederberg,
and Nemenman 2021; Mia C Morrell, Nemenman, and A. Sederberg 2024; Chintaluri and
Vogels 2023). Although it is not certain whether criticality is the principle that universally
governs brain activity, the results of the previous chapter, together with earlier studies Xu
et al. 2024; Meisel et al. 2013, reveal distinct scaling dynamics between sleep and wakefulness.
This distinction is a basis for one of the objectives of this study: to determine the functional
relevance of scaling exponents and criticality-like dynamics.

Previous research focused on the theoretical aspects and computational properties of critical
systems (Shew and Plenz 2013). Studies have demonstrated that operating at or near criticality
enhances long-range correlations (Lombardi, Shriki, et al. 2021), maximizes dynamic range
(Shew, Yang, Petermann, et al. 2009; Kinouchi and Copelli 2006), improves adaptability to task
demands (Jens Wilting et al. 2018), and optimizes information transmission (Beggs and Plenz
2003; Shew, Yang, Yu, et al. 2011; Avramiea et al. 2022). Although these are functionally
relevant network characteristics, earlier studies did not link criticality to the ultimate task of
the brain = to guide behavior. There is only a minimal amount of evidence linking criticality
and task performance measures (Cambrainha et al. 2025), none focusing on the hippocampus.
In this Chapter, | will attempt to address this gap by demonstrating how scaling in the C'A1
activity is related to animal performance in a spatial memory task.

3.1 Scaling of activity variance predicts retention of
spatial memory

| analyzed a different group of animals compared to the first chapter, focusing on their
performance during the “Cheeseboard” task (Dupret et al. 2010; Boccara et al. 2019). |
combined existing datasets in the lab and extended them with novel recordings. On each
recording day, the animals learned to locate and remember three novel food-rewarded goal
locations (refer to Figure 3.1, Methods for additional details). After training, they were
transferred to a separate box for a sleep/rest session labeled “Post-Sleep”. Afterwards, the
animals underwent performance evaluation during an unrewarded session termed “Post-Probe".
During this task two important processes take place, learning and memory consolidation,
the latter occurring primarily during sleep/rest immediately after learning. Importantly, both
memory retention performance and learning performance are straightforward to measure.

| assess memory retention (Figure 3.2 A) by measuring the duration rats spend near the goals
during the first 2 minutes of the “Post-Probe". Furthermore, | normalized the duration by
computing the difference between time around goals and the mean time around randomly
sampled non-goal locations, divided by the sum of the two (Figure 3.2 B; Supplementary
Figure S.2; see Methods for details). Comparing these metrics with those of the " Pre-Probe”
control session reveals that the rats recall newly baited locations without prior knowledge. In
this chapter, | use normalized time around goals to quantify memory retention.

To quantify learning performance (Figure 3.2 C), | assessed the distance covered in each
trial and plotted it throughout the learning session. A reduction in distance per trial signifies
effective learning, with its speed measured by the number of trials required to achieve 20%
the distance of the first trial.

The structure of the cheeseboard task allows me to investigate the potential relationship
between scale-free dynamics and spatial learning and memory performance. In this section,
| will demonstrate how scaling of hippocampal activity, measured during sleep and learning,
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Figure 3.1: Behavioral paradigm.
Order of sessions throughout a day. Each awake session contains an example animal trajectory,
color-coded so that blue shades indicate the start and yellow the end of the trial. Red dots indicate
goal location, red circles indicate 10cm goal zones.
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Figure 3.2: Performance on the cheeseboard task.
A - Time spent in goal zones during first three minutes of Post-Probe (p < 0.001, Wilcoxon-
Signed rank test), B - normalized time spent around goals (p < 0.001, Wilcoxon-Signed rank test),
C - learning curve, distance covered per trial.

is related to the memory retention performance measured in Post-Probe, using the same
measure in Pre-Probe as a control. Next, | will show how the same scale-free quantities
are related to learning performance. Crucially, | will link the scale-free activity to another
important process for memory consolidation — reactivation. Moreover, | will show that scale-
free dynamics predict memory performance independent of reactivation. Finally, to improve
our understanding of scale-free dynamics, | will establish a relationship between scale-free
dynamics and functional /physiological variability between hippocampal cells.

Hippocampal activity during sleep/rest immediately after learning is essential for certain types
of memories (Stickgold 2005; Diekelmann and Born 2010; Rasch and Born 2013; Klinzing,
Niethard, and Born 2019; Girardeau and Lopes-dos-Santos 2021; Lutz, Harkotte, and Born
2025). Therefore, the functional relevance of activity scaling in the hippocampus implies that
the day-to-day variability of scaling exponents observed in Post-Sleep should account for some
variation in memory retention performance. If there is a relation between activity scaling
during Post-Sleep and memory retention, it would imply necessity since, in the experimental
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paradigm, the Post-Sleep session precedes the Post-Probe session.

| calculated a linear correlation between the PRG scaling exponents of Post-Sleep and the
normalized time around the goals on Post-Probe (Figure 3.3). Since, for each scaling exponent,
the relative differences between different recording days are more important than the absolute
values (Supplementary Figure S.3), | performed an analysis of rank correlation 1. Scaling
exponents of free energy (3), autocorrelation times (z) and the spectrum of the covariance
matrix (i) were not significantly correlated with memory retention (Figure 3.3 B, C, D). On
the other hand, the scaling exponent of activity variance («) correlated negatively with the
normalized time around the goals in Post-Probe(Figure 3.3 A) and did not correlate with
the same measure in Pre-Probe. Essentially, a rapid scaling in variance within coarse-grained
clusters during Post-Sleep results in poorer memory retention.

As o was the sole scaling exponent that predicted memory retention performance, | investigated
its relationship with other scaling exponents. The correlation plots in Figure 3.4 A-C show
a lack of linear correlation among « and other PRG scaling exponents. Nevertheless, the
combined use of multiple scaling exponents might enhance the prediction of memory retention
performance. | tested this by fitting multiple regression models with different combinations of
input exponents (Figure 3.4 D). To compare models while accounting for different numbers of
parameters, | used the Bayesian information criterion (BIC, lower is better, details in Methods).
BIC being the lowest for the model using only « as a predictor indicates that including more
scaling exponents does not enhance prediction quality. Together with the results in Figure3.3,
| conclude that under coarse-graining during Post-Sleep, only the scaling of activity variance
() was related to memory retention performance.

The scaling of activity variance is a complex measure based on intuition coming from statistical
physics and is not derived from the physiological or biological properties of the brain. The
connection between v and memory retention might result from its correlation with another
biologically relevant property of network activity. | examined whether the properties of the
network activity that are more straightforward and frequently assessed are related to « or
the animal’s behavior. The mean firing rate, mean synchrony, coefficient of variation of the
instantaneous firing rate, mean pairwise correlation, and inhibition/excitation ratio did not
show correlation with « or with normalized time surrounding the goals (Supplementary Figure
S.4). This analysis eliminated these measures as potential linear confounders.

LFor the same reason, rank correlation is used in the rest of the thesis.
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Figure 3.3: Scaling of activity variance during Post-Sleep predicts memory retention.

Scaling exponents measured during Post-Sleep versus normalized time around goals during

Post-Probe (Blue) and during Pre-Probe (grey). A - scaling exponent of activity variance (correlation

with Post-Probe: R = —0.737, C'I = [—0.937,—0.329], non-significant correlation with Pre-Probe:

R =10.36, CI =[—0.145,0.754]), B - scaling exponent of free energy (non-significant correlation

with Post-Probe: R = 0.135, CI = [—0.474,0.611], C - scaling exponent of covariance matrix

spectrum (non-significant correlation with Post-Probe: R = 0.01, CI = [-0.574,—0.618]), D -

scaling exponent of characteristic autocorrelation time (non-significant correlation with Post-Probe:

R =0.034, CI = [—0.531,0.628]) Lines represent linear fits, confidence intervals are obtained by
bootstrapping 5000 times.
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Figure 3.4: Relations between PRG scaling exponents.
A - non-significant correlation between the scaling of activity variance and the scaling of free energy
(R =-0.228, CI = [-0.684,0.388]), B - non-significant correlation between the scaling of activity
the variance and scaling of correlation matrix spectrum (R = —0.135, CI = [-0.71,0.509]), C -
non-significant correlation between the scaling of activity variance and the scaling of autocorrelation
time (R = 0.143, CI = [—0.443,0.688]), D - Bayesian information criterion of linear models with
different input parameters (lower is better).

3.2 Scaling of activity variance predicts spatial memory
retention together with reactivation

| demonstrated in the preceding section that the scaling of activity variance during Post-Sleep
predicts memory retention performance during Post-Probe. However, another process in the
hippocampus provides similar predictive abilities —reactivation (M. Wilson and B. McNaughton
1994; Louie and M. A. Wilson 2001; Lee and M. A. Wilson 2002; Joseph O'Neill et al. 2010).
Memory reactivation is a process in which neural activity patterns observed during awake
behavior are observed again during quiet immobility, occurring mostly during sharp-wave
ripples (SWRs) (Buzsaki et al. 1992; M. Wilson and B. McNaughton 1994), even though
the animals are not reproducing the same behavior. Research demonstrated the causal role
of reactivation in memory consolidation by disrupting SWR-related hippocampal reactivation
during sleep (Girardeau, Benchenane, et al. 2009; Ego-Stengel and M. A. Wilson 2009), thereby
affecting memory consolidation and recall. Additionally, in a dual-environment task, targeting
reactivation associated with one environment exclusively hinders the recall of that particular
disrupted environment, while the recall performance of the undisturbed environment remains
unaffected (Gridchyn et al. 2020). Crucially for my work, the reactivation process is known to
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Figure 3.5: Excluding SWRs and HSEs does not influence behavioral predictions of PRG scaling
exponents.

A - scaling exponent of activity variance versus normalized time around goals, with excluded
SWRs and HSEs (correlation with Post-Probe: R = —0.612, CI = [-0.891, —0.145], non-significant
correlation with Pre-Probe: R = 0.237, CI = [—0.251,0.684]]) B - summary of correlation between
PRG scaling exponents and normalized time around goals, with excluded SWRs and HSEs; grey fields
indicate non-significant correlation, colored square a indicates significant correlation.

support spatial memory and correlates with subsequent memory retention performance (Dupret
et al. 2010). Two questions arise: 1) does the scaling of activity variance during Post-Sleep
relate to memory reactivation; 2) does the predictive effect of the scaling exponent « result
from reactivation.

To find these answers, | began the investigation with a straightforward analysis. Eliminating
SWR periods from the data retained the prediction outcomes, as the scaling of activity variance
remained correlated to the normalized time around the goals (Figure 3.5).

Next, | conducted reactivation analysis (Figure 3.6). | calculated the Pearson correlation
between population vectors (PVs) based on the initial three minutes of Post-Probe and SWR
activity during Post-Sleep. This yielded a reactivation map for each SWR (Figure 3.6 B).
To pinpoint SWRs with task-relevant reactivation, | focused only on the Pearson correlation
between PVs in reward zones and SWR activity during sleep/rest. If the actual value surpasses
the correlation of spatially shuffled surrogate data (Figure 3.6 C), | designated the SWR as
an event that contained reactivation. Analogously to the findings presented in (Dupret et al.
2010), the proportion of SWRs that exhibit reactivation during Post-Sleep correlated with the
normalized time around the goals in Post-Probe (Figure 3.6 D). However, it did not correlate
significantly with the normalized time around the goals measured before learning, in Pre-Probe
(Figure 3.6 E). Furthermore, the fraction of SWRs that exhibited reactivation during Pre-Sleep,
before learning, did not correlate significantly with the normalized time around the goals in
Post-Probe (Figure 3.6 F).

The scaling exponent « also correlated with the fraction of reactivating events (Figure 3.7 A),
but did not correlate with the average correlation between SWR activity and PVs of the reward
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Figure 3.6: Goal-related reactivation in CAL.

A - Pearson correlation between the activity during SWRs (top, LFP + spike rasters) and
population vectors during awake periods, B - Example reactivation maps during four different
SWRs, shades of brown indicate correlation coefficient r € [—1,1] between a given SWR and each
spatial bin, with green are marked goals that are reactivated in each SWR, during the SWR event
at bottom right no goals were reactivated, C - CDFs of Pearson correlation scores between PVs
around goals and SWRs, shuffled distribution in red (details in Methods), D - correlation between
fraction of events that are reactivating during Post-Sleep and memory retention during Post-Probe
(R = 0.644, CI = [0.312,0.87]), E - non-significant correlation between fraction of events that
are reactivating during Post-Sleep and memory retention during Pre-Probe (R = 0.404, CI =
[—0.171,0.828]), F - non-significant correlation between the fraction of events that are reactivating
during Pre-Sleep and memory retention during Post-Probe (R = —0.372, CI = [—0.757,0.265]).
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Figure 3.7: Scaling of activity variance and goal-related reactivation.

A - Correlation between scaling of activity variance during Post-Sleep and proportion of SWRs
that reactivated reward zones (R = —0.555, CI = [—0.798,—0.26]), B - Partial regression plots,
left: scaling of activity variance versus normalized time around goals, when controlled for proportion
of reactivating SWRs (R = —0.817, p = 0.002), left: proportion of reactivating SWRs versus
normalized time around goals, when controlled for scaling of activity variance (R = 0.637, p = 0.038).

zones (Supplementary Figure S.5). Next, | conducted partial correlation analysis between «
and the normalized time around the rewards, while using the fraction of reactivation events as
the control variable. The results indicated that « predicted memory retention independently of
reactivation (R = —0.817, p 0.002, Figure 3.7 B left). Similarly, the fraction of reactivating
SWRs significantly correlated with the normalized time around the goals, when using « as
the control variable (R = 0.637, p = 0.038, Figure 3.7 B right). Together, these results
indicate a complex interplay between the scaling of activity variance and reactivation, leading
to independent contributions to memory consolidation.

3.3 The scaling of activity variance predicts the speed of
learning

| wondered if memory-related scaling of activity variance is a hallmark of hippocampal activity
or a consequence of learning-induced transformation of the hippocampal code. To investigate
this, | examined the relationship between the exponent « calculated during Post-Sleep and the
exponent « calculated during learning (see Figure 3.8 A) and found a correlation. Consequently,
the exponent « during learning also correlated negatively with the normalized time around
the rewards in Post-Probe, but not in Pre-Probe (Figure 3.8 B). This shows that, although
affected by behavioral states, the exponent « is fairly robust throughout the recording day.

Given that the scaling exponent « predicted memory retention regardless of reactivation, could
it also indicate daily learning capability? Indeed, « in Pre-Sleep negatively correlated with the
number of trials required to reach a threshold on the learning curve (Figure 3.9).

The negative correlation between the scaling exponent a and the number of trials necessary
for good learning performance indicates a qualitatively opposite relation compared to that with
memory retention. That is, larger exponent values imply fewer trials needed to reach optimal
performance, indicating that quicker scaling of activity variance facilitates faster learning. In
contrast, this rapid scaling of activity variance decreases memory performance. This contrast
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Figure 3.8: Scaling of activity variance during learning predicts memory retention.

A - Correlation between scaling of activity variance during learning and during Post-Sleep
(R = 0.808, CI = [0.602,0.965]), B - Correlation between during learning and normalized time
around goals on Post-Probe (blue, R = —0.699, CI = [—0.913, —0.302]) and on Pre-Probe (gray,
R =10.442, CI = [—0.152,0.861]).
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Figure 3.9: Scaling of activity variance predicts the speed of learning.
Correlation between scaling of activity variance during Pre-Sleep and number of trials necessary
for reaching good performance (R = —0.381, CI = [-0.671,—0.017]).
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might indicate distinct physiological processes within the hippocampus during learning and
sleep.
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3.4 Scaling of activity variance during sleep/rest and
functional heterogeneity of hippocampal cells

The above findings demonstrated a direct link between hippocampal scaling exponents and
task performance, yet they raise more questions than they resolve. Scaling of macroscopic
properties along iterative coarse-graining does not have a foothold in the underlying biological
properties of the brain, and to date has only been explained in terms of abstract statistical
models (Mia C. Morrell, A. J. Sederberg, and Nemenman 2021). It is not established how
these quantities are related to elementary units of computation in the brain. On the other
hand, there have been accounts of genetic (Yao et al. 2021), anatomical (Soltesz and Losonczy
2018; Cembrowski and Spruston 2019) and functional (Wasmuht et al. 2018; Perez-Nieves
et al. 2021; Mainali, Azeredo da Silveira, and Burak 2025; Cohen and Drugowitsch n.d.) cell
heterogeneity in the brain.

In particular, two functional characteristics of single cells are relevant: intrinsic cellular
timescales and burstiness. Intrinsic temporal profiles of cortical cells have been linked to
working memory processes (Wasmuht et al. 2018; Sean E Cavanagh et al. 2016; Sean
E. Cavanagh, Hunt, and Kennerley 2020), while modeling studies demonstrate learning
benefits associated with a diverse pool of computational units that process information on
slightly different timescales (Perez-Nieves et al. 2021; Kurikawa 2025). In the hippocampus,
cell burstiness has been correlated with replay properties (Grosmark and Gyorgy Buzséki
2016). Thus, | investigated whether the scaling of activity variance is related to these two
functional characteristics of hippocampal cells, in particular, to the cell-to-cell variability of
these properties.

| examined the cell-specific characteristic time scales, defined as the exponential decay constant
7 of the autocorrelation function (Figure 3.10 A, Methods). The lower values of 7 indicate
rapid decay of the autocorrelation function, while the higher values of 7 signal a prolonged
influence of current activity on future behavior. Histograms of 7 distributions during Post-Sleep
(Figure 3.10 B) revealed heavy-tailed distributions with notable day-to-day variability. During
Post-Sleep, these distributions had tails fatter than expected from the normal distribution
(excess kurtosis = 25.55 + 6.43, Figure 3.10 D, bottom) and substantial variability indicated
by the quartile coefficient of dispersion (QCD) of 0.24 4 0.02 (Figure 3.10 D, bottom). Indeed,
the QCD of the 7 distribution correlated with the scaling of activity variance (Figure 3.10
E). Interestingly, QCD of 7 during Post-Sleep also predicted memory retention (Figure 3.10
F). However, « still correlated with memory retention even when controlled for QCD (partial
correlation coefficient R = —0.542,p = 0.025).

Next, | looked at cell burstiness, defined as the proportion of interspike intervals (ISI) shorter
than 6ms (Grosmark and Gyorgy Buzsaki 2016). The cell burstiness distributions were more
spread than the 7 distributions (Figure 3.10 B, C). Again, during Post-Sleep, the burstiness
distribution had high variability (QC'D = 0.59 + 0.03, Figure 3.10 D, top) and positive excess
kurtosis (1.82 4 0.42, Figure 3.10 D, top). The scaling exponent « correlated with the excess
kurtosis of burstiness (Figure 3.10 H), which also correlated with the normalized time in the
goals during Post-Probe (Figure 3.10 |). However, « still predicted memory retention even
when controlled for excess kurtosis of burstiness (Figure 3.10 J, partial correlation coefficient
R = —0.58,p = 0.0154). Interestingly, o exhibited a strong trend towards a negative
correlation with median burstiness, while median burstiness showed a strong trend towards
correlation with normalized time around goals in Post-Probe (Supplementary figure S.6).
These results, together with the positive correlation between excess kurtosis, imply a complex
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Figure 3.10: Scaling of activity variance reflects functional variability of hippocampal cells.

A - autocorrelation function of four different cells, B - distribution of characteristic timescale
during Post-Sleep, kernel density estimate, colors correspond to recording sessions, C - distribution
of pyramidal cell burstiness, kernel density estimate, colors correspond to recording sessions, D
- excess kurtosis, median and quartile coefficient of dispersion (QCD) of burstiness (top) and
characteristic timescale 7 (bottom), E - correlation between scaling of activity variance and 7 QCD
(R =0.67, CI =[0.352,0.879]), F - rank correlation between QCD and normalized time around
goals on Post-Probe (blue, R = —0.629, CI = [-0.898, —0.154]), non-significant correlation with
Pre-Probe (grey, R = 0.405,C1 = [—0.182,0.837])), G - partial correlation plot between scaling
exponent alpha and normalized time around goals during Post-Probe, controlled for QCD (R =
—0.542, p = 0.025), H - rank correlation between scaling of activity variance and burstiness excess
kurtosis (R = 0.524, CT = [0.143,0.804]), | - rank correlation between burstiness excess kurtosis
and normalized time around goals on Post-Probe (blue, R = —0.675, CI = [—0.941,—0.152]),
non-significant correlation with Pre-Probe (grey, R = —0.196, CI = [-0.727,0.426]), J - partial
correlation plot between scaling exponent alpha and normalized time around goals during Post-Probe,
controlled for burstiness excess kurtosis (R = —0.58,p = 0.015).
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relationship between the scaling of activity variance, burstiness, and memory consolidation.

In summary, | found that the scaling of hippocampal activity variance correlated with the
variability of characteristic timescales and the propensity for bursting among hippocampal
cells. These quantities also predict task performance, demonstrating the relationship between
functional heterogeneity and the memory consolidation process.

3.5 Discussion

This chapter demonstrates how scaling of activity variance in the rat hippocampus predicts
spatial memory task performance. The scaling exponent « predicts performance in two ways:
first, & measured during the sleep/rest session that followed learning (Post-Sleep) correlated
with memory retention during the unrewarded Post-Probe session (Figure 3.3); second, in
the sleep/rest phase preceding learning (Pre-Sleep), « correlated with learning speed (Figure
3.8). Other scaling exponents examined did not predict task performance (Figure 3.4). To my
knowledge, this is the first study connecting hippocampal activity's critical scaling exponents
with spatial memory performance.

This result complements very recent findings linking non-Gaussian scaling dynamics in the
mouse visual cortex to visual recognition task performance (Cambrainha et al. 2025). The study
also noted varying scaling dynamics between the active and passive task phases, indicating that
scaling may modulate task engagement. However, the scaling dynamics observed during the
task may depend on other factors such as input statistics and dopaminergic reward signaling
(Dommett et al. 2005; Noudoost and Moore 2011; Mueller et al. 2020; Stalter, Westendorff,
and Nieder 2020). Considering this, my result contributes to this line of research by offering
prediction "in the future", from sleep/rest to subsequent learning or memory evaluation session.

By analyzing the scaling dynamics during Post-Sleep, | showed that the scaling of activity
variance is related to the reactivation process (M. Wilson and B. McNaughton 1994; Dupret
et al. 2010). | demonstrate that « and reactivation both independently account for variability
in memory retention, even when controlling for each other. This finding indicates a complex
interconnection between the scaling of activity variance and reactivation, which warrants
further study. These results underscore the importance of activity scaling in the hippocampus
and emphasize its functional role.

The results in this chapter extend the findings of Chapter 2, where | reported a different scaling
of activity variance during sleep/rest versus wakefulness. Similarly, a influences learning and
memory reactivation differently. An increase in « values during sleep/rest enhances learning
speed and impairs memory retention. This contrast suggests different processing requirements
of the sleeping/resting and awake hippocampus. During learning, the hippocampus quickly
reconfigures and encodes new information (R. U. Muller and J. L. Kubie 1987; Quirk, R. U.
Muller, and J. L. Kubie 1990; Bostock, Robert U. Muller, and John L. Kubie 1991; John
O’Keefe and Burgess 1996). Networks with rapidly scaling activity variance may accelerate
this process, although the exact mechanism remains unclear.

Since scaling under coarse-graining might result from simple processes (Mia C. Morrell, A. J.
Sederberg, and Nemenman 2021), these results do not establish the necessity of (quasi-
)criticality in the hippocampus for the consolidation of spatial memories. However, these
results demonstrate the practical importance of scaling-exponents and their relation to the
process of memory consolidation. This is especially relevant since the scaling exponent «
provides predictive power beyond the reactivation and physiological properties of hippocampal
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cells. Therefore, an analysis motivated by the brain criticality hypothesis has the potential
to uncover functionally relevant aspects of brain activity that have not yet been extensively
studied.

The hippocampus plays a pivotal role in memory consolidation during sleep, actively transferring
learned information to the cortex (M. Wilson and B. McNaughton 1994; Louie and M. A. Wilson
2001; Lee and M. A. Wilson 2002; Joseph O'Neill et al. 2010). High « values may suggest
more varied CAL spatial representations, resulting in a noisier input for downstream cortical
areas. Conversely, a larger «, representing more correlated cells, may indicate inadequate
differentiation in hippocampal representations, which presents challenges for cortical processing.
Smaller « values could imply more orthogonal CAL representations, which could facilitate
downstream decoding. This hypothesis requires separate investigation.

Through my investigation, | found that the scaling of activity variance is correlated with
variability in cells’ characteristic timescales and their tendencies for extreme (both low and
high) levels of bursting. This reveals that the scaling of activity variance can indicate network
configuration. Specifically, high « values indicate networks with cell populations having
diverse operating timescales and mixtures of non-bursty and very bursty cells. Interestingly,
these configurations also predict memory retention performance and potentially affect spatial
representations or the attractor landscape.

Notably, both scaling and functional heterogeneity offer coding-agnostic perspectives on
hippocampal activity that elucidate internal operational regimes and reflect computational
principles. The opposing effects of the scaling of activity variance on learning and memory
consolidation suggest that the hippocampus balances between two extremes (o = 1 and
a = 2) in order to support both processes. The correlation between memory retention
and measures of functional heterogeneity, only during sleep/rest after learning, indicates the
network flexibility and relevance of non-average cells for learning adaptations. Meanwhile, the
relationship between the scaling of activity variance and functional heterogeneity of the cell
population during post-learning sleep/rest indicates that activity scaling facilitates and governs
this adaptation. Collectively, these findings underscore the importance of both dynamics close
to criticality and functional heterogeneity for the functioning of the hippocampus.
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CHAPTER

Functional heterogeneity and CA1-mEC
encoding dynamics

Abstract

In the prevailing view, the hippocampus acquires short-term memories that are later transferred
to the cortex for long-term storage, during the memory consolidation process. However, the
details of this process, in particular, the transfer of task-specific information, are still not
fully understood. To expand the existing understanding, | investigated the process of memory
acquisition and the consolidation process between the CAl hippocampus and the mEC. In
the experiments, rats performed a goal-directed spatial learning task that allowed me to focus
only on activity around the goals. During learning, CA1 cells shifted their firing field towards
the goals, while mEC cells remained mostly stable, shifting their firing fields towards the goals
during sleep/rest that followed learning. This shift during sleep/rest was supported by the
reactivation process, which occurred in two ways, synchronously with CA1 (during SWRs) and
independently of the hippocampal SWRs. Both types of reactivation predicted subsequent
memory retention, as well as the amount of goal-related remapping. Using statistical modeling,
| gained insight into the temporal interactions of these two reactivation processes. For the
acquisition of goal-related firing in mEC cells, SWRs were more important in the beginning of
sleep/rest and independent reactivation at the end of the sleep/rest period. This suggests a
model in which SWRs perform information transfer from CA1 to mEC, until mEC acquires
relevant encoding and begins to reactivate autonomously. Finally, the day-to-day variability of
the distribution of the cell characteristic timescales correlated with the goal-related remapping,
in CA1 during the learning session and in mEC during sleep/rest. These results suggest that in
spatial navigation tasks, the distribution of cells’ characteristic timescales represents a network
configuration that corresponds to the state of information acquisition.

Introduction

| finished the previous chapter showing the relationship between the functional diversity of
hippocampal cells and memory consolidation. However, the learning part of the task was
less investigated because sleep/rest was the main focus of that investigation. It also did not
consider another brain area involved in spatial navigation, the medial entorhinal cortex (mEC).
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The mEC is closely connected to the hippocampus, acting as both an input via the trisynaptic
and perforant pathways, while also receiving direct CA1 output (Osanai, Nair, and Kitamura
2023; Hernandez-Frausto and Vivar 2024). Functionally, both areas are similar in the sense
that their cells exhibit spatial tuning, although with substantial differences. Hippocampal place
cells activate within distinct place fields in specific environments (Edvard | Moser, M.-B. Moser,
and Bruce L McNaughton 2017). In contrast, mEC grid cells display multiple firing fields in
systematic hexagonal patterns that cover all environments (Hafting et al. 2005), likely providing
an invariant metric for spatial cognition (Edvard |. Moser and M.-B. Moser 2008). Beyond
spatial selectivity, activity in both CA1 and mEC undergoes replay (Lee and M. A. Wilson
2002; J. O'Neill et al. 2017), complementing the current view under which the hippocampus
establishes new memories before transferring them to the cortex. In addition, spatial coding in
both areas is modulated by rewards (Boccara et al. 2019; Butler, Hardcastle, and Giocomo
2019), further indicating the importance of both areas in goal-directed navigation.

However, the dynamic interaction between CA1l and mEC in the memory encoding and
consolidation processes, along with its underlying mechanisms, is still not sufficiently understood.
Moreover, given the findings in section 3.4, the relationship between functional heterogeneity
and CA1-mEC encoding dynamics becomes a subject for further investigation. To investigate
these, | examined a different set of thirteen recordings (Boccara et al. 2019) compared to the
previous two chapters (although five sessions analyzed in Chapter 3 are the same as here).
In this dataset, CA1l and mEC activity was recorded simultaneously from rats while they
performed the same cheeseboard task. This protocol allowed me to investigate the temporal
dynamics of goal-related spatial memory encoding in CA1 and mEC during both learning and
sleep/rest.

4.1 Differential functional heterogeneity during learning
and sleep /rest

| resumed my investigation from the previous chapter by exploring functional heterogeneity
among CAL1 (purple) and mEC (green) cells during learning and sleep/rest. My analysis
focused on the characteristic timescale 7 (Figure 4.1 A, B). Observing the histograms of 7
(Figure 4.1 C, D), | noted a bimodal distribution during learning, while sleep/rest presented
a singular, strong peak. | quantified this using Sarle’s bimodality coefficient (Figure 4.1 E,
Methods). Additionally, the quartile coefficient of dispersion (QCD) of these distributions
revealed a different spread between sleep/rest and learning (Figure 4.1 F p < 0.01 for both
CA1 and mEC, Wilcoxon signed-rank test). This highlights that the functional configuration
of the network in both CA1 and mEC depends on the brain state.

Continuing the train of thought from Section 3.4 and the discussion in the previous Chapter, |
propose that distributions of cells’ characteristic timescales represent network configurations
that reflect information acquisition. In particular, during Post-Sleep, mEC shows more varied
distributions of characteristic timescales 7 compared to CA1 (distinct QCD, p < 0.01, Wilcoxon
Signed-rank test, Figure 4.1 F). Could this indicate different operational modes in these regions
at various stages of the experiment? Given that CAL is involved in learning and memory
consolidation, while mEC shows a similar configuration later during sleep/rest, could this
suggest that the coding in CAl and mEC evolves differently? In the remainder of the chapter,
| explore this in more detail.
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Figure 4.1: Distribution of characteristic timescales during learning and Post-Sleep.

A - example autocorrelation function of four different mEC cells, during Learning (left) and
Post-Sleep (right), black lines represent exponential fit, B - same as A but for CAL cells, during
Learning (left) and Post-Sleep (right), C - histogram of characteristic timescale 7 of mEC cells,
during Learning (left) and Post-Sleep (right), D - histogram of characteristic timescale 7 of CAl
cells, during Learning (left) and Post-Sleep (right), E - Sarle's bimodality coefficient of 7 distribution
in mEC (green) and CAl (purple), dashed line indicates value of Sarle's coefficient for uniform
distribution (3), F - Quartile coefficient of dispersion of 7 distribution in mEC (green) and CA1
(purple). Each box on panels E and F spans from the first quartile to the third quartile, the median
is marked by a line inside the box, the whiskers correspond to the box' edges + 1.5 times the
interquartile range (each group compared against 5/9, 1-sample t-test, N.S.p > 10, * * p < 0.01,

* %k % p < 0.0001.
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4.2 Online goal-oriented remapping in CA1, offline
goal-oriented remapping in mEC

| investigated the evolution of goal-related remapping of individual cells, as has been observed
both in CA1 and in mEC (Boccara et al. 2019; Butler, Hardcastle, and Giocomo 2019). |
quantified it using a "goal-related remapping score," which represents a normalized firing rate
within goal zones (Methods, Boccara et al. 2019). This score allows me to assess goal-related
remapping with fine temporal resolution, offering insights into goal-related coding dynamics.
Figure 4.2 A illustrates the temporal dynamics of goal-related remapping alongside relative
performance increases. In CA1, rapid goal-oriented remapping occurs during learning (Figure
4.2 A, middle), matching the total goal-related remapping observed throughout a recording
day (Figure 4.2 E and Supplementary Figure S.7 C). In contrast, in mEC, the goal-related
remapping remains minimal during learning (Figure 4.2 A, C and Supplementary Figure S.7 D),
and it is lower than the total remapping observed between Pre-Probe and Post-Probe (Figure
4.2 F). The goal-related remapping between the first and last learning block ("during learning",
each learning block comprises five trials) was greater in CA1 than in mEC (Figure 4.2 B). In
contrast, from the end of learning to Post-Probe ("during Post-Sleep"), mEC exhibited higher
goal-related remapping than CA1 (Figure 4.2 C).

After the initial learning phase and during Post-Probe, the animal trajectories are biased
towards the goals, implying that the observed effect might result from an increased time spent
in the goal zones. | controlled for that by measuring the goal-related remapping in data that
was randomly downsampled using two strategies. In the first strategy, | aimed for uniform
occupancy within the session by randomly downsampling trajectories ("within," details in
Methods). This method produced results that were qualitatively similar to those on the original
data (Figure 4.2 G, H). In the second strategy ("across", Methods), | randomly downsampled
trajectories to match the occupancy between two sessions (Pre-Probe and Post-Probe, and
the first and last learning blocks). This approach also yielded qualitatively similar results to
those on the original data (Supplementary Figure S.7 A, B).

Finally, | observed that the dynamics of learning performance are correlated with the dynamics
of goal-related remapping in CA1, but not with those in mEC (Figure 4.2 D). This observation
confirms that online goal-related coding is task-relevant, with CA1 functioning as an online
learner, while mEC provides representations that, with respect to goals, change marginally
during learning.
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Figure 4.2: Goal-related remapping in the CA1 and mEC.

A - top: performance increase, middle: goal-related remapping in CAl, bottom: goal-related
remapping in mEC, all three curves are normalized relative to the first learning block, or relative
to Pre-Probe, B - goal-related remapping between the beginning and end of learning ("During
learning"), in CA1 (purple) and mEC (green) (p = 0.0277, Mann-Whitney U rank test), C - goal-
related remapping from the end of learning to Post-Probe ("during Post-Sleep") in CA1 (purple)
and mEC (green) (p = 0.0189, Mann-Whitney U rank test), D - goal-related remapping versus
performance increase, each point is one learning block, averaged across all recording days (CAL:
R = 0.743, CI = [0.548,0.871], mEC: R = 0.103, CI = [-0.246,0.378], not significant), inset
shows Pearson r for individual recording days, E - goal-related remapping score in CA1 during learning
and from Pre-Probe to Post-Probe (p > 0.1, Wilcoxon signed-rank test), F - goal-related remapping
score in mEC during learning and from Pre-Probe to Post-Probe (p < 0.0001, Wilcoxon signed-rank
test), G - goal-related remapping score in CA1 during learning and from Pre-Probe to Post-Probe on
data subsampled using "within" strategy (p > 0.1, Wilcoxon signed-rank test, details in Methods),
H - goal-related remapping score in mEC during learning and from Pre-Probe to Post-Probe on data
subsampled using "within" strategy (p < 0.05, Wilcoxon signed-rank test, details in Methods)
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4.3 Offline reactivation in mEC supports spatial memory
consolidation

Having established that CA1 and mEC modify their codes in different behavioral states,
CA1 during learning and mEC during sleep/rest, | explored the potential mechanism for this
adjustment in mEC. Hippocampal reactivation plays a vital role in memory consolidation
(M. Wilson and B. McNaughton 1994; Girardeau, Benchenane, et al. 2009; Ego-Stengel and
M. A. Wilson 2009) and is believed to facilitate the transfer of memories to other cortical
areas. Therefore, | investigated the reactivation of the Post-Probe map using the same method
described in section 3.2 (Figure 4.3). First, in CA1, | observed reactivation during the SWR
periods (Figure 4.3 A). In line with the previous chapter and earlier studies (Dupret et al. 2010),
this analysis showed that hippocampal reactivation during SWRs predicts memory retention
performance during Post-Probe (Figure 4.3 B). Interestingly, | also observed a similar effect in
mEC, its population activity during SWRs reflected the learned goals (Figure 4.3 C), and the
reactivation rate in mEC predicted spatial memory retention on Post-Probe (Figure 4.3 D). For
both areas, the reactivation analysis on Pre-Sleep did not produce a significant correlation with
memory retention (Supplementary figure S.8 A, B). This shows a synchronous reactivation
between CAl and mEC. To investigate this synchrony further, | calculated the SWR-mEC
coupling by measuring the cross-correlation between SWR power and mEC multi-unit activity.
In Post-Sleep, SWRs with mEC reactivation were more strongly coupled to mEC than those
with only CA1 reactivation (Figure 4.3 E). During Pre-Sleep (see Supplementary figure S.8 D),
| did not observe the same phenomena, suggesting that learning might trigger synchronized
reactivation. Furthermore, | measured similarity between the PVs near the goals and the
activity of the population during SWRs (in both cases temporal bins were 102.4ms long). The
similarity in mEC peaked after the similarity in CA1 (Figure 4.3 F), indicating the potential
flow of information from CA1 to mEC during SWRs.

However, mEC can replay independently from the hippocampus (J. O'Neill et al. 2017).
Therefore, | isolated high synchrony events (HSE, Methods) in mEC that did not overlap with
hippocampal SWRs. During independent HSEs, the activity of the mEC resembled that of
goal zones (Figure 4.4 A), and the reactivation rate predicted memory retention (Figure 4.4 B)
on Post-Probe. However, the reactivation analysis on Pre-Sleep did not produce a significant
correlation with memory retention (Supplementary figure S.8 C). This suggests that mEC
reactivation also occurs independently of the hippocampus, supporting memory consolidation.

With two independent mechanisms of reactivation streams in mEC, a question arises about
their role in goal-related remapping in mEC during sleep/rest after learning. To investigate this,
| developed a model that predicts single-cell goal-related remapping score during Post-Sleep
using as input the increase of cell's firing rate during goal reactivation events relative to the
firing outside of reactivation (Figure 4.4 C, Methods). | built two models: one on data from
the beginning of sleep (first 40%) and another on data from the end of sleep/rest (last 40%).
Both models predicted goal-related remapping better than chance, but the model trained on
end-of-sleep data performed better (Figure 4.4 D, E, F). As a control, models trained on
periods between two reactivating events did not perform better than chance (Supplementary
Figure S.8 E). To delve deeper, | analyzed the weights each model assigned to SWR-related
reactivation and independent reactivation (Figure 4.4 G). At the beginning of Post-Sleep,
SWR-related reactivation was more important than mEC reactivation, whereas by the end
of Post-Sleep, independent reactivation became more dominant and crucial for goal-related
remapping. This result shows that memory transfer involves complex temporal dynamics,
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Figure 4.3: Reactivation during SWRs in CA1 and mEC.

A - CDF of Pearson correlation scores between PVs around goals and activity during SWRs, in
CAL1, shuffled distribution in grey (p < 0.0001), B - rank correlation between CA1 reactivation rate
during SWRs and normalized number of goal crossings (R = 0.53, C'I = [0.173,0.822]]), C - CDF
of Pearson correlation scores between PVs around goals and activity during SWRs, in mEC, shuffled
distribution in grey (p < 0.0001), D - rank correlation between mEC reactivation rate during SWRs
and normalized number of goal crossings (R = 0.733, C'I = [0.39,0.933]), E - SWR-mEC coupling
score in Post-Sleep during SWRs in which CA1 reactivated (left, purple) and during SWRs in which
(mEC reactivated (right, green) (p < 0.0001, Fisher transformation and t-test), F - kernel density
estimation of peak similarity between goal zone PVs and SWR activity during Post-Sleep, dashed
lines indicate time of the peak relative to SWR peak power (CAl in purple, mEC in green).
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Figure 4.4: Goal-related remapping in the CAI and mEC.

A - CDF of Pearson correlation scores between PVs around goals and activity during independent
HSEs in mEC, shuffled distribution in grey (p < 0.0001), B - rank correlation between mEC
reactivation rate during independent HSEs and normalized number of goal crossings (R = 0.516, C'I =
[0.015,0.883]), C - illustration of the model that predicts goal-related remapping per cell from firing
during reactivation events, D - CDF of cross-validated prediction score of a model trained on the
beginning of Post-Sleep, gray line indicates CDF of prediction score on shuffled data, E - CDF of
cross-validated prediction score of a model trained on the end of Post-Sleep, gray line indicates
CDF of prediction score on shuffled data, F - comparison of cross-validated prediction score between
models (p < 0.0001), G - weights assigned to each feature in both models (p < 0.0001 in both
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4.4. Distribution of characteristic timescale correlates with goal-related remapping

where hippocampal reactivation initiates the process, before mEC takes over and consolidates
autonomously.

4.4 Distribution of characteristic timescale correlates
with goal-related remapping

At the beginning of the chapter, | demonstrated that the distribution of characteristic timescales
among cells depends on the state of the brain and hypothesized that it might resemble a
network configuration (Figure 4.1). If the former is the case, the encoding dynamics of each
area should be related to the distribution of population timescales. During learning, the excess
kurtosis of the timescale distribution in CA1 correlated with goal-related remapping in CAl
(Figure 4.5 B), but not in mEC (Figure 4.5 D). In contrast, during Post-Sleep, excess kurtosis
of the mEC timescale distribution correlated with the mEC goal-related remapping during
Post-Sleep (Figure 4.5 A), unlike in Pre-Sleep (Supplementary figure S.8 F) or in CA1 during
Post-Sleep (Figure 4.5 E). Notably, these relationships are the result of the learning process, as
the pre-learning session measures did not show a correlation with the goal-related remapping
(Supplementary figure S.8 F, G). The correlation between the extent of remapping and the
tendency of cells to exhibit slow/fast decay of autocorrelation time highlights the importance
of this trait for coding and functioning in CA1 and mEC, supporting the findings in section
3.4.
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Figure 4.5: Distribution of characteristic timescales and goal-related remapping.

A - correlation between the excess kurtosis of the distribution of 7 and goal-related remapping
in mEC during Post-Sleep (R = 0.591, CI = [0.177,0.957]), B - correlation between the excess
kurtosis of the distribution of 7 and goal-related remapping in CA1 during learning (R = 0.773, CI =
[0.478,0.952]), C - excess kurtosis of the distribution of 7 (p < 0.01 during learning in both CAl
and mEC, p < 0.05 during Post-Sleep in CA1, p > 0.1 in mEC during Post-Sleep, 1-sample t-test),
D - non-significant correlation between the excess kurtosis of the distribution of 7 and goal-related
remapping in mEC during learning (R = 0.438, C'I = [—0.194,0.868]), E - non-significant correlation
between the excess kurtosis of the distribution of 7 and goal-related remapping in CA1 during Post-
Sleep (R = —0.121, CI = [—0.659, 0.427])

4.5 Discussion

| started this chapter by showing state-dependent changes in functional heterogeneity among
CAl and mEC cells. This was reflected in the shift of the distribution of characteristic
timescales of cells from bimodal during learning to unimodal during sleep/rest. Since, in
addition to brain state, these changes may be a consequence of different operating regimes
during the two phases of the task, | next investigated the coding dynamics of CA1 and mEC.

| assessed the different dynamics of the encoding between CA1 and mEC through goal-related
remapping. During learning, CA1 pyramidal cells reorganized their preferred firing fields and
shifted towards goals, concurrently with improved learning performance. In contrast, the firing
of the pyramidal cells of mEC remained relatively stable during learning and was not modulated
by the goals. The Post-Probe revealed a different remapping dynamics that occurred during
sleep/rest that follows learning: the preferred firing fields of mEC cells shifted closer to the
goals (Boccara et al. 2019). On the other hand, CA1 pyramidal cells maintained a goal-related
firing similar to that at the end of learning. These observations indicate the online acquisition
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of spatial representation in the hippocampus CA1, and offline coding adaptation in mEC.
As such, this result supports two-stage memory theories, stating that long-term memory
formation involves hippocampal-cortical representation transfer (Marr 1971; G. Buzsaki 1989;
Larry R Squire and Alvarez 1995; Frankland and Bontempi 2005; Larry R. Squire et al. 2015;
Diekelmann and Born 2010; Klinzing, Niethard, and Born 2019).

Furthermore, | explored reactivation as a potential mechanism responsible for memory transfer.
During post-learning sleep/rest, CA1 and mEC reactivated synchronously during SWRs, and
this reactivation predicted memory retention levels. This finding underlies the crucial role of
the CA1-mEC dialog in spatial memory consolidation, providing additional evidence for the
significance of SWR-related reactivation (Buzsaki et al. 1992; Gyérgy Buzsaki 2015; Klinzing,
Niethard, and Born 2019; Girardeau and Lopes-dos-Santos 2021).

In addition, similar to J. O'Neill et al. 2017, | identified high synchrony periods in mEC where
reactivation functions independently of the hippocampus. | observed that independent mEC
reactivation during sleep/rest after learning also correlated with enhanced memory retention
on Post-Probe. This novel finding suggests that the mEC network autonomously contributes
to memory consolidation and that mEC function extends beyond merely relaying spatial
information to the hippocampus.

| also examined interactions between the two reactivation pathways and how they support
memory transfer from CA1 to mEC. At the onset of sleep/rest, SWR-related mEC reactivation
primarily drove goal-related remapping in mEC. By the end of this period, independent mEC
reactivation outweighed SWR-related reactivation in importance. The finding suggests that the
mEC gradually acquires goal-related information with support from both the hippocampus and
the local circuit. Early in the consolidation phase, novel goal-related coding is sourced from
the hippocampus until the local mEC circuits restructure sufficiently and start to independently
reactivate newly acquired representations. Independent mEC reactivation, may be part of a
broad process that spans multiple regions of the brain, and may be supported by local cortical
recurrent circuits (Zutshi et al. 2018; Zheng et al. 2024; Douglas, Koch, et al. 1995; Douglas
and Martin 2007; Shin et al. 2025) in a manner similar to recurrent pattern completion in the
neocortex (Peron et al. 2020; Shin et al. 2025) and pattern separation (Zheng et al. 2024).

The scaling of hippocampal activity variance, as detailed in Chapter 3, may directly affect
the process discussed above. This is because the scaling exponent o might be related to the
stability of hippocampal representations (Section 3.5). Additionally, stable CA1 representations
during initial consolidation likely benefit the transfer of goal-related information from CA1 to
mEC. With a 30-minute sleep/rest session in this data set, these results do not conflict with
the CAL representation drift seen over longer periods (Bollmann et al. 2025). Two plausible
explanations are: goal-related hippocampal information endures despite drift, or hippocampal
offline reorganization occurs after the initial memory consolidation phase. Confirming exact
details requires in vivo manipulation of both synchronized CA1-mEC and independent mEC
reactivation.

Finally, I demonstrated how functional heterogeneity, reflected through evolving distribution of
characteristic cell timescales, was related to goal-related remapping in both CA1 and mEC.
For the former, the propensity for slow/fast decaying cells was correlated with goal-related
remapping during learning. For the latter, the excess kurtosis of the distribution of characteristic
timescales correlated with goal-related remapping during Post-Sleep. This suggests that to
acquire new representations, both networks could benefit from shared global traits, indicating
that the distribution of the characteristic cell timescale might be viewed as a (incomplete)
network configuration.
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The qualitatively similar relationship between functional heterogeneity and goal-related remap-
ping in CA1 and mEC suggests that, for the brain region forming new representations, learning
and consolidation might not be fundamentally different. When the hippocampus, during the
learning session of the task, reorganizes its code relative to the target locations, it does so
by integrating input and reward signals from other areas of the brain and performing online
reactivation (Jadhav et al. 2012). As mEC serves as one of the major inputs to hippocampal
formation, potentially providing an internal metric for space (Edvard I. Moser and M.-B. Moser
2008), rapid alterations in its code during online states would likely be detrimental to the
hippocampus, and hence, the mEC code remains mostly stable during learning and adapts
during sleep/rest. This adaptation occurs in a way similar to the online adaptation in the
hippocampus. In sleep/rest after learning, mEC acquires goal-related information by processing
hippocampal inputs during SWRs, and by performing autonomous reactivation. In this view,
the hippocampus might function as a student during learning and as a teacher during sleep/rest,
as reflected in the different dynamics with respect to criticality (Chapter 2). At the same time,
mEC can be viewed as a guiding post during learning and as a student during sleep/rest.
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CHAPTER

Conclusion and outlook

In my thesis, | investigated the process of memory storage and consolidation between the
hippocampus and other cortical areas. However, | approached this topic from the point of
view of brain dynamics in relation to criticality, while in the process relating my main results
to functional heterogeneity with CA1 and mEC. Here, | summarize a few novel insights and
open questions that resulted from this research project.

5.1 Summary of results

In Chapter 2, | employed methodologies informed by the principles of statistical physics to
investigate the dynamics of the hippocampus. For the analysis, | used an existing dataset
(Bollmann et al. 2025) consisting of very long extracellular recordings from rat dorsal CAl
during both sleep and awake state. To begin with, | took the "avalanche criticality" approach,
detected neuronal avalanches (Beggs and Plenz 2003; Beggs and Plenz 2004) and studied
their properties in awake and sleep/rest. The most interesting results of the avalanche analysis
can be summarized in two measures, the estimated distance to criticality (DCC, Ma et
al. 2019) and the exponent 3 (Marshall et al. 2016; Friedman et al. 2012) that optimally
collapses the avalanche shapes. During wakefulness DCC' was higher than during sleep/rest,
indicating a dynamics that is further from criticality, similarly to the recent report from
the neocortex (Xu et al. 2024). The exponent ¥ was also higher during the awake state
compared to sleep/rest, revealing differences in the evolution and propagation of activity in
these two states. Next, | assessed the criticality by analyzing coarse-grained activity within the
framework of the Phenomenological Renormalization Group (Meshulam et al. 2019). This
allowed me to observe hippocampal activity from different scales and to identify scale-free
features of hippocampal activity. Here, also, two values were particularly interesting: the
scaling exponent of activity variance o and the scaling exponent of autocorrelation time z. The
scaling exponent « was higher during sleep/rest than during awake, indicating different scaling
dynamics between these two states and conceptually aligned with the differences observed in
avalanche criticality. The scaling exponent z correlated during sleep/rest with the exponent
Y. indicating the intimate relation between the propagation of activity in the network and
the scaling of characteristic timescales. These results confirm the existence of signatures of
dynamics similar to criticality and the dependence of these signatures on the state of the brain.
Brain state-dependent differences in critical dynamics may reflect functionally different roles
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assumed by the hippocampus during wakefulness and sleep/rest and provide the foundation
for the next chapter of the thesis.

In Chapter 3, | continued the work on criticality and investigated the relationship between
the scaling of hippocampal activity and memory performance. | used the Phenomenological
Renormalization Group (Meshulam et al. 2019) method as in the Section 2.2. The results
revealed that of the four scaling exponents that | analyzed, spatial memory performance was
predicted only by «, the scaling exponent of activity variance (Morales, Santo, and Mufioz
2023). It predicted performance in two ways: first, & measured during the sleep/rest session
after learning correlated with memory retention during the unrewarded testing session, second,
« measured in the sleep/rest phase that preceded learning correlated with learning speed.
Moreover, in sleep after learning, | conducted a reactivation analysis and demonstrated that
the exponent « predicts performance even when reactivation frequency is taken into account.
This finding established the importance of variance scaling for memory consolidation and
confirmed that it provides a functionally meaningful perspective when analyzing the activity
of the hippocampus. Next, | analyzed the diversity of functional properties of neurons in the
hippocampus CAL. For each cell, | estimated the characteristic timescale, based on the cell's
autocorrelation function. For pyramidal cells, | measured their burstiness as a fraction of inter
spike intervals shorter than 6ms. When | analyzed the distributions of these features within the
CA1 population, | observed significant day-to-day variability. Then | observed that the scaling
exponent o was correlated with kurtosis and dispersion of these distributions, showing that the
scaling of activity variance is related to the functional diversity of the underlying population
of cells. Interestingly, these measures also predicted memory retention, demonstrating the
importance of functional heterogeneity for the functioning of the hippocampus and brain-
wide memory consolidation. The finding that the diversity of cell burstiness is related to
memory retention may reflect the importance of synaptic plasticity. The correlation between
timescale distributions and memory performance is an experimental confirmation of the idea
that timescale diversity among computational units determines learning performance learning
and memory (Perez-Nieves et al. 2021; Kurikawa 2025), and agrees with previous studies
linking this property to working memory (Wasmuht et al. 2018; Sean E Cavanagh et al.
2016; Sean E. Cavanagh, Hunt, and Kennerley 2020). The distributions of burstiness and
characteristic timescales can be interpreted as a "network configuration" assumed by the CAl
while performing specific behavioral functions.

In Chapter 4, | investigated the memory acquisition and consolidation process by analyzing
activity in the hippocampus CA1 and the median entorhinal cortex (mEC) during the learning
phase and during sleep/rest that followed learning. During learning, the hippocampus cells
shift their firing field towards the goals and this shift is correlated with learning performance.
At the same time, the spatial tuning of the mEC cells remained mostly stable. Yet, mEC cells
also exhibit a shift towards goals (Boccara et al. 2019; Butler, Hardcastle, and Giocomo 2019),
however, this shift in mEC occurred during sleep/rest that followed learning. This observation
indicated that the hippocampus acquires novel task-relevant information during the behavioral
phase, while mEC acquires similar information offline after learning. Since sleep/rest after
learning is important for memory consolidation (Klinzing, Niethard, and Born 2019), primarily
through reactivation, | next investigated this process. During sharp wave-ripples (SWR),
in both CA1 and mEC, | observed reactivation of the goal zones. The rate of reactivation
of each goal correlated with the memory retention of that particular goal, measured as the
number of crossings of the goal zone. During SWRs that reactivated in mEC, the coupling
between mEC and CA1 was significant and stronger than during SWRs that reactivated only
in CA1l. Next, | found mEC reactivation independent of CA1, during high-synchrony events
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in mEC that did not co-occur with hippocampal SWRs. The rate of this reactivation also
correlated with memory retention. Then | investigated how mEC reactivation contributes to
goal-related remapping, which, in mEC, occurs during sleep after learning. | observed that
at the beginning of sleep/rest, SWR-associated reactivation drove goal-related remapping,
while at the end of sleep independent reactivation in mEC contributed more. These findings
suggest that at the beginning of a consolidation period, CA1l leads the memory transfer to
mEC until, after a certain amount of time, mEC acquires enough new information and starts to
reactivate independently. All of the results so far suggest that, in spatial navigation tasks, the
functional responsibilities of CA1 and mEC change between learning and sleep/rest. During
learning, mEC provides robust navigational code, while CA1 performs rapid acquisition of
task-related variables, possibly as a result of reward-related signaling. Afterwards, during
sleep/rest after learning, with it already encoded representations, CA1 serves as a source of
task-related information that is transferred to mEC. With this in mind, | once again analyzed
the "network configuration", expressed through the functional properties of CA1 and mEC cells.
During learning, the variability of the distribution of cell timescales in CA1 correlated with
the goal-related remapping in CAl. In mEC, | observed the same type of correlation during
sleep after learning. These two observations suggest that, for the brain region that acquires
new information, learning and consolidation might not be conceptually different processes.
Both processes involve the formation of representations that represent entities relevant for the
underlying task, which in both cases benefits from increased functional heterogeneity among
cells.

5.2 Open questions

The results from all chapters jointly expanded our understanding of criticality dynamics and
memory consolidation, but also opened several novel questions with potential for new research
projects. Few of these questions are specific and meant to expand and round up the currently
presented results, but there are also common larger themes that can be investigated more
broadly.

To discuss more specific open questions, | start with the results reported in Chapter 2.
According to my results, during sleep/rest, the hippocampus operates close to the critical
point; however, sleep is a brain state with diverse dynamics and it is likely that sleep stages
have different dynamics in relation to criticality. Therefore, in terms of criticality, it is worth
to compare REM and slow-wave sleep (SWS), as they are very different in terms of associated
brain activity and primary functions (Klinzing, Niethard, and Born 2019). Furthermore, this
line of analysis can help to better understand the coexistence of avalanches and oscillations.
Oscillatory activity during REM is dominated by theta rhythm, while during slow-wave sleep
is dominated by slow oscillations and delta. At the same time, there is a computational
framework (Lombardi, Pepi¢, et al. 2023) that binds oscillations and avalanches using an Ising
model with added external negative feedback. Models similar to those may help investigate
computational motifs necessary to reproduce avalanches and oscillations of the hippocampus
during sleep, while producing alternating periods of REM and SWS. This type of analysis
has the potential to deepen our understanding of the interplay of endogenous and exogenous
factors that guide activity in the hippocampus. From the functional side, REM and SWS
have opposing roles in representation drift (Bollmann et al. 2025) and are involved in synaptic
scaling (Puentes-Mestril and Aton 2017; Klinzing, Niethard, and Born 2019). Thus, analyzing
scale-free activity in the sleep stages can provide novel links between self-organized criticality
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and synaptic properties of neural networks (A. Levina, J. M. Herrmann, and T. Geisel 2007;
Anna Levina, J. Michael Herrmann, and Theo Geisel 2009).

Next, the differences in activity propagation between wakefulness and sleep/rest, as evident
through the different values of the exponent X and different avalanche shapes (which must
be quantified), are interesting on its own for further investigation. Although this may be
a consequence of (lack of) locomotion, it may reflect different operational modes of the
hippocampus. To support the latter, the correlation between the exponent ¥ that optimally
collapses the avalanche shapes and the scaling exponent z was observed only during sleep/rest
and not during wakefulness. This might indicate differences in the underlying dynamics that are
intimately related to the operating timescales of the hippocampal population. In addition, the
activity of inhibitory interneurons should be investigated as they have a role in the regulation of
network activity and it is known that their manipulation can be used to tune the network away
from criticality (Shew, Yang, Yu, et al. 2011; J. Li and Shew 2020). | have some preliminary
data with optogenetic manipulation of interneurons which, in the future, | may use to analyze
how interneurons regulate the propagation of network activity across different scales.

Predicting memory retention, as reported in Chapter 3, is interesting because the scaling
of activity variance and functional heterogeneity among cells are quantities that do not
consider cells' spatial tuning. Thus, they represent a coding-agnostic snapshot of hippocampal
activity that reflects internal operational regimes and can be understood as a sort of network
configuration. However, thinking of a network configuration only in terms of individual cell
properties is incomplete, as it does not consider the interaction between cells, which shape
collective neural activity (Schneidman et al. 2006). Consequently, to dive deeper into this
line of reasoning, it is essential to examine interactions between cells with variable functional
characteristics, and especially between interneurons and pyramidal cells. The simplest way is
to start from a pairwise correlation matrix and observe if the correlation between cells depends
on the properties of each participating pair. Observing changes in network configuration,
from the session before to the session of the acquisition of novel representations, can provide
additional insights into this domain. Ultimately, an analysis in the described direction can
provide additional insight into the properties of the network that are desirable for different
functional roles that brain areas can assume (Panzeri et al. 2022). Furthermore, relating this
type of analysis to spatial tuning of individual cells can give us a unique peak at cell assemblies
and expand our understanding of them.

Looking at the coding properties of hippocampal cells is the next natural step in analyzing
the functional benefits of activity scaling. | have speculated that the scaling exponent v may
reflect the stability and discriminability of the hippocampus assemblies. This would mean
that particular values of o are more beneficial for downstream areas that have to "acquire"
memories from the hippocampus. Thus, | intend to try and relate o to the place coding
properties of hippocampal cells, as well as to the coding specificity and discriminability of
cell assemblies. Moreover, since lower values of « during sleep/rest after learning lead to
better memory retention, and lower « implies weaker correlation between cells, & may be
related to orthogonality in hippocampal representations (Malvache et al. 2016). In general,
this line of investigation can lead to a better understanding of coding related to the scaling of
hippocampal activity and potentially provide a connection between criticality and the efficient
coding hypothesis (Denéve and Machens 2016; Safavi et al. 2024).

Next, o correlates with functional heterogeneity measures and predicts memory retention
even when controlled for functional heterogeneity. This opens the question whether scale-free
activity is a principle that enables networks to develop the observed structure (Hesse and Gross
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2014). Thus, investigating how to reproduce scale-free activity (e.g., particular values of the
exponent «) using modern modeling approaches, such as simulation-based inference (Cranmer,
Brehmer, and Louppe 2020), can help us better understand the connections between scaling
and functional heterogeneity among the cell population. Complementarily, similar methodology
of investigation can provide an insight into the benefits of scaling for reaching a particular
attractor state (e.g. whether a particular scaling regime leads to faster convergence), thereby
linking criticality to theoretical models of memory, while being based on experimental data.

The results in Section 4.3 suggest that the memory transfer between CA1 and mEC is a process
that, at its initial stage, depends on the hippocampus and that after mEC acquires novel
representation "well enough" it takes over the reactivation process. Experimental manipulation
during reactivation periods is necessary to confirm the implied causalities of these results.
The first step would be to optogenetically inhibit reactivation during SWRs in CA1 and mEC
separately and observe the effects on mEC goal-related remapping and memory retention. The
expectations are that the disruption of CA1 would impair both synchronous and independent
reactivation in mEC, and consequently the goal-related remapping of mEC cells. Similarly,
disrupting mEC reactivation during SWRs is expected to impair hippocampus-independent
mEC reactivation along with goal-related remapping. Disruption of SWR-related reactivation
in both areas should affect memory retention (demonstrated for CA1l (Girardeau, Benchenane,
et al. 2009; Ego-Stengel and M. A. Wilson 2009; Gridchyn et al. 2020), but not for mEC).
On the other hand, it is not straightforward to formulate the exact expectation from the
disruption of independent reactivation in mEC. There are several possible effects that have
to be analyzed, ranging from (possibly) partial disturbance of goal-related coding in mEC to
unclear consequences on memory retention.

The next open question that arises from the results in Chapter 4 is related to the organization
of memory transfer. This question has a few important aspects. First, what is the amount of
synchronous reactivation that is necessary for the appearance of independent reactivation in
mEC? This is something for which SWR disruption can provide insight and can be further
investigated with careful modeling. Next, since mEC reactivates only in a fraction of all SWRs,
how does it "decide" when and what to reactivate? Do roles assumed by each cell depend on
the cell's characteristic timescale? Since there are inhibitory projections between mEC and
CALl, do interneurons play a role in the process of memory consolidation? Maybe they serve
as "a gate" and help decide the content of synchronous reactivation in mEC?

Notably, in Chapter 4, | investigated the effects of reactivation on memory consolidation on a
relatively short timescale only. The mechanism and importance of this process over multiple
days or weeks are not understood and require novel studies with a longer recordings spanning
several days or weeks.

5.3 Broad research themes

Finally, there are common and broad themes that emerged from my research that | find
interesting enough for future work. Scale-free activity has been observed across species and
brain areas (Morales, Santo, and Mufioz 2023; Munn et al. 2024). Similarly, cells across brain
regions exhibit a wide range of genetic (Yao et al. 2021), anatomical (Soltesz and Losonczy
2018; Cembrowski and Spruston 2019), and functional (Wasmuht et al. 2018; Perez-Nieves
et al. 2021; Mainali, Azeredo da Silveira, and Burak 2025; Cohen and Drugowitsch n.d.)
heterogeneity. All of these areas of the brain have distinct functional characteristics and
perform a variety of functions. Therefore, a few broad questions emerge. What are possible
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functions and computations that can be performed by scale-free heterogeneous networks?
What local principles enable the emergence of specific information processing capabilities in
such networks? How can these properties be utilized when dealing with brain disorders or when
developing artificial information processing systems? One way to investigate these is to decide
on a brain region and observe its configuration and activity under multiple conditions in which
the chosen brain region exhibits different physiological or functional characteristics. Analyzing
developmental stages, characterized by complex neuron migration and specialization processes,
provides snapshots of different circuit architectures, each exhibiting its own patterns of neural
activity. To do this, lineage tracing techniques (Chen, Liao, and Peng 2022) can be used to
attach calcium or voltage indicators to cells belonging to specific groups. This would allow
in vivo functional imaging of their activity, in different stages of development and behavioral
conditions. Furthermore, a genetic perturbation of the network can be achieved by basing
the same framework on methods that allow simultaneous labeling and gene knockout (Zong
et al. 2005). An approach like this would allow functional imaging of a network in different
architectural conditions, each condition with its own functional characteristics. Afterward,
methods from network science (Peel, Peixoto, and De Domenico 2022; Barabasi et al. 2023;
Srivastava et al. 2022) and large scale modeling (Cranmer, Brehmer, and Louppe 2020) can
be used to connect the functional configuration of brain circuits to their operation. This type
of research can expand our understanding of the computations that are possible in complex
networks and the principles that enable them. This knowledge can then be used in dealing
with brain disorders, or transferred to non-biological systems, such as brain implants or novel
machine learning techniques.
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Figure S.1: PRG exponents for different duration of temporal bins.
A - in wakefulness, B - in sleep/rest. Boxes span from the first quartile to the third quartile, the
median is marked by a line inside the box, Ji'ge whiskers correspond to the box' edges £+ 1.5 times
the interquartile range.
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Figure S.2: Memory retention performance.

A - example trajectories on Post-Probe, red circles denote goal zones, green dots denote randomly
sampled goal locations. B - example trajectories on Pre-Probe, red circles denote goal zones, green
dots denote randomly sampled goal locations. C - correlation between time around goals and
normalized time around goals (R = 0.846, CI = [0.7,0.936] D - normalized time around goals
during Post-Probe vs during Pre-Probe, diagonal line is identitiy, colors correspond to different
experimenters (details in Table 1.1.
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Figure S.3: PRG scaling exponents.
Scaling exponents in the Phenomenological Renormalization Group, in Pre-Sleep and Post-Sleep.
Colors correspond to different recording days.

A B
Post-Sleep Pre-Sleep Post-Sleep 1
Inh./Exc. R=0.079 | Inh./Exc. R=0.217 - R=0.139
Net. synchrony R=0.237 | Net. synchrony; R =-0.357 | R=-0.284 0.5
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0
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Firing Rate R=0.024 - Firing Rate R=0.134 - R=0.17
[0 Normalized time around goals -
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Figure S.4: Scaling of activity variance and network activity measures.
A - correlation coefficients between « and statistics of network activity, no correlations were
significant, A - correlation coefficients between statistics of network activity and memory retention,
no correlations were significant.
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Figure S.5: Scaling of activity variance does not correlate with reactivation quality.
non-significant correlation between o and PV-SWR reactivation quality (R = —0.132, CI =
[—0.641,0.36]).
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Figure S.6: Scaling of activity variance vs median burstiness.
A - « versus median burstiness of pyramidal cells (R = —0.401, CI = [-0.737,0.02]), B
- median burstiness of pyramidal cells versus normalized time around goals (Post-Probe: R =
0.51CI = [-0.076,0.869], Pre-Probe: R = —0.235CI = [—0.769,0.381]).
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Figure S.7: Goal-related remapping.

A - goal-related remapping score in CA1 during learning and from Pre-Probe to Post-Probe on
data subsampled using "across" strategy (p = 0.0779, Wilcoxon signed-rank test, details in Methods),
B - goal-related remapping score in mEC during learning and from Pre-Probe to Post-Probe on data
subsampled using "across" strategy (p < 0.01, Wilcoxon signed-rank test, details in Methods) C -
goal-related remapping in CA1l: between the beginning to end of learning ("During learning"), from
the beginning of learning to maximum during learning, and from Pre-Probe to Post-Probe (p > 0.1,
Wilcoxon signed-rank test), D - goal-related remapping in mEC: goal-related remapping between the
beginning to end of learning ("During learning"), from the beginning of learning to maximum during
learning, and from Pre-Probe to Post-Probe (p > 0.1, Wilcoxon signed-rank test), E - non-significant
correlation between goal remapping score and normalized number of crossings, during Post-Probe
(R = 0.488, CI = [—0.309,0.939] for CAl, R = 0.408, CI = [—0.318,0.825]), F - normalized
number of crossings in Post-Probe and in Pre-Probe (p < 0.001, Wilcoxon signed-rank test).
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Figure S.8: Reactivation and functional heterogeneity in CA1 and mEC.
A - non-significant rank correlation between CALl reactivation rate during SWRs on Pre-Sleep

and normalized number of goal crossings on Post-Probe (R = —0.142, CI = [—0.567,0.318]),
B - non-significant rank correlation between mEC reactivation rate during SWRs on Pre-Sleep
and normalized number of goal crossings on Post-Probe (R = 0.06, CI = [-0.41,0.518]), C -

non-significant rank correlation between mEC reactivation rate during independent HSEs on Pre-Sleep
and normalized number of goal crossings on Post-Probe (R = 0.299,CI = [-0.217,0.709]), D -
SWR-mEC coupling score in Pre-Sleep during SWRs in which CA1 reactivated (left, purple) and
during SWRs in which (mEC reactivated (right, green) (p > 0.1, Fisher transformation and t-test),
E - CDF of cross-validated prediction score of a model whose input is firing rate increase during a
period between two reactivation events, trained on the beginning of Post-Sleep (left) and the end of
Post-Sleep, F - non-significant correlation between the excess kurtosis of the distribution of 7 during
Pre-Sleep and goal-related remapping in mEC during Post-Sleep (R = 0.419, C'I = [—0.315,0.915]),
G - non-significant correlation between the excess kurtosis of the distribution of 7 during Pre-Sleep
and goal-related remapping in CAL during Post-Sleep (R = 0.079, C'I = [-0.555,0.686]),
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