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ABSTRACT OF THE DISSERTATION

Hippocampal Representations of Sequences of Events: Temporal Coding and
(Nonspatial) Sequence Replay in Hippocampal Ensembles

by
Mansi Pravin Saraf
Doctor of Philosophy in Biological Sciences
University of California, Irvine, 2024

Associate Professor Norbert Fortin, Chair

The ability to temporally organize our memories is critical to daily life function and
impaired in several cognitive disorders. Considerable research shows that this fundamental
capacity is conserved across modalities and species, and that it critically depends on the

hippocampus. However, it remains unclear #ow the hippocampus supports this capacity.

Accumulating evidence from rodent electrophysiology points to two main coding
properties as potential neural mechanisms. First, ensemble activity exhibits sequential firing fields
(or “time cell” activity) during individual stimuli or intervals. Although this form of temporal
coding has been shown to provide significant temporal information during such task events, a
direct link with the ability to remember sequences of events has yet to be established. Second,
hippocampus ensemble activity has also been shown to represent sequences of spatial locations,
which can be reactivated during “offline” moments such as during sharp-wave ripple events.
However, it remains to be determined whether this form of sequence coding extends to nonspatial
information and thus reflects a fundamental process supporting the memory for event sequences.

To address these critical issues, I analyzed existing datasets in which CA1 neural activity was

ix



recorded in rats performing a nonspatial sequence memory task, a task previously shown to have

strong behavioral parallels in rats and humans and to engage comparable circuits across species.

The central aim of this thesis was to investigate temporal and sequence coding properties
in hippocampus and determine their respective contributions to order memory judgments. To do
so, I took advantage of this rich behavioral paradigm and applied advanced statistical tools
designed to quantify these coding properties during specific task events and intervals in between
them. The background and significance of my research are described in Chapter 1, my specific
research aims (outlined below) are described in Chapters 2-4, and a general discussion of our

findings and their implications is included in Chapter 5.

Aim 1: Determine if CA1 ensemble activity provides a temporal signal that carries event
specific information and bridges across event sequences (Chapter 2). Specifically, I examined
whether the temporal coding is stimulus-specific and important for correct order decisions,
captures sequential relationships among stimuli through a lag effect, and bridges across sequences
of stimuli. To do so, I applied a Bayesian model to quantify the temporal information contained in
the hippocampal ensemble activity during discrete task events as well as across sequences of

events.

Aim 2: Build statistical framework to quantify sequence replay of discrete nonspatial states
during offline periods of our sequence memory task (Chapter 3). I developed a statistical
framework to overcome the shortcomings of earlier models which are primarily designed to
quantify the replay of continuous spatial states. Specifically, my objective was to build a
framework which can detect the replay of odor sequences and determine if their content and
direction conform to our predictions. To do so, I adapted the "sequenceness metric" from a

human MEG study and expanded it to identify the precise order in which odors are replayed

X



within replay moments and make it suitable to the electrophysiological data from our sequence

memory experiment.

Aim 3: Determine if nonspatial event sequences are reactivated during hippocampal replay
moments and if the direction and content of the replay reflects trial-specific demands and
behavior (Chapter 4). I investigated whether replay mainly reflects sequences of discrete events
reflecting task critical associations and if its content and direction vary based on the interval type
(temporal location in the sequence). Specifically, I tested whether replay is primarily in forward
direction, involving upcoming odor sequences during rest within sequence presentation, and in
reverse direction, involving odor sequences leading to sequence completion during rest at the

sequence's end. To do so, I utilized the framework from chapter 3.
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CHAPTER 1: BACKGROUND AND SIGNIFICANCE

In this chapter, I summarize the scientific literature relevant to my work. First, I describe
the anatomy of the hippocampus to provide context for the literature. Then, I review other
relevant work, including the temporal organization of memories, time cell activity, the temporal
context model, and hippocampal replay. I conclude the chapter by highlighting the significance

of my research.

1.1. ANATOMY OF THE HIPPOCAMPUS

Episodic memory which is the capacity to recall specific personal experiences detailing
what happened, when, and where, involves a broad network of brain regions. This includes
neocortical association areas and components of the medial temporal lobe (MTL) system which
are the hippocampus as well as the adjacent entorhinal cortex, perirhinal cortex (PER) and
postrhinal cortex (parahippocampal cortex in primates). The anatomical structure of the primary
pathways that facilitate interactions between the neocortex and medial temporal regions, as well
as the internal organization of the medial temporal areas is mainly preserved across mammalian

species (98-99,101-102).

The structure of this system is characterized by projections from nearly all neocortical
association areas converging onto the parahippocampal cortical areas adjacent to the
hippocampus. These, in turn, project onto each subdivision within the hippocampus. Importantly,
the information about the “what”, “where”, or “when” of individual events is not integrated into

a single representation before reaching the hippocampus, suggesting that the role and anatomy of

the hippocampus is crucial for episodic memory formation (3).



Briefly, the hippocampus, located in the brain's medial temporal lobe, plays a vital role in
memory formation, particularly in encoding and retrieving sequences. Its complex structure is
essential to its function, comprising of three main areas: the cornu ammonis (CA regions), the
dentate gyrus, and the subiculum, each contributing uniquely to information flow and processing
(3,100). The CA regions are further divided into CA1, CA2, CA3, and CA4, each with specific
neurons and pathways. The hippocampus primarily follows the trisynaptic circuit, beginning
with the entorhinal cortex, progressing to the dentate gyrus, then to CA3 and CA1, and finally
reaching the subiculum. Specifically, major inputs to the hippocampus originate from the
entorhinal cortex and progress to the dentate gyrus, which is the initial stage of the trisynaptics
circuits, and is also essential to processing new information and for pattern separation to
differential similar memories. Dentate gyrus projects to CA3 through mossy fiber connections.
CA3 projects to itself, through recurrent connections, as well as to CA1, through the Schaffer
collaterals. The major outputs of the hippocampus originate from CA1 (also the focus of this
thesis) and the subiculum. The subiculum serves as bridge between hippocampus and other brain
regions, transmitting information from CA1 to various areas, including the entorhinal cortex,

thus facilitating the broader distribution of processed memory information.
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Fig 1.1. | Anatomy of the hippocampus. (a) Parallel streams of processing through the
hippocampus showing pathways through which it integrates information about what, when and
where of events. Image from Knierim et al. (149). (b) Input and output pathways of hippocampal
formation. Entorhinal cortex (EC) is the main input to the hippocampus. EC projects to the
dentate gyrus (DG) via perforant fiber pathway and provides the critical input to CA3 via mossy
fiber pathway, then to CA1 by means of the Schaffer collateral pathway. Additionally, EC can
also project directly to CA3, CA1 and subiculum (Sub). EC is the major output of the
hippocampus. Image from Zhang et al. (150).

1.2. TEMPORAL ORGANIZATION OF MEMORY

The temporal organization of memories is a fundamental aspect of episodic memory,
enabling us to arrange events in a sequential order, and recall the flow of time within our
experiences (3, 20). This organization is closely related to the memory of what-when, where the
brain encodes not only the specifics of an event (the "what") but also its temporal context (the
"when"). An illustrative example of this is how an individual might remember a typical day:
waking up, having breakfast, and then proceeding to work, with each event not just recalled for
its sensory details but also positioned within a specific timeline. This capacity is critical to many
cognitive functions, including our ability to remember the order of daily life events, plan
sequences of actions to reach specific goals, and importantly, is impacted in various clinical

scenarios (13-14).



Accumulating research from rodents and humans, suggests this capacity is shared across
species (46), and that the hippocampus plays a critical role in supporting it (3, 15, 28, 48, 68).
The evidence for this mainly comes from lesion studies in rodents and fMRI studies in humans.
Specifically, in sequence memory paradigms, rats with hippocampal damage displayed normal
memory for individual items but failed to recall the temporal relationships among events (15-16),
suggesting hippocampus role in forming these what-when associations. In line with this,
functional neuroimaging studies further confirm the hippocampus's significant involvement in
humans during similar tasks (24, 53-54).

There has also been research to get insights into the neural mechanisms with which the
hippocampus might support this ability. Importantly, previous research emphasizes the
hippocampus's ability to generate sequences as vital for supporting this memory function (55-
59). This is demonstrated by electrophysiological evidence suggesting that the hippocampus
provides an internal representation of elapsed time, with individual neurons exhibiting robust
timing signals during stimulus-free intervals, known as "time cells" (27, 28, 54), and during the
presentation of event sequences (10). Moreover, the pattern of activity in hippocampal ensembles
changes over time, a form of population coding that could act as a timing signal (63-64). Another
line of evidence comes from sequential reactivation of hippocampal neurons corresponding to
goal relevant experiences during moments of rest (38, 40-41), suggesting a sequence coding

mechanism which might extend to memory of events in a sequence.

1.3. TIME CELLS
Growing evidence show presence of ‘time cells’ or “sequential firing fields” in the

hippocampus. Time cells are neurons primarily found in the hippocampus or the entorhinal



cortex, that are active at specific moments in time within a temporally structured experience
(10,28,71), like hippocampal “place cells” that fire when the animal is at specific location in a
spatially defined environment (72-73). Time cells have been observed in different behavioral
paradigms, including tasks with and without explicit memory demands (75), and in experiments
in which animals are fixed in space (48,74). Importantly, the properties of these cells exhibit
remarkable consistency across studies (28, 74-75), indicating a conserved temporal coding

mechanism that records the elapsed time during discrete task events (28, 54, 75-76).

Strong evidence of temporal coding supported by time cells comes from studies where
hippocampal neurons are shown to encode time intervals in a memory task, even as the animal
stayed stationary. For instance, Pastalkova et al. (27) developed a variation of the T-maze task
where the animal remained on a wheel during a pause between maze runs. Even though the
animal was stationary (on the wheel), various CA1 cells activated at different times during this
interval. Building on this, MacDonald et al. (28) examined hippocampal firing patterns in a
nonspatial object-odor associative memory task. In this task, the animal was introduced to an
object and, after a delay, approached a digging cup to determine whether to dig for a food reward
based on the odor of the sand. They observed that CA1 time cells fired at distinct intervals during
the pause between the object and odor presentations. Importantly, the animal was stationary
during this time, indicating that the activity of time cells was not due to motion on a running
wheel. Consistent with this, various studies have reported time cell activity during discrete task
events including delay periods as well as stimulus presentations, suggesting their role in temporal

coding during behavior (46, 48, 54, 89-94).

Studies suggests that time cells not only carry information about the timing of events but

are also associated in successful learning. For example, studies found that the activity patterns of



hippocampal neurons during an odor-delayed matching-to-sample task were strongly correlated
during successful trials of the same odor but less so between incorrect trials (74). This suggests
that the overall activity of time cells is linked to the accurate learning and retention of sequences.
In line with this, another study using calcium imaging showed that after learning, the peak
activity of CA1 cells occurred at consistent times relative to tone onset, indicating that the

stability of time fields depends on learning (79).

While much research on temporal coding in the hippocampus has focused on rats, some
studies extended this work to non-human primates (10, 80) and humans (81). Specifically, a
study recorded hippocampal activity in non-human primates during a task requiring short-term
memory for the order of object pairs and showed that neurons fired at specific times during the
delay between objects like the “sequential firing field activity” or the time cell activity (10).
Importantly, research involving human patients with epilepsy also demonstrated that
hippocampal neurons fired at successive moments during sequence learning tasks. This occurred
both while subjects actively monitored a sequence and during empty gaps between events,
suggesting that time cells in humans also encode temporal information vital for sequence
memory (81). Collectively these evidence supports the idea that time cells play a role in
temporally organizing experiences, and importantly, this is a capacity conserved across species,

including humans.
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Fig 1.2. | Time cells in the hippocampus. Hippocampal neurons fire sequentially during the
delay period of an object-delay-odor sequence task. The normalized firing rate of each neuron is
shown in successive rows. Image from Eichenbaum et al. (148).

1.4. TEMPORAL CONTEXT MODEL

The Temporal Context Model (TCM) is a significant theoretical framework that explains
how the brain encodes and retrieves memories by linking them to specific temporal contexts
(82). This model posits that memories are organized based on their temporal proximity, and this
organization aids in the sequential retrieval of related events. TCM emphasizes the role of
context in forming associations between memories, suggesting that these associations are
strengthened by the similarity in their temporal contexts. Briefly, the TCM assumes that when an
event is encoded, it is associated with the current state of temporal context, which continuously
changes due to ongoing experiences. Upon retrieving a memory, the associated context is
reactivated, facilitating the recall of temporally adjacent memories.
The validity of TCM is supported by its ability to predict the temporal contiguity effect observed

in free recall tasks, where items presented closer in time are more likely to be recalled together



(83-85). For instance, Howard et al. (83) demonstrated TCM's ability to predict the temporal
contiguity effect in episodic memory using a free recall task where subjects were more likely to
recall items presented closer in time. Other studies demonstrated that the TCM can adjust the
internal representation of time to maintain a scale-invariant perspective (78, 86-87). This means
that TCM adapts the way time is represented in the brain, ensuring that the perception and
memory of time remain consistent, regardless of the actual duration or intervals between events.
This capability highlights TCM's robustness in modeling how our brains encode and recall
sequences of events over various temporal distances while preserving a coherent temporal
context. One possible way the TCM may be reflected in neural mechanisms is through the
sequential firing of time cells. Specifically, by representing sequential moments in time
involving gradually changing temporal context and reflecting the sequential relationship among
events, this activity could provide as a mechanism for the hippocampus to recall events based on
their temporal order, thereby supporting the TCM. These studies collectively support TCM as a
key framework in understanding how temporal context influences organization of events and

their retrieval.

1.5. HIPPOCAMPAL REPLAY

Hippocampal replay is a phenomenon where the hippocampus reactivates sequences of
neuronal activity corresponding to prior experiences or learned behaviors, during periods of
awake restfulness or sleep. This neurophysiological process is linked to many fundamental

cognitive processes including memory consolidation, planning, decision making, and adaptive

behaviors (103, 115-118, 132).



Numerous studies investigating hippocampal replay have concentrated on sharp-wave
ripple (SWR) associated replay (118). Briefly, SWRs are high-oscillation events, which happen
when sharp waves, which are large amplitude negative polarity deflections (40—100 ms) in the
CAL stratum radiatum, coincide with ripples, which are brief and fast oscillatory patterns in the
LFP of the CA1 pyramidal layer. This combination forms the SWR complex, which is observed
in the hippocampus of various species, including humans and rodents (104, 127-129). Bulk of
the research in this domain has revealed that neurons involved in SWR events are sequentially
replayed, mirroring goal-related spatial trajectories that were previously experienced during

behavior (41, 114, 127-128, 132).

Evidence linking hippocampal replay to cognitive processes comes mainly from spatial
studies that include periods of slow wave sleep or quiet wakefulness (i.e., rest periods during
behavior when the animals are not actively exploring; 105). Importantly, studies have shown that
electrical interruption of SWRs (112-113, 136) or blocking them (115), and presumably replay,
reduced the rate at which animals acquired a spatial memory task. Consistent with these findings,
other studies have also shown that the number of goal location reactivations during replay events
predicted performance, suggesting a role of replay in supporting task demands (110-111).
Importantly, many studies, such as those demonstrating the coupling between SWRs and cortical
up-states, support the theories that replay events facilitate stabilization and integration of
memories through transfer of information from hippocampus to other cerebral regions

predominantly the neocortex (118, 134-135).

Many studies have revealed distinct mechanisms within hippocampal replay and their
unique contributions to cognitive tasks. Initially, research focused on sleep-based reactivation,

particularly during slow-wave sleep, showing the replay of reward-relevant sequences in the



same order as initially experienced (known as forward replay; 132-133). This includes the replay
of sequences of locations on a spatial trajectory in their original temporal order. Later, this
phenomenon was also observed during brief periods of quiet wakefulness, which revealed further
insights into replay mechanisms (38, 105-106). Specifically, Foster and Wilson (109), followed
by others (103, 106, 115, 118), found that awake replay, while still compressing previous activity
temporally, did not always replay sequences in the forward direction. Specifically, awake replay
could also unfold in the reverse temporal sequence of the original behavior, as if the prior neural
activity patterns were being replayed backward. These studies provide clear evidence that replay
occurs in two directions during quiet wakefulness—forward and reverse—and only in the
forward direction during slow wave sleep, suggesting their distinct contributions in supporting

cognitive processes and supporting task demands (133-135).

Accumulating research investigating the role of replay content and its direction in
meeting task demands, found that the distribution of forward and reverse replay during task
events is distinct. Most of these studies involve rats in a spatial navigation task. Specifically,
many studies revealed that when rats are distant from their goal, replay was strongly biased to
encode spatial trajectories starting from the rat’s current location and ending at goal location (38,
107, 121, 137, 144). In line with this, studies have shown that rats' subsequent paths closely align
with the replay-encoded trajectories (105, 108, 122). Collectively these results suggest that
forward replay plays a role in planning and evaluating paths leading to goals and can simulate

trajectories leading to the goal and influence behavior.

On the other hand, reverse replay is more frequent when the environment or task is
unfamiliar to the animal, suggesting its role in learning, and forming mental maps of new

settings or tasks (103, 108, 111, 124-125). While more frequent in novel settings, reverse replay

10



is also observed during exploration of familiar tracks (119), indicating that it serves functions
beyond the initial formation of memory. Further research studies investigating reverse replay
draw insights into functions of reverse replay beyond its roles in new environments. Specifically,
studies show that reverse replay events are found after path traversal on reaching reward
location, suggesting their role in connecting behavior with its outcome (38, 109), and
consolidating reward-related memories (38, 41, 60, 111, 121-122). In line with this, studies have
found that the frequency of reverse replay increases with higher reward magnitudes, suggesting
that salience signals, such as dopamine release triggered by rewards or novelty, may initiate

replay expression and possibly influence its content (105, 116, 144).
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Fig 1.3. | Schematic of local replays in the forward and reverse direction. Place cells increase
their firing rates as a rat traverses the cells’ respective place fields on a linear track from left to
right (orange to purple). When the rat pauses, immobile, at the center of the track, a SWR occurs.
Place cell activity during the SWR recapitulates recent experience, firing in the same order
(forward) or reverse order on a compressed timescale. Image from Joo et al. (41).
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1.6. SIGNIFICANCE

1. The ability to remember temporal relationships among events is fundamental to our
daily life and one of the first capacities impaired in normal aging and cognitive disorders. It
is well established that the ability to temporally organize information is critical to perception,
cognition, and adaptive behavior across species (1-4). Memory for temporal relationships is also
an essential feature of episodic memory, as the memory for individual events includes
information about the order in which they occurred during an experience (3, 5-11). Deficits in
episodic memory, and in the memory for sequences of events specifically, can be detected in the
early stages of several clinical conditions, including age-associated memory loss, Alzheimer’s
disease and other dementias (13), and following radiotherapy treatment for brain cancer (14).
Despite the significance of this problem, the precise neural mechanisms underlying these
cognitive impairments remain unknown, a crucial knowledge gap impeding the development of

novel treatment platforms aimed at mitigating these adverse effects.

2. The hippocampus is critical to the temporal organization of memory, but its contribution
and underlying mechanisms remain elusive. While our understanding of how the brain
processes the spatial context of memories has advanced considerably, our understanding of their
temporal organization lags far behind. Rodent studies have demonstrated that the hippocampus is
necessary for temporal order memory, with corresponding findings observed in humans and
nonhuman primates (18-20). In addition, fMRI research has shown hippocampal activation
during encoding and retrieval of temporal information (21-24), and there is evidence that spatial
patterns of activity (across voxels) in the hippocampus carry information about order or

sequences (25-26). Although the involvement of this neural circuit is well established, very little

12



is known about its underlying neurobiological mechanisms to produce memory for sequences of
events. Thus, there is a clear need for recording neural activity while animals perform a rich
behavioral paradigm like ours, with precise measurements of the timing of stimuli and responses,

to be able to shed light on their respective information processing dynamics.

3. Time cell coding in hippocampus can provide a temporal signal during task events, but it
remains to be determined how this information supports the memory for temporal
relations among events. Time cells are neurons, first demonstrated in the hippocampus (27-28)
but now reported in other structures as well (29), that consistently fire at specific moments in
time during task events. This activity has been demonstrated during inter-stimulus intervals as
well as during stimuli presentations. While this form of activity has been shown to provide
significant temporal information within such task events, it is unclear how (or if) it underlies the
hippocampus’ fundamental role in temporally organizing experiences. Specifically, it has yet to
be determined whether this activity is linked to the ability to correctly identify the order of
events, carries information about the temporal relationships among events, and bridges across
individual events within a sequence. Our approach will be able to directly test these important

but unresolved questions.

4. Hippocampus activity can capture sequential relationships among spatial locations
during SWR-associated replay, but we do not know if this is a key coding property
extending to nonspatial information. Based on its unique neural architecture, several
prominent models have proposed that a fundamental function of the hippocampus is to code for

sequences of inputs or events (31-37). Consistent with this view, evidence from hippocampal
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recordings in rats exploring environments have revealed that hippocampal activity can reactivate
representations of previously traversed or upcoming sequences of locations in a time-compressed
way during SWRs (sequence replay) (38-41). However, it remains to be determined if this
coding property is limited to spatial information processing, or if it extends to nonspatial

memories and thus reflects a fundamental function of hippocampal circuits.

5. We need a new framework to test if hippocampal replay content extends beyond that of
spatial information. Current frameworks for testing hippocampal replay are primarily suited for
replaying continuous states like spatial locations (106, 138-141, 147). They also rely on the
assumption that the states being replayed are well-represented by neurons with selective firing,
like how place cells represent spatial locations (106). However, to investigate if replay extends to
non-spatial modalities, we need a framework capable of testing replay for discrete states which
will be fewer in number (as compared to spatial locations) and may not be continuous (such as
daily life episodes that are temporally separate). Moreover, these discrete task events may not
have as clear a representation as spatial locations do in place cells. Crucially, the framework
should also be able to detect replay moments independently of SWRs, aligning with recent
findings that show replay occurring outside of SWRs (137, 145-146). While there are
frameworks that can detect nonspatial event replay without being tied to SWRs, these have not
yet been applied to electrophysiological data and are only applicable to determine the replay of

event pairs, and not sequence of 2+ events.
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CHAPTER 2: DETERMINE IF CA1 ENSEMBLE ACTIVITY PROVIDES A
TEMPORAL SIGNAL THAT CARRIES EVENT SPECIFIC INFORMATION

AND BRIDGES ACROSS EVENT SEQUENCES

2.1. RATIONALE

Previous studies found that hippocampal ensemble activity exhibits sequential firing fields
(i.e., “time cells”) during the presentation of individual stimuli, delay periods and across
contiguous stimuli (27-28, 30). Although this type of activity has been shown to provide a strong
temporal signal within such task events (16, 24, 48, 53-54), it remains unclear whether it
supports the temporal organization of events widely separated in time, a characteristic feature of
our daily life experiences. To address this issue, we took advantage of our unique behavioral
paradigm and extended these findings by determining whether temporal coding (time cell
activity) in hippocampal neurons also captures information about the identity of individual
stimuli, their positions in a sequence, and bridges across a series of stimuli presentations.
Specifically, we tested the following three main hypotheses: (i) Is the temporal coding stimulus-
specific and important for correct order decisions? (ii) Does the temporal coding capture
sequential relationships among stimuli through a lag effect? (iii) Does the temporal coding

extend beyond individual stimuli and bridge across sequences of stimuli?

2.2. APPROACH
2.2.1. DATA
I used existing spike train data from CA1 neurons from five rats as they performed the

sequence memory task, specifically, during one session from the Well-Trained sequence (odors
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ABCDE). Recordings were obtained from chronically implanted micro drives containing 20
independently drivable tetrodes. Action potentials from individual neurons were manually
isolated offline using a combination of standard waveform features across the four channels of
each tetrode (Offline Sorter, Plexon). The total number of units during session performance
across five rats is 370 (rat 1 =92, rat 2 =79, rat 3 = 104, rat 4 = 49, rat 5 = 46). For each
analysis, I only included neurons that were active (i.e., fired at least one spike) during

corresponding task events of interest (e.g., presentation of each odor).
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Fig. 2.1. | Neural activity was recorded from hippocampal region CA1 as animals performed
a complex nonspatial sequence memory task. (a) The task involves repeated presentations of
sequences of nonspatial events (odor stimuli) and requires subjects (rats) to determine whether
each stimulus is presented “in sequence” (InSeq; e.g., ABC...) or “out of sequence” (OutSeq; e.g.,
ABD...). Using an automated odor delivery system (left), self-paced sequences of five odors (odor
A = sky blue, B =brown, C = green, D = purple, E = orange) were presented in the same odor port
(median interval between consecutive odors ~5 s). In each session, the same sequence was
presented multiple times (right), with approximately half the presentations including all InSeq
trials (top) and the other half including one OutSeq trial (bottom). Each odor presentation was
initiated by a nosepoke and rats were required to correctly identify each odor as either InSeq (by
holding their nosepoke response until a tone signaled the end of the odor at 1.2 s) or OutSeq (by
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withdrawing their nose before the signal; <1.2 s) to receive a water reward. Incorrect InSeq/OutSeq
judgments resulted in termination of the sequence. (b) Example ensemble activity (putative
principal neurons and interneurons) and theta oscillations (bandpass: 4—12 Hz) from representative
subject during one sequence presentation. Principal neurons and interneurons were separately
sorted by their peak firing time in relation to the port entry triggering delivery of odor A. Figure
from Shahbaba et al. (153)

2.2.2. SUMMARY OF APPROACH

First, I visualized ensemble spiking activity using peri-stimulus time histograms (PSTHs;
see methods for details) sorted by peak firing latency. Then, to quantify temporal coding during
specific task events, I applied a Bayesian model, commonly used to decode spatial information
(62), and recently used to decode temporal information (48). Briefly, I first train the algorithm on
the ensemble activity from individual bins of a task event. Then, by feeding in the ensemble
activity during a specific time bin (from the testing data), the algorithm returns a probability
distribution of reconstructed times corresponding to the likelihood that the test time bin occurred
during each time bin used for model training. To examine temporal coding during task events, I
plot these probability distributions obtained for each consecutive time bin of the testing data in

the form of heat maps (Fig 2.2). A detailed description of the methods included below.
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Fig. 2.2. | The Bayesian model can be used to quantify the temporal signal provided by the
CA1 ensemble activity. (a) Ensemble activity during individual task events can be visualized
using peri-stimulus time histograms (PSTHs; smoothed using a 150 ms gaussian; see methods)
showing the normalized firing rate of all active neurons during the task events (during all odor A
trials on left, and during the intervals between all odor A and odor B trials on right). Red indicates
the maximum firing rate of each neuron, and blue indicates 0 Hz. (b) Temporal information
provided by the ensemble activity in panel A quantified using the Bayesian model. Heat maps
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show reconstructed time estimates obtained from each animal’s PSTH and then averaged across
subjects (all odor A trials on left; intervals between all odor A and odor B trials on right). Red
indicates the highest probability of reconstructed time (time points along the diagonal).

2.2.3. BEHAVIOR

Our sequence memory paradigm involves repeated presentations of sequences of odors
(e.g., ABCDE) presented in the same odor port (see Fig 2.1A,B and “Behavior” section in
methods for details) to rats. For each odor within a sequence, subjects are required to determine
whether it is presented “in sequence” (InSeq; e.g., ABC...) or “out of sequence” (OutSeq; e.g.,
ABD...) to receive a water reward. Importantly, this InSeq/OutSeq judgment is performed on a
trial-by-trial basis (each trial corresponds to the presentation of one odor), such that each
correctly identified odor presentation is followed by a reward. An incorrect response results in

early termination of the sequence.

Five naive rats (male Long-Evans, ~350 g at the beginning of the experiment) were
trained to nosepoke and reliably hold for 1.2 s in the odor port for water reward. Odor sequences
of increasing length were then introduced in successive stages (A, AB, ABC, ABCD, and
ABCDE) upon reaching behavioral criterion of 80% correct over three sessions per training
stage. In each stage, rats were trained to correctly identify each presented item as either InSeq
(by holding their nosepoke response for at least 1.2 s to receive a water reward) or OutSeq (by
withdrawing their nose before 1.2 s to receive a reward). Note that OutSeq items could be
presented in any sequence position except the first (i.e., sequences always began with odor A,
though odor A could also be presented later in the sequence as an OutSeq item). After reaching
criterion performance on the five-item sequence (> 80% correct on both InSeq and OutSeq
items), rats underwent surgery for microdrive implantation. Over a few weeks, tetrodes were

gradually lowered into the region of interest (pyramidal cell layer of the dorsal CA1 region).
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Neural activity (spikes and local field potentials; LFP; Fig 2.1C) was then recorded as animals
performed the task. Importantly, only one sequence was used during training (ABCDE; same
odors and order across rats) and the same sequence was used in the recorded sessions analyzed in
this thesis (i.e., Well-Trained sequence session). In addition to this session, recordings were
obtained from two other sessions during which the animals were presented with a new sequence

(odors VWXYZ; “Novel 1” and “Novel 2” sessions).

2.2.4. PERI-STIMULUS TIME HISTOGRAMS (PSTHs) AND CORRELATION ANALYSIS

TO QUANTIFY THE SIMILARITY OF PSTHs.

The activity of individual neurons during odor presentations was visualized using peri-
stimulus time histograms (PSTHs; data displayed are from a single session). Each row represents
the normalized firing rate from a single neuron across trials of a specific type, normalized to its
peak firing rate. More precisely, for each neuron, the activity was binned into 1ms bins,
smoothed across bins using a gaussian filter (150ms for individual odor PSTHs in Fig 2.3A,
250ms for full sequence PSTHs in Fig 2.6A), then collapsed across trials to obtain the mean
firing rate per bin, and finally normalized to its peak rate within the row. PSTHs for individual
odor presentations (e.g., Fig 2.3A) aggregated neurons across all subjects to easily visualize the
activity from all active neurons. However, to be conservative, PSTHs for full sequences (e.g., Fig
2.6A) only displayed neurons from a single subject to acknowledge potential differences in
sampling or in the pacing of trials across subjects. For each PSTH, neurons that did not fire in
any of the corresponding trials were excluded (though such neurons may be included in another

PSTH).
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The similarity among odor PSTHs was quantified using a simple correlational approach
(Fig 2.4A). First, to balance the sampling, we used the same number of trials for each odor type
(first 14 trials for odors A, B, C, and D; 56 trials in total). Then, we essentially produced a PSTH
for each trial (neurons aggregated across subjects; firing rate in 1ms bins, gaussian smoothed and
normalized) and correlated all pairs of trial-specific PSTHs (within and across odors).
Correlation coefficients (r) for the different combinations of trial types (AvsA, AvsB, AvsC, etc.)
were statistically compared using one-way ANOV As. Dunnett's post hoc tests were then used to
directly compare “same odor” vs “different odor” pairs (e.g., comparing AvsA with AvsB, AvsC,
and AvsD) while controlling for the number of comparisons performed. Statistical significance

was determined using P < 0.05.

2.2.5. BAYESIAN RECONSTRUCTED TIME MODEL

By assuming the ensemble spiking activity has a Poisson distribution and the spiking
activity of each neuron is independent, we can use the spiking activity in a specific time window

(actual time) to calculate the probability of time (reconstructed time):

P(spikes|time,odor) - P(time|odor)
P(spikes|odor)

N : t ,Od n;

C- P(time|odor) [ | [zfi(time,odor)]™

.
i=1 i

P(time|spikes, odor)

exp[—T i fi(time,odor)]
i=1

In Fig 2.6 B, we use P(time, odor|spikes) instead. Here, t is the length of the time window
(50 ms with step size of 5 ms in Fig 2.3B; 1500 ms with step size of 150 ms in Fig 2.6B), fi(time,
odor) is the mean firing rate of the i-th unit in the time window, ni is the number of spikes
occurring in the time window, odor refers to the treatment of individual odors (odors ABCD in

Fig 2.2B; odors ABCDE in Fig 2.6B), C is a normalization factor to make the probability
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distribution for each time window (actual time) sum up to 1, and assuming time is uniformly
distributed given each odor, P(time|odor) is a constant since all InSeq trials have the same

duration.

Unless otherwise noted, the model was trained using a balanced subset of sequence
presentations in which all odors were InSeq, consecutively presented, and correctly identified
(using a leave-one-out cross-validation approach). Plots of reconstructed time show, for each
time window (actual time), the resulting probability distribution of reconstructed time averaged
across subjects (red indicating max probability, blue indicating 0). Accuracy of reconstructed
time was determined by quantifying the degree of relationship between actual time and
reconstructed time estimates. To do so, for each trial, we calculated the correlation across rows
and columns of the same index (one correlation value per row-column pair) and the mean of
these correlation values represented the accuracy of reconstructed time on that specific trial.
Chance levels were determined by calculating the mean reconstructed time accuracy across
1,000 random permutations of the time factor in the fi (time, odor) matrix. Statistical
comparisons with chance levels were performed using one-sample t-tests (two-tailed) with

statistical significance determined using P < 0.05.

2.2.6. COMPARISON OF TEMPORAL CODING BETWEEN CORRECT AND INCORRECT

TRIALS

Comparisons between correct and incorrect trials focused on OutSeq trials because of the small
number of errors observed on InSeq trials. More specifically, the model was trained on the full
sequence of InSeq odors but tested on the 250-ms preceding port entry on OutSeq trials (to avoid

the confounding influence of the OutSeq odor presentation). Only OutSeq trials in sequence
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positions 2 to 4 were included to avoid edge effects and maximize alignment across trial types.
OutSeq reconstructed time accuracy was quantified through comparison with the corresponding
decoding on InSeq trials (which served as expected values). More specifically, we used a
Kullback-Leibler (KL) divergence analysis to compare the shape of the probability distribution
from each OutSeq trial with that of the mean probability distribution from InSeq trials. Statistical
comparisons used nonparametric Kolmogorov-Smirnov tests to account for potential non-
normality in the distribution of KL divergence values, though the same pattern of results was

observed with parametric tests. Statistical significance was determined using P < 0.05.

2.3. RESULTS

2.2.1. TEMPORAL CODING IS STIMULUS-SPECIFIC AND IMPORTANT FOR CORRECT

ORDER DECISIONS.

Consistent with previous reports (27-28, 30), hippocampal activity showed sequences of
firing fields (“time cell" activity) during stimulus presentations and the intervals separating them.
We observed strong temporal organization in the PSTHs during such task events which was
associated with significant reconstructed time accuracy obtained by the Bayesian model (i.e., the

degree of correspondence between actual and predicted time across trials; see methods).

We extended these findings by showing that temporal information contained within the
time cell activity is stimulus-specific (Fig 2.3A). For each odor type, a strong temporal
organization was observed when neurons were sorted by their peak firing latency relative to the
onset of that odor, whereas this temporal organization was significantly reduced when the same

sorting of neurons was examined during other odors. We quantified this in two ways: (i) by
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comparing the similarity of PSTHs across odor types using a correlation analysis, and (ii) by

applying the Bayesian model to quantify the temporal organization across odor types.

Using the correlation analysis, we found that the PSTHs were highly correlated across
trials of the same odor type (PSTHs along the diagonal in Fig 2.3A; rodora = 0.7797, rodorB =
0.7773, rodorc = 0.7632, and rodorp = 0.7631), and were significantly less correlated to trials of
another odor type (other PSTHs in same row, which keep the neuron sorting constant). To
compare correlation coefficients across different trial types in a row we used one-way ANOV As
and Dunnett’s post hoc tests (Fig 2.4A). Specifically, we found that the pairwise correlations
between each odor A trial and each other A, B, C, or D trial were significantly different across
trial types (F(3, 52) =336.9, P <0.0001), with correlations across trials of the same type being
significantly higher than the others (AvsA was significantly higher than AvsB, AvsC, or AvsD;
Dunnett’s posthoc tests P values < 0.05). Importantly, the same pattern of results were obtained
for odor B (B vs A,B,C, or D: F(3, 52) =334.4, P <0.0001), odor C (C vs A,B,C, or D: F(3, 52)

=258.2), and odor D (D vs A, B, C, or D: F(3, 52) =237.9).
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Fig. 2.3. | CA1 ensembles display sequences of firing fields (“time fields”) during all
stimulus presentations, which vary by the associated stimulus, and also provide a strong
temporal signal during such task events. (a) Stimulus specificity in sequential firing fields.
Each PSTH (smoothed using 150 ms gaussian) shows the normalized firing rate of all active
neurons during presentation of a specific odor type (InSeq trials only; 267 active neurons for
odor A, 192 for B, 209 for C, and 223 for D; neurons collapsed across five subjects, one session
per subject). To visualize how sequential firing fields varied across odor types, PSTHs are shown
for each odor presented (in columns), with neurons sorted by their time of peak firing relative to
the onset of each odor (in rows). (b) Accuracy of reconstructed time for each odor type was
above chance levels. Plots show reconstructed time estimates obtained from each animal’s PSTH
(correctly sorted for each odor, i.e., diagonal of panel A) and averaged across subjects.

Similarly, using the Bayesian model, we found that accuracy of reconstructed time was
significantly higher when model training and decoding was performed on trials of the same type
(e.g., train and decode using different subsets of odor A trials) than across trial types (e.g., train
on odor A trials and decode B, C, or D trials; Fig 2.4B). Specifically, an ANOVA showed that,
when the model was trained using odor A trials, its reconstructed time accuracy significantly

varied when applied to odor A, B, C, or D trials (F(3, 216) = 113.1, P < 0.0001), with the highest
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accuracy observed when we decoded the same trial type as in model training (Dunnett’s posthoc
tests P values < 0.0001). Importantly, a similar pattern of results was obtained when the model
was trained using odor B trials (F(3, 216) = 85.33, P < 0.0001; Dunnett’s posthoc tests P values
<0.0001), odor C trials (F(3, 216) = 88.77, P < 0.0001; Dunnett’s posthoc tests P values <
0.0001), and odor D trials (F(3, 216) = 71.27, P < 0.0001; Dunnett’s posthoc tests P values <
0.0001). Together, these findings suggest the temporal organization is stimulus-specific through

correlation analysis as well as through a Bayesian model.
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Fig. 2.4. | Stimulus specificity of sequential firing fields. (a) Mean correlation of PSTHs across
trials of each odor type. An ANOVA showed that the pairwise correlations between trials of the
same odor type and trial of different odors were significantly different across trial types, with
correlations across trials of the same type being significantly higher than the others (b) Analysis
of reconstructed time across trial types, with chance levels shown in red. An ANOV A showed that,
when the model training and decoding was performed on trials of the same type, its reconstructed
time accuracy significantly varied when applied to other trial types, with the highest accuracy

observed when decoding the same trial type as in model training.
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Finally, we determined whether this temporal signal was important for making correct
order decisions. We tested this using OutSeq trials for adequate sampling of correct and incorrect
responses (see methods for more details). Specifically, we used a time window which did not
have any odor information (i.e., 250 ms window before port entry) as the odor type during the
OutSeq trials differed. We report that the reconstructed time accuracy was significantly higher
before correct responses than incorrect responses (Kolmogorov-Smirnov D = 0.3232, P =

0.0149), suggesting this form of activity supports order memory decisions.

2.2.2. TEMPORAL CODING CAPTURE SEQUENTIAL RELATIONSHIPS AMONG

STIMULI THROUGH A LAG EFFECT.

Here we expanded our analysis from Aim la to test whether temporal coding accuracy
varies as a function of the temporal distance among odor presentations (in terms of sequence
positions). To do so, we calculated the reconstructed time accuracy by training the Bayesian
model on spiking activity during a given odor type, and then, by testing it on all odor types
organized by lag (see details in methods). We observed that, consistent with the temporal context
model55-56, reconstructed time accuracy varied by lag (F(6, 873) = 166.9, P <0.0001; Fig 2.5).
It was highest for lags of 0 (i.e., train and decode using different subsets of trials from same odor
type; all Dunnett’s post hoc tests P < 0.05) and showed a significant linear decline across lags of
1, 2, and 3 in the positive direction (e.g., train on B, decode C, D, or E; F(1, 327)=12.93,P =
0.0004) and negative direction (e.g., train on D, decode C, B, or A; F(1, 327) =12.20,P =
0.0005). It is also important to note that reconstructed time accuracy was significantly above
chance levels across all lags (Fig 2.5; all one-sample t-tests P < 0.05; chance level determined by

permutations). Together, these results suggest that the temporal organization is partially shared
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between stimuli and varies as a function of lag, such that the temporal distance between stimuli

(in terms of sequence position) is reflected by the degree of dissimilarity of their neural activity.

Fig. 2.5. | Temporal coding of CA1l ensembles reflect sequential
relationships among stimuli through a temporal lag effect. Accuracy
of reconstructed time varied by the lag between the odor type used to train
L i+  the model and the odor type in which time was reconstructed (e.g., when
the model was trained on odor B trials, decoding time during odor B, C,
D or E trials represented lags of 0, 1, 2, or 3, respectively). Permuted
chance levels for each respective lag is shown in red.
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2.2.3. TEMPORAL CODING EXTENDS BEYOND INDIVIDUAL STIMULI AND BRIDGE

ACROSS SEQUENCES OF STIMULI.

To determine if this temporal organization extended beyond individual stimuli and
intervals, we examined the ensemble activity across the sequence of odors. Similar to our
approach in Aim la, we used PSTHs to visualize the ensemble activity across series of stimuli
and used the Bayesian model to quantify its temporal coding. Despite the variable time at which
odors were presented (the task is self-paced so the time between odor presentations varied across
sequences and animals), we observed substantial sequential organization of firing fields across
the whole sequence (Fig 2.6A). This activity was also associated with significant reconstructed
time accuracy for each animal (t(11) = 7.043, t(6) = 4.730, t(13) = 7.941, t(11) = 6.174, t(9) =
7.398; all P values < 0.01; same pattern of results observed using shorter and longer time bins
and when collapsed across subjects; Fig 2.7). These results suggest that hippocampal ensemble
activity provides significant temporal information unfolding over several seconds, and by
bridging across events in the sequence. This further shows, for the first time, that the temporal

signal may support our ability to temporally organize our daily life experiences.
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Fig. 2.6. “time fields” extends across event
sequences. (a) The sequential organization of firing fields extended across the full sequence of
odors. Since the time between odor presentations varied across sequences and subjects (the task
is self-paced), the PSTH (250 ms gaussian) shows data from a single subject and the median
onset of odors B, C, and D across sequences. (b) Accuracy of reconstructed time across the
sequence of odors (PSTH from panel A) was above chance levels
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using different time bins and averaging across animals. (a) Reconstructed accuracy was
comparable using shorter ad longer time bins. Data from example subject from Fig 2.6 B are
shown in the middle panel for comparison. The same analyses were then performed using shorter
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time bins (left; 1,050 ms with step size of 150 ms) and longer time bins (right; 1,950 ms, with
step size of 150 ms). (b-¢) Data averaged across subjects shows the same temporal organization
observed in individual subjects. Even with differences in the timing of odors across subjects (the
task is self-paced), averaging across subjects revealed a strong sequential organization of firing
fields and temporal coding.

2.4 DISCUSSION

In this study, we leveraged complex behavioral and statistical approaches to discover
forms of sequential organization in hippocampal ensemble activity supporting the memory for
sequences of events, a capacity known to critically depend on the hippocampus. We report that
CAL1 ensembles are organized in sequences of firing fields during individual task events. We also
found that this form of temporal organization is stimulus-specific and provides strong temporal
coding during these discrete nonspatial events distributed throughout the task. Interestingly, we
observed that temporal coding reflects sequential relationship among stimuli through a temporal
lag effect, is linked with correct order memory judgements, and importantly, also bridges across
sequences of stimuli unfolding over several seconds. Collectively, these findings suggest a

mechanism by which time cell activity can support memory for order of events in a sequence.

Sequential firing fields (time cells) have previously been reported during individual
stimulus presentations, intervals separating them, and across contiguous stimuli and responses
(27-28, 30). Considerable evidence indicates this form of coding can provide a strong temporal
signal within such task events (48, 54). Here we offer direct evidence that hippocampal
sequential firing fields provide significant temporal information across a sequence of
discontiguous events unfolding over several seconds, and that this form of coding is important to
correctly remember the order of events. These findings lend support to theoretical models pro-

posing that this form of coding supports our ability to organize our experiences in time (10, 47,
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82, 86) a characteristic feature of episodic memory (3, 10, 62, 77). Considering recent evidence
that the lateral entorhinal cortex, a region with a strong anatomical and functional relationship
with the hippocampus, provides a robust temporal signal across a longer timescale (several
minutes; 61, 69) our results suggest that different aspects of the temporal context of episodic

memories may be represented across medial temporal lobe structures.

Our unique behavioral and analytical approaches allowed us to extend previous
demonstrations of conjunctive or stimulus-specific odor coding in hippocampal neurons,
including individual neurons responding to a specific odor in a specific sequence position (60) or
to a specific moment in time during a specific stimulus. Here we extend these previous findings
by discovering that the representations of individual stimuli also contain information about their
sequential relationships. In fact, we demonstrate a temporal lag effect in which the temporal
distance between stimuli (in terms of sequence position) was reflected by the degree of
dissimilarity of their neural activity, an effect that was observed using different metrics (temporal
coding accuracy in Fig 2.2C, distance between clusters in the low-dimensional representation of
the neural activity in Fig 2.3B). This effect provides a potential neural mechanism for our ability
to judge the relative temporal distance and order of discrete experiences that is consistent with
computational models of the representations of the temporal context of events (47, 82). We also
provide a significant extension to our previous demonstration of individual neurons compatible
with the view that the hippocampus plays a key role in representing task-related schemas (70), in

this case, the sequential relationships among those events, to guide behavioral decisions.
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CHAPTER 3: STATISTICAL FRAMEWORK TO QUANTIFY SEQUENCE
REPLAY OF DISCRETE NONSPATIAL STATES

DURING OFFLINE PERIODS

3.1. RATIONALE

Previous research has significantly advanced our understanding of hippocampal replay in
spatial navigation tasks and its link to key cognitive functions (103, 115-118, 132). These studies
highlight the essential role of hippocampal replay in consolidating spatial memories and
navigating environments, mainly through the replay of spatial trajectories by place cells. They
typically use the Bayesian decoding algorithm (described in chapter 2; 106, 148) and various
GLM frameworks (138-139) to identify the replay content and direction. However, these
methods require the replayed content to involve multiple continuous states (like spatial locations
on a trajectory) and are not suitable to quantify other types of replayed content (more details on
this in chapter 4). Notably, most of these methods (with some exceptions in the more recent state
space models; 140-141) concentrate on SWRs to study replay and assume the onset of SWRs as
the onset of the replay. This view is challenged by recent findings that show SWR detection
depends on the number of recorded neurons and non-standardized thresholds, and that replay
moments do not always align with SWRs (106, 137, 142-143). To address these limitations, in
this chapter I developed a statistical framework that can identify replay moments during quiet
wakefulness independent of SWRs and determined whether the replayed content can include
sequences of discrete, temporally separated states that are fewer in number than the continuous

spatial states of a trajectory.
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3.2. APPROACH
3.2.1. DATA

In this chapter we utilized the same dataset used in chapter 2 and focused our analysis on
ensemble activity during specific task events. We focused on InSeq stimuli presentations to train
our model and on intervals between them to identify replay moments (total number of 226 odor
A trials, 147 odor B trials, 130 odor C trials, 122 odor D trials, 151 odor E trials across animal;
built separate classifier for each animal). Specifically, we focused on 6 different interval types,
with 4 interval types during sequence presentation (i.e., before odor E; average duration of odor
A intervals is 4.8 secs, 4.5. secs for odor B, 4.3. secs for odor C, 4.6. for odor D), and 2 after
sequence ends (i.e., after odor E near the odor port, and at the back of the maze; 3.6 secs and 5.6.

secs respectively).

3.2.2. SUMMARY OF APPROACH.

In this section, I provide an overview of our statistical framework. In the following

section I explain each step of the framework in detail.

Quantifying sequence replay of discrete or discontiguous events requires a different
approach than the traditional Bayesian decoding methods used to decode the replay of spatial
trajectories. Spatial replay analyses can take advantage of the large set of possible states (all the
possible locations in the environment) and of the fact that trajectories involve continuous series
of adjacent states (locations) to constrain the definition of replay moments. Instead, our statistical
framework is based on time-lagged regressions and adapted from a “sequenceness” metric
initially developed for a human MEG study (90-91). In its original form this metric can identify

replay moments involving event pairs of interest but is unable to quantify the replay of two or
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more events and their exact temporal sequence. To address our specific questions and test our
sequence replay predictions, we expanded the metric so it can identify replay moments involving
significant replay of odor sequences (comprising two or more odors) and identify the precise
order in which the odors are replayed.

As shown in Figure 3.1, our approach involves a series of steps aimed at quantifying the
relationship between the decoded probability of two distinct states (stimuli) in successive 25-ms
bins using beta coefficients (e.g., BAB; the correlation between the probability of stimulus A in
bin(i) and of stimulus bin(i +1)). For each [, we built the distribution of all observed values
across all bins and identify statistically significant moments, in this case moments in which the
observed value is at least 3 standard deviations above the mean. To capture longer sequences, we
repeated this process to calculate “consecutive s” and generate their distribution across all bins.
Consecutive Bs (e.g., BABCDE represent a specific pattern of individual Bs over successive 25-
ms bins (i.e., BAB at bin(i) + BBC at bin(i +1) + BCD at bin(i +2) + BDE at bin(i+3). Finally, we
evaluated the distribution of significant s (individual and consecutive) across intervals against
the hypothesis. Note that we focused the presentation of the results on consecutive Bs (e.g.,
BABCDE) but that we also examined the distribution of the corresponding individual s (BAB,
BBC, BCD, BDE), as they may capture replay moments that did not meet the relatively stringent

magnitude and timing requirements of the consecutive fs.
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Fig 3.1. | Schematic illustrating the approach to quantify sequence replay moments. Steps 1-
7 illustrate an overview of the statistical framework used to quantify replay of sequences of
discontiguous states in the ensemble activity.

3.3.3. DETAILED EXPLANATION ON THE STEPS OF OUR STATISTICAL FRAMEWORK

Before going into each step of the framework in detail as illustrated in Fig 3.1, I first
describe how we processed the ensemble data. We standardized the ensemble activity across
intervals, which is necessary to obtain standardized regression coefficients (fs), utilized in the
later stages of the framework. Specifically, we calculated the z-score activity of each neuron at

every time point ¢ across all intervals using the following calculation.

Xnit — MUni

Oni

Znit -

here, Xui: is the spiking activity of neuron »n during a moment in time # in interval 7, g, is the
mean activity of neuron » across all intervals of type i (e.g., all intervals between odors A and B)
and o, is the standard deviation of the activity of neuron » across all intervals of type i. |

standardize the activity during odor presentations in the similarly.
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Step 1: Training classifier during odor periods

We built a multinomial classifier to identify odor identity using the CA1 ensemble activity.
The classifier was trained on the standardized ensemble activity from 6 distinct states (5 odor
states, and a null state). Standardized ensemble activity from 300-500 ms from port entry was
chosen to represent each odor type, and from a 200 ms “run period” to represent the null state. The
run period occurs during interval after odor E, when the animals run to back of the maze for reward.
300-500 ms period was chosen, as this window yielded highest odor classification accuracy results
across animals. Accuracy was tested using 25ms sliding windows across the odor presentation
period. Since not every neuron’s activity is associated with odor presentations or the null state, the
LASSO model eliminated neurons that don’t contribute to the odor decoding by setting their

corresponding regression parameter to zero.

Step 2: Obtaining odor probabilities

This step is necessary to decode the probability of each odor during intervals separating
task events. Specifically, once the multinomial classifier was built, we applied it on the
ensemble activity from the intervals to obtain probability time series for each odor (odor
probabilities). Odor probability values were obtained for every 25 ms window (sliding over
every 1 ms) within the interval. The following steps and the results section explain why 25 ms
windows (3.4.3) were chosen. The null state was incorporated only for constructing the
multinomial classifier, ensuring that the odor probabilities do not aggregate to 1 (additional

explanation in 3.4.2). As a result, the following steps do not use the null state.

Step 3: Performing time-lagged regression on the odor probabilities to calculate
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This step aims to correlate the activity from adjacent bins to yield Bs which signify the
likelihood of a specific odor's replay followed by another odor's replay At milliseconds later.
Specifically, this step utilizes the "sequenceness" metric designed by the authors of the MEG
paper (90-91). The sequenceness metric involves performing time-lagged regressions which can

be expressed as follows:

Y = i:Xj(At)ﬁji(At)

Jj=1

Here, Yi is the odor probability for an odor i at time ¢ (i.e., odor probability values from applying
the odor classifier at time ¢ for odor 7). Xj(4t) is the predictor matrix and represents odor
probability of specific odor at time z-4¢. The probabilities of all odors at the previous time point
(z-4¢) are used to predict probability of a odor i at time t by taking a linear combination as shown
in the formula above. Thus, by regressing Xj(4¢) on every Yi, (five Yi, one for each odor), we can
calculate f(4¢), a 5x5 regression coefficient matrix expressing the degree to which the
reactivation of each odor can be predicted by the reactivation of every other odor at time lag Az.
The time-lagged regressions are performed on the probability distributions obtained from
adjacent 25 ms bins (i.e., 4¢ = 25ms) meaning that the data used for each regression does not
overlap. The Bs will be used in the following steps to identify replay moments and determine

distribution of forward and reverse moments across the different intervals.

Step 4: Determining the forward and reverse replay of odor pairs

Here, for each B, we first built a distribution of its values obtained by computing time-
lagged regressions across all intervals. Next, we focused the analysis on specific s out of the 25

Bs obtained from every time-lagged regression. To identify forward replay moments, we focused
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on BAB, BBC, BCD, and BDE (highlighted in red in step 4 of Fig 3.1), whereas for the reverse
replay we focus on BBA, BCB, BDC, and BED (highlighted in yellow in step 4 of Fig 3.1). Here,

each P represents the replay of consecutive odors in either forward or reverse order.

Step 5: Determining the forward and reverse moments of involving 2 + consecutive odors

In this step, we computed consecutive Bs to determine replay involving sequences of
more than two odors. To do so, we focused the analysis on the same Bs described in step 4.
Specifically, we aggregated the consecutive forward and reverse s from adjacent bins to
quantify replay of consecutive odor sequences represented by the Bs used in the sum. Three
different sum types were considered separately for forward and reverse replays (for forward
replay: sum of B A-E, B B-E, and B C-E, and for reverse replay: sum of B E-A, B D-A, and 3 C-
A). B included in each sum type reflects the replay of corresponding odors in that order (e.g.,
consecutive BA-E quantifies the replay of odors A-E, by aggregating fAB, B BC, B CD, and

DE from adjacent non-overlapping 25ms bins).

Step 6 and 7: Identifying replay moments

To identify replay moments involving sequences of consecutive odors, we used the
individual forward and reverse s from step 4, and the consecutive s from step 5. Specifically,
we assessed the statistical significance of each B by applying a significance threshold of 3
standard deviations (i.e., B is significant when it exceeds its own mean by 3 standard deviations,
where the mean is calculated based on that Bs values across all intervals). Next, periods during
which these B values are significant were marked as periods when the replay of the odor

sequences were significant. We referred to these periods as replay moments and evaluated our
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specific sequence replay predictions by examining the distribution of significant s across

various interval types.

3.2.3. NORMALIZING COUNTS OF SIGNIFICANT INDIVIDUAL AND CONSECUTIVE fs

The objective of this step is to make a fair comparison of the counts of significant
individual Bs and the consecutive Bs across different interval types. Since the duration and trial
counts differ among the intervals, we normalized the raw counts of significant B occurrences to
the time bins within each interval type. Specifically, we computed the normalized count by using
(1) the raw count value for individual Bs or consecutive Bs, (ii) the total number of 25ms bins in
each interval type (i.e., the total number of time-lagged regression performed within each
interval type), and (iii) the total number of 25ms bins for the shortest interval across all the types.

We used the equation below to compute the normalized counts:

Count of 8

——————————— x Bins in the shortest interval
Bins in interval X

Normalized count of 8 in interval X =

Where, the ‘Count of B’ is raw count of the number of times individual or consecutive f is
significant (steps 4 and 5), interval X is one of the six interval types, and the multiplication term

(‘Bins in the shortest interval’) is a constant for the different normalized counts.

3.4. RESULTS

Here, I describe our results on determining essential parameters of the framework
obtained from analyzing CA1 activity. The next chapter (chapter 4) describes our neuroscience
results from applying this framework to test specific replay predictions on the content and

direction of replay moments.

38



3.4.1. DETERMINING THE OPTIMAL WINDOW FOR MODEL TRAINING

First, to develop the multinomial classifier, we determined the optimal time window
during stimulus presentation that provides the highest prediction accuracy of the stimulus
identity based on the ensemble activity within that window. We achieved this by building
classifiers using various windows during the stimulus presentation (tested using 25 ms sliding
windows across the odor presentation period). Our findings from 10-fold cross validation
revealed that the 300-500 ms period following nose poke-in across all animals produced the most

accurate results (Fig 3.2 A, B).
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Fig 3.2. | Performance of the multinomial classifier. (a) Average classification accuracy across
animals using ensemble activity from different windows during odor presentation. Plot shows 300
— 500 ms period from nose-poke in as the optimal time window for model training. (b) Confusion
matrix showing average classification accuracy. Accuracy values obtained using 10-fold cross-
validation when the model was trained on ensemble activity in the 300-500ms interval following
nose-poke in. (c) Performance of the multinomial classifier on including the null state. Adding a
null state to the classifier, does not impact classifier accuracy (obtain using 10-fold cross-
validation on 300-500 ms after nose-poke in).

3.4.2. EVALUATING THE EFFECTS OF ADDING A NULL STATE TO CONTROL FOR

MULTI-COLLINEARITY

Next, we introduced a null state to the classifier (as the 6th state, in addition to the 5

states representing odors A-E), to prevent multi-collinearity issue while performing time-lagged
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regressions on the odor probabilities. Multi-collinearity occurs when covariates in a regression
model are highly correlated, causing issues in accurately estimating the model's parameters. In
our context, without the null state, the sum of odor probabilities would aggregate to 1, allowing
the value of any one odor probability to be inferred as 1 minus the sum of the others, thus leading
to multi-collinearity. We defined the null state as the ensemble activity during periods not
overlapping with the 5 stimuli presentations (odors A-E that are the other 5 states of the
classifier) and intervals where the classifier is applied. Specifically, we selected a 200ms window
when the animal is running to receive a reward at the end of the maze after sequence completion,
as this period is distinct from the other 5 states and the intervals between odor presentations.
Importantly, we observed that including the null state maintained the classifier's performance, as

indicated by similar results in Fig 3.2 B, C.

3.4.3. IDENTIFYING THE OPTIMAL TIME LAG BETWEEN BINS (AT)

Next, we focused on identifying the most effective At, an essential parameter of our
framework, representing the time gap between bins within replay moments. To determine the
optimal At, we utilized the approach from the MEG paper, which involves computing a
"sequenceness measure." This measure quantifies the strength of the predicted replay content and

contrasts it with replay containing random content (i.e., what we would expect by chance).
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The sequenceness measure is calculated by taking a dot product of the individual Bs that
indicate replay of consecutive odors (our predicted replay - BAB, BBC, BCD, BDE) from each
time-lagged regression and comparing this with chance levels. The chance levels are derived by
permuting the labels of the 25 Bs from each time-lagged regression and then computing the dot
product of the same 4 individual Bs but with permuted labels. This process essentially measures
how much stronger the replay involving the odors of interest is compared to other odors for a
specific At across all intervals. A higher sequenceness measure indicates stronger replay. We
found that a At of approximately 25 ms yielded the highest sequenceness measure (Fig 3.3). We

used this as a fixed parameter in the framework when applying it in chapter 4.
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Fig 3.3. | Sequenceness measure using different At. Each plot shows the sequenceness measure

using different At values on the four forward Bs quantifying replay of consecutive odor pairs. Blue
line shows the observed measure, and orange shows the measure obtained by chance. The shaded
region for observed and chance measures show the 95% confidence interval. Black dotted line
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marks the highest chance measure across all the At within a plot. All the plots show that the
sequenceness measure is the highest when At is around 25ms.

3.4. DISCUSSION

In this chapter we built a strong statistical framework that addresses the limitations of the
previous models and determines sequence replay of discontiguous states during resting periods.
Our neuroscience findings using this framework are in line with prior results (discussed in
chapter 4), supporting the validity of our framework. Briefly, the objective of this framework is
two-folds: (i) identify replay moments involving sequence replay of non-spatial information
during intervals between odor presentations, and (ii) determine whether the direction and content
of sequence replay matches our predictions. To accomplish this, we developed a statistical
framework that incorporated the "sequenceness metric" previously used in a human MEG study
(90-91) to evaluate sequence coding. In its original form, this metric can identify replay moments
for pairs of events but cannot quantify the replay of multiple events or their exact temporal
sequence. In our framework, we expanded this metric to detect replay moments involving
sequences of two or more odors and to determine the precise order in which they are replayed.
Given the complexity of our task design and the difference in data modalities (MEG vs.
electrophysiology), we adapted this metric to fit our data, task requirements, and the need to test
specific sequence replay predictions. This adaptation involved creating a model to predict odor
identity based on ensemble activity and verifying whether the distribution of replay moments

across intervals of varying lengths matched our predictions.

Recent advances have shown that not all significant spatial replay occurs within detected

SWRs, suggesting that rapid, time-compressed replay might not always coincide with SWRs (39,
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106, 145-146). Despite this, most existing methods focus on analyzing ensemble activity during
SWRs to study replay events (39, 41 105, 145-146). A further complication is that these methods
assume replay events not only coincide with SWRs but also start at the same time. However, the
detection of SWRs depends on specific thresholds that vary between studies, making the
boundaries of detected SWRs sensitive to these thresholds and potentially imprecise (142). In
this framework, we detect replay moments during resting periods independent of SWRs. This
enables us to perform a post-hoc analysis to determine how many detected replay moments

overlap with SWRs or other potential moments of interest.

This statistical framework allowed us to test our specific replay hypothesis and provided
us with insights into hippocampal replay in a nonspatial sequence memory task. The
neuroscience results are shown in the next chapter (chapter 4). Here, I describe how we can
expand this approach and address its potential limitations. Using this method for tasks that
involve novel odor sequences (like Novel session 1 and 2 involving presentation of a novel
sequence VWXYZ with the same task rules as in our current task) presents challenges because
training a classifier to differentiate odors based on ensemble activity is difficult while animals
are actively developing representations of these new sequences. To analyze data from novel odor
sequences, this framework will require modifications, possibly including the use of template
matching or similar techniques to identify evolving patterns in the ensemble activity associated
with stimulus identity. Research has demonstrated that hippocampal replay can happen at
varying speeds. However, our existing framework only accommodates a fixed replay speed and
duration, determined by the fixed 4¢ value. For example, with a At of 25 ms, a replay moment
involving two odors lasts 50 ms, one replaying three odors lasts 75 ms, and so forth. Further

research is required to implement At as a learnable parameter to accommodate these varying
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replay speeds. We include a null state to prevent the sum of odor probabilities used in time-
lagged regression from aggregating to one to address collinearity issues. In the future, we will

explore other ways to address this potential problem.
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CHAPTER 4: DETERMINE IF HIPPOCAMPAL REPLAY REPRESENTS
SEQUENCES OF DISCRETE NONSPATIAL STATES

DURING OFFLINE PERIODS

4.1. RATIONALE

The ability to rapidly replay sequences of experienced or expected events during offline
periods is thought to be critical to a variety of cognitive functions, ranging from the formation
and consolidation of memories to decision-making and planning (103, 115-118, 132).
Experimental evidence supporting this theoretical framework comes primarily from spatial
navigation studies in rodents, which show that hippocampal representations of visited locations
can be sequentially replayed during sleep or during brief moments of rest during task
performance (41, 105-106, 132-133). More precisely, these studies have shown that the sequence
of hippocampal ‘place cells’ activated during the traversal of a path can be rapidly replayed in
the original or reverse order, known as forward and reverse replay, respectively. Forward replay
predominantly occurs before path traversal and contains representations of trajectories leading to
a goal, suggesting a role in the planning and evaluation of upcoming behavior (38, 107-108, 121-
122, 137). Conversely, reverse replay tends to occur after path traversal and is associated with
reward delivery, suggesting a role in connecting recent behaviors with their outcomes to

facilitate the formation and consolidation of memories (38, 41, 60, 111, 121-122, 144).

Considerable research has shown that the fundamental role of the hippocampus in
memory is conserved across stimulus modalities and across species (3, 15, 28, 48-49, 68). In
recent years, prominent theoretical and computational models have integrated key evidence from

the place cell literature with the behavioral and functional literature across species to propose

45



unifying principles of hippocampal organization and representation that are content-agnostic and
thus could support this range of function. A central prediction of this emerging conceptual
framework is that the same principles that underly replay of continuous trajectories (states that
are adjacent in space and time) could extend beyond the spatial domain and give rise to replay of
complex non-spatial sequential relationships extracted by the hippocampal network across daily
life experiences (156-160). However, to date, there is no direct evidence that hippocampal

ensembles can replay sequential relationships among discrete non-spatial events.

Here we address this critical gap through a challenging combination of behavioral,
electrophysiological, and statistical approaches. More specifically, we recorded hippocampal
ensemble activity as rats performed a complex non-spatial sequence memory task, which tested
their memory for sequential relationships among discrete events. Importantly, the task also
included intervals of a few seconds between stimuli, offline periods during which animals briefly
rested and consumed a reward, to parallel conditions known to favor sequence replay dynamics
in spatial paradigms. We then implemented a rigorous statistical framework to capture replay for
sequences of discrete (non-continuous) states (described in chapter 3) and tested key predictions
derived from the spatial and computational literature about the direction and content of replay

across intervals.

We provide the first direct evidence of replay for learned sequential relationships among discrete
non-spatial events, with a pattern of forward and reverse replay similar to that observed in
familiar spatial environments. Forward replay was primarily observed during the rest intervals
separating each event of the sequence and represented upcoming parts of the sequences. In
contrast, reverse replay was less frequent and predominantly clustered in the intervals at the end

of the sequence. These findings strongly suggest that hippocampal sequence replay can extend to
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other modalities and capture more complex cognitive demands, providing compelling evidence
for computational and theoretical models proposing a fundamental and content-agnostic role for
hippocampal replay in learning, consolidating, and retrieving multi-step associations to guide

goal-directed behavior.

4.2. APPROACH

4.2.1. DATA

This chapter utilized the same dataset as in chapter 2 but here, I focused on analyzing
different epochs. While chapter 2 analyzed ensemble spiking during stimuli and entire
sequenceness presentation (spanning across different stimuli presentations and intervals separating
them), this chapter analyzed the information contained particularly during intervals across the
entire session. I focused on the intervals as they are analogous to the brief resting periods observed
during behavior on spatial studies and during which replay events are shown to occur. Refer to

chapter 3 (3.2.1) for more information on the interval numbers, duration etc.

4.2.2. SUMMARY OF APPROACH

To test our specific replay hypotheses, we used the statistical framework described in
chapter 3. Briefly, this framework incorporates the sequenceness metric, previously developed to
quantify replay of non-spatial events in an MEG study (90-91), and we expanded this metric to:
(1) identify replay moments involving sequences of consecutive odors replayed in both forward
and reverse direction (ii) investigate whether the distribution of these forward and reverse replay

moments across intervals aligns with our predicted patterns (Fig 4.1).
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To develop our hypothesis, we drew from predictions in the spatial and computational
literature about the nature and direction of replay across intervals. We aimed to determine if the
replay content mirrors the task structure by depicting task critical information of sequences of
discontiguous odor presentations leading to goal, excluding the time between these events. We
predicted that both forward and reverse replay moments will occur during intervals. Specifically,
we proposed that forward replay moments will be more prevalent during intervals within sequence
presentation (before odor E) and will represent upcoming odor sequences (starting from the current
position in the sequence or remote replays, starting from other odors in the sequence). On the other
hand, we predicted that reverse replay moments will be more prevalent towards the end of the
sequence presentation (after odor E) and will include consecutive odors from the sequence
(beginning with odor E or will be remote, starting from other odors in the sequence). Refer to Fig

4.1 for an illustration of our predicted working model, and to 3.1 for an overview of our framework.

Note that we applied our statistical framework to all time bins contained in intervals, not
just around SWRs. Using SWRs to align the decoding of repay events is a common approach, as
it is a convenient way to narrow down the number of bins examined, but doing so is less important
with our approach because we are building the distribution of all possible values. Since it was
previously documented that sequence replay is common outside of SWR events (137, 145-146),
our primary focus is on capturing all potential replays. Comparisons between replays occurring

during and outside of SWRs can still be performed as secondary analyses.
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Fig. 4.1. | Working model of predicted distribution of replay moments across intervals.
Predicted distribution of significant forward and reverse replay moments across intervals. 7op,
Forward replay moments are expected to cluster during intervals of the sequence and reflect
upcoming parts of the sequence. Since animals are already well-trained on this sequence, reverse
replay moments are expected to be less frequent and to cluster at the end of the sequence. Note
that both forward and reverse replay can start locally (e.g., with adjacent odor) or remotely. Bottom,
Depiction of an example local replay for each interval, including the idealized sequential pattern
of odor probabilities and the corresponding significant individual and consecutive Bs capturing
them.

4.2.4. SWR IDENTIFICATION

Automated SWR detection was performed by adapting a published approach. A SWR event
was identified as the co-occurrence of a sharp-wave event and of a ripple event detected on two
separate tetrodes (electrode closest to CA1 stratum radiatum for sharp wave events and electrode
closest to the center of CAl pyramidal layer for ripple events). For both sharp wave and ripple
events, the LFP was first filtered (sharp wave > 4 Hz; ripple: 150-250 Hz), and instantaneous
power was calculated as the real component of the Hilbert transformed trace. Putative events were
identified as periods where power exceeded three standard deviations above the mean. Periods that
occurred within 15 ms of each other were considered part of a common event. SWRs were then

identified as periods of temporal overlap between putative sharp wave and ripple events, which
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were verified through visual inspection. Temporal boundaries for SWRs were determined as the

earliest and latest timepoints of either the sharp wave or ripple events identified.

4.2.5. LFP ANALYSIS

The raw data underwent preprocessing via a Butterworth notch filter to eliminate 60 Hz
line noise. For spectral analysis, we employed a continuous wavelet transform using the SciPy
signal processing toolbox in Python. This produced analytical wavelets across frequencies
spanning 3-300 Hz. Subsequently, we extracted instantaneous power within specified frequency
ranges during the three moment types (replay, SWRs, and control which are randomly identified
and do not coincide with replay or SWRs) and represented this through spectrograms. Power
shown in the spectrograms is presented as z-score values relative to the mean and standard
deviation of power for a given frequency, calculated from the entire session's recordings using the

same electrode.

4.2.6. DETERMINE ODOR SELECTIVE NEURONS AND VISUALIZING THEIR ACTIVITY

DURING REPLAY MOMENTS

To determine odor-selective cells (i.e., neurons selective of specific odor type(s)), the
LASSO logistic regression model from Step 2 of Fig 3.1 was built for each neuron separately.
Specifically, for each neuron, using 10-fold cross-validation with stratification, a model was
trained and tested on 200ms spiking activity during odor presentations (300-500ms after port
entry), separately. The performance of each model on the test data determined the neuron's
selectivity for single and/or multiple odors. The accuracy of the model was evaluated using the d-
prime value, which served as a measure of the model's performance. If the d-prime value surpassed

a threshold of 1 for specific odor(s), the neuron was identified as selective for that odor(s). This
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approach allowed for the identification of neurons that exhibited selectivity for either a single odor

or a combination of odors.

To visualize the activity of odor selective neurons during replay moments, we used PSTHs. We
averaged the activity of each odor selective neuron during all moments of a specific replay type
(e.g., all replay moments of A-E, and separately for all replay moments of B-E). Next, we
normalized the mean activity of each neuron by comparing its mean activity during all other
replay types. Specifically, we divided the mean activity of the neuron with its peak activity

across all other replay type.

4.3. RESULTS

Here we leveraged our unique experimental design to determine whether the
phenomenon of sequence replay often observed during rest periods between bouts of spatial
exploration extends to other domains. A key feature of our design are the intervals between odors
(Fig 2.1), which offer a strong parallel to the rest or offline periods of spatial paradigms. In fact,
during our intervals, animals receive a small reward, and the local field potential activity is
characterized by a reduction in theta power (relative to odor sampling and running; 60, 161) and
the presence of SWRs (see Fig 4.9.). We focused our analyses on the ensemble activity during
those intervals and specifically examined whether the neural representations of the odors were

sequentially reactivated during these offline periods.
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4.3.1. CA1 ENSEMBLES REPLAY THE SEQUENCE OF EXPECTED UPCOMING EVENTS

BEFORE EACH EVENT IN THE SEQUENCE.

Evidence from the place cell literature has shown that hippocampal ensembles often
replay the series of locations leading to a goal (38, 105, 121, 134, 137), suggesting a role for
forward replay in planning and evaluating potential upcoming trajectories (105-106, 108, 122). If
this phenomenon reflects a fundamental function of the hippocampus, then it should extend to
other stimulus modalities and, when challenged with more complex task demands, should
abstract the corresponding steps and goals critical to performance. Here we directly test this by
determining whether forward replay in CA1 ensembles can capture task-critical abstracted

sequential relationships among discrete nonspatial states widely separated in time.

To achieve this, we took the significant consecutive 3 representing forward sequence
replay moments (e.g., BABCDE), identified using the unbiased approach described in the
previous section, and tabulated their counts across the “rest” intervals separating each item of the
sequence (Fig 4.2). For each B, we normalized the counts across interval type (i.e., across rows in
Fig 4.2 C) to account for variability in the duration and number of intervals. Specifically, the raw
counts were divided by the number of possible bins for a given interval and normalized to the
interval with the fewest bins (interval between D and E). We tested the hypothesis that forward
replay reflects the animal’s expectations for upcoming parts of the sequence (or steps toward the
“goal” that represents the end of the sequence). Note that such forward replay may start locally
(with the closest odor, e.g., replay BCDE during intervals adjacent to B) or remotely from a
future sequence position (e.g., CDE when adjacent to B), but not from a remote past sequence
position (e.g., BCDE when adjacent to D) nor after completion of the sequence (after E). This

leads to testable predictions for the counts of each forward replay type across interval types with
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the boundary condition being whether the most recently presented odor exceeds the replay’s start
item (darker grey boxes in Fig 4.2 C). For each forward replay type, counts were hypothesized to
be significantly higher for intervals before that boundary (e.g., CDE before D) than after (e.g.,
CDE after D). Note that we do not have a comparable “rest” interval before odor A as animals

immediately nose poked upon arriving at the odor port.

Consistent with the hypothesis, BABCDE moments were significantly more prevalent in
the first interval (interval after odor A), BBCDE moments in the first two intervals (before and
after B), BCDE in the first three intervals, and BDE in the first four intervals. The same pattern of
results was observed when examining the distribution of individual forward Bs (see Fig 4.3).
These findings are consistent with the literature on spatial replay and extend the phenomenon to
complex sequential relationships across discrete events, suggesting that forward replay can
support the evaluation of potential sequences of states toward goals that are more abstract or

associative in nature.
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Fig. 4.2. | Forward sequence replay of discrete nonspatial events occurs during intervals
before each event in the sequence. (a) Schematic of the four types of Bs used to capture moments
of forward sequence replay in the ensemble activity (BABCDE, BBCDE, BCDE, BDE). (b)
Frequency distribution of all regression values observed for each B type across all interval time
bins and animals. Significant Bs were identified as moments in which the regression value was 3
standard deviations above the mean (computed separately for each animal). (¢) The counts of
significant Bs observed for each replay type matched the predicted pattern across intervals. Each
gray box displays the counts of significant s for the corresponding replay type and interval type
(aggregated across trials and animals), normalized within each row to the interval type with the
fewest time bins (i.e., the interval between D and E). Each square represents 100 normalized
counts. Boxes in which counts were predicted to be higher are indicated by a black outline. Replays
starting with a non-adjacent event representation were considered remote replays (BCDE in first
interval, and BDE in first two intervals), and others local replays.
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Fig. 4.3. | Forward sequence replay quantified by the individual forward fs display similar
patterns. (a) Schematic of the four types of individual forward Bs used to capture moments of
forward sequence replay of consecutive odor pairs (BAB, BBC, BCD, BDE). (b) Frequency
distribution of all regression values observed for each B type across all interval time bins and
animals. Significant s were identified as moments in which the regression value was 3 standard
deviations above the mean (computed separately for each animal). (¢) Similar to Fig 4.2, the counts
of significant Bs observed for each replay type matched the predicted pattern across. As in Fig 4.2,
each gray box displays the normalized counts of significant s across replay and interval type
(aggregated across trials and animals, normalized within rows intervals between D and E), and
each square representing 100 normalized counts. Boxes in which counts were predicted to be
higher are indicated by a black outline. Replays starting with a non-adjacent event representation
were considered remote replays (BCD in first interval, and BDE in first two intervals), and others
local replays.
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4.3.3. VISUALIZING THE ENSEMBLE ACTIVITY DURING SIGNIFICANT REPLAY

MOMENTS.

While our main analyses focused on categorical data (counts of significant replay
moments across intervals), we thought it would also be informative to visualize the information
contained in the ensemble activity during each replay type. Although our replay results are based
on decoding activity from entire ensembles, many informative neurons have complex coding
patterns (e.g., selectivity for multiple odors) that are difficult to visualize. Therefore, as in our
previous work (153), we found that the best way to visualize this was to highlight the activity of
odor-selective neurons (neurons selective for a single odor). To do so, we identified odor-
selective neurons by applying the classifier to each neuron individually (see 4.2.6).
Subsequently, for each type of replay, we visualized the activity of the five different types of
odor-selective neurons (neurons aggregated across subjects). The activity of each neuron was
normalized to its peak activity using all replay events (see methods) to facilitate comparisons

across plots.

The pattern of activity in odor-selective neurons matched the expected content of each
replay type (Fig 4.4). More specifically, we observed sequential firing patterns which followed
the order in which the decoded odor information was replayed. For instance, during BABCDE
moments, neurons selective for odors A, B, C, D, or E were active in that order. During BBCDE
moments, a similar pattern was observed with the exception that odor A neurons did not
significantly increase their firing and so on. Importantly, such sequential activity patterns were
not observed when data was permuted or during moments selected at random during the intervals
(Fig 4.5). These visualization results validate that the information contained in the ensemble

activity is consistent with the expected content of replay moments identified using f3.
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Fig. 4.4. | Visualization of forward sequence replay moments using the activity of odor-
selective neurons. (a) Schematic of the four types of significant fs (BABCDE, BCDE, BCDE,
BDE) visualized across the four interval types. (b) Information represented in the ensemble activity
during the corresponding significant Bs moments. Odor probabilities are averaged across moments
and across subjects (mean +/- SEM). (¢) Corresponding peri-stimulus time histograms (PSTHs)
showing the average single-cell activity for the subset of neurons selective to each odor (13, 12,
13, 14, and 13 neurons selective for odors A, B, C, D, and E, respectively; neurons aggregated
across animals). For clarity, only neurons selective to a single odor are included, the activity of
neuron is normalized across columns, and neurons are sorted by their time of peak firing in each
PSTH. (d) Corresponding raster plots showing spikes from the same neuronal ensemble in a single
instance of each type of replay (same sorting of neurons across raster’s).
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Fig. 4.5. (a) Schematic of

the four types of significant s (BABCDE, BBCDE, BCDE, BDE) visualized across the four interval
types. (b) Information represented in the ensemble activity during the corresponding significant
Bs moments. Odor probabilities are averaged across moments and across subjects (mean +/- SEM).
(¢) Peri-stimulus time histograms (PSTHs) showing the average single-cell activity for the subset
of neurons selective to each odor (same neurons as in Fig 4.4) during control moments. Control
moments are random moments picked from the intervals which do not overlap with replay

moments and SWRs.
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4.3.4. REVERSE REPLAY OF THE LEARNED SEQUENCE IS LESS FREQUENT AND

PRIMARILY OCCURS AFTER THE END OF THE SEQUENCE.

Evidence from the place cell literature also indicates that hippocampal ensembles often
replay recently travelled trajectories in the reverse direction upon reaching a goal location and
that this form of coding is influenced by reward magnitude (105, 116, 144). Reverse replay has
therefore been associated with a role in the formation and consolidation of goal-related memories
(38,41, 60, 111, 121-122). Here we directly tested whether the phenomenon of reverse replay
extends to other modalities and complex task demands. In this specific case, there are two key
aspects of the data to consider. First, although there is little new learning in the recorded session
(the sequence is learned preoperatively), the presentation of out of sequence (OutSeq) items
could interfere with the memory of the sequence. Thus, there is an incentive for the system to
reverse replay the correct sequence upon completion. Second, upon successful completion of the
sequence, a larger water reward was delivered at the other end of the track to encourage
segmentation of the sequences. Although no odors are presented at that location, the larger
reward may bias the system toward reverse replay dynamics. Consequently, unlike the pattern
observed with forward replay, we hypothesized that reverse replay would be stronger at the end
of the sequence (i.e., once the goal has been reached), that is both after odor E and after the

larger reward is consumed at the other end of the track.

This hypothesis led to testable predictions for the counts of each reverse replay type
across interval type, with the boundary condition being the last odor of the sequence (darker grey
boxes in Fig 4.6 C). In other words, for each reverse replay type, counts were hypothesized to be
significantly higher for intervals after odor E (e.g., EDCBA after E) than before (e.g., EDCBA

before D). Like the approach used to quantify forward replay, we took the significant
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consecutive Ps representing reverse sequence replay moments (e.g., BEDCBA), tabulated their
counts across the intervals of the sequence, and normalized the counts of each B across intervals

(Fig. 4.6).

Consistent with the hypothesis, BEDCBA, BDCBA, BCBA, and BA moments were
significantly more prevalent in the two intervals after odor E presentation, though BEDCBA
counts were also high before odor E. The same pattern of results was observed when examining
the distribution of individual reverse Bs (Fig. 4.7). These findings are consistent with the
literature on spatial replay and extend the phenomenon to conditions in which learned
representations must be maintained despite interfering events, suggesting that the role of reverse

replay in not limited to the formation and consolidation of new learning.
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Fig. 4.6. | Reverse sequence replay predominantly occurs during intervals following the end

of the sequence. (a) Schematic of the four types of Bs used to capture moments of reverse sequence
replay in the ensemble activity (BEDCBA, PDCBA, BCBA, BBA). (b) Frequency distribution of
all regression values observed for each P type across all interval time bins and animals. Significant
Bs were identified as moments in which the regression value was 3 standard deviations above the
mean (computed separately for each animal). (¢) With one exception (BEDCBA counts in interval
between D and E), the counts of significant Bs observed for each replay type matched the predicted
pattern across intervals. As in Figure 4.2, each gray box displays the normalized counts of
significant Bs across replay and interval type (aggregated across trials and animals, normalized
within rows intervals between D and E), and each square representing 100 normalized counts.
Boxes in which counts were predicted to be higher are indicated by a black outline. Replays
starting with an adjacent event representation were considered local replays (BEDCBA in intervals
before and after odor E) and others remote replay.
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Fig. 4.7. | Reverse sequence replay quantified by the individual reverse B display similar

patterns. (a) Schematic of the four types of individual reverse Bs used to capture moments of
reverse sequence replay of consecutive odor pairs (BED, BDC, BCB, BBA). (b) Frequency
distribution of all regression values observed for each B type across all interval time bins and
animals. Significant s were identified as moments in which the regression value was 3 standard
deviations above the mean (computed separately for each animal). (¢) Similar to Fig 4.6, the counts
of significant Bs observed for each replay type matched the predicted pattern across intervals (with
one exception of BED counts in interval between D and E. As in Fig 4.2, each gray box displays
the normalized counts of significant s across replay and interval type (aggregated across trials
and animals, normalized within rows intervals between D and E), and each square representing
100 normalized counts. Boxes in which counts were predicted to be higher are indicated by a black
outline. Replays starting with an adjacent event representation were considered local replays (BED
in intervals before and after odor E) and others remote replay.
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4.3.5. THE DISTRIBUTION OF REPLAY MOMENTS WITHIN INTERVALS PARTIALLY

OVERLAPS WITH THAT OF SWRs AND IS INFLUENCED BY REPLAY DIRECTION

AND START ITEM.

Prior research on sequence replay has primarily focused on analyzing ensemble activity
during SWRs. While this approach is useful in limiting data analysis to potentially informative
periods, there is no one-to-one mapping between the two. In fact, recent studies have shown that
not all SWRs events exhibit replay, with the proportion of SWRs with replay ranging from 5% to
70% (109), and that replay frequently occurs outside of SWRs (137, 145-146). Therefore, to
capture all replay moments, we analyzed the activity from all interval time bins rather than only

those coinciding with SWR events.

We found that, on average, replay moments and SWRs exhibited similar distributions
within intervals, with a peak near the middle of that period (Fig 4.8 B). However, when directly
examining the overlap of individual SWRs and replay moments, we observed that 30% of SWRs
coincided with replay moments (Fig 4.8 A). As mentioned above, this proportion is consistent

with those reported in previous studies (105-106, 109, 137, 143, 162-164).

We then examined LFP power during replay moments using spectrograms (Fig 4.9). As
expected, replay moments coinciding with SWRs showed high power in the 150-250 Hz band
and lower power in other bands. For replay moments not coinciding with SWRs, we observed no
distinctive increase in power across frequency bands. Similarly, no distinctive increase in power
across bands was observed on control moments, which were randomly sampled from intervals
but did not overlap with either SWRs or replay moments. These results are consistent with prior
evidence that replay occurs during periods of irregular activity in the LFP observed during
offline periods (137).
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Interestingly, we discovered that the direction and starting item of replays influence their
distribution within the intervals. First, we found that reverse replay was predominantly
distributed early during intervals (Fig 4.8 C). This is not surprising given that the reward was
delivered around 500 ms into the interval and that reverse replay shows a strong association with
reward consumption. In contrast, we found the distribution of forward replay to be bimodal, with
the two peaks reflecting different start items for the replay (Fig 4.8 D). Replays starting with the
previous item occurred earlier during intervals (i.e., closer to the previous odor than the next),
whereas replays starting with the next item occurred later during intervals (i.e., closer to the next
odor). These findings provide important new information about the relationship between the

content of replay and its timing in relation to task events.
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Fig. 4.8. | Distribution of replay moments and SWR events within intervals. (a) Percent
coincidence between replay moments and SWRs. Since the duration of the intervals vary, we
normalize the duration to its length, to make fair comparison of coincidence across intervals. 0
indicates start of the interval (poke-out from the previous odor), and 1 indicates end of the interval
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(poke-in for the upcoming odors) (b) SWRs and replay moments are similarly distributed during
the intervals, where both cluster in the middle of the interval. (¢) Distribution of forward and
reverse replay moments during intervals. Forward replay moments are more in number than
reverse replay, which matches our predicted patterns. (d) Distribution of forward replay moments
with different start content. Forward replay moments that start with the previous odor in the
sequence (e.g., replay BCDE during interval after B) tend to cluster earlier than those that start
with the upcoming odor (e.g., replay CDE during interval after B).
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Fig. 4.9. | LFP power during replay moments, control moments and SWR events. (a)
Spectrograms displaying the average power in the 3-255 Hz range for replay moments (BABCDE
and BEDCBA), control moments and SWRs, each of 125 ms in duration. Control moments were
randomly sampled from the intervals but did not overlap with the replay moments or SWR events.
White lines demarcate the boundaries of the moments (start marked with 0).

4.4. DISCUSSION

In this study, we leveraged a unique combination of challenging behavioral,
electrophysiological, and statistical approaches specifically to test whether the phenomenon of
sequence replay observed for spatial information extends to other stimulus modalities and
cognitive demands. We provide the first direct evidence of hippocampal replay for multi-step
sequences of nonspatial and discontiguous states reflecting task-critical associations. Replay in
the forward direction was prevalent during intervals preceding each event (odor) of the sequence
and reactivated remaining parts of the sequence. In contrast, replay in the reverse direction was

less frequent and primarily occurred after the end of the sequence. These findings suggest that
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hippocampus can extract task-critical moments from extended continuous experiences, capture
their sequential relationships, and rapidly replay them in the forward direction to evaluate
potential mental steps leading to a goal or in reverse to consolidate or preserve learned

representations.

The forward replay of spatial trajectories leading to a rewarded goal location is well
documented in the literature (38, 41). Such replay, which can start locally (from the animal's
current location; 38,137) or remotely (from another location; 106), typically reactivates the
representations of the sequence of contiguous locations leading to a reward site. These
observations are generally interpreted as reflecting a broader role for forward replay in planning
upcoming behavior (i.e., beyond spatial navigation), a link that is now directly supported by our
findings. Specifically, we observed local replays that started from the closest event in the
sequence (i.e., the odor immediately before or after the interval) as well as remote replays that
started with an event later in the sequence. Interestingly, our results also suggest a more nuanced
characterization of the animals’ goal than a rewarded site or action. The pattern of replay we
observed suggests that the goal was the end of the sequence (i.e., the presentation of the last
odor), as it was where forward replay ended and reverse replay began. Notably, animals received
the same water reward after each odor presentation, so the last odor was not differentially
rewarded. This suggests a goal representation that is not specifically tied to reward and is more
conceptual in nature. Finally, spatial forward replay can also represent shortcuts to goals,
highlighting its role in flexibly expressing spatial relationships within an environment. We view
our replay of discontiguous task events (shortcutting time periods between them) as the
expression of the same fundamental property of "navigating" the task representational space, in

this case the set of non-spatial associations predicting successful performance.
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Previous studies have shown that reverse replay is more prevalent in novel environments
and tends to diminish as familiarity grows, highlighting its role in the initial learning of mental
maps (103, 119, 124-125). Our results suggest the function of reverse replay goes beyond this
initial learning. In fact, we observed reverse replay in animals tested on a familiar sequence
when task rules were established and rewards consistently received for specific behaviors at
specific locations. Our results indicate that reverse replay may also help reinforce learned
associations that are important for task performance, aligning with the few studies showing
reverse replay is also present in familiar environment and can represent paths to locations where
animals have frequently received rewards. In our design, the presentation of out of sequence
items, which are inconsistent with the learned representation of the sequence, may have
promoted reverse replay dynamics as a mechanism to protect or maintain the learned
representation against interfering events. Our results also suggest a more complex interpretation
of the relationship between reverse replay and reward. Reverse replay moments primarily
clustered in two intervals. As noted above, one interval was at the end of the sequence (after odor
E), even though the amount of reward was the same for each odor in the sequence. The other
interval was at the opposite end of the track, where the reward was larger, and replay counts
generally (but not always) higher than at the end of the sequence (see Fig 5 and Suppl Fig 2).
These results suggest reverse replay counts are not simply reflecting reward delivery or its
magnitude and that other processes are involved to determine what constitutes a meaningful

segment of experience to replay and what is the appropriate goal to represent in the task at hand.

Our results also prompt several important questions to address in future studies. When
animals encounter a novel sequence within the same task, it is unclear how the content and

direction of replay may change as they learn the correct sequence. Previous research suggests an
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increase in reverse replay rates in new environments (103, 108, 111, 124-125), and we expect
similar patterns here. However, to test this, we need to develop a statistical framework that
accounts for the challenges of this task, such as fewer odor stimuli available for training
classifiers due to anticipated early learning errors, or possibly using a setup where animals are
previously exposed to the odors before starting the task. Our findings show that not all replay
events coincide with SWR, consistent with previous studies reporting similar rates of
coincidence (105-106, 137, 143, 162-164). Our results show that the LFP during replay events
does not favor any specific frequency band compared to control events. But, further investigating
the differences in LFP characteristics between replay events that overlap with SWR and those
that don't, could reveal potential variations in their neural signatures. Our data indicate that
replay sequences in both forward and reverse directions focus on odor E, marking it as a
conceptual goal rather than a reward-related one, since each odor is followed by a reward. This
highlights odor E as the final target within the sequence, and it would be intriguing to delve
deeper into how replays that conclude at a conceptual goal differ from those oriented towards
direct rewards, potentially revealing new insights into goal-directed behavior in animals. Our
results suggest that replay mechanisms may create temporal shortcuts to goals by efficiently
navigating through sequences. This observation opens new avenues for research into how
animals integrate discrete and continuous aspects of tasks. Developing a statistical framework
that can measure the replay of both the sequential moments of time within the sequence and the
discrete events involved could provide further insight into the dynamics of memory replay and

its role in learning and navigation.

In summary, the present study represents a significant advance in our understanding of

sequence replay. By demonstrating how this phenomenon extends to other modalities and
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captures more complex cognitive demands, our findings provide critical support for
computational and theoretical proposals of a fundamental and broad role for hippocampal replay

in learning, consolidating, and retrieving multi-step associations to guide goal-directed decisions.
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CHAPTER 5: SUMMARY

In this thesis, I aimed to develop a better understanding of the neural mechanisms with
which hippocampal activity supports the memory of the order of events in a sequence.
Specifically, I investigated whether the sequence generating property of CA1 ensembles supports
the memory of discrete events separated in time, akin to daily life episodes. To do so, I leveraged
our labs existing CA1 dataset recorded as animals are engaged in a demanding non-spatial
sequence memory task, which mirrors our daily life episodes by incorporating a series of
discontiguous odor presentations separated by rest intervals. Next, I built statistical frameworks
designed to quantify distinct sequence coding properties (i.e., time cell activity and hippocampal
replay) during discrete task events. Importantly, the task design and the frameworks enabled us
to determine if CA1 ensembles exhibit unique sequence coding properties and get deeper

insights into their specific roles and distribution during different moments in the task.

5.1. SUMMARY OF TEMPORAL CODING IN THE CA1 ENSEBLES (CHAPTER 2)

In this chapter, I investigated whether sequential firing fields (i.e., time cell activity)
support the temporal organization of events that are widely separated in time, a fundamental
feature of our daily experiences. While the sequential firing fields are known to provide a
temporal signal during individual task events (46, 48, 54, 89-94), it remains unclear whether they
also enhance the hippocampus's ability to organize discontiguous events in time. To test this, I
visualized the sequential firing field activity using PSTHs and quantified temporal coding

strength of the ensemble activity using a Bayesian model. Briefly, the model yielded probability

70



distributions of reconstructed times for specific task events, enabling us to assess temporal

coding accuracy by evaluating how accurately time was reconstructed within these events.

Our findings strongly indicate that sequential firing fields could serve as a mechanism
through which the hippocampus supports memory for order of events in a sequence. Specifically,
we observed that the CA1 ensembles exhibited sequential firing fields during stimulus
presentation, which are stimulus-specific, and provide with strong temporal coding during these
events (Fig 2.3). This chapter also examined whether temporal coding accuracy changes based
on the temporal distance between odor presentations (in terms of the position in sequence; lag).
Our findings support the temporal context model (82), demonstrating that temporal coding
accuracy varies by lag, being highest at a lag of 0 and decreasing linearly as the lag increases.
Interestingly, even though accuracy decreases with increasing lag, it remains significantly above
chance levels for all lags. This suggests that the temporal organization of stimuli is partially
shared and varies with lag, such that the temporal distance between stimuli is reflected by the
degree of dissimilarity of their neural activity (Fig 2.5). This chapter also investigated whether
sequential firing fields bridges across sequences of stimuli and the intervals in between, lasting
throughout entire sequence presentation. Despite variations in individual odor timings, we found
sequential organization of firing fields across the full sequence (~25 seconds), which also
provided with strong temporal coding accuracy across this entire duration (Fig 2.6). Collectively,
the results suggest that the sequential firing field activity of the CA1 ensembles provide strong
temporal signal that encodes information about the identity of individual stimuli, their position in

a sequence, and bridges across a series of stimuli presentations.
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5.2. SUMMARY OF STATISTICAL FRAMEWORK TO QUANTIFY SEQUENCE

REPLAY OF DISCRETE NONSPATIAL STATES (CHAPTER 3)

In this chapter, I outlined the development a statistical framework designed to evaluate
sequence replay predictions involving the replay of temporally separated discrete events
(discussed in chapter 4). The need for a new statistical framework arose because existing models
are primarily suited to determine replay of sequences of continuous states, like spatial locations,
and depend heavily on the replay of place cells, which are more straightforward to detect
compared to patterns in ensemble activity representing temporally separated events (106, 138-
141, 147). Specifically, we developed a framework capable of identifying replay moments
during awake resting periods (i.e., during the intervals) and determined whether the content,

direction and distribution of the replay moments matched our predicted patterns.

We built this framework by adapting the sequenceness metric, previously used for quantifying
replay of nonspatial events in MEG data (90-91), and further expanded this metric to allow us to
determine the exact order of replayed odors during replay moments, visualize the activity of
individual cells during these moments, and assess whether the replayed content and direction
changes based on the interval type (i.e., animals’ temporal location in the sequence with respect
to its goal). Additionally, we determined the essential parameters of the framework based on
CA1 activity, which are crucial to test our sequence replay predictions (Fig 3.2, 3.3). The critical
outputs of this framework are the regression coefficients (i.e., B's), which measure the likelihood
of replaying any two adjacent odor pairs within 25 ms bins during intervals (e.g., BCD for the
replay of odor C followed by D). We computed consecutive B's from these individual B's to
quantify the replay of sequences of 2+ odors (e.g., BCDE for the replay of odors C, D, and E). By

utilizing both individual and consecutive f's, we identified significant replay moments during the
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intervals (e.g., a replay moment of odors A-E in the forward direction is marked by significant
BABCDE). Once the framework was built, we analyzed CA1 ensembles to obtain essential
parameters of the framework before testing it to check our sequence replay predictions. First, we
determined the optimal time window during odor presentation to train our classifier, which we
identified as 300-500 ms period post nose poke-in (Fig 3.2). Secondly, we assessed the
incorporation of a null state to control for multicollinearity, a potential problem when conducting
time-lagged regressions on odor probabilities (Fig 3.2 C). Importantly, adding the null state did
not impact the performance of the classifier. Lastly, we determined the optimal time lag (At; Fig
3.3) reflecting the time lag between bins within replay moments (longer At would mean longer
duration of replay moments for the same replayed content). We found the optimal At to be 25 ms

which we fixed to test our sequence replay predictions in chapter 4.

5.3. SUMMARY OF HIPPOCAMPAL SEQUENCE REPLAY OF DISCRETE

NONSPATIAL STATES (CHAPTER 4)

Hippocampal replay is associated with numerous fundamental cognitive processes and
serves as evidence of the hippocampus's ability to generate sequences, a capacity known to
support the memory of the order of events in a sequence (55-59). However, it remains unclear
whether this phenomenon extends to other stimulus modalities and task demands, especially in
organizing discrete events separated in time. In this chapter, I investigated whether the
hippocampal sequence replay phenomenon, observed for spatial information, also applies to
nonspatial information involving discontiguous stimuli. To determine this, I utilized the
framework established in chapter 3 and tested our working model of predicted distributions of

replay moments across intervals (Fig 4.1).
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We presented the first direct evidence of hippocampal replay for multi-step sequences of
nonspatial and discontiguous states that reflect task-critical associations. Specifically, our
findings are in line with the spatial replay literature (39, 90, 137) and extend the replay
phenomenon to complex sequential relationships across discrete events by demonstrating the
replay of odor sequences during moments in the intervals. We observed that forward replay
reflects the animal’s expectations for upcoming parts of the sequence where the replay moments
represented upcoming steps to the goal (Fig 4.2). For example, BABCDE moments were
significantly more prevalent in the first interval (interval after odor A), BBCDE moments in the
first two intervals (before and after B), BCDE in the first three intervals, and BDE in the first four
intervals. Interestingly, such forward replay either started locally (with the closest odor) or
remotely from a future sequence position, but not from a remote past sequence position (e.g.,
BCDE when adjacent to D) nor after completion of the sequence (after E). Importantly, the
replay moments ended at odor E, which is the goal and is not differently rewarded but is more
conceptual in nature as it marks the end of the sequence. Unlike the pattern observed with
forward replay, we observed that reverse replay is stronger at the end of the sequence (i.e., once
the goal has been reached), that is both after odor E and after the larger reward is consumed at
the other end of the track (Fig 4.6). Specifically, we observed that consecutive odor sequences
were replayed in reverse after the end of the sequence presentation. Where, BEDCBA, BDCBA,
BCBA, and BBA moments were significantly more prevalent in the two intervals after odor E
presentation (except for BEDCBA counts being high before odor E). Together, these results
highlight the unique roles of forward and reverse replay moments in meeting the requirements of
our sequence memory paradigm. They suggest that forward replay helps evaluate potential

sequences of states that are more abstract or associative goals (i.e., odor E in our task).
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Furthermore, the findings also indicate that the role of reverse replay extends beyond forming
and consolidating new learning and includes maintaining learned representations of goal related

sequences.

5.4. GENERAL DISCUSSION

In chapters 2-4 we investigated distinct sequence coding mechanisms in the CA1
ensembles and their specific roles when the animals are engaged in our nonspatial sequence
memory paradigm. Importantly, we provided direct evidence of time cell activity and
hippocampal replay during behavior and showed that both these distinct sequence coding
mechanisms occur within the same CA1 recordings of the same animals engaged in the same
task. Specifically, we demonstrated that these distinct phenomena unfold at different times
during behavior, with time cell activity unfolding during individual task events and hippocampal
replay during intervals separating them. Our research offers further insights into the unique
functions of these mechanisms. Time cell activity captures the sequential relationship among
stimuli and provides a continuous temporal signal throughout the sequence, which includes both
the odor presentations and the intervals separating them. In contrast, replay captures only the
essential task information, specifically by representing only odor identities without the intervals.
Overall, our findings suggest that distinct sequence coding phenomena are active at different
times during the task, and that these mechanisms could be supporting distinct aspects needed for
temporally organizing memories. Our findings also support the idea that the hippocampal
network's capacity to create and maintain sequential activity patterns is crucial for its ability to

support sequence memory (55-59).
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Collectively, our findings prompt interesting avenues to expand this work. In addition to
the time cell and hippocampal replay presented in this thesis, other sequence coding mechanisms
are also linked to temporally organizing experiences. Similar to hippocampal replay, theta
representations are shown crucial for planning and decision-making, as they maintain an online
trajectory towards the current goal (153-154). Analysis of the same CA1 dataset shows that past,
present, and future events are sequentially organized within theta cycles during stimulus
presentations, which is associated with decision accuracy and trial-specific contingencies (153).
These results show that these three coding mechanisms represent overlapping information which
suggests that their roles may be interconnected. Specifically, within the same CA1 dataset,
sequence replay and theta cycles represent task-critical information (i.e., odor identities without
the intervals), time cell activity and theta reflect correct order memory judgements, and all the
three mechanisms represent sequential relationships among odors in different ways. To further
explore how the hippocampus supports the temporal organization of memories, it will be
valuable to investigate the relationship between these coding mechanisms, assess their unique

contributions, and understand how they collectively facilitate memory of sequences of events.

Investigating how these mechanisms affect behavioral decisions and examining the role
of other brain regions, is crucial for understanding how the brain supports sequence memory.
The prefrontal cortex is particularly significant in this context. Numerous studies have
demonstrated the significant role of the prefrontal cortex and its interaction with the
hippocampus in organizing temporal experiences across species. For example, fMRI studies
show activation in both regions during the encoding and retrieval of temporal information (21-
24). Similarly, studies on the primate dorsolateral and ventrolateral prefrontal cortex reveal time

cell activity during nonspatial tasks, indicating that this temporal structure might be a
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fundamental organizing principle in various brain regions (152). Further evidence shows that the
prefrontal cortex can rapidly reactivate task-related information, like the hippocampus (41).
These tend to coincide with SWRs and occur during low voltage spindles of 10-20 Hz and delta
oscillations of 0.1-4 Hz in slow wave sleep (118, 134-135), as well as during wakefulness, where
specific groups of prefrontal neurons are selectively excited or inhibited (134). Despite
recognizing the involvement of the prefrontal cortex, its distinct neurobiological mechanisms and
interactions with hippocampus in supporting sequence memory are less understood. To
investigate this, simultaneous recordings from these brain structures are necessary while animals
are engaged in a nonspatial sequence memory task. Combining these recordings with optogenetic
techniques to inactivate specific regions can help further test their behavioral influence and

distinct contributions.
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