
Context Reinstatement

Jeremy R. Manning, Ph.D.

Affiliation: Department of Psychological and Brain Sciences
Dartmouth College
Hanover, NH 03755

Email: jeremy.r.manning@dartmouth.edu

August 10, 2020

Abstract

Context reinstatement is the process by which we incorporate thoughts from our past

into our current mental state. This chapter is concerned with characterizing the cognitive and

neuropsychological underpinnings of context reinstatement. Modern theories of context rein-

statement are inextricably tied to theories of how we process and perceive the present. The

primary goal of this chapter is to present a conceptual framework for characterizing how ex-

periences unfold in time, and how our mental states at each moment relate to our experiences.

This framework allows us to compare, contrast, and test different theories of context reinstate-

ment. A second component of this chapter is concerned with two fundamental properties of

how our experiences unfold, and how we perceive and remember them: scale invariance and

event segmentation. The chapter concludes with a reflection on the proposed role of context

reinstatement in facilitating a range of important memory-related cognitive functions.

Keywords: Episodic memory, context reinstatement, autocorrelation, scale invariance,

event boundary
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Overview

This chapter is concerned with how the mental context in which we experience each new moment

affects how we learn and remember. Essentially, contextual information serves as a sort of mental

bookmarking system that allows us to tag each moment of our experience with a unique identifier,

and to organize related experiences. We will begin by exploring what it means to remember— i.e.,

to mentally revisit our past experiences.

Where do we “go” when we remember?

The blend of thoughts we carry with us into each new moment provides a context for interpreting

new experiences, cataloging those new experiences in our memories, bringing our related prior

experiences to bear on the problem of deciding how to behave, and generating expectations and

predictions about the future. Whereas our immediate sensory experiences (what we are seeing,

hearing, touching, tasting, and smelling) reflect measurements of the external world (i.e., the world

outside of our brain), contextual thoughts are only indirectly related to the physical goings-on of

each new moment. Although contextual thoughts may be directly influenced by the external world,

they may also be colored by prior external experiences (e.g., what happened in other moments prior

to now) or by our internal states (e.g., our goals, emotions, metabolic needs, physiology, high-level

understanding of our current situation, etc.) in ways that are only indirectly tied to our immediate

sensory experiences. Because they are not directly locked to our moment-by-moment sensory

experiences, contextual thoughts often change more gradually than our sensory experiences of the

external world. Different contextual thoughts can drift at different rates, or persist for different

amounts of time. For example, our understanding of a given spoken word may require integrating

over auditory information acquired over less than a second; understanding a sentence in which

the word is embedded might entail integrating over auditory information acquired over several

seconds; and understanding the broader conversation might require integrating over many minutes.
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Each type of information being integrated at a given timescale (phonemes within a word, words

within a sentence, sentences within a conversation, etc.) provides a “context” for interpreting

other information being integrated over shorter timescales. Modern theories of episodic memory

posit that more slowly drifting thoughts contextualize faster-drifting thoughts (e.g., see review by

Manning et al., 2015).

The autobiographical timeline and context reinstatement

Each moment of our subjective experience is characterized by a unique blend of externally and

internally driven thoughts (Heraclitus, BCE). If remembering entails reactivating thoughts from

our past, we can ask: at the moment of remembering, how similar is our current blend of thoughts

to the thoughts we had at each prior moment? Effectively, we are spreading our current mental

state back through our past, revisiting each prior experience to some quantifiable extent (Fig. 1).

This is analogous to a quantum wave function spreading its probability mass over space (Manning,

2019). The shape of this distribution can tell us about how we mentally revisit our past when

we remember. For example, do our thoughts at the time of remembering incorporate information

from a continuous blend of timepoints from our past? Or just a single timepoint (or range of

timepoints)? Or a discrete set of timepoints (or ranges)? Each of these possibilities encompasses

different hypotheses about context reinstatement and memory. Understanding how we might begin

to explore or distinguish between these hypotheses requires first examining how our experiences

unfold over time.

How do experiences unfold over time?

The physical world, though highly complex, is also highly constrained at the macro level by well-

structured and (often) predictable rules. Our sensory, attentional, and memory systems are tuned

to exploit these regularities to efficiently represent the external world, fill in ambiguities in our

ongoing or remembered experiences, and generate predictions. For example, the components of
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Figure 1: Where do we “go” when we remember? When we remember a past event, our thoughts
(at the time of remembering) reflect a weighted blend of our thoughts just prior to now (black dot),
thoughts we had around the time we experienced the remembered event (red dot), and thoughts we
had during other related experiences or events. We can therefore ask: to what extent are thoughts
related to each moment from our past reflected in our current thoughts?

objects occupy contiguous points in space, so knowing that an object is present at one point in

space provides a predictive signal about whether that object also occupies an immediately adjacent

point in space, even if that adjacent point is visually occluded. Similarly, our body’s position in

space varies continuously (i.e., we cannot teleport between non-adjacent spatial locations). This

means that our spatial position at one moment tends to be similar to our spatial position at the

next moment. In general, our physical environment is highly autocorrelated: all else equal, our

experiences tend to progress smoothly and gradually along any given dimension (temporal, spa-

tial, situational, conceptual, etc.). The autocorrelations in our experiences are also scale invariant

in that they exhibit similar structure at a wide range of scales. For example, just as our sensory

experience tends to be similar from one moment to the next (on the scale of milliseconds to sec-

onds), general properties of our sensory environment, such as the room we are in, tend to change

gradually– but over longer time scales (minutes to hours). Higher order features of our experience

such as the weather (hours to days), season (months), or architectural features of the town or city

we live in (years to decades) change at still longer timescales. Analogous principles hold for ab-

stract (non-sensory) features of the external environment, such as social or situational interactions,

4



and for internally driven thoughts such as our goals and emotions.

Our brains themselves also exhibit autocorrelated activity. In the extreme this is trivially true;

our brains are biophysical systems that cannot change infinitely quickly, so neural activity patterns

are necessarily similar (to some extent) from one moment to the next. However, autocorrelated ac-

tivity patterns at the time scales we typically examine in laboratory memory studies are far stronger

and persist for far longer than is strictly necessary from a biophysical standpoint. For example,

transient changes in neuronal membrane potentials during action potentials can last just a few mil-

liseconds (Hodgkin and Huxley, 1952) and even local field potentials that reflect the synchronized

activities of tens of thousands of neurons can exhibit millisecond timescale changes (Buzsáki,

2006; Fries, 2005). Nevertheless, our brain activity pattern can remain reliably autocorrelated at

timescales of seconds or longer– and these long timescale autocorrelations predict how our ongo-

ing experiences are remembered later (e.g., Folkerts et al., 2018; Howard et al., 2012; Manning

et al., 2011; Manns et al., 2007).

One consequence of autocorrelations in our physical and neuropsychological experiences is

that it is often difficult to pin down the precise moment in time that a thought (or its associated

brain activity pattern) occurred. If a thought is driven by some aspect of our external environment,

then because our experience changes gradually, the same factors that triggered the thought are

likely to be present across successive moments as they fade into and out of our immediate sensory

experience. Further, as we will discuss below, our memory systems temporally blur our ongoing

experiences at a range of timescales. This means that the subjective effects of an experience tend

to linger even after the external cues are no longer present. If we were to measure how much our

thoughts at the time of remembering reflected the thoughts we had at different moments from our

past (e.g., as in Fig. 1), the presence of autocorrelations in our moment-by-moment experiences im-

ply that the “match” to one moment’s thoughts will be similar to the match to temporally proximal

other moments’ thoughts. This temporal blurring arises from two sources that are often difficult to

separate: autocorrelations in our experiences themselves, and additional autocorrelations induced
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Figure 2: Contextual thoughts drifting at a range of timescales. The timeline displays a hypo-
thetical sequence of thoughts during a harried late arrival at the airport. The labels at the bottom
of the figure denote a series of events, experienced between arriving at the airport and boarding
an airplane. In addition to thoughts about the moment-by-moment experiences during each event
(not shown), higher-order thoughts driven both by external and internal experiences often persist
across multiple events. These persistent thoughts serve as a context for faster-drifting lower-order
thoughts (e.g., about one’s immediate moment-by-moment experiences), and are themselves con-
textualized by even more slowly drifting thoughts (e.g., a general sense of being at the airport).

by our memory systems that temporally blur our ongoing experiences (Fig. 2).

Although autocorrelations are perhaps the dominant organizing principle of our unfolding ex-

periences, occasionally we can experience more abrupt transitions, termed event boundaries.

Conceptually, event boundaries occur when we transition from one situation or experience to an-

other different situation or experience. For example, if you are speaking with a friend at a party,

the beginning and end of your conversation would constitute event boundaries. Just as ongoing

experiences exhibit structure at a range of scales, event boundaries also occur at a range of scales.

For example, event boundaries may occur on the order of seconds or minutes (e.g., within a single

conversation that covers different content), minutes to hours (e.g., as you converse with different

individuals at the same party), or longer (e.g., heading to the party, attending the party, and then

heading home). Event boundaries constitute an important special case of how our experiences

unfold, because they break the typically autocorrelated structure of our ongoing experience. In

other words, whereas our moment-by-moment experiences within an event tend to be strongly au-
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tocorrelated, our experience changes much more abruptly across event boundaries. This provides

a potential means of separating out the sources of autocorrelations in our thoughts: across event

boundaries, our experiences themselves may change abruptly even if our ongoing thoughts (and

neural activity patterns) related to those experiences exhibit lingering traces of the pre-boundary

event. In addition to temporal event boundaries, analogous boundaries pervade our experiences

in other domains including object features and boundaries, environmental boundaries, semantic

concepts, social constructs, etc. Like temporal event boundaries, boundaries in other domains also

occur at a range of scales. The interplay between autocorrelations and boundaries serves as a key

organizing principle for our memory systems. For example, this enables us to segment our on-

going experiences along our autobiographical timeline into discrete events that we can efficiently

catalogue, retrieve, and communicate to others (e.g., Zadbood et al., 2017). This interplay also

allows us to form effective predictions about our current situation and adapt our behaviors and

expectations accordingly (e.g., Ranganath and Ritchey, 2012).

How do we revisit our past experiences?

Tulving (1983) characterized episodic memory as “mental time travel,” whereby we mentally re-

visit the moment of our past when we experienced the remembered event. Modern theories of

context reinstatement (e.g., Diana et al., 2007; Howard and Kahana, 2002; Howard et al., 2014;

Manning, 2019; Polyn et al., 2009; Ranganath, 2018; Sederberg et al., 2008; Shankar and Howard,

2010, 2012; Shankar et al., 2009) have clarified and expanded on this view. These models were in-

spired in part by earlier theoretical work suggesting that temporally proximal experiences become

linked through their shared contextual features (Atkinson and Shiffrin, 1968; Estes, 1955). The

emerging insight from this body of work is that our brains maintain parallel representations of our

ongoing (internal and external) experiences that are each temporally blurred with a different time

constant. Conceptually, higher-level thoughts (e.g., about the broader environment, conceptual

space, situation, or emotional state) reflect experiences that are blurred with longer time constants,
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whereas lower-level thoughts (e.g., about the details of the environment, conceptual space, situa-

tion, or emotional state) tend to change more rapidly. Each of these representations is maintained

by a neural integrator that responds at a different timescale. These integrators can be thought of

as individual neurons, small networks of neurons, entire brain regions, or combinations thereof.

Further, an individual integrator might respond to one or more aspects of experience according

to its receptive field (e.g., the perceived luminance of some part of the visual field of view; the

estimated friendliness of a perceived face; the degree to which cats are present in one’s immediate

surroundings; etc.). As we will see later in this chapter, there are neurons in the hippocampus, and

networks of brain regions distributed throughout cortex, that act like neural integrators by pref-

erentially responding to experiences that unfold at specific timescales (Aly et al., 2018; Hasson

et al., 2008; Honey et al., 2012a; Lerner et al., 2011; MacDonald et al., 2011; Mau et al., 2018;

Pastalkova et al., 2008).

If an integrator responds (to a particular feature) with a time constant ρ, then we can use the

function y(t, ρ) to describe its activity at time t:

y(t, ρ) = ρy(t− 1, ρ) + (1− ρ)f(t), (1)

where f(t) represents the value at time t of the feature the integrator is responding to. In other

words, the integrator’s response at time t is a weighted blend of its response in the previous time-

point (i.e., y(t−1, ρ)) and the feature’s value at time t (i.e., f(t)). When the weight (ρ) is larger, the

integrator’s responses are more “temporally sticky” in that its activity patterns will change more

gradually. This is because its responses will be driven more by its own activity in the previous

moment than by the perceived feature(s) it is responding to.

Modern theories of contextual drift and reinstatement posit that our brains maintain a family

of these neural integrators, each with its own time constant (value of ρ) and preferred stimulus

feature(s). Conceptually, this means that we maintain parallel representations of our ongoing ex-
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periences, where each representation reflects information that is changing at a different timescale.

These parallel representations become associated, enabling us to retrieve information about our

prior experiences (and other related or temporally nearby experiences). Shankar and Howard

(2012) showed that, if the time constants of these integrators are known, it is possible to use the

activity of a population of neural integrators to efficiently reconstruct a remembered time course

of the past, using a mathematical operation called the inverse Laplace transform (see Box for

details).

Box: Using the inverse Laplace transform to simulate memory retrieval

The Fourier Transform takes a function of t (e.g., of time, space, etc.), f(t), and creates a

new function of frequency, F (ω):

F (ω) =

∫ ∞
−∞

f(t)e−iωtdt =

∫ ∞
−∞

f(t) cos(ωt)− i sin(ωt)dt (2)

=

∫ ∞
−∞

f(t) cos(ωt)dt− i
∫ ∞
−∞

f(t) sin(ωt)dt. (3)

Note that Equation 2 uses Euler’s formula to re-write the exponential term as a sum of sine

and cosine terms. Intuitively, Equation 3 asks: how much does a cosine wave at a given

frequency, ω, contribute to the original function, f(t)? The Fourier Theorem states that

(nearly) any function may be represented as the weighted sum of cosine functions at different

frequencies. Equation 3 tells us how to find the specific weights for each frequency. When

we evaluate the integral at the frequency ω, the result will be a complex number whose

magnitude tells us how much f(t) “looks like” a cosine function with a frequency of ω.

(The complex angle tells us the phase offset of that frequency’s cosine function.) Further,

F (ω) is invertible, such that we can uniquely recover the original f(t) as long as we know

F (ω).

The Laplace Transform is an extension of the Fourier Transform that takes f(t) and
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creates a new function of decay and frequency, F (s):

F (s) =

∫ ∞
0

f(t)e−stdt =

∫ ∞
0

f(t)e−(α+iω)tdt (4)

=

∫ ∞
0

f(t)e−iωte−αtdt. (5)

The key difference between the Fourier Transform and Laplace Transform is the addition

of the e−αt term in Equation 5. Just as the Fourier Transform decomposes f(t) into a

weighted sum of cosines at different frequencies, the Laplace Transform decomposes f(t)

into a weighted sum of decaying cosines at different frequencies.

Post (1930) showed that we can approximate the Laplace Transform of f(t) using a set of

integrators like those defined in Equation 1, each with a different time constant (ρ, where ρ ∝

s−1). We can use the activations of the set of integrators at timepoint t as an approximation of

F (s), evaluated at the corresponding values of s for each integrator. Further, this operation

is invertible: we can recover an approximation of the original f(t) that the integrators were

responding to, using only this approximation of F (s):

f̂(t, t̂) =
(−1)k

k!
ρk+1y(k)(t, ρ), (6)

where k is a parameter that determines the precision of the reconstruction (where accuracy

improves as k → ∞) and where y(k)(t, ρ) is the kth derivative of y(t, ρ) evaluated at time

t. Here t represents the experienced time, whereas t̂ represents the remembered times. As

the number of integrators and the range of time constants grows, our ability to recover f(t)

using the inverse Laplace transform improves.

This set of mathematical principles has profound implications for how our memory sys-

tems might work. In particular, these principles demonstrate that it is possible to reconstruct
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a detailed history of an experience using only one moment’s snapshot of the activity pat-

terns of a set of neural integrators. Further, in leveraging the approximate inverse Laplace

transform to reconstruct the past, Shankar and Howard (2012)’s model makes a number of

important testable predictions about how we mentally revisit that past. For example, given a

fixed set of integrators, the recovery of f(t) is most accurate for recent timepoints, and be-

comes progressively worse as one attempts to recover f(t) at earlier and earlier timepoints

(Fig. 3).

Another interesting feature of this approach relates to the specific temporal markers of

our experiences versus of our memories of those experiences. Whereas our experiences

are perceived with respect to each moment t, Equation 6 suggests that our memories are

catalogued with respect to a potentially different sequence of moments, t̂. Characterizing

potential discrepancies between t and t̂ can allow us to study how our experiences are dis-

torted (temporally) when filtered through the lens of our memories of those experiences.

Figure 3 illustrates a sample time course predicted by Shankar and Howard (2012)’s model.

The black lines in each panel show the time courses, f(t), of a single “feature” (i.e., some aspect

of ongoing experience). Each of the colored lines reflects one of N = 50 temporally blurred

version of f(t), using a different time constant ρ (Eqn. 1). The gray lines in each panel reflect a

reconstructed time course, f̂(t, t̂), using the vector of N temporally blurred signals evaluated at

y(t = 10) (i.e., the activities of each neural integrator at time t), for t̂ = 10
1
N

x

, x ∈ {1, ..., N}. The

reconstructions are computed using Post (1930)’s approximation for the inverse Laplace transform

(Eqn. 6).

The Shankar and Howard (2012) model provides one example of a context reinstatement ac-

count of memory that incorporates most current theories about how we represent and revisit our

ongoing experiences. In general, context reinstatement theories of memory make several distinct

testable claims about how we remember. The four common tennets of these theories are:
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Figure 3: Temporal blurring of ongoing experience in one feature dimension. A. Binary
feature. The black line denotes a time course of a single binary feature, f(t). Conceptually, the
times when the black line takes on a value of 1 may be thought of as the times when a particular type
of (repeated) experience occurred. The colored lines denote temporally blurred time courses y(t, ρ)
at 50 log-spaced time constants (ρ). Conceptually, these lines act like a set of neural integrators
that blur ongoing experiences at different time scales. The gray line denotes the remembered time
course, f̂(t, t̂) reconstructed from the set of ys evaluated at t = 10. Conceptually, the gray line
reflects a prediction about how someone might remember when the experiences reflected by the
black line occurred. Each family of curves has been rescaled to have a maximum activation of 1
and a minimum activation of 0. B. Continuous feature. This panel is in the same format as Panel
A, but here f(t) is a Real-valued random autocorrelated timeseries.

1. Our ongoing experiences (internally and externally driven thoughts) are integrated and repre-

sented at multiple timescales. Thoughts integrated over longer timescales serve as a context

for thoughts integrated over shorter timescales.

2. Thoughts that are co-active become associated. Critically, this includes thoughts that are

integrated at different timescales. In other words, the evolving contexts in which we interpret

information specific to each new moment become an integral part of our memories of each

new moment.

3. The current blend of thoughts active in our mind (which will include representations being

integrated at a range of different timescales) serves as a retrieval cue, leading us to remem-

ber other experiences that were previously associated with a subset of our currently active

thoughts.

4. When we remember prior experiences, the contextual thoughts associated with those expe-
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riences are reactivated in our mind. In turn, this leads to a new blend of contextual thoughts,

which will become associated, further cue memory, and so on. This implies that remem-

bering an experience entails reactivating thoughts about that experience and other related

experiences (that share contextual information). It also implies that each time we remember

a prior experience, our memory of that experience will be colored by the contextual thoughts

we had at the times of each remembering.

One prediction of this theoretical framework is that recent experiences will be remembered

with greater fidelity than experiences from our distant past. For example, this may be seen in

Figure 3, whereby the time courses nearest to the end of the interval shown are reconstructed

(gray line) with greater temporal fidelity than earlier timepoints, which are temporally blurred

together. This is consistent with a substantial literature on temporal judgements that suggests

that, equating for ground truth duration, people remember more recently experienced moments as

having passed by more quickly than moments from the more distant past (Droit-Volet and Wearden,

2015; Joubert, 1990; Lemlich, 1975; Sahakyan and Smith, 2014; Wearden, 2015). Because, by

definition, context representations change gradually (relative to the aspects of our experience being

contextualized), the blend of contextual thoughts now will tend to be most similar to the blend of

contextual thoughts from other recent moments leading up to now. Our ability to retrieve thoughts

about our recent past will be facilitated by their associations with other gradually evolving thoughts

that are still active.

In addition to describing how we remember the passage of time along different portions of

our autobiographical timeline, this framework also describes how we might mentally revisit our

prior experiences. Equation 6 provides a mathematical specification of how the population activity

of a set of neural integrators at a given moment can be used to mentally reconstruct the time

course of our experiences leading up to that moment. In other words, the equation describes

how a single neural pattern (from one moment in time) can reflect the spread of thoughts over an

extended time interval. This framework provides one possible explanation of where in time we go
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when we remember: to some extent we revisit every moment along our autobiographical timeline

simultaneously. According to this view the concept of a single “moment” in time is meaningful

with respect to our subjective experience only insofar as it provides a conceptual reference point

for describing the origins (in time) of our current blend of thoughts (as in Fig. 1; each coordinate

along the x-axis of the figure might be considered to be a single “moment”). Note that, although

the example shown in Figure 3 and specified in Equation 6 reflect the experienced and remembered

time course of only one feature dimension, this framework may be easily extended by constructing

an analogous set of neural integrators for each of several feature dimensions.

Another key prediction of context-based memory models pertains to when we initiate recalls

spontaneously in our ongoing experiences. A common process underlying each of these mod-

els is that the parallel representations of ongoing experiences active at the same moment become

associated. This means that when a current experience is similar to a prior experience (with re-

spect to ongoing representations at any combination of timescales), those prior experiences will be

spontaneously remembered. This remembering happens in a graded fashion; the more an ongoing

experience matches representations associated with a given prior experience, the more the thoughts

associated with that prior experience will be brought to mind. For example, in the airport sequence

depicted in Figure 2, thoughts about being hungry might bring to mind other times when you were

hungry– and even more strongly, other times when you were feeling hungry at the same airport.

This process explains how, when we experience something similar to what we have experienced in

the past, we can bring those prior experiences to bear in deciding how to optimize our behaviors

and generate expectations about what might happen next (e.g., finding food in the airport).

A neural basis for hierarchical temporal representations

The notion that our brain maintains parallel mental representations drifting at different time scales

is supported by a growing body of neuroscientific evidence. A series of elegant functional magnetic

resonance imaging and electrocorticographic studies (Aly et al., 2018; Hasson et al., 2008; Honey
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et al., 2012a; Lerner et al., 2011) defined the concept of a temporal receptive window for each

neocortical area, describing the timescale of events to which it is most sensitive. Subsequent work

has shown that this hierarchy of drifting mental representations plays a central role in how we

remember continuous experiences and segment our experiences into discrete events (Baldassano

et al., 2017). This work mirrors the discovery of time cells in the rodent hippocampus that respond

preferentially to a specific time relative to a temporal reference (e.g., time elapsed since starting

to run on an exercise wheel), whereby each cell appears to integrate incoming information at a

different rate (MacDonald et al., 2011; Pastalkova et al., 2008) and the population activity serves

to represent information at a range of timescales (Mau et al., 2018). Other work suggests that

the lateral entorhinal cortex also plays a role in integrating information across a wide range of

timescales (Tsao et al., 2018), supporting precise temporal recall (Montchal et al., 2019). Time

cells have been hypothesized to play the role of neural integrators, such as those displayed in

Figure 3 (Shankar and Howard, 2012). How hippocampal time cells might be related to neocortical

temporal receptive windows remains an important open question.

Testing theories of context reinstatement

Although there is abundant evidence that contextual information plays an important role in mem-

ory, each tennet of context reinstatement theories of memory must also be considered in light of

potential alternative theories. A challenge to studying many psychological processes, including

context reinstatement, is that psychological processes often have no direct overt manifestation. For

example, we are continually engaged in encoding our ongoing experiences and retrieving informa-

tion about our prior experiences– but those processes can only be observed indirectly when they

affect observable behavior or (in the laboratory) neural activity patterns.
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Behavioral evidence for context reinstatement

Behaviorally, one can study context reinstatement in the laboratory by asking participants to recall

their prior experiences (e.g., from before they began the experimental testing session), or by ex-

posing the participant to new experiences or stimuli and then testing their memory. These memory

tests can take many forms, including free recall (unconstrained free-form descriptions of an expe-

rience or remembered stimuli), serial recall (e.g., asking someone to recall a sequence of events

or stimuli in a particular order), recognition memory (e.g., making a judgement about whether

a given stimulus has been encountered before), and priming (e.g., studying the effects of having

been exposed to one set of experiences or stimuli on memory for, or responses to, another set of

experiences or stimuli).

The behavioral effects of context reinstatement may be observed by characterizing which ex-

periences or stimuli are remembered (or forgotten), the order and timing in which the memories

are retrieved (or the delays between successive recalls), the quality of the remembered informa-

tion (e.g., how well it matches the original experience or stimulus), and in false memories (i.e.,

memories for experiences or stimuli the participant was never exposed to). One behavioral pattern

that has been interpreted as evidence for context-based accounts of memory is called the conti-

guity effect (Healey and Kahana, 2014; Kahana, 1996). This refers to the observation that, given

that someone has just recalled a previously encountered event or stimulus, they will tend to next

remember another event or stimulus they previously encountered at a nearby time. The contigu-

ity effect is scale invariant, meaning that the same general pattern is observed at short and long

timescales. For example, remembering an event from a particular day might bring to mind other

events from the same day. Similarly, remembering a given year of your life might bring to mind

other years when you were a similar age. Contiguity effects across a range of timescales may be

explained naturally by context reinstatement models. Two properties of these models combine to

explain contiguity. First, slowly drifting contextual representations become associated with tem-

porally adjacent experiences or stimuli. This means that experiences that occur nearby in time
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will tend to be associated with similar contexts. Second, the contextual features associated with a

memory are reinstated during recall, which then cues recall for other experiences associated with

similar contexts (which, by the first property, will tend be temporally nearby). According to this

view, contiguity is timescale invariant because closer-in-time experiences will tend (all else being

equal) to be associated with relatively more similar contexts than further-in-time experiences, re-

gardless of how distant in time those experiences are in absolute terms. As we will see later in this

chapter, the ways we organize and catalogue our memories with respect to the timing of our expe-

riences are mirrored in how we organize our memories with respect to non-temporal information,

such as conceptual or semantic content, spatial information, etc.

The fact that context reinstatement models can explain the timescale invariant nature of conti-

guity does not necessarily mean that these models are the only possible explanation for this phe-

nomenon. Another broad class of models that can explain some aspects of contiguity are termed

dual store models (e.g., Atkinson and Shiffrin, 1968). These models posit the existence of sep-

arate short-term and long-term memory storage mechanisms. According to these models, each

new experience (e.g., a percept from an ongoing experience, an item on a studied list, an idea

from an ongoing conversation, etc.) occupies a position in a limited capacity short-term (work-

ing) memory buffer. The contents of this buffer may be conceptualized as the “current mental

state” (i.e., the collection of thoughts someone is having at a particular moment). The contents

of this buffer become associated in long-term memory, which has effectively limitless capacity.

Since temporally proximal experiences will tend to occupy the short-term memory buffer at the

same time, these models provide an alternative explanation for contiguity. However, these models

cannot explain direct temporal associations at timescales beyond the capacity of the short-term

memory buffer. Therefore dual store models do not account for the timescale invariant nature of

contiguity.
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Neural evidence for context reinstatement

Neuroimaging studies in the laboratory enable researchers to measure brain activity patterns as

experimental participants learn and recall information. One can then examine brain patterns at

the time of encoding (i.e., the time when the original experience or stimulus is encountered) and

retrieval (i.e., the time when the experience or stimulus is recalled). An example of this type of

analysis is displayed in Figure 4A. Manning et al. (2011) recorded from electrodes implanted in

the brains of neurosurgical patients undergoing a treatment for drug-resistent epilepsy. The pa-

tients studied and verbally recalled a series of random word lists; the researchers compared the

neural activity patterns recorded just before the patients vocalized each recall to the activity pat-

terns recorded while the patients studied the about-to-be-recalled word on the list, and other nearby

words on the list. The neural similarity curves in Figure 4A show that the brain patterns just prior

to vocalizing a recall were similar to the patterns recorded as the patients were studying the about-

to-be-recalled word, but also (to a lesser extent) to the activity patterns recorded when the patient

studied other words that were nearby on the list. This result is consistent with the account of context

reinstatement models: it suggests that the patients’ brains maintained a gradually evolving neural

representation that was reactivated just prior to remembering each studied word. Further, just as

context reinstatement models predict that contiguity (Fig. 4B) arises due to context reinstatement,

the patients who showed the strongest neural signatures of context reinstatement also showed the

strongest tendency to successively recall nearby list items (Fig. 4C). Similar neural signatures of

context reinstatement have also been observed in neurosurgical patients during recognition mem-

ory tasks (Folkerts et al., 2018; Howard et al., 2012) and paired-associates learning (Yaffe et al.,

2014).

Although these neural similarity findings are consistent with context reinstatement, they do not

(by themselves) directly rule out alternative accounts, such as dual store models. For example, the

neural signature of temporal context reinstatement shown in Figure 4A could also be explained by a

short-term memory buffer that was gradually updated during study as new words are encountered,
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Figure 4: Neural correlates of temporal context reinstatement during random word list free
recall. A. Neural activity patterns recorded just prior to recall of each word on a studied list are
compared to the patterns recorded during the encoding of the same word (lag = 0) and surrounding
words. Here lag refers to the positional difference on the studied list between the recalled word and
other nearby words on the list. B. Conditioned on having correctly recalled a given word, the panel
displays the probability of next recalling other words on the list, as a function of their relative study
positions (lags) to the just-recalled word. C. Each dot reflects data from a single experimental
participant. The x-coordinates denote the strength of the behavioral contiguity effect (i.e., the
steepness of the conditional response probability curves in Panel B), and the y-coordinates denote
the strength of the neural contiguity effect (i.e., the steepness of the neural similarity function in
Panel A). This figure is adapted from Manning et al. (2011).

and where words that occupied the buffer concurrently were associated. Taken together, these

studies show that the neural patterns exhibited while remembering a list item are similar to the

neural patterns exhibited during study of a range of list items.

The above studies sought to identify neural correlates of context reinstatement by isolating

gradually evolving neural patterns and comparing patterns recorded at different timepoints. An

alternative approach to studying the neural correlates of context is to leverage advances in neural

decoding. This family of approaches attempts to map neural activity patterns onto stimulus fea-

tures or category labels (Haxby et al., 2001; Huth et al., 2016, 2012; Mitchell et al., 2008; Norman

et al., 2006; Shinkareva et al., 2008). After training a neural decoder (e.g., on a subset of the data),

one can design memory experiments where to-be-memorized stimuli are specially selected to be

distinguishable by the decoder(s). For example, items on a studied list might be drawn from a
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small number of discrete and easily differentiable categories.

In addition to using neural decoders to track brain activity related to the remembered items

themselves (Polyn et al., 2005), one can present these traceable stimuli incidentally (e.g., inter-

spersed between the to-be-remembered list items) to study their effects on context. For example,

Gershman et al. (2013) designed a neuroimaging list learning paradigm whereby participants mem-

orized two random lists of object images (car, ball, apple, watch, etc.) over two study sessions (sep-

arated by 48 hours). During the first study session, the participant repeatedly viewed object images

from the first list. Between each successive object image, the participant passively viewed a series

of images of outdoor scenes (mountains, forests, etc.). The researchers hoped these scene images

would become integrated into the drifting context representations associated with the list. In a

second study session, participants studied a new list of object images. Again, the list was repeated

several times, but no scene images were shown between the list item presentations. Finally, in a

third session (48 hours later), the participants were tested on their source memory– their ability

to remember which list each object image came from (i.e., the first or the second list). When par-

ticipants mistakenly attributed second list items to the first list, their brains exhibited scene-related

neural patterns (indicating that they were bringing the scene images from the first list to mind). In

this way, the study provided neural evidence for a context reinstatement account of source mem-

ory errors. In a related study, Manning et al. (2016) designed a similar neuroimaging list-learning

paradigm. On each of several trials of a list method directed forgetting experiment, they had

participants study a sequence of two random word lists. Between the presentations of words on

the first list, the researchers flashed a series of scene images on the screen. Next, participants were

told to either “remember” or “forget” the words from the first list, prior to studying the second list

(which did not contain scene images). Analogous to the study by Gershman et al. (2013), the re-

searchers hoped that these scene images would become integrated into the context associated with

the first list. The researchers found that when people were told to forget the first list, scene-related

brain activity patterns were substantially reduced. This suggests that we can intentionally forget
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by flushing the associated contextual features out of our active mental state (Sahakyan et al., 2013;

Sahakyan and Kelley, 2002).

Confounds of autocorrelation and semantic similarity

We can infer the role that context reinstatement plays in memory through contextual effects on

behavior (e.g., facilitating recall of context-matched experiences and stimuli) and neural activity

patterns (e.g., neural similarity between experiences or stimuli associated with similar contexts).

However, how can we know that these phenomena are truly contextually mediated?

To explore the bounds of what we can and cannot infer about context reinstatement, let us try a

thought experiment. Reflect on an experience you have nearly every day, such as walking to class,

commuting to work, going to the gym, etc. Consider how you might mentally focus in on one

specific moment of one specific day’s variant of your chosen daily experience (e.g., a bird that flew

in front of you on the way to class). In the lab, how might we go about conceptually distinguish-

ing that particular moment from other moments within the same day’s experience, or from other

days’ experiences, or other similar moments (e.g., bird-related) from other experiences? There

are several substantial challenges that must be addressed. Because our ongoing experiences and

thoughts tend to be autocorrelated, any given moment will tend to exhibit similar properties (and

evoke similar thoughts) to other temporally nearby moments. Our ability to pin down the “one spe-

cific moment” an experimental participant is reflecting on will be limited by those autocorrelations.

Further, repeated experiences (e.g., walking to class each day) may themselves appear similar (e.g.,

similar landmarks encountered, similar rates of visual flow, similar people encountered along the

way, similar starting and ending destinations, etc.). These similarities can have behavioral and neu-

ral ramifications. For example, frequently repeated experiences may be schematized such that the

unique contextual attributes are lost in favor of the aspects of the experience that are common and

predictable across repetitions (Ranganath and Ritchey, 2012). Schema representations can have

similar behavioral and neural manifestations, even when the specific details differ (Baldassano
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et al., 2018). In general, any experiences or stimuli that share semantic or conceptual attributes

may appear similar (behaviorally and neurally), whether or not those memories are directly asso-

ciated. Examining which memories we are likely to transition to next (e.g., a primary behavioral

manifestation of context reinstatement) or which prior neural activity patterns our brain currently

matches (e.g., a primary neural manifestation of context reinstatement) often fail to differentiate

between specific exemplars of a given experience or stimulus.

Beyond posing a methodological challenge to studying context reinstatement, similarity con-

founds can also have deep psychological implications. For example, when we revisit a past experi-

ence, the above studies suggest that we mentally spread our thoughts over a range of timepoints, as

in Figure 1. But can we detangle this “mixture” view from other possible accounts? For example,

suppose instead that when we remembered, we mentally revisited only one specific moment– the

time at which we experienced what we are remembering (this is termed episodic sampling). If

that specific moment happened to share features with other moments from our past, would this look

fundamentally different from a mixture model, from either a behavioral or neural perspective?

One way of identifying instances of episodic sampling is to tag specific episodes with con-

textual markers that are traceable using neuroimaging (Bornstein and Norman, 2017), analogous

to methods used in several of the neuroimaging list-learning studies mentioned above (Gershman

et al., 2013; Manning et al., 2016). One may then use the neural activity patterns associated with

the contextual tag to estimate the degree to which the contextual features associated with a specific

episode have been brought to mind. Bornstein and Norman (2017) showed that when participants

remembered a specific prior experience (episode), their subsequent decisions were influenced not

only by other episodes that occurred nearby in time, but also by other episodes that occurred in

similar contexts. This is consistent with the notion that we make decisions by integrating across

(potentially many) distinct prior experiences that we deem relevant (for review see Shohamy and

Daw, 2015).

Another means of teasing out potential confounds due to autocorrelations or semantic relat-
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A. Video trajectory B. Recall trajectory

Figure 5: How do experiences, and our memories of those experiences, unfold over time? A.
The trajectory through topic space taken by a television episode. The topic trajectory taken
by a 50 minute television episode, projected onto two dimensions. Each dot indicates an event
identified using a Hidden Markov Model; the dot colors denote the order of the events (early
events are in red; later events are in blue), and the connecting lines indicate the transitions between
successive events. B. The trajectory through topic space taken by participants’ recalls of the
television episode. The average two-dimensional trajectory captured by 17 participants’ recalls
of the episode from Panel A, with the same format and coloring as the trajectory in Panel A.
The arrows reflect the directions of the average transitions taken by participants whose trajectories
crossed that part of topic space; blue denotes reliable agreement across participants. This figure is
adapted from Heusser et al. (2018a).

edness in the remembered stimuli is to build explicit models of how the to-be-remembered infor-

mation varies over time. One example of this approach comes from a recent study by Heusser

et al. (2018a). The researchers analyzed data, collected by Chen et al. (2017), from participants

who watched an episode of the BBC television show Sherlock and then verbally recounted what

happened in the episode. The authors used topic models (Blei et al., 2003) applied to human-

generated annotations of each camera shot in the episode to characterize the episode’s content with

a timeseries of high-dimensional semantic feature vectors. These topic vectors describe the mix

of “themes” present in each moment of the episode. The sequence of topic vectors over the course

of the episode traces out a topic trajectory through a high-dimensional feature space (Fig. 5A).

The sequence of topic vectors for a given participant’s recalls traces out an analogous trajectory

(Fig. 5B). This characterization provides a geometric framework for comparing the shapes that

reflect how naturalistic experiences unfold over time, to the shapes of how we remember those

experiences later. One can then use the geometric transformations needed to map an experience’s

trajectory onto the trajectory of its later remembering to characterize the quality and content of
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memory.

When participants in list-learning studies display evidence of leveraging semantic information

in organizing their memories (e.g., Manning and Kahana, 2012; Manning et al., 2012; Wixted and

Rohrer, 1994), it is difficult to explicitly test whether this specifically reflects the integration of

information across the experiences of studying the different list items. However, it is certainly the

case that integrating information across different list items is not required to memorize the lists.

By contrast, in more “naturalistic” stimuli like the one used by Chen et al. (2017), forming those

across-event associations is critical to understanding the underlying narrative. Building explicit

models of the stimulus dynamics, and of how the stimulus is remembered later, enables researchers

to partially separate out the structure of the stimulus from the structure of people’s memory for the

stimulus. The way our memory systems distort our experiences when we remember them later can

tell us which aspects of our experiences are leveraged in building the scaffoldings of our memories.

Non-temporal contextual feature spaces

The relative timing with which our ongoing experiences and thoughts fade in and out of our men-

tal states is the dominant property people use to organize their episodic memories (Healey and

Kahana, 2014). However, our memory systems also leverage other non-temporal dimensions in

organizing our memories. Many of the general principles that govern how we represent tempo-

ral information also apply in analogous ways to how we represent non-temporal dimensions such

as space, semantics (meaning), situations, and emotions. There is evidence, for at least several of

these domains, that the corresponding mental representations are organized hierarchically in a scale

invariant manner, and that the underlying representations exhibit autocorrelations and boundaries

that are analogous to scale invariant temporal hierarchies, autocorrelations, and event boundaries.

Most theories of context reinstatement follow a computational approach, taken by Polyn et al.

(2009) in developing their context maintenance and retrieval model, whereby stimuli and un-
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A. B. C.

Figure 6: Spatial hierarchies. A. Macro scale. A city’s location is conceptualized within a
state, whose location in turn is conceptualized within a country. B. Meso scale. A building’s
location is conceptualized within an associated campus, whose location in turn is conceptualized
within a city. C. Micro scale. A desk’s location is conceptualized within a room, whose location
in turn is conceptualized within a building. Each spatial concept (room, building, campus, city,
state, country) provides a spatial context for relatively more micro-scale concepts, and is in turn
contextualized by more macro-scale concepts.

folding experiences are represented as high-dimensional feature vectors that reflect (in different

dimensions) the temporal, semantic, conceptual, spatial, situational, and task-related properties

of each memory. This allows one to characterize how contextual features along these different

dimensions affect memory.

Spatial context

Just as events that we experience nearby in time are often conceptually related, nearby spatial

locations often also share conceptual attributes. For example, the components of a single object

tend to occupy nearby spatial locations, and nearby objects often share conceptual or functional

properties.

Broadly, there are two categories of spatial information to which our memory systems are sen-

sitive. First, within a single visual scene (e.g., a photograph or our visual perspective from a single

viewpoint), we leverage the relative positions and spatial relations between different scene ele-

ments in remembering what we see and in integrating across memories of different scenes (Robin
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and Olsen, 2019; Tsitsiklis et al., 2019). Second, within our broader environment, our own spatial

location at the time we experience a stimulus or event becomes part of that memory’s context and

affects how we organize and relate our corresponding memories of those stimuli or events (Miller

et al., 2013a), and of the spatial layout of the environment (Manning et al., 2014). Our mem-

ory systems leverage these spatial properties of our environments—and our locations within our

environments, at a wide range of spatial scales—to organize our memories (Fig. 6).

The neural basis of our cognitive map—i.e., the neural machinery that enables us to keep

track of our spatial position within an environment—is relatively well understood. The hippocam-

pus contains specialized place cells that modulate their firing rates according to our current loca-

tion (Ekstrom et al., 2003; O’Keefe and Dostrovsky, 1971; Tolman, 1948). In turn, these place cells

are informed by grid cells in the entorhinal cortex that modulate their firing rates when one’s cur-

rent location is at any vertex of a triangular lattice that tiles the environment (Jacobs et al., 2013;

Moser et al., 2008). Modeling work has described how populations of grid cells with vertices

tiling an environment at different spatial scales can explain the formation of place cells’ receptive

fields (Fuhs and Touretzky, 2006; McNaughton et al., 2006; O’Keefe and Burgess, 2005; Solstad

et al., 2006). Finally, postsubicular head direction cells respond when the head is oriented along

a particular direction (Sargolini et al., 2006; Taube et al., 1990), and subicular border cells re-

spond at the boundaries or obstacles to navigation within an environment (Savelli et al., 2008;

Solstad et al., 2008). Taken together, these populations of cells provide sufficient information to

localize and orient an individual within the surrounding environment. When we remember, the

cells that represented our spatial position at the time of our original experience increase their firing

rates (Miller et al., 2013b; Moser et al., 2015). Further, when the properties of our spatial envi-

ronment change abruptly (such as when we exit a room and enter another), our ability to retrieve

information from before the change is impaired, controlling for the amount of time elapsed (Rad-

vansky and Copeland, 2006). This work provides additional evidence that some part of the mental

context we use to probe our memories is related to spatial location and also suggests that spa-
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tial boundaries may be leveraged in a similar way to temporal event boundaries with respect to

differentiating and organizing our memories (Brunec et al., 2018; McKenzie and Buzsáki, 2016).

Analogous to how time-responsive cells in the hippocampus and cortex exhibit preferences at

different temporal scales, grid cells (Fyhn et al., 2004; Hafting et al., 2005) and place cells (Kjel-

strup et al., 2008; Wilson and McNaughton, 1993) also exhibit receptive fields at different spatial

scales. In other words, our spatial representations are to some extent scale invariant. Although both

time- and place-responsive neurons may be localized to cell populations within the hippocampus,

the potential functional associations between time cells and navigationally relevant cells (includ-

ing place cells) remains an open question of considerable interest (Collin et al., 2015; Howard and

Eichenbaum, 2013, 2014).

Semantic context

Physically, we experience the world as a constant stream of information. Yet we are able to make

conceptual sense of our physical and psychological surroundings, parsing aspects of our experi-

ence into manageable (and often discrete) functional and conceptual units that we can leverage in

considering, remembering, and communicating our external and internal experiences. Semantic

models attempt to quantify the meanings we ascribe to specific words, and the conceptual relations

and associations between different words.

Researchers have taken two general approaches to modeling semantic information. The first

approach, broadly termed word embedding models, is to derive computational algorithms for an-

alyzing large text corpora to automatically determine the meanings of words based on how they

are used. For example, latent semantic analysis (Landauer and Dumais, 1997) uses word co-

occurrence statistics (i.e., how often pairs of words occur in the same documents contained in the

corpus) to derive a unique feature vector for each word. The feature vectors are constructed so that

words that co-occur more frequently have feature vectors that are closer (in Euclidean distance).

Related approaches, such as latent dirichlet allocation (Blei and Lafferty, 2006; Blei et al., 2003)
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Figure 7: Semantic network. Each node is an instance of its parent. Nodes that share lower-level
parents also share lower-level conceptual features. This tree diagram displays a subset of Princeton
WordNet (Miller, 1995). Compare this parallel distributed processing approach to visualizing
semantic relations to the word embeddings of events in a television episode displayed in Figure 5.

attempt to explicitly model the underlying causes of word co-occurrences by automatically identi-

fying the set of themes or topics reflected across the documents in the corpus. More recent work

on these types of semantic models, including word2vec (Mikolov et al., 2013) and the universal

sentence encoder (Cer et al., 2018), use deep neural networks to attempt to identify the deeper

conceptual representations underlying each word. An example of how this general approach may

be applied to memory data is shown in Figure 5.

An alternative approach falls under a conceptual framework called parallel distributed pro-

cessing (McClelland et al., 1986; Rumelhart et al., 1986; Seidenberg and McClelland, 1989).

Whereas word embedding approaches generally attempt to capture the relative similarities between

words using feature vectors with arbitrary feature dimensions (i.e., typically not directly human in-

terpretable), parallel distributed processing approaches define an explicit hierarchy of semantic

features. Figure 7 displays a semantic network derived from Princeton WordNet (Miller, 1995) for

several example words. For any two nodes of the semantic network, one may use graph theoretic

measures, such as the number of edges in the shortest connecting path between the nodes (Dijkstra,

1959) to estimate the semantic similarities between the nodes’ corresponding concepts. Note that,

although they are not typically applied together, parallel distributed processing approaches are not
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necessarily mutually exclusive with word embedding approaches. For example, within a semantic

network, each node may be assigned a separate feature dimension. To generate a feature vector for

a given concept, one may then set the corresponding feature dimension to 1 for that concept’s node,

and for any dimensions that correspond to ancestors of that node (with all other dimensions set to

0). This will result in binary feature vectors that are more similar (closer in Euclidean distance) for

nodes that share a larger number of common ancestors. In turn, these binary feature vectors may be

embedded in lower-dimensional spaces to facilitate visualization (Heusser et al., 2018b). The par-

allel distributed processing approach to modeling semantic relations explicitly captures the scale

invariant nature of meaning. For example, as shown in Figure 7, the semantic network captures the

notion that different types of aquatic vertebrates (e.g., fishes, eels) are more similar to each other

than an aquatic vertebrate is to a plant (e.g., beets). In turn, these different types of organisms are

more similar to each other than any given organism is to a weather pattern (e.g., snow). Effectively,

each parent node in the tree provides a semantic context for its children.

A number of studies indicate that participants spontaneously form associations between seman-

tically related words on random word lists, such that subjects recall semantically related words con-

secutively even when the presentations of those related words are separated in time (e.g., Manning

and Kahana, 2012; Manning et al., 2012; Wixted and Rohrer, 1994). This suggests that our mem-

ory systems pick up on statistical regularities, even in ostensibly “random” stimulus sequences,

and that we leverage those regularities when we recall our past (Polyn et al., 2009). Other work

suggests that our memory systems may also leverage these regularities to parse our ongoing ex-

periences into discrete events (Schapiro et al., 2013; Shapiro, 2019). Conceptual boundaries (e.g.,

distinctions between semantic categories; Brunec et al., 2018) can also shape how we experience

and remember conceptual information.

Neuroimaging studies indicate that our brains represent semantic information via patterns of

activity that are distributed across the neocortex (Huth et al., 2016, 2012; Mitchell et al., 2008;

Shinkareva et al., 2008). The most detailed studies to date were carried out by Huth et al. (2012)
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and Huth et al. (2016). Huth et al. (2012) had participants watch movies as they underwent func-

tional magnetic resonance imaging. Human annotators labeled objects and actions in each frame

of the movies that were also in the WordNet lexicon. This yielded a time course for each object

and action reflecting when the corresponding term was present in each moment of the movies. The

researchers examined how the timeseries of each voxel (a tiny volumetric unit reflecting neural

activity in one small part of the brain) related to the timeseries of each term. The researchers found

that the voxels’ preferences (i.e., the terms to which they responded most readily) were spatially

distributed across the neocortex in an organization that roughly corresponded to the high-order

categories contained in WordNet (Fig. 7). For example, voxels that preferentially responded to

tool-related terms tended to be grouped together, and tended to be closer together on the cortical

surface to other equipment-related terms than to less semantically similar terms such as plant-

related or animal-related terms. Huth et al. (2016) used an analogous approach to study voxel

responses as participants listened to auditory stories. They found that the semantic maps they

discovered were similar across individuals, suggesting that at least some aspects of the meanings

we ascribe to concepts are represented similarly across different people’s brains. Related work

suggests that these maps may even be conserved across native speakers of different languages and

across cultures (Honey et al., 2012b).

Situational context

Although most models of semantic meaning make the simplifying assumption that our internal

semantic representations are static (although see Blei and Lafferty, 2006), the current situation

we find ourselves in, and the set of goals we are currently trying to achieve, can affect how we

consider the information content of our ongoing experiences. The posterior medial system is a

densely interconnected set of brain structures that plays a critical role in representing situational

contexts (Ranganath and Ritchey, 2012). This system includes the parahippocampal cortex, ret-

rosplenial cortex, the mammillary bodies, anterior thalamic nuclei, presubiculum, parasubiculum,
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posterior cingulate, precuneus, angular gyrus, and ventromedial prefrontal cortex. Ranganath and

Ritchey (2012) suggest that these regions collectively match incoming information about ongoing

experiences to internal situation models that define a set of expectations about specific situations.

For example, the situation model for eating at a restaurant might describe the general properties

of restaurants, the typical sequence of events during a restaurant outing, restaurant etiquette, types

of food expected to be on the menu, expected prices of different menu items, expected wait times,

expected behaviors of other people in the restaurant, how enjoyable different aspects of the expe-

rience are expected to be, etc. (Zacks et al., 2007; Zwaan and Radvansky, 1998).

Situation models may also be organized hierarchically. For example, situation models that

involve interactions with other people may each be associated with a particular broad set of be-

haviors and expectations. Restaurant-related situation models may be associated with a subset of

those behaviors and expectations. And a situation model related to a specific type of restaurant

(e.g., family-style Chinese restaurants, sandwich shops, Michelin starred restaurants, etc.) might

each be associated with a still more focused subset of restaurant-related behaviors and expecta-

tions. Goals may also modulate situation models. For example, on a visit to a restaurant on a

first date one may behave differently, and have different goals and expectations, than during a

lunch meeting with colleagues, a family dinner, or a dinner with close friends– even if all of these

scenarios take place in restaurants.

When ongoing experiences stop being well-explained by the current situation model, we infer

that an event boundary has occurred. Theories of context and memory predict that the act of

flushing out the previous situation model from one’s current mental state, and loading in a new one

relevant to the next perceived situation, will cause mental context to change abruptly (Reynolds

et al., 2007; Shankar et al., 2009). In turn, this will impair memory for experiences that occurred

prior to the event boundary (Ezzyat and Davachi, 2011; Radvansky and Copeland, 2006; Swallow

et al., 2011, 2009). This may serve to focus memory search on recent experiences within the

current situation.
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Computational models that posit that contextual representations drift gradually as we integrate

incoming information (e.g., Figs. 2, 3) do not typically incorporate computational machinery that

could explain how the current situation model might be changed or updated at event boundaries.

One extension of these models, termed the predictive temporal context model (Shankar et al.,

2009), updates the current state of context with a prediction of what will happen in the next mo-

ment (rather than solely integrating ongoing experience). When these predictions fail to accurately

account for the observable future, this could provide a mechanism for triggering an event bound-

ary whereby the current state of context is “reset” and a new situation model is incorporated into

the new active state of mental context. Subsequent work (e.g., Gershman et al., 2012) has also

shown how temporal context models are related to other predictive models such as the successor

representation (Dayan, 1993). The successor representation is a model of how predictions of fu-

ture states (successors) may be made in a generalized way across similar or related states (also see

Momennejad et al., 2017).

Emotional context

Part of our subjective ongoing experiences reflects what is physically happening to us, as mea-

sured by our senses (i.e., what we see, hear, touch, taste, and smell). As described above, we can

also incorporate conceptual and situational information into our mental context, shaping how we

process, remember, and form predictions about our experiences. How do these principles apply to

internally generated aspects of our subjective experiences, such as our emotions?

From a computational perspective, emotional thoughts need not be any different than externally

driven thoughts. Indeed, a growing body of work suggests that memory encoding and retrieval is

influenced by the emotional content of remembered information (Bower et al., 1981, 1978; Long

et al., 2015; Talmi et al., 2019). Emotions may be represented using the same word embedding

models as other semantic concepts. However, a substantial challenge to studying how emotions

affect context and memory is that there is considerable variability across people with respect to
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which specific emotions are triggered by a given experience, how a given emotion is experienced,

and which emotions are able to be experienced (Barrett, 2006). Whereas the physical aspects of

an experience may be tightly controlled in a laboratory setting (e.g., the timeseries of pixel inten-

sities and auditory waveforms presented to an experimental participant), controlling a participant’s

response to a given physical stimulus is less straightforward. Although there is evidence that the

emotions we experience are directly tied to underlying physiological processes such as neurotrans-

mitter release (Barrett et al., 2007), our subjective experiences of those underlying physiological

processes vary across people, as do the times at which those processes occur in different people

even in response to a consistent (physical) stimulus. For example, the ways we interpret and re-

spond to our external world emotionally are driven in part by our idiosyncratic prior experiences,

goals, and expectations (Roy et al., 2012).

One advance to studying idiosyncratic emotional states comes from a recent study by Chang

et al. (2018). They had participants watch an episode from the character-driven dramatic televi-

sion show Friday Night Lights while undergoing functional magnetic resonance imaging. They

focused their analyses on activity patterns in the ventromedial prefrontal cortex, a brain region

hypothesized to represent emotional information. Whereas primary sensory regions (e.g., primary

visual cortex) exhibited highly stereotyped response patterns across individuals who watched the

episode, the ventromedial prefrontal cortex responses were different across people, with respect

to their temporal and spatial patterns. The researchers applied hidden Markov models to the

neuroimaging data to automatically identify state transitions– moments when the neural response

patterns changed particularly abruptly (i.e., transitions) between extended periods of relative sta-

bility (i.e., states). Although the times in the episode that these state transitions occurred varied

across people, the activity patterns in several of the states were similar across people. This sug-

gests that there are some activity states, represented in the ventromedial prefrontal cortex, that are

similar across people (even if the times at which people enter those states differ across people). In

followup experiments, the researchers recorded participants’ facial expressions during the episode,
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and had participants rate the moment-by-moment emotional content of the episode. The facial ex-

pression and emotional content ratings exhibited discretizeable states that could be identified using

hidden Markov models. Like the ventromedial prefrontal cortex responses, the timings of the fa-

cial expression and emotion rating state transitions varied across people. Despite variability across

people, during several highly emotional moments of the episode, nearly every participant exhibited

a simultaneous state change in their ventromedial prefrontal cortex response pattern, facial expres-

sion, or emotional ratings. By examining the facial expressions and emotional ratings exhibited

during these moments, the researchers identified two states that were common across people. The

first state was primarily associated with positive feelings like joy, pride, hope, satisfaction, elation,

and relief; the second state was primarily associated with negative feelings like sadness, guilt, and

envy. This work implicates the ventromedial prefrontal cortex in ascribing emotional valence to

our ongoing experiences (also see Ashar et al., 2017; Kelley et al., 2002; Roy et al., 2012).

Summary and concluding remarks

Context refers to the blend of internally and externally driven thoughts that we carry into each

new moment. The properties of this blend of contextual thoughts can take on different mean-

ings in different domains, but a unifying principle is that higher-level conceptual thoughts pro-

vide a context for lower-level conceptual thoughts. These contextual thoughts may be temporal

(slowly drifting thoughts contextualize faster drifting thoughts), spatial (larger spaces contextual-

ize smaller spaces), semantic (broader concepts contextualize more specific concepts), situational

(high-level situation models contextualize more specific lower-level situation models), and/or emo-

tional (slower drifting and higher order emotional states contextualize faster drifting and more

specific emotional states).

Context reinstatement (i.e., reactivating remembered contexts) enables us to associate experi-

ences, environments, concepts, situations, and emotions that share high-level attributes. In turn,
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this enables us to bring our prior experiences to bear on our interpretations of what is happening

now. It also enables us to generate predictions about what is likely to happen in the future, given

what has happened under similar or related circumstances in the past.

An emerging theme in the study of context reinstatement is an increasing reliance on natural-

istic stimuli (e.g., movies, stories, and real-world experiences) that allow researchers to capture

neural responses to stimuli that exhibit rich temporal, spatial, semantic, situational, and emotional

structure at a range of scales. Because most of our theoretical understanding of context reinstate-

ment has been derived from much more simplistic and tightly controlled experimental paradigms

(e.g., list-learning experiments), open questions remain about the degree to which the principles of

contextual drift and reinstatement that apply in the domain of list-learning experiments also apply

in analogous ways to more naturalistic settings. For example, further study is needed to understand

how contextual representations evolve at boundaries (e.g., event boundaries, spatial boundaries, se-

mantic category boundaries, etc.), how the representations of boundaries arise, and how we parse

continuous real-world experiences into discrete, memorable, functional units that may be leveraged

in optimizing future behaviors and expectations. Several fundamental questions about the neural

basis of context reinstatement also remain largely unanswered. For example, while some aspects

of the neural representations of temporal, spatial, semantic, situational, and emotional contexts are

understood, it is not yet known how these representations might relate or interact.

The ways we revisit the contextual thoughts associated with our past experiences is a central

component of the human experience. Our memories of our prior experiences shape how we think

of ourselves and others, and how we decide how to behave accordingly. Context reinstatement is a

gatekeeper to our memories, determining which aspects of our past we have access to, and which

are shut off from our current mental reach.
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