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ABSTRACT

Episodic memory retrieval is believed to require recovering a slowly changing spa-

tiotemporal context. Two findings supporting this view are the recency effect (recent

events are more likely to be remembered) and the contiguity effect (after recollecting

an event, things that occurred near the event are more likely to be remembered).

Critically, contiguity and recency effects are similar across time scales (i.e., they are

scale-invariant). As a result, a scale-invariant model of context was proposed which

makes several empirical predictions about the brain and behavior. Neurally, this

model predicts neurons that respond shortly after an event and exponentially return

to baseline at various rates. Experiment 1 analyzed single-unit recordings from the

entorhinal cortex of 2 male rhesus macaques as they freely viewed images. In sup-

port of this hypothesis, I report units that fired in response to image onset and then

relaxed their firing with a spectrum of rates.

Behaviorally, this model suggests that the time required to initiate memory re-

trieval can increase logarithmically with recency. Experiment 2 analyzed results from
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6 continuous recognition experiments, where 202 human adults judged on each trial

if a stimulus is new or old without separate study and test phases. Response time

distributions demonstrated that the time required to initiate memory retrieval in-

creased as a logarithmic function of that memory’s recency out to at least 8 minutes,

supporting this behavioral hypothesis.

Finally, although there is a spectrum of decay rates, there must be a fastest decay

rate—items presented at a rate faster than this fastest decay rate should disrupt the

contiguity effect. Experiment 3 analyzed behavioral results from 330 human adults

performing an immediate free recall task in which lists were presented at 2, 4, or

8 Hz. In immediate free recall, participants studied a list of items and began recall as

soon as the list ended. Critically, for lists presented at 8 Hz, the contiguity effect was

eliminated, consistent with the hypothesis that the contiguity effect does not occur

at very short time scales. Together these results suggest that temporal context is

scale-invariant and offer additional constraints to the form of this representation.
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2·5 The distribution of individual parameters is consistent with

temporal context cells. a, Neurons started responding (Response

Latancy) shortly after image onset, and latencies did not cover the

entire 5 s viewing period. b, Neurons did not show much deviation

in their response latencies, with the majority having values of a few

hundredths of a second. c, Most neurons decayed 63% of the way back

to baseline firing (Relaxation Time) quickly, but some showed longer

relaxation times that spanned the entire 5 s. . . . . . . . . . . . . . 23

xviii



2·6 The population of entorhinal neurons encodes time with de-

creasing accuracy as the interval elapses. a, Performance of a

linear discriminant analysis decoder (LDA) trained on the entire popu-

lation of EC neurons. The x-axis indicates the actual time bin and the

y-axis indicates the decoded time, where lighter shading corresponds

to higher probabilities. The most frequently decoded time for each

actual time bin is marked with a red dot. b, Decoding error increases

with the passage of time. The x-axis gives the actual time since im-

age onset; the y-axis gives the mean of the absolute error produced by

the decoder in a. The dotted black line is a fitted regression line. c,

The temporal code was distributed along many temporal context cells,

including those with slow relaxation times. We decoded time from

progressively smaller numbers of temporal context cells, by increasing

the smallest relaxation time considered. (Bottom left), the absolute

error over all time bins as a function of Relaxation Time Threshold.

The entire posterior distribution for selected points labeled by Roman

numerals are shown along the top of the figure. The threshold is shown

as dashed red lines. The horizontal line shows the absolute error in de-

coding from a permuted dataset; error bars show the 0.025 and 0.975

quantiles. Right: the number of temporal context cells remaining in

the analysis as a function of Relaxation Time Threshold. . . . . . . . 24
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a, A histogram of mean absolute value of decoding error for the per-

muted data compared to actual decoding error. Training data were the

same as the actual decoder, except the true time labels were randomly

shuffled. The mean absolute value of decoding error for the original

data (.93 s) is marked by a vertical line. b A plot of decoder perfor-

mance compared to permutted data as a function of relaxation time

threshold. With 1000 permutations, the significance level is the num-

ber of permutations that matched or out performed the actual data

divided by 1000 (the line marked by ‘**’ is significant at p < 0.01,

the line marked by ‘*’ is significant at p < 0.05). Thus the decoder

is significantly better than chance at p < 0.01 up until 2.25 seconds.

The decoder is last significantly better than chance at p < 0.01 at 3

seconds. This suggests that temporal information is present out to at

least 3 seconds. c Posterior distributions as bins are dropped. The

leftmost sub-panel corresponds to no bins dropped, the next sub-panel

corresponds to the first 1.75 seconds dropped the next sub-panel cor-

respond to the first 2.5 seconds dropped, and the rightmost sub-panel

corresponds to the first 3.75 seconds dropped) Colorbar and scaling
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identity. a, We measured the firing rate of each unit to first and sec-

ond presentations of each image. For each neuron that was recorded

for an entire block of images (n = 270), we measured the correlation

in firing rate across images using Kendall’s τ . b, The distribution of

Kendall’s τ for all entorhinal neurons is shown. This distribution is

reliably different from zero (p < 0.001, see text for details) indicating

that entorhinal firing was sensitive to image identity. c, Schematic of

a population similarity analysis. We measured the similarity of pop-

ulation response to the second presentation of each image to the first

presentation of the same image (lag 0). As controls we also computed

the similarity between the population response to the second presen-

tation of an image and the responses to the images neighboring the

first presentation of that image. Lag −1 refers to the similarity to

the immediate predecessor of the image; lag +1 refers to the similar-

ity to the immediate successor of the image. d, Cosine similarity of

the population response to the second presentation of an image to the

original presentation of an image (lag 0) and the images neighboring

the original presentation of the image (lags −1 and +1) over 64 blocks

of first and second presentations. The similarity to lag 0 is greater
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significance at the p < 0.001 level. Error bars correspond to the 95 %
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3·1 Distinguishing two potential accounts for the recency effect

from response time distributions. Top. In strength-based ac-

counts of recency, all items are available simultaneously but older

items (darker lines) are represented with less fidelity than newer items

(lighter lines). Left: Probability density functions of response times

for each lag. The shape of the distribution changes with the drift rate.

Middle: A cumulative distribution of response times for different lags.

RT distributions start at the same point regardless of lag, but spread as

you move into later quantiles. Right: A plot of lag modulation factor

as a function of quantile. In strength-based accounts of recency, lag

modulation factor is zero at the start of the distribution and monotoni-

cally increases for later quantiles. Bottom. If the recency effect arises

due to a delay in recovering older temporal contexts, then older items

require more time before evidence accumulation can begin. Left: Prob-

ability density functions of response times for each lag. Rather than

varying in their drift rate, newer items begin accumulating evidence be-

fore older items. Middle: A cumulative distribution of response times

for different lags. Because the distributions do not change their shape,

the distance between response times is similar across deciles. Right :

The Lag Modulation Factor as a function of quantile. The change in

the start to accumulate evidence results in a non-zero intercept. . . . 52

xxii



3·2 The recency effect is robust across experimental conditions.

a. Hit Rate as a function of log2 lag for Experiments 1-6. The hit

rate goes down with lag. There is a more pronounced drop in the hit

rate at higher lags. b. Median response time as a function of log2

lag. Median response time increased linearly with the logarithm of

lag. c. The 1st decile as a function of log2 lag. 1st decile response

times increased linearly with the logarithm of the lag at a similar rate

as median response times. Error bars in all figures represent the 95%

confidence interval of the mean across participants normalized using

the method described in Morey (2008). . . . . . . . . . . . . . . . . . 63

3·3 Time to access memory changed systematically with lag in

all six experiments. Unsmoothed across-participant cumulative re-

sponse distributions for each lag. Shorter lags correspond to darker

lines. Note that the cumulative distributions shift with decreasing re-

cency. The inset consists of a zoomed in view of the rising points of

the distributions. For all six experiments, there is consistent evidence

that newer items are available before older items. . . . . . . . . . . . 65

3·4 Recency impacted response times for even the fastest re-

sponses. Histograms of each subject’s slope per lag (ms) for the fastest

responses as calculated by the Lag Modulation Factor analysis. Across

all six experiments, subjects had significant recency effects at the start

of their RT distributions. . . . . . . . . . . . . . . . . . . . . . . . . . 68
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3·5 The effect of recency on response times was the same regard-

less of repetitions. Median response time as a function of the most

recent lag and number of repetitions. To the extent the lines are par-

allel, it means that the effect of recency on median RT’s was the same

for across repetitions. Analyses reported in the text demonstrated that

only the most recent lag affected the RT of old probes repeated twice. 74

4·1 A boxplot of median number of words recalled per trial across partici-

pants and presentation rates, with interquartile range, 95% confidence

intervals and outliers. Participants recalled fewer words as the presen-

tation rate increased. . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4·2 Probability of first recall. Participants tended to begin recall by nam-

ing an item from the beginning or end of the list. As presentation

rates increased, the probability of initiating recall at the end of the list

decreased, and the probability of initiating recall with at the beginning

of the list increased. . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4·3 Probability of recall as a function of position in study list. Participants
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Chapter 1

Introduction

Episodic memory, memory for an event as well as where and when it occurred - is

believed to depend on the recovery of its associated context (Tulving, 1983). To better

understand the idea of episodic memory and retrieving an associated context, picture

yourself walking over “alphabet hill” as illustrated in Figure 1·1. As you walk, you

take note of each letter. The thought bubble represents your recent past or context.

As you move along the hill, your recent past changes. Later, if asked “did you see

the letter C on your walk”, you can think back and remember that you did. The

letter C is not the only thing that comes to mind in this scenario. You recover the

entire context associated with C. Formalizing this idea of recovering spatiotemporal

context, mathematical psychologists proposed retrieved-context theories (Howard &

Kahana, 2002; Polyn, Norman, & Kahana, 2009; Lohnas, Polyn, & Kahana, 2015)

to make sense of a wide range of behavioral findings, particularly the recency and

contiguity effects.

1.1 Behavioral effects in memory

A hallmark of memory is that, all else equal, more recent events are more likely to

be remembered. This phenomenon, the recency effect, is apparent in many mem-

ory tasks. This is apparent in immediate free recall, a paradigm where individuals

study a list of items and begin recall as soon as the list ends. In immediate free

recall, the final few items in the list are more likely to be recalled (B. B. Murdock,
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Figure 1·1: A walk along alphabet hill. Top: An illustration of
an individual walking along a hill with letters on it. At each moment,
the thoughts of the individual, represented as thought bubbles, includes
the recent past. This is their temporal context (e.g., A, B, C). Bottom:
Jumping back in time. When asked to remember if they saw the let-
ter ‘C’, the individual retrieves the entire context associated with ‘C’.
Adapted from Folkerts et al., 2018.
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1962; Glanzer & Cunitz, 1966). In recognition tasks, the recency effect manifests as

higher hit rates and faster response times for recently presented items (Shepard &

Teghtsoonian, 1961; B. B. Murdock & Anderson, 1975; Monsell, 1978; Hockley, 1982;

Donkin & Nosofsky, 2012). In paired-associate tasks, the likelihood of recalling a

given pair decreases as the amount of time/number of items presented between study

and retrieval increases (Rubin, Hinton, & Wenzel, 1999). The recency effect is also

present in more naturalistic tasks, such as remembering where one parked their car

(da Costa Pinto & Baddeley, 1991) or recalling autobiographical events (Moreton &

Ward, 2010).

Another common phenomenon in episodic memory is the contiguity effect, the

finding that after recollecting something, other items experienced “close” in time are

more likely to be recalled next (Kahana, 1996; G. Schwartz, Howard, Jing, & Kahana,

2005; Davis, Rizzuto, Geller, & Kahana, 2008). The contiguity effect manifests in how

recall unfolds over time in free recall. After recalling a word from the list, the next

word recalled is more likely to come from adjacent places on the list (Kahana, 1996;

Howard & Kahana, 1999; Howard, Youker, & Venkatadass, 2008; Healey, Long, &

Kahana, 2019). In addition to the tendency to recall nearby items, forward transitions

are more likely than backward transitions of the same distance on the list. This

produces a pronounced asymmetry in conditional-response probability. Analogous

decreases in inter-response times also occur in free recall (Kahana, 1996; Healey et

al., 2019). However, the contiguity effect is not limited to lists of words, as it occurs

when recalling news events (Uitvlugt & Healey, 2019), or autobiographical events

(Moreton & Ward, 2010). In recognition tasks, for a repeated item that follows a

correct high-confidence old response, there is an increase in hit rate and decrease in

response time if the repeated item was studied nearby in time to the just recognized

item (G. Schwartz et al., 2005; Averell, Prince, & Heathcote, 2016; Zhou, Osth, &
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Smith, 2023). The contiguity effect in recognition does not appear to be asymmetric.

Contiguity effects are also seen in the patterns of errors made in paired associate

(Davis et al., 2008) and serial recall tasks (Kahana & Caplan, 2002; Solway, Murdock,

& Kahana, 2012).

1.2 Retrieved context models

In light of these recency and contiguity effects, memory researchers proposed many

classes of models to account for these effects, including two-store models (Atkinson

& Shiffrin, 1968; Raaijmakers & Shiffrin, 1980) and distributed memory models

(B. B. Murdock, 1982; Gillund & Shiffrin, 1984; D. Hintzman, 1987; Shiffrin &

Steyvers, 1997). One class of models that have succeeded in accounting for recency

and contiguity are retrieved-context models (Howard & Kahana, 2002; Sederberg,

Howard, & Kahana, 2008; Polyn et al., 2009; Lohnas et al., 2015). Building on earlier

variable context models (Estes, 1955; J. R. Anderson & Bower, 1972; Mensink &

Raaijmakers, 1989), these models argue that context consists of a distributed rep-

resentation that drifts over time. As events occur, they form associations with the

present state of context. These associations are formed in both directions; context

can serve as a cue for an event, and events can serve as a cue for its context. When re-

calling an event or experiencing it again, its associated context is reinstated. Context

can also drive the recall of associated items. As a result, the likelihood of remember-

ing an event depends on the similarity between the present context and the context

when the event first occurred. The more similar the prior context is to the current

context, the more likely recovery is. Context serves as the primary cue driving the

recall of events. Retrieved-context theories account can account for the contiguity

and recency effects described above via their slowly drifting context.

In these models, the context for items experienced recently should be similar to the
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present context. This high overlap in context for recently experienced items increases

their probability of being remembered. In Figure 1·1, the thought bubble when at

‘E’ is more similar to the bubble at ‘D’ than ‘B .’These theories can also account for

contiguity effects through their retrieval mechanisms. In retrieved-context models,

recalling a memory reinstates its associated context. This reinstated context should

overlap with the context for other items that occurred “close” in time, boosting their

likelihood of being recalled next. For example, upon recalling ‘C’ in Figure 1·1, your

reinstated context looks more like “B” than “A”.

Empirical findings in the medial temporal lobe (MTL), a region critical to episodic

memory function (Scoville & Milner, 1957; Eichenbaum, Yonelinas, & Ranganath,

2007; Dede, Frascino, Wixted, & Squire, 2016), offer support to the retrieved-context

account of recency and contiguity. As expected from a slowly drifting context repre-

sentation that would produce a recency effect, firing patterns within MTL structures

drift over time such that the similarity between the pattern of activity at any two

points in time decreases as their distance in time increases (Manns, Howard, & Eichen-

baum, 2007; Mankin et al., 2012; Howard, Viskontas, Shankar, & Fried, 2012; Hsieh,

Gruber, Jenkins, & Ranganath, 2014; Folkerts, Rutishauser, & Howard, 2018; Mau et

al., 2018; Liu et al., 2022). Because multiple experimental techniques (i.e., single-unit

recordings, calcium imaging, and fMRI) have found drift in the MTL, it is unlikely

that drift is simply a recording artifact. There is also increasing experimental sup-

port that the MTL jumps back in time and recovers the prior context during episodic

memory retrieval. Following episodic memory retrieval, the MTL reinstates the pat-

tern of activity present at encoding (Manning, Polyn, Litt, Baltuch, & Kahana, 2011;

Howard et al., 2012; Yaffe et al., 2014; Folkerts et al., 2018). Because the activity

drifts slowly over time, this reinstated context is similar to contexts for nearby events,

resulting in a neural contiguity effect.
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1.3 A scale-invariant representation of temporal context

Although the retrieved-context models described above have successfully described

behavioral results and have found empirical support in the brain, their formulation

has fundamental issues. First, recency and contiguity manifest in behavior over a

wide range of time scales (Bjork & Whitten, 1974; Glenberg et al., 1980; Howard &

Kahana, 1999; Howard et al., 2008; Unsworth, 2008; Moreton & Ward, 2010; Uitvlugt

& Healey, 2019), suggesting that the memory representation must be scale-invariant

(Chater & Brown, 2008). The system’s output should be consistent with a rescaled

input. In standard retrieved-context models (Howard & Kahana, 1999; Polyn et al.,

2009; Logan, 2018), a single exponential decay drives context drift. This exponential

decay forces a time scale on the drift. If events happen at rates faster than the decay

rate, context does not drift much between items. If the spacing between events is

longer than the decay rate, then the context for the previous item fully decays before

the next item appears. In both cases, a single exponential decay would not be able

to capture behavioral effects accurately (Howard, 2022).

Given these results, a scale-invariant form of context was proposed, which can

produce recency and contiguity effects at multiple scales (Shankar & Howard, 2012;

Howard et al., 2014; Liu, Tiganj, Hasselmo, & Howard, 2019; Howard & Hasselmo,

2020). In this framework, a two-layer feed-forward network represents temporal con-

text. The first layer, F , contains a population of leaky integrators that fire immedi-

ately after an event and then exponentially decay back to baseline. Critically, these

leaky integrators have a log-spaced spectrum of decay rates, s, rather than a single

decay rate as in standard retrieved-context models. The output of this first layer F

feeds into a second layer of cells that fire sequentially, labeled T . In this population,

rather than a log-spaced spectrum of decay rates s, the peak times
∗
τ are log-spaced,

so more cells peak early in the delay later. This distribution of peaks forms a set of
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temporal receptive fields that are optimally distributed for situations in which there

is no characteristic time scale (Shankar & Howard, 2013), as is believed to be the case

for episodic memory (Glenberg et al., 1980; Howard et al., 2008). This class of mod-

els can account for contiguity and recency effects in behavior at multiple time scales

(Howard, Shankar, Aue, & Criss, 2015). In this framework, contextual overlap falls

off according to a power law, which does not have an inherent time scale. Overlap

between events decreases logarithmically, such that the difference between 4 s and

6 s ago is more like the difference between 40 s and 60 s than between 40 s and 42 s.

This smooth change enables the model to account for recency and contiguity at all

time scales simultaneously. The degree to which items are “nearby” on the scale of

seconds to minutes to hours becomes similar.

1.4 Neural representations of time

This scale-invariant representation of context makes several empirical predictions

about the brain and behavior. In particular, it predicts two forms of temporal rep-

resentations that should exist in the brain. First, the sequentially activated cells in

the second layer of this model align well with time cells. Time cells, cells with recep-

tive fields in time following some event, were first reported in rodent hippocampus

(Pastalkova, Itskov, Amarasingham, & Buzsaki, 2008; MacDonald, Lepage, Eden, &

Eichenbaum, 2011; MacDonald, Carrow, Place, & Eichenbaum, 2013). Subsequent

work has found time cells in additional regions of the rodent brain, such as me-

dial entorhinal cortex (Kraus, Robinson, White, Eichenbaum, & Hasselmo, 2013),

striatum (Mello, Soares, & Paton, 2015; Akhlaghpour et al., 2016), and prefrontal

cortex (Tiganj, Kim, Jung, & Howard, 2017). Time cells are not exclusive to the

rodent brain; they have been reported in monkey hippocampus (Cruzado, Tiganj,

Brincat, Miller, & Howard, 2020) and prefrontal cortex (Tiganj, Cromer, Roy, Miller,
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a b

c d

Figure 1·2: Scale-invariant representations of temporal con-
text. a. Peristimulus time histograms (PSTH) of hypothetical cells
in the first layer F . Lighter lines correspond to cells with longer relax-
ation times s. b. PSTH of hypothetical cells in the second layer T .

Lighter lines correspond to cells with later peak times
∗
τ . c. Heatplot of

a population of hypothetical cells in F , sorted by their corresponding
relaxation time, where yellow corresponds to high firing and blue low
firing. d. Same format as c but for hypothetical cells in T sorted by
their corresponding peak time.
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& Howard, 2017; Cruzado et al., 2020) as well as in the human medial temporal

lobe (Reddy et al., 2021; Schonhaut, Aghajan, Kahana, & Fried, 2022). As would be

expected from scale-invariant sequential activity, the distribution of peak times in a

population of rodent hippocampal time cells is distributed according to a power law

distribution (Cao, Bladon, Charczynski, Hasselmo, & Howard, 2021). Further, time

cells that fire later in a delay have wider time fields (Salz et al., 2016; Tiganj, Cromer,

Roy, Miller, & Howard, 2018; Cruzado et al., 2020; Cao et al., 2021).

The cells in the first layer of the scale-invariant model should respond immediately

after an event and then monotonically relax their firing at a spectrum of rates. Indeed,

there is evidence of cells that monotonically change their firing in various brain regions

(Leon & Shadlen, 2003; Lebedev, O’Doherty, & Nicolelis, 2008; Kim, Ghim, Lee, &

Jung, 2013; Guo, Huson, Macosko, & Regehr, 2021), including the medial temporal

lobe (Naya & Suzuki, 2011; Tsao et al., 2018; Ning, Bladon, & Hasselmo, 2022). What

has been underexplored is if these monotonic cells have a spectrum of time constants

controlling their change in firing (but see Tsao et al., 2018; Guo et al., 2021). In order

to form a scale-invariant representation of context, the distribution of time constants

should come from a power law distribution analogous to the distribution of peak times

in time cells (Cao et al., 2021). I refer to cells in this first layer as “temporal context

cells”.

1.5 Overview of chapters

Compared to time cells, there have been few reports of the properties and existence of

temporal context cells. Given that the entorhinal cortex projects directly to the hip-

pocampus (Witter, Wouterlood, Naber, & Van Haeften, 2000), this region has a high

potential to contain temporal context cells. Indeed the most substantial evidence for

temporal context cells comes from rodent lateral entorhinal cortex. Tsao et al. (2018)
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reported cells that responded shortly after beginning a session or trial and then re-

laxed their firing with a spectrum of rates spanning minutes to hours in rodent lateral

entorhinal cortex. Because the monkey hippocampus contains time cells (Cruzado et

al., 2020), one would expect to find temporal context cells in the monkey entorhinal

cortex. Further, although consistent with a scale-invariant representation, the time

scales reported in rodent lateral entorhinal cortex are far longer than time cells, which

fire on the scale of seconds. The model predicts that there should also be temporal

context cells that relax their firing on the scale of seconds, as is the case with time

cells. Chapter 2 presents evidence of temporal context cells in the monkey entorhinal

cortex. While freely viewing images, this population of units responds shortly after

the image appears on screen and then relaxes their firing over seconds with different

rates.

If temporal context is indeed scale-invariant, then the distance between any two

contexts is a logarithmic function of their separation in time. This scaling implies

that the time to reinstate a prior temporal context should increase logarithmically.

In continuous recognition, previous work has suggested that the recency effect is

logarithmic out to at least 4 minutes (Hockley, 1982). Increasing the time to reinstate

older contexts can account for this effect. Chapter 3 presents a series of 6 continuous

recognition experiments. Response times increased in all experiments logarithmically

out to at least 8 minutes. Careful analysis of the distribution of response times

indicated that this increase arises from a delay in reinstating older contexts.

Finally, the fastest exponential decay rate is a free parameter in this scale-invariant

model. The behavioral contiguity is incredibly robust, regardless of most method-

ological manipulations (Healey et al., 2019). Finding a presentation rate at which

contiguity breaks down would suggest a lower limit on the decay rates. The rapid

serial visual presentation literature suggests a boundary condition on the contiguity
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effect. For lists of items presented at 10 Hz, items are no longer processed separately

but are processed together as a single event (Potter & Levy, 1969). As a result, at

fast presentation rates, it is unlikely that each item would be bound to a temporal

context, disrupting the behavioral contiguity effect. Chapter 4 presents behavioral

data in humans indicating that presenting items at 8 Hz but not 2 or 4 Hz disrupts

the contiguity effect in free recall.
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Chapter 2

A temporal record of the past with a

spectrum of time constants in the monkey

entorhinal cortex.

This chapter is based on previously published work, reported in Bright et al., 2020.

2.1 Introduction

Episodic memory, the vivid recollection of an event situated in a specific time and

place (Tulving, 1983), depends critically on medial temporal lobe (MTL) structures,

including the hippocampus and entorhinal cortex (EC) (Milner, 1959; Eichenbaum

et al., 2007; Dede et al., 2016; Squire, Stark, & Clark, 2004). Building on pioneering

work demonstrating a spatial code in the hippocampus and entorhinal cortex (O’Keefe

& Dostrovsky, 1971; Fyhn, Molden, Witter, Moser, & Moser, 2004), recent research

has shown that hippocampal representations also carry information about the time

at which past events took place, suggesting that the MTL maintains a representation

of spatiotemporal context in support of episodic memory (Pastalkova et al., 2008;

MacDonald et al., 2011; Eichenbaum, 2017). Although a great deal is known about

the temporal coding properties of neurons in the hippocampus, the temporal code

in the entorhinal cortex, which provides the majority of the cortical input to the

hippocampus is less understood, but see (Naya & Suzuki, 2011; Kraus et al., 2015;

Naya, Chen, Yang, & Suzuki, 2017; Tsao et al., 2018).
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Hippocampal time cells provide a record of recent events including explicit infor-

mation about when an event occurred. Analogous to hippocampal place cells that

fire when an animal is in a circumscribed region of physical space (Wilson & Mc-

Naughton, 1993; O’Keefe & Dostrovsky, 1971), hippocampal time cells fire during a

circumscribed period of time within unfilled delays (Pastalkova et al., 2008; MacDon-

ald et al., 2011; Kraus et al., 2013). Across studies, there is a remarkable consistency

in the properties of hippocampal time cells. Hippocampal time cells peak at a range

of times during the delay interval and typically code time with decreasing accuracy

as the delay unfolds, as manifest by fewer neurons with peak firing late in the de-

lay and wider time fields later in the delay (Kraus et al., 2015; Salz et al., 2016;

Mau et al., 2018). Hippocampal time cells have been observed in a wide range of

behavioral paradigms, including tasks with and without explicit memory demands

during the delay (Salz et al., 2016) and experiments in which the animal is fixed in

space (MacDonald et al., 2013; Terada, Sakurai, Nakahara, & Fujisawa, 2017). In

addition, it has been shown that different stimuli trigger different time cell sequences

(Terada et al., 2017; MacDonald et al., 2013). Taken together, time cells provide an

explicit record of how far in the past an event took place, i.e., the amount of time

that has passed since the beginning of a delay period or since the presentation of a

to-be-remembered stimulus. By examining which time cells are active at a particular

time, we can easily determine not only what event took place, but how far in the past

that event occurred.

Many of the properties of hippocampal time cells have been observed in other

brain regions including prefrontal cortex (Bolkan et al., 2017; Tiganj, Kim, et al.,

2017; Tiganj et al., 2018; Jin, Fujii, & Graybiel, 2009) and striatum (Jin et al., 2009;

Mello et al., 2015; Akhlaghpour et al., 2016) suggesting that the hippocampus is part

of a widespread network that carries episodic information. A recent report from the
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rat lateral EC adds important data to this growing body of literature regarding the

representation of time in the brain. Tsao et al. observed a population of neurons that

changed slowly and reliably enough to decode time within the experiment over a range

of time scales (Tsao et al., 2018). Unlike time cells, which respond a characteristic

time since the event that triggers their firing, lateral EC neurons respond immediately

upon entry into a new environment, and then relax slowly. The relaxation times across

individual neurons were very different, ranging from tens of seconds to thousands of

seconds. To distinguish this population from time cells we will refer to neurons that

are activated by an event and then relax their firing gradually as temporal context

cells. The designation “temporal context cells” is not meant to indicate some intrinsic

biological property but is simply intended, much like the terms “place cell” or “time

cell” as a convenient short-hand to describe the functional properties of these neurons.

Because these temporal context cells code for time, but with very different properties

than time cells, these two populations provide a potentially important clue about the

nature of temporal coding in the brain and the neural mechanisms that may support

episodic memory.

Here, we identified temporal context cells in monkey EC during a free-viewing

task (Meister & Buffalo, 2018). We examined EC neuron responses in a five-second

period after presentation of an image. In the time after presentation of the image, a

representation of what happened when should carry both time-varying information

about when the image was presented, as well as information that discriminates the

identity of the image. To anticipate the results, the data demonstrate that neurons

in monkey EC are activated shortly after a visual stimulus and then decay with a

variety of rates, enabling reconstruction of when the image was presented. This form

of temporal coding is similar to temporal context cells observed in rat lateral EC (Tsao

et al., 2018), but is qualitatively different from time cells that have been observed in
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the hippocampus and other regions. Because each image was shown twice over the

course of the experiment, we were able to assess whether the pattern of activation over

neurons depends on the identity of the image presented. Taken together, these data

suggest that these temporal context cells carry information about what happened in

addition to when it happened.

2.2 Results

A total of 349 neurons were recorded from the entorhinal cortex (EC) in two macaque

monkeys during performance of a visual free-viewing task. Each trial began with a

required fixation on a small cross, followed by the presentation of a large, complex im-

age that remained on the screen for five seconds of free viewing (Figure 2·1a). Unlike

canonical hippocampal time cells, which are activated at a variety of points within a

time interval (e.g., Figure 2·1c), most entorhinal neurons changed their firing a short

time after the presentation of the image. Figure 2·3a shows three representative neu-

rons that responded to image presentation (more examples are shown in Figure 2·4).

While most of these neurons increased their firing rate after the image was presented,

some neurons decreased their firing rate in response to image presentation. Although

behavior was not controlled during the five second free-viewing period, the response

of these neurons was consistent across trials, which can be seen by examination of

the trial rasters, indicating that the temporal responsiveness was unlikely to be a

correlate of behavior.

Although the image-responsive neurons in EC responded at about the same time

post-stimulus, they relaxed back to their baseline firing at different rates. Whereas

some neurons relaxed back to baseline quickly (Figure 2·3a, left), some relaxed much

more slowly. For instance the neuron shown in the right of Figure 2·3a did not return

to baseline even after five seconds.
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Figure 2·2: Modeling neuron responses using an ex-Gaussian
distribution. a, The ex-Gaussian model of a neuron’s response (bot-
tom) is formed by convolving a Gaussian distribution (with parameters
µ and σ) with an exponential distribution (with parameter τ) (top).
b, In the ex-Gaussian model, an increase in µ shifts the distribution to
the right, an increase in σ widens the central peak of the distribution,
and an increase in τ lengthens its decay rate. The gray and red arrows
correspond to the parameter changes expected in the process of fitting
the response of temporal context cells and sequentially activated time
cells respectively.
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2.2.1 Temporal receptive field analysis revealed a population of temporal

context cells in entorhinal cortex

To quantify the qualitative results from examination of the individual units, we clas-

sified neurons that changed their firing in synchrony with image presentation and

measured their temporal receptive fields with a model with three parameters. Each

neuron’s firing rate in the time from 0.5 s before image onset to 5 s after was quantified

using a model-based approach. The firing field was estimated as a convolution of a

Gaussian (latency in neuronal response) and an exponential decay (Figure2·2a). This

approach builds on previous work to estimate time cell activity as a Gaussian firing

field (Tiganj, Kim, et al., 2017; Salz et al., 2016; Tiganj et al., 2018). The method

for estimating parameters is described in detail in the methods. In this model, we

were able to quantify apparent response properties using two key parameters: 1) the

parameter µ, which describes the mean of the Gaussian, estimates the time at which

each neuron begins to respond (Response Latency) and 2) the parameter τ , which

describes the time constant of the exponential term, estimates how long each neuron

takes to relax back to 63% of its maximum deviation from baseline firing (Relaxation

Time) (Figure 2·2b). A third parameter σ controls the standard deviation of the

Gaussian term. Using this model, we tested whether a neuron had a time-locked

response to image onset by quantifying the extent a model with a temporal response

field fit the neuron’s data better than a model with only constant firing including the

prestimulus period. Neurons that were better fit by including a temporal firing field

were referred to as “visually responsive.” Importantly, this method would identify

populations of either hippocampal time cells and temporal context cells as visually

responsive. However, as shown in Figure 2·1e, these two different forms of temporal

coding would produce distinguishable distributions of parameters.
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A substantial fraction of entorhinal neurons changed their firing in re-

sponse to image presentation

In order to minimize the noise and obtain the most accurate distribution of response

parameters across neurons, we used a conservative criterion to identify neurons that

responded to image presentation. This method identified 109/349 neurons as visually

responsive. Of those 109 responsive neurons, 84 neurons showed an increase in their

firing rate in response to image onset, whereas 25 showed a decrease in their firing

rate. Figure 2·3b summarizes the temporal response properties of these 109 neurons.

Each row of the figure shows the averaged response of one neuron over the course of

a trial. The data demonstrate that almost all of the neurons reached their maximum

deviation from baseline within a few hundred milliseconds of the image presentation.

This can be appreciated from the vertical yellow strip along the left edge of the heat

map. These results are in striking contrast to the typical responses of hippocampal

time cells (e.g., Figure 2·1c). Analogous plots for hippocampal time cells, which

vary smoothly in their peak times, result in a curved ridge extending from the upper

left to the lower right. In contrast, the variability across neurons in this entorhinal

population was not in the time point at which the neurons reached their maximum

deviation from baseline, but rather in the time course over which each neuron relaxed.

This can be appreciated in the progressive widening of the ridge in Figure 2·3b from

top to bottom.

Visually responsive entorhinal units showed short Response Times but a

broad distribution of Relaxation Times

Figure 2·3c shows the Response Latency and Relaxation Time for the 109 entorhinal

neurons that were categorized as visually responsive (Figure 2·5 shows the marginal

distributions for each parameter). Response Latency values were clustered tightly at

small values (median = 0.16 s, interquartile range = 0.13 s to 0.24 s). For 90% of
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Figure 2·4: Additional examples of temporal context cells.
Format is as in Figure 2·3a.
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neurons, the Response Latency was less than 0.40 s. In contrast, Relaxation Times

showed a wider distribution (median = 0.23 s, interquartile range = 0.10 s to 0.61 s,

90th percentile = 1.29 s), and even included values longer than the 5 s duration of the

viewing period. Lastly, the third parameter σ, which controls the standard deviation

of the Gaussian, was small and tightly clustered across neurons (median = 0.02 s,

interquartile range of 0.001 s to 0.06 s, 90th percentile = 0.31 s). The consistently

small value of this parameter indicates that the shape of the temporal receptive fields

was well-described by a delayed exponential function.

Response Time and Relaxation Time were not correlated across neurons

Across the 109 neurons, Response Latency and Relaxation Time were not significantly

correlated with one another, Kendall’s τ = 0.03, p = 0.64. To assess whether this null

effect was reliable, we computed the Bayes factor, which enables an estimate of the

likelihood of the null hypothesis. This analysis yielded a Bayes factor of BF01 = 7.17,

providing support that neuron Response Latency and Relaxation Time values are

uncorrelated. Across neurons, Response Latency and σ were also not correlated with

one another, Kendall’s τ = −0.04, p = 0.59, BF01 = 6.87. Unlike hippocampal time

cells, there was no evidence that temporal context cells that peaked later in the time

interval showed broader firing fields. In contrast to hippocampal time cells, which

show a systematic relationship between the peak time of firing and the width of the

temporal firing field (Kraus et al., 2013; Howard et al., 2014; Salz et al., 2016), the

overarching conclusion from these analyses is that the firing of entorhinal neurons

deviated from background firing shortly after the presentation of the stimulus and

then relaxed exponentially at a variety of rates.
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Figure 2·5: The distribution of individual parameters is con-
sistent with temporal context cells. a, Neurons started responding
(Response Latancy) shortly after image onset, and latencies did not
cover the entire 5 s viewing period. b, Neurons did not show much
deviation in their response latencies, with the majority having values
of a few hundredths of a second. c, Most neurons decayed 63% of the
way back to baseline firing (Relaxation Time) quickly, but some showed
longer relaxation times that spanned the entire 5 s.
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2.2.2 Populations of entorhinal temporal context cells carry graded in-

formation about time

It is well-understood that hippocampal time cells can be used to decode the time

since the beginning of a time interval (Mau et al., 2018). To assess the temporal

information present in the population of entorhinal neurons, with special attention to

the population of temporal context cells identified by the model-based analysis above,

we trained a linear discriminant analysis (LDA) decoder to estimate time following

presentation of an image. To the extent the predicted time bin for out-of-sample data

is close to the actual time bin, one can conclude that the population response carried

information about time. We first describe results from the entire population and then

focus on the subpopulation of temporal context cells.

Time was decoded better than chance from the population of entorhinal

neurons

Figure 2·6 shows the results of the LDA on all 349 neurons from monkey EC. Our

first question was whether or not the population contains information about time. For

each time bin in Figure 2·6a, the confidence of the decoder (the posterior distribu-

tion) is shown across the range of possible time estimates. Perfect prediction would

correspond to a bright diagonal; random decoding would correspond to a uniform

gray square. Qualitatively, the non-uniformity of Figure 2·6a suggests that elapsed

time can be decoded from the population of EC neurons. To quantitatively assess

this, we found that the posterior distribution from the test data was reliably different

from a uniform distribution using a chi-squared goodness of fit test, χ2(380) = 3906.8,

p < 0.0001.

Supporting this result, the mean absolute value of decoding error from the cross-

validated LDA was reliably lower than the decoding error from training with a per-

muted data set. In each of 1,000 permutations we randomly reassigned the time
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bin labels of the training events used to train the classifier. The absolute value of

the decoding error for the original data was 0.923 s, which was more accurate than

the mean absolute value of the decoding error for all 1,000 permutations. As shown

in Figure 2·7, the values for the permuted data were approximately normal with

mean 1.65 s and standard deviation 0.04 s, resulting in a z-score of more than 18

(z = 18.175). These analyses demonstrate that time since image presentation could

be decoded from populations of neurons in monkey EC.

The precision of the time estimate decreased as the interval unfolded

Although the population response in entorhinal cortex could be used to reconstruct

time, inspection of Figure 2·6a suggests that the precision of this reconstruction was

not constant throughout the interval. Figure 2·6b shows the average absolute value

of the decoding error at each time bin. These data suggest that this error increased

as a function of time. A linear regression of decoding error as a function of time

showed a reliable slope, 0.16 ± 0.03, as well as intercept 0.55 ± 0.1, both p < 0.001,

R2 = 0.56, df = 18. The information in the entorhinal population about the time of

image presentation decreases in accuracy as the image presentation recedes into the

past.

Time can be decoded well past the peak firing of temporal context cells

Theories that proposed the existence of temporal context cells argue that they con-

vey information about time via their gradual decay. Another possibility is that the

temporal context cells only carry decodable information about time because of their

rapid deflection near time zero. If that is the case, then the population of entorhinal

neurons should only carry information about time in the period of time close to the

Response Time. To assess how far into the interval time could be reconstructed, we

repeated the LDA analysis excluding progressively more time bins starting from zero.
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Figure 2·7: Time could be decoded above chance from en-
torhinal firing. a, A histogram of mean absolute value of decoding
error for the permuted data compared to actual decoding error. Train-
ing data were the same as the actual decoder, except the true time
labels were randomly shuffled. The mean absolute value of decoding
error for the original data (.93 s) is marked by a vertical line. b A plot
of decoder performance compared to permutted data as a function of
relaxation time threshold. With 1000 permutations, the significance
level is the number of permutations that matched or out performed the
actual data divided by 1000 (the line marked by ‘**’ is significant at
p < 0.01, the line marked by ‘*’ is significant at p < 0.05). Thus the
decoder is significantly better than chance at p < 0.01 up until 2.25 sec-
onds. The decoder is last significantly better than chance at p < 0.01
at 3 seconds. This suggests that temporal information is present out to
at least 3 seconds. c Posterior distributions as bins are dropped. The
leftmost sub-panel corresponds to no bins dropped, the next sub-panel
corresponds to the first 1.75 seconds dropped the next sub-panel cor-
respond to the first 2.5 seconds dropped, and the rightmost sub-panel
corresponds to the first 3.75 seconds dropped) Colorbar and scaling
are as in Figure 3a (maximum white correspond to probability 0.5 and
greater, minimum black correspond to probability 0.02 and less, color
is on log scale).
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If the LDA can reconstruct time above chance using only bins corresponding to times

≥ t, then we can conservatively conclude that time can be reconstructed at least time

t into the interval. To assess this quantitatively, the actual data were compared with

permuted data for each repetition of the LDA using absolute error to assess perfor-

mance (see Methods for details, Figure2·7). This analysis showed that time more

than 2.25 s after the image onset can be reliably decoded (p < 0.01). This conserva-

tive estimate is an order of magnitude longer than the median value of the peak time

(0.160 s), suggesting that the gradual decay of temporal context cells could be used to

reconstruct information about time. Decoder performance varies later into the delay,

with the performance of the decoder actually improving as noisier bins are eliminated

from the analysis. For instance, time at 3 s can be reliably decoded (p < .01). The

decoder is last significantly better than chance at p < 0.01 with 3.0 seconds excluded

(below the line marked with ‘**’).

Information about time was distributed throughout the population of tem-

poral context cells

Theories that proposed the existence of temporal context cells argue that they convey

information about time via their gradual decay. To determine how temporal informa-

tion was distributed across the population of temporal context cells we performed a

decoding analysis restricting our attention to temporal context cells. The analysis was

performed initially using all temporal context cells, and then progressively removed

cells with Relaxation Times shorter than a Relaxation Time Threshold. The Relax-

ation Time Threshold ranged from 0 s—including all 109 temporal context cells—to

2.5 s—at which point only 7 temporal context cells remained in the analysis. For

each Relaxation Time Threshold, performance was summarized by averaging decod-

ing error across all bins. If only a subpopulation of temporal context cells with fast

Relaxation Times contributed to the temporal information in the ensemble, we would
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expect an abrupt decrease in performance as the Relaxation Time Threshold passed

through that critical value.

These results are shown in Figure 2·6c, with selected decoder posteriors shown

for various Relaxation Time Thresholds (Figure 2·6cI-VI ). The population at each

Relaxation Time Threshold was used to generate its own permuted data set. The first

observation is that the performance of the decoder changed gradually, suggesting that

temporal context cells with a range of Relaxation Times conveyed useful information

about the time of image presentation. Examination of the heatmaps in Figure 2·6c

suggests that excluding temporal cells with Relaxation Times below a particular

value (indicated by dashed red line) disrupts the ability to distinguish times below

that value. However, the ability to decode time above the threshold is relatively

intact. Statistically, the decoder performed better than chance even with a Relaxation

Time Threshold of 1.875 s (with 9 cells remaining). This analysis suggests that

temporal information is distributed throughout the population of temporal context

cells. Further the population conveys information about a range of time scales because

the population has a variety of Relaxation Times.

2.2.3 EC neurons conveyed information about image identity

In this experiment, each image was presented twice. Although it was not practical to

assess image coding using a classifier, it was possible to exploit the repetition of images

to determine whether EC neurons contained information about image identity. This

question was addressed using both single cell analyses and population analyses, which

showed convergent results. In both cases we compare the first and second presentation

of the same image to the first and second presentations of different images. Note that

because these analyses always compare a first presentation to a second presentation,

they are not confounded by repetition effects that have been observed in entorhinal

neurons (Xiang & Brown, 1998; Meyer & Rust, 2018; Jutras & Buffalo, 2010).
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Firing rate of individual neurons was correlated for same presentation of

images

For each neuron we assembled an array giving the firing rate during the first presen-

tation of each image (averaged over 5 s) and asked whether this array was correlated

with the firing rate of second presentations of the same images. If the firing rate of

a neuron depends on the identity of the image, we would expect to see a positive

correlation using this measure. For this analysis we restricted our attention to the

neurons (n = 270) in the entorhinal population that were recorded long enough to

be observed for both first and second presentations of a block of stimuli (repetitions

were separated by 20-40 minutes).

The mean correlation coefficient (Kendall’s τ) across neurons was significantly

greater than zero, τ = 0.06 ± 0.02, t(269) = 7.69, p < 0.001, Cohen’s d = 0.47,

indicating that the spiking activity of many neurons depended on image identity

(Figure 2·8b). This comparison was confirmed by a Wilcoxon signed rank test on the

values of Kendall’s τ , V = 27577, p < 0.001. This finding was also observed for the

subset of visually responsive neurons (n = 93) that we describe as temporal context

cells. Taken in isolation, the temporal context neurons showed a mean correlation

coefficient significantly greater than zero, as measured by t-test, 0.09± 0.02, t(89) =

7.34, p < 0.001,Cohen’s d = 0.77 andWilcoxon signed rank test, V = 3553, p < 0.001.

Neurons that were not temporal context cells (n = 179) also had a mean correlation

coefficient different from zero, 0.04 ± 0.02, t(176) = 4.65, p < 0.001, Cohen’s d =

0.35, V = 11363, p < 0.001. These results are consistent with a population that

contains information about stimulus identity.
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Figure 2·8: The entorhinal ensemble carries information about
stimulus identity. a, We measured the firing rate of each unit to
first and second presentations of each image. For each neuron that
was recorded for an entire block of images (n = 270), we measured
the correlation in firing rate across images using Kendall’s τ . b, The
distribution of Kendall’s τ for all entorhinal neurons is shown. This
distribution is reliably different from zero (p < 0.001, see text for de-
tails) indicating that entorhinal firing was sensitive to image identity.
c, Schematic of a population similarity analysis. We measured the sim-
ilarity of population response to the second presentation of each image
to the first presentation of the same image (lag 0). As controls we also
computed the similarity between the population response to the second
presentation of an image and the responses to the images neighboring
the first presentation of that image. Lag −1 refers to the similarity to
the immediate predecessor of the image; lag +1 refers to the similar-
ity to the immediate successor of the image. d, Cosine similarity of
the population response to the second presentation of an image to the
original presentation of an image (lag 0) and the images neighboring
the original presentation of the image (lags −1 and +1) over 64 blocks
of first and second presentations. The similarity to lag 0 is greater
than the similarity to either of the neighboring images. *** indicates
significance at the p < 0.001 level. Error bars correspond to the 95 %
confidence interval of mean cosine similarity calculated across sessions.
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The population of EC neurons was more similar for repeated presentations

of the same image

The preceding analyses show that the firing of many EC neurons distinguished image

identity above chance. If the response of the entire population contained information

about stimulus identity, we would expect, all things equal, that pairs of population

vectors corresponding to presentations of the same image would be more similar to one

another than pairs of population vectors corresponding to presentations of different

images. To control for any potential repetition effect, these analyses compared the

similarity between the repetition of an image with its original presentation to the

similarity between the second presentation of an image with the first presentation of

a different image. To control for any potential recency effects, we swapped images

adjacent to the original presentation of the target image. To be more concrete, if we

label a sequence of images initially presented in sequence as A, B, and C, we would

separately compare the population response to the repetition of B to the response

to the initial presentation of A, B, and C. We refer to the similarity of the second

presentation of B to the first presentation of B as lag 0. The similarity of the second

presentation of B to the first presentation of A is referred to as lag −1; the similarity

to the first presentation of C is lag +1. To the extent that the similarity at lag 0 is

greater than lag −1 and +1, we can conclude that the population vector distinguishes

image identity.

Figure 2·8d shows the results of this population analysis. The similarity for lag 0

pairs (comparing population response to an image with its repetition) was greater

than the similarity for lags ±1 (comparing the response to neighbors of its original

presentation). Statistical comparisons to lags ±1 each showed a reliable difference.

A paired t-test comparing population similarity at the level of blocks (n = 64 trial

blocks of repeated images) showed that similarity at lag 0 was reliably larger than
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both lag +1, 0.012 ± 0.005, t(63) = 5.11, p < 0.001, Cohen’s d = 0.64, and lag −1,

0.014 ± 0.006, t(63) = 5.02, p < 0.001, Cohen’s d = 0.63. To evaluate the same

hypothesis using a non-parametric method, we performed a permutation analysis by

randomly swapping within-session pairs of lag 0 and lag ±1 and calculating the mean

difference between the pairs 100,000 times. The observed value exceeded the value

of 100,000/100,000 permuted values for both lags +1 and −1. We conclude that the

population response was more similar for presentations of the same image than for

presentations of different images. This analysis, which controlled for repetition and

recency, demonstrates that the response of the population of EC neurons reflected

image identity. Coupled with the other results reported here, this means that the

population carried information about what happened when.

2.3 Discussion

Episodic memory requires information about both the content of an event as well as

its temporal context (Tulving, 1983; Eichenbaum et al., 2007; Eichenbaum, 2017).

In this study, many EC neurons responded to the onset of the image. These tem-

poral context cells responded to image onset at about the same time, within about

300 ms of image onset. However, different temporal context cells showed variable

rates of relaxation back to baseline (Figure 2·3). Information about time since the

image was presented could be decoded due to gradually decaying firing rates over

a few seconds (Figure 2·3d-e). Notably, the relaxation rate was not constant across

neurons, but rather showed a spectrum of time constants. The population vectors

following repeated presentations of the same image were more similar to one another

than to presentations of different images. This, coupled with several control analy-

ses, show that the firing of entorhinal neurons also distinguished stimulus identity.

Taken together, the results demonstrate that in the time after image presentation,
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the population of EC neurons contained information about what happened when.

Sequentially activated time cells, such as have been observed in the hippocampus

(Pastalkova et al., 2008; MacDonald et al., 2011; Salz et al., 2016), medial entorhinal

cortex (Kraus et al., 2015) and many other brain regions (Jin et al., 2009; Mello

et al., 2015; Tiganj et al., 2018; Tiganj, Shankar, & Howard, 2017) also contain

information about what happened when in the past. However, entorhinal temporal

context cells have very different firing properties than sequentially activated time

cells. As a population, time cells convey the amount of time that has passed since

the occurrence of an event by firing at different temporal delays after the triggering

event. In contrast, EC temporal context cells all responded at about the same time

but relaxed at different rates. The range of relaxation times enables the population to

convey information about different time scales. For instance, a temporal context cell

that returns to baseline firing within 1 second would not be effective in distinguishing

a 5 second interval from a 10 second interval. In contrast, a cell that decays back to

baseline around 7 seconds would be effective in distinguishing this longer time period.

In this way, a range of decay rates enables the population of temporal context cells

to decode time over a wide range of time scales.

2.3.1 Relationship to findings from rodent and monkey EC

The pattern of results observed here aligns well with a recent report from rodent

lateral EC (Tsao et al., 2018). In that study, lateral EC neurons changed their firing

in response to a salient event, i.e., the animal entering a new environment, and then

relaxed back to baseline monotonically. Notably, different neurons relaxed at different

rates with time constants ranging from tens of seconds to many minutes. However,

despite the many methodological differences between that study and this one—rats

moving through a series of open enclosures vs seated monkeys observing a series of

images—the response properties shared striking similarities, suggesting a common
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computational function for EC across species.

The results in this paper are consistent with studies that have shown long-lasting

responses in EC neurons in different preparations in rodents. For example, sus-

tained responses have been observed in both in-vitro (Klink & Alonso, 1997; Egorov,

Hamam, Fransén, Hasselmo, & Alonso, 2002; Tahvildari, Fransén, Alonso, & Has-

selmo, 2007; Yoshida, Fransén, & Hasselmo, 2008; Hyde & Strowbridge, 2012) and

anesthetized (Hahn, McFarland, Berberich, Sakmann, & Mehta, 2012; Leitner et al.,

2016) approaches. Similarly, slow changes in firing rate were observed in the EC of

rats during trace eyeblink conditioning across distinct environmental contexts (Pilkiw

et al., 2017). Computational modeling studies have suggested that properties of a

calcium non-specific cation current observed in slice are sufficient to generate a spec-

trum of response decay periods, ranging from brief to prolonged (Tiganj, Hasselmo, &

Howard, 2015; Liu et al., 2019). Juxtaposed with work showing spatial responses in

navigating rodents (Deshmukh & Knierim, 2011; Wang et al., 2018; Høydal, Skytøen,

Andersson, Moser, & Moser, 2019), these findings suggest EC neurons code for “po-

sition” in both temporal and spatial domains.

The current results are also consistent with previous findings from the monkey

medial temporal lobe. A recent investigation of single-neuron activity across shorter

timescales (within a∼1 s delay) identified time-varying responses in the hippocampus,

but not the entorhinal cortex (Naya et al., 2017). However, in earlier work with

longer trial durations, entorhinal neurons exhibited response dynamics across several

seconds (Suzuki, Miller, & Desimone, 1997). The current results also mirror previous

studies showing coding for for temporal information in monkey PFC attributable

to slow ramping activity (Machens, Romo, & Brody, 2010; Rossi-Pool et al., 2016,

2019). It remains to be seen if those findings reflect similar or distinct computational

mechanisms to those observed in EC in this study.
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2.3.2 Exponentially-decaying neurons with a spectrum of time constants

is the Laplace transform of time

Why would the brain use two distinct coding schemes—time cells versus temporal

context cells—to represent time? One proposed answer is that there might be a local

circuit processing advantage from having time cells that can signal a specific moment

at the single-neuron level, instead of having that information exist in the collective

responses of different temporal context cells. Mechanistically, the brain may achieve

creating a time cell response by combining the responses of temporal context cells

(Shankar & Howard, 2012). The mathematical description of this process would

begin with the brain estimating a temporal record of the past as neural activity that

is the real Laplace transform of a function of past time (Shankar & Howard, 2012,

2013; Howard et al., 2014).

Cells coding for the real Laplace transform have exponential receptive fields with

a variety of rate constants, very much like the results observed here in entorhinal

neurons (Figure 2·3). In this proposal, the activity representing the contents of the

past changes in the time after an image presentation. At a time t after image pre-

sentation, the neural representation of the past is a function with the presentation of

the image at time t. As t increases, this function changes smoothly. A population of

neurons coding the real Laplace transform of time should thus change shortly after

image presentation and then relax exponentially, with different neurons relaxing at

different rates.

Time cells like those in the hippocampus, in contrast, can be described by perform-

ing an additional computation upon the activity described above. The inverse Laplace

transform — which can be approximated using a set of feed-forward connections with

center-surround weights on the activity described above — directly estimates what

happened when. Instead of exponential receptive fields, cells coding for the inverse
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transform have circumscribed receptive fields that tile the time axis. As the image

presentation recedes into the past, neural response to its presentation resembling the

inverse transform would generate a series of sequentially-activated time cells.

Laplace transforms of other variables in the MTL

This computational framework for representing functions over continuous variables

using the Laplace transform and its inverse can be generalized from time to other

variables as well (Howard et al., 2014). For instance, border cells in EC (Boccara

et al., 2010) code for distance from an environmental landmark with monotonically-

decaying receptive fields. If the firing profile of border cells is exponential, and if

the parameter controlling the spatial sensitivity of this profile differs across neurons,

analogous to the differing relaxation times in Figure 2, then a population of border

cells would code for the real Laplace transform of distance to the border. Applying

the inverse transform to such a population would generate boundary vector cells

(Lever, Burton, Jeewajee, O’Keefe, & Burgess, 2009), which have been observed in

the subiculum and have been argued to drive classic hippocampal place fields (Burgess

& O’Keefe, 1996). Analogously, trajectory coding cells and splitter cells observed in

the EC and hippocampus can be understood as coding for the Laplace transform

and inverse of functions over ordinal position—the sequence of movements leading

up to the present (Frank, Brown, & Wilson, 2000; Wood, Dudchenko, Robitsek,

& Eichenbaum, 2000). More broadly, this computational framework can be used

to generate functions over a variety of spatiotemporal trajectories, which has been

proposed to be a basic function the the MTL (Hasselmo, 2012; Dannenberg, Kelley,

Hoyland, Monaghan, & Hasselmo, 2019). In this view, time cells and place cells are

just two cases of a more general computational function (Kraus et al., 2013, 2015;

Howard & Eichenbaum, 2015).
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Laplace transforms of time throughout the brain

If the brain contains a compressed record of the past (James, 1890; Husserl, 1966) as

a neural representation across many different “kinds” of memory (Chater & Brown,

2008; Howard et al., 2015), then one might expect the existence of neurons with con-

junctive receptive fields for what happened when across many different brain regions.

Indeed, stimulus-specific time cells coding for what happened when have not only

been found in regions believed to be important for episodic memory (MacDonald et

al., 2013; Taxidis et al., 2018), but also regions that support working memory (Tiganj

et al., 2018; Cruzado et al., 2020) and classical conditioning (Adler et al., 2012).

Because computational work using the Laplace transform has shown that a popula-

tion of time cells can be constructed from temporal context cells (Shankar & Howard,

2012, 2013; Howard et al., 2014), we may speculate about the pervasiveness of this

phenomenon across the brain. Perhaps temporal context cells may be found in other

brain regions outside the EC to support this computation across separate regions of

the brain. Alternatively, especially given the high sensory convergence within the EC,

perhaps temporal context cells in the EC are utilized for generating time cells across

the brain.

2.4 Methods

2.4.1 Subjects, training, and surgery

Two, male rhesus macaques (Macaca mulatta), 10 and 11 years old, and weighing

13.8 and 16.7 kg respectively, were trained to sit in a primate chair (Crist Instrument

Company, Inc., Hagerstown, MD) and to release a touch-bar for fruit slurry reward

delivered through a tube. The monkeys were trained to perform various tasks by

releasing the touch-bar at appropriate times relative to visual stimuli presented on a

screen. Magnetic resonance images of each monkey’s head were made both before and
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after surgery to plan and confirm implant placement. Separate surgeries were per-

formed to implant a head post, then months later, a recording chamber, and finally a

craniotomy within the chamber. All experiments were performed in accordance with

protocols approved by the Emory University and University of Washington Institu-

tional Animal Care and Use Committees.

2.4.2 Electrophysiology

Each recording session, a laminar electrode array (AXIAL array with 13 channels,

FHC, Inc.) mounted on a microdrive (FHC, Inc.) was slowly lowered into the brain

through the craniotomy. Magnetic resonant images along with the neural signal were

used to guide the penetration. Spikes and local field potentials were recorded using

hardware and software from Blackrock, Inc., and neural data were sampled at 30 kHz.

A 500 Hz high-pass filter was applied, as well as an electric line cancellation at 60 Hz.

Spikes were sorted offline into distinct clusters using principal components analysis

(Offline Sorter, Plexon, Inc.). Sorted clusters were then processed further by custom

code in MATLAB to eliminate any data where minimum inter-spike interval was less

than 0.001 s, and to identify any missed changes in signal (e.g., decreased amplitude

in the waveform of interest, a new waveform appearing), using raster plots and plots

of waveforms across the session for each neuron. When change in signal was identified,

appropriate cuts were made to exclude compromised spike data from before or after

a change point. 455 potential single neurons originally isolated in Offline Sorter

were reduced to 357 single neurons. To further ensure recording location within

the entorhinal cortex and identify from which cortical layers neurons were recorded,

we examined each session’s data for the stereotypical, electrophysiological signature

produced across entorhinal cortical layers at the onset of saccadic eye movement

(Killian, Jutras, & Buffalo, 2012; Killian, Potter, & Buffalo, 2015; Meister & Buffalo,

2018). Recording sessions took place in both anterior and posterior regions of the
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entorhinal cortex. One recording session, which other electrode placement metrics

suggest was conducted above the entorhinal cortex within the hippocampus, lacked

this electrophysiological signature and was excluded from further analysis (8 single

neurons were excluded from this session). No recording sessions showed the current

source density electrophysiological signature of adjacent perirhinal cortex (Takeuchi,

Hirabayashi, Tamura, & Miyashita, 2011) at stimulus onset.

2.4.3 Experimental design and behavioral task

For all recordings, the monkey was seated in a dark room, head fixed and positioned so

that the center of the screen (54.1 cm × 29.9 cm LCD screen, 120 Hz refresh rate, 1280

× 720 pixels, BenQ America Corp., Costa Mesa, CA) was aligned with his neutral

gaze position and 60 cm away from the plane of the his eyes (equating to 25 screen

pixels per degree of visual angle, or 1/cm). Stimulus presentation was controlled by

a PC running Cortex software (National Institute of Mental Health, Bethedsa, MD).

Gaze location was monitored at 240 Hz with an infrared eye-tracking system (I-SCAN,

Inc., Woburn, MA). Gaze location was calibrated before and during each recording

session with calibration trials in which the monkey held a touch-sensitive bar while

fixating a small (0.5) gray square presented at various locations on the screen. The

square turned yellow after a brief delay chosen uniformly from the interval from 0.40 s

to 0.75 s. The monkey was required to release the bar in response to the color change

for delivery of the fruit slurry reward. The subtlety of the color change forced the

monkey to fixate the location of the small square to correctly perform those trials,

therefore allowing calibration of gaze position to the displayed stimuli. Specifically,

the gain and offset of the recorded gaze position were adjusted so that gaze position

matched the position of the fixated stimulus. Throughout the session, intermittent

calibration trials enabled continual monitoring of the quality of gaze position data

and correction of any drift.
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Before each image presentation, a crosshair (0.3× 0.3) appeared in one of eighteen

possible screen locations. Once gaze position registered within a 3× 3 window around

the crosshair and was maintained within that spatial window for between 0.50 and

0.75 s (chosen uniformly), the image was presented. Images were large, complex

images downloaded from the public photo-sharing website, Flickr (www.flickr.com).

If necessary, images were re-sized by the experimenter for stimulus presentation (sized

30× 15 for Monkey WR and 30× 25 for Monkey MP). Monkeys freely viewed the

image, and then the image vanished after gaze position had registered within the

image frame for a cumulative 5 seconds. No food reward was given during image

viewing trials. Each image presentation was followed by three calibration trials.

Image stimuli were unique to each session, and each image was presented twice

within a session about 20 to 40 minutes apart. Images were presented in a block de-

sign so that novel and previously-seen images were presented throughout the session.

Within a trial block, novel images (30 or 60) would first be shown, and then presented

again in pseudorandom order. After completing a block of trials, a new block of trials

would begin. In the first 16 sessions, a three-block design of 60 image presentations

(30 novel) per block was used, with a total maximum of 180 image presentations per

session. In the rest of the sessions (n = 41), there were a total maximum of 240 image

presentations across two trial blocks (120 image presentations of which 60 were novel

within each trial block).

2.4.4 Analysis of Neural Firing Fields

In order to determine temporal firing fields, spikes were analyzed using a custom max-

imum likelihood estimation script run in MATLAB 2016a. We calculated model fits

across all trials available for each particular neuron considering the time from 500 ms

before image presentation to 5 s after image presentation. Fits of nested models were

compared using a likelihood ratio test. In the present paper, we considered three



42

models: a constant firing model, a model adding a Gaussian time term, and an ex-

Gaussian model for which the time term was given by the convolution of a Gaussian

and an exponential time term. The constant model,

Mconst(t; ao) = ao (2.1)

consisted of a single parameter ao that predicted the constant probability of a spike

at each time t.

The ex-Gaussian model describes the temporally-modulation of the firing field as

the convolution of a Gaussian function with an exponentially decaying function:

Mex-gauss(t; ao, a1, σ, µ, τ) = ao + a1

∞∫
−∞

e−
(t−µ)2

2σ2 e−
t
τ dt (2.2)

The ex-Gaussian distribution has been used extensively in studies of human re-

sponse time data for many years (Ratcliff & Murdock, 1976). In the limit as τ → 0

the exponential function becomes a delta function and the result of the convolution in

Eq. 2.2 is a Gaussian function. Similarly, in the limit as σ → 0 the Gaussian function

becomes a delta function and the result of the convolution is an exponential function

starting at µ. As such, this model is able to describe a range of peak firing times as

well as varying degrees of skew (Fig. 2·1).

Two terms, ao and a1 describe the contributions of the constant and time-modulated

terms. Three parameters describe the shape of the temporally-modulated term (Fig-

ure S1). µ and σ describe the mean and standard deviation of the Gaussian distri-

bution, which estimates the time that a neuron’s response maximally deviates from

baseline, and the variability in that response time respectively. In the text, µ is re-

ferred to as the Response Time. τ measures the time constant of the exponential

decay, and captures the time that a neuron has returned 63% of the way back to

baseline. In the text, τ is referred to as the Relaxation Time.
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To estimate parameters of Eq. 2.2 numerically we used an explicit form for the

solution of the convolution in Eq. 2.2:

MEG(t; ao, a1, σ, µ, τ) = ao +
a1
2
e

(
2µ+σ2

τ −2t

)
2τ erfc

(
µ+ σ2

τ
− t

√
2σ

)
(2.3)

where erfc is the complementary error function. µ was allowed to take values between

0 and 5 s. τ was allowed to take values between 0 and 20 s. σ was allowed to take

values between 0 and 1 s. Likelihood was estimated in a 5.5 s long window that

included the 0.5 s prior to presentation of the image and the 5 s after presentation of

the image.

We evaluated the models for each neuron via a likelihood ratio test and counted

the number of neurons that were 1) better fit by the ex-Gaussian model at the 0.05

level, Bonferonni-corrected by the total number of 349 neurons, 2) changed their firing

by at least 1 Hz, and 3) reached a firing rate of at least 3 Hz. In addition, we required

that both even and odd trials for a neuron were significantly fit by the model, and

that the those fits had a Pearson’s correlation coefficient greater than 0.4.

2.4.5 Linear Discriminant Analysis (LDA)

An LDA classifier was used to decode time since onset of the image from the popu-

lation using information from all neurons.

LDA Implementation

Even and odd trials were used for training and testing respectively. The number of

available trials varied for each neuron. To mitigate any problems from this, several

steps were taken. First, four neurons with less than 30 trials each were entirely

excluded from this analysis. Neurons with less than 200 trials were bootstrapped to

200 trials, while neurons with more than 200 trials were randomly down-sampled.

Time was discretized into 0.25 s bins. For each bin of each trial, the firing rate was
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calculated across neurons. To avoid errors due to a singular covariance matrix, a

small amount of uniform noise (between 0 and 1× 10−13 Hz) was added to the firing

rate in each time bin. The averaged firing rate of each time bin for each training trial

across all neurons made up an element of the training data. The averaged firing rate

of each time bin for each testing trial across all neurons made up an element of the

testing data. LDA was implemented using the MATLAB function “classify.” This

function takes in the training data, testing data, labels for the training data, and a

selection of the method of estimation for the covariance matrix (the option “linear”

was used) and returns a posterior distribution across bins for each test trial.

Estimating the duration of temporal coding

To assess the quality of temporal information at different points within the interval,

the LDA was repeated for successively fewer bins, at each step removing the earliest

time bin. If time since presentation of the image can be decoded above chance using

only information after time T , one can conclude that the population contained tem-

poral information about time at least a time T after presentation of the image. For

each repetition the decoder was tested by training it on data with permuted time la-

bels. We compared the absolute error of the actual data to the distribution generated

from 1,000 permutations. The classifier’s performance was considered significantly

better than chance if fewer than 10/1,000 permutations gave a better result than the

unpermutted data (corresponding roughly to p < .01).

Evaluating the distribution of temporal information over temporal context

cells with different Relaxation Times

To assess the distribution of temporal information over temporal context cells as a

function of their Relaxation Time, neurons with small Relaxation Times were pro-

gressively omitted from the LDA. First all temporal context cells were used (corre-
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sponding to a Relaxation Time Threshold of zero), then only cells with Relaxation

Time longer than 0.125 seconds, then only cells with Relaxation Time longer than

0.25 seconds, and so forth. The longest Relaxation Time Threshold evaluated was 2.5

seconds. Performance was parametrized by averaging the absolute value of decoding

error across all time bins. As a control, for each pseudo sub-population of cell, bins

with permuted labels were also trained on and decoded from 1000 times.

2.4.6 Stimulus sparsity analysis

To assess stimulus specificity in a way that facilitates comparison to previous human

work, we followed the analysis method of (Mormann et al., 2008). In order to deter-

mine how many images a given neuron responded to, for each neuron we formed a

distribution of baseline firing rates from the 500 ms prior to image onset on each trial.

For each image, we took the trials in which they appeared and binned the firing rates

of the 1 s following image onset into 19 overlapping bins, each of which were 100 ms

long. We then compared these binned firing rates to the baseline distribution via a

two-tailed Mann-Whitney U test, using the Simes procedure and a conservative sig-

nificance threshold of p = 0.001. For each neuron, we counted the number of images

that exceeded this threshold

2.4.7 Population vector analysis of stimulus specificity

We constructed population vectors to evaluate the degree to which the entire pop-

ulation of entorhinal neurons was sensitive to the identities of visual images. For

each repeated image, we created two population vectors, one corresponding to the

first presentation and one corresponding to the second presentation. Each vector was

created from the mean firing activity of all neurons recorded in a session during the

5 s of free viewing. Mean firing rates were normalized by each neuron’s maximum

average firing rate so that firing rates ranged from 0 to 1. Only blocks where all
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images were presented twice were considered. In order to control for different block

lengths between sessions, only the first 30 images presented in each block were used.

All neurons that were recorded during first and second presentations of an image were

included in this analysis (N = 332). The average number of simultaneously recorded

neurons in a block was 8.51, with a standard deviation of 4.04, range 2-19. Similarity

was measured by the cosine similarity of the two population vectors. We compared

the cosine similarity of two presentations of the same image to the first presentation

of one image and the second presentation of a different image. As a control we in-

stead compared the population vector from the repetition of an image to the adjacent

near-neighbors of the original image presentation. Near neighbors were required to

be the first presentation of an image. Within session error bars represent the 95%

confidence interval (Morey, 2008).
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Chapter 3

The time to initiate retrieval of a memory

depends on recency.

In recognition experiments, participants must judge if a given probe was previously

experienced or new. As the recency of a repeated probe decreases, the accuracy of

this judgment decreases, and response times (RT) increase (Shepard & Teghtsoonian,

1961; B. B. Murdock & Anderson, 1975; Monsell, 1978; Hockley, 1982; Donkin &

Nosofsky, 2012). Despite decades of empirical and modeling work, the cause of this

recency effect remains unclear. In continuous recognition, there is no separation be-

tween a study phase and a test phase; the participant must make a new/old judgment

on every trial. Consider the task of an individual engaged in continuous recognition.

The individual must correctly identify an item as old by comparing it to the con-

tents of their memory. In continuous recognition, the recency effect manifests as a

sublinear increase in RT with increasing lag of the repeated probe (D. L. Hintzman,

1969; Okada, 1971; Hockley, 1982). Hockley (1982) in particular, found a logarithmic

increase in RT with increasing lag. A question that remains however is, why does

it take longer to retrieve memories experienced further in the past? One hypothesis

is that the strength of memory traces decay over time or with intervening items. A

second hypothesis is that it takes longer to retrieve memories from further in the past.

These hypotheses are not mutually exclusive.

Strength models are consistent with traditional signal detection models of recog-

nition memory (B. B. Murdock & Dufty, 1972; Wixted, 2007; Rotello, 2017), in which
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the output of memory for each probe consists of a scalar decision variable. Strength

models can be implemented in distributed memory models that assume that memory

is a composite store containing a noisy record of features from all the studied items

(e.g., J. A. Anderson, 1973; B. B. Murdock, 1982; Shiffrin, Ratcliff, Murnane, &

Nobel, 1993). A composite memory store can account for the recency effect if the fea-

tures of items experienced further in the past are stored with less fidelity than items

experienced more recently. Indeed the confidence/RT relationship (D. A. Norman &

Wickelgren, 1969; B. B. Murdock & Dufty, 1972) is consistent with the hypothesis

that old probes that evoke more strength should result in both faster RTs and high

confidence in their prior occurrence. A strength model can account for the logarithmic

relationship between RT and recency increase if the strength of the match between a

probe and the contents of memory decreases appropriately (J. R. Anderson, Bothell,

Lebiere, & Matessa, 1998) and if this strength is coupled with a model of information

accumulation (e.g., S. Brown & Heathcote, 2005; Ratcliff, 1978; Usher & McClel-

land, 2001). The key feature of strength models is that information about all traces

becomes available at the same time during retrieval.

Another class of models in recognition memory hypothesize that at least some

correct judgments in item recognition result from a detailed recollective process

(Mandler, 1980; Tulving, 1985; Yonelinas, 1997). Recollection results in the availabil-

ity of detailed source information about the encoding context of the probe stimulus

and this retrieval process can succeed or fail (Province & Rouder, 2012; Kellen &

Klauer, 2014). Although the output of recollection need not be constant (Onyper,

Zhang, & Howard, 2010) the recollective process should take some time before it pro-

vides information about the probe (D. L. Hintzman & Curran, 1994). If the time

to recover an episodic memory depends on its recency, a discrete state model could

also account for the logarithmic effect on RT. It has been proposed that recollection
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depends on recovery of a gradually-changing temporal context (Tulving & Madigan,

1970; G. Schwartz et al., 2005; Folkerts et al., 2018). Perhaps the time to retrieve a

prior state of temporal context depends on its “distance” from the present state of

temporal context. The finding that RT in continuous recognition increases with the

log of lag reflects the fact that temporal context changes as a function of log time

(G. D. A. Brown, Neath, & Chater, 2007; Howard et al., 2015; Howard, 2018; Cao et

al., 2021).

These two hypotheses—the recency effect is due to decaying trace strength (D. A. Nor-

man & Wickelgren, 1969) vs the recency effect is due to a discrete retrieval process

that takes an amount of time that depends on recency—can be distinguished by ex-

amining the shape of the RT distributions (Figure 3·1, top). If recency only affects

the strength of a memory trace, then the time needed to begin evaluating a given

memory is the same regardless of how far in the past the probe was experienced. The

strength of that match, however, should depend on the probe’s recency. If, however,

old judgments must await the termination of a discrete retrieval process, then RT dis-

tributions should rise at different times (Figure 3·1, bottom). If there is no difference

in the quantity of evidence that is retrieved by this discrete retrieval process, then the

distributions at different lags will maintain a constant offset from each other as one

moves through the distribution. Critically, a change in the time to initiate the search

as a function of lag cannot be accounted for by a purely strength based account of

the recency effect.

While a shift in the RT distribution is consistent with a recency dependent re-

trieval process during the memory comparison phase, this is not the only possible

explanation. The probe must be encoded before it can be compared to memory.

A shift in the RT distributions would also be consistent with the hypothesis that

recently-experienced probes are processed faster prior to memory retrieval. If the
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recency of a repeated item allows it to be processed faster as a probe, then repeating

the item again should have an additional effect on RT. This implies that the time it

takes for an item to become available in memory should depend on the recency of

both previous presentations. If changes are driven by improved processing of recently-

presented probes, then the recency of both previous presentations ought to both affect

RT. In contrast, if the recency effect instead arises due to a recency dependent delay

in initiating retrieval of a memory, then the delay would only depend on the most

recent lag. Further, this would predict that the effect of recency should be the same

on both the first and second presentations.

To the best of our knowledge, a systematic change in the time to initiate the

memory search has not previously been observed in continuous recognition. The main

issue in continuous recognition is that as lag increases, accuracy decreases (Hockley,

1982; Shepard & Teghtsoonian, 1961), making it more challenging to measure the

effect of recency on retrieval dynamics independently of changes in accuracy. Brady,

Konkle, Alvarez, and Oliva (2008) showed participants hundreds of memorable images

in a continuous recognition task with lags varying over more than two orders of

magnitude, with lags from 1 (no intervening items) to 128. In addition, the RT

data from Brady et al. (2008) are minimally affected by sequential dependencies,

which are known to affect RTs in recognition memory (Malmberg & Annis, 2012),

as repeated items could not take place in adjacent trials. Because of the wide range

of lags tested, and the elimination of sequential dependencies, Brady et al. (2008) is

well-suited to study the effect of recency on RT distributions. This paper analyzes

the RT data collected during the Brady et al. (2008) task (referred to as Experiment

1), and five additional experiments designed to assess the generality of this finding.

All six experiments show a systematic change in the rise time of RT distributions as a

function of log lag, suggesting a discrete retrieval process that depends on the recency
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of the to-be-retrieved memory. Experiment 6 assesses the alternative hypothesis that

the change in the rise time of RT distributions is due to probe fluency by repeating

old items up to five times, presumably saturating probe fluency. Despite an overall

decrease in RT for repeated items—indicating that the manipulation of probe fluency

was successful—the effect of recency on RT was unchanged.

3.1 Methods

Table 3.1 contains a summary of the major methodological differences between the

six continuous recognition experiments. In short, experiment 2 was a replication of

experiment 1 (Brady et al., 2008) using a different subject population (i.e., Amazon

M-Turk or Boston University Students). Experiments 3-6 displayed phase scrambled

noise rather than a fixation cross between each image. In experiment 4, words from

the Toronto Word Pool (Friendly, Franklin, Hoffman, & Rubin, 1982) were used as

stimuli rather than images. In experiments 1-4, participants were only required to

respond if they believed the stimuli had previously been presented, in experiments

5-6 participants had to respond new/old on every trial. Finally in experiments 1-5,

some stimuli were repeated a second time while in experiment 6 some stimuli were

repeated five times.

3.1.1 Experiment 1

Participants

Fourteen individuals participated in this study in exchange for financial compensation.

Participants were recruited via Amazon Mechanical Turk. All participants completed

the task simultaneously, and completed the task at computer workstations that were

matched for similar screen size and viewing distance.
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Figure 3·1: Distinguishing two potential accounts for the re-
cency effect from response time distributions. Top. In strength-
based accounts of recency, all items are available simultaneously but
older items (darker lines) are represented with less fidelity than newer
items (lighter lines). Left: Probability density functions of response
times for each lag. The shape of the distribution changes with the drift
rate. Middle: A cumulative distribution of response times for different
lags. RT distributions start at the same point regardless of lag, but
spread as you move into later quantiles. Right: A plot of lag mod-
ulation factor as a function of quantile. In strength-based accounts
of recency, lag modulation factor is zero at the start of the distribu-
tion and monotonically increases for later quantiles. Bottom. If the
recency effect arises due to a delay in recovering older temporal con-
texts, then older items require more time before evidence accumulation
can begin. Left: Probability density functions of response times for
each lag. Rather than varying in their drift rate, newer items begin
accumulating evidence before older items. Middle: A cumulative dis-
tribution of response times for different lags. Because the distributions
do not change their shape, the distance between response times is sim-
ilar across deciles. Right : The Lag Modulation Factor as a function of
quantile. The change in the start to accumulate evidence results in a
non-zero intercept.
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Exp. 1 Exp. 2
Subject Pool Amazon M-Turk BU Students
Inter-trial display Fixation Cross Fixation Cross
Stimuli Images Images
Response Instructions Old Only Old Only
Number of Repetitions 2 2
Number of Subjects 14 29

Exp. 3 Exp. 4
Subject Pool BU Students BU Students
Inter-trial display Phase Scrambled Noise Phase Scrambled Noise
Stimuli Images Words
Response Instructions Old Only Old Only
Number of Repetitions 2 2
Number of Subjects 39 33

Exp. 5 Exp. 6
Subject Pool BU Students BU Students
Inter-trial display Phase Scrambled Noise Phase Scrambled Noise
Stimuli Images Images
Response Instructions New/Old New/Old
Number of Repetitions 2 5
Number of Subjects 41 46

Table 3.1: The major methodological differences between the six con-
tinuous recognition experiments. The experiments varied on the subject
pool that participants were recruited from (Amazon M-Turk or Boston
University Students), what was displayed between each trial (fixation
cross or phase scrambled noise), the type of stimuli used (images or
words), the instructions given to the participants (respond only to re-
peated items or indicate if the current item is new/old), and the number
of times an item could be repeated (2 or 5).
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Materials

Stimuli were assembled from a commercially available database (Hemera Photo-

Objects, Vol. I and II) and searches done on Google Image Search. Each participant

viewed a series of 2500 images, 396 of which were randomly chosen to be repeated. Of

these 396 images, 56 were repeated immediately (lag 1), 52 were repeated such that

the previous presentation was two trials prior (lag 2), 48 were repeated four trials

after their previous presentation, and so on out to 16 images repeated at lag 1024.

Lags greater than 128 were not considered, as repetitions occurred across blocks. No

two consecutive trials were allowed to contain repeated images, preventing sequential

effects. Some images were repeated twice, at lags greater than 1, to avoid adjacent

repeat trials. In order to minimize the effect of fatigue, and to simplify counterbal-

ancing when repeats of various lags would occur, the trials with repeated items were

the same for all participants. However, all participants viewed images in different

orders, and different images were repeated for each participant.

Procedure

Participants viewed ten blocks of images, which lasted around 20 minutes each. All

blocks contained 290 trials, except for the first block which consisted of 289 trials,

and the tenth and final block which consisted of 287 trials. Participants were given

a 5 minute break between each block, and instructed to not discuss any images they

had seen. Images were presented for 3 seconds, with a fixation cross presented for

800 ms between each image. The stimuli, approximately 7.5◦ by 7.5◦ of visual angle,

were presented one at a time in the center of the screen. Participants were instructed

to hit the space bar if the current image had previously been presented. They did

not need to do anything on trials where they judged the current image to be new.

Participants only received feedback on trials in which they responded. On false alarm
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trials the fixation cross following the trial was red, and on trials which were hits, the

fixation cross turned green.

3.1.2 Experiment 2

Participants

Twenty-nine individuals participated and were compensated with $15 for their time.

All participants were members of the Boston University community, and were re-

cruited via the quick job page. Participants gave informed written consent prior to

beginning the study, and the protocol was approved by the Boston University Charles

River Institutional Review Board. Participants completed the task at different times

at one of two 21.5 inch, mid-2011 iMac computers.

Materials

The experiment was implemented in PyEPL (Geller, Schlefer, Sederberg, Jacobs, &

Kahana, 2007). Stimuli were pulled from the same set of images as used in experiment

1. Each participant viewed a series of 650 images, 250 of which were randomly chosen

to be repeated. Of those 250 images, 30 were repeated immediately (lag 1), 28 were

repeated at a lag of 2, and so on out to 16 images repeated at lag 128. Repetitions

that occurred across blocks were not considered. For each subject, 27 items were

repeated a second time at lags 2, 4, and 16 (9 per lag). For items repeated a second

time, the lag between its first presentation and first repetition was restricted to 8, 16,

and 64. The presentation order of images and the trials which contained repetitions

were randomized for each subject.

Procedure

Participants viewed two blocks of images, which lasted around 20 minutes each. Both

blocks consisted of 450 trials. Participants were given a short break (5 minutes)



56

between the two blocks. Images were presented for 2.6 seconds, with a fixation cross

presented for 400 ms between each image. The stimuli, approximately 7.5◦ by 7.5◦ of

visual angle, were presented one at a time in the center of the screen. Participants were

instructed to hit the space bar if the current image had previously been presented.

They did not need to respond on trials where they judged the current image to be

new. Participants only received feedback on trials in which they responded. On false

alarm trials the fixation cross following the trial was red, and on trials which were

hits, the fixation cross turned green.

3.1.3 Experiment 3

Participants

Thirty-nine individuals participated and were compensated with $15 for their time.

All participants were members of the Boston University community, and were re-

cruited via the quick job page. Participants gave informed written consent prior to

beginning the study, and the protocol was approved by the Boston University Charles

River Institutional Review Board. Participants completed the task at different times

at one of two 21.5 inch, mid-2011 iMac computers.

Materials

The experiment was implemented in PyEPL (Geller et al., 2007). Stimuli were as-

sembled from the same set of images as used in the previous experiments. In this

experiment, there was a wider range of lag values, ranging from lag 1 to lag 512. In

order to better accommodate these longer lags, participants viewed a series of 1360

images, 276 of which were randomly chosen to be repeated. Of those 276 repeated

images, 30 were chosen to be repeated immediately (lag 1), 28 were repeated at a lag

of 2, and so on out to 12 images repeated at lag 512. Repetitions that occurred across

blocks were not considered. For each subject, 27 items were repeated a second time



57

at lags 2, 4, and 16 (9 per lag). For items repeated a second time, the lag between its

first presentation and first repetition was restricted to 8, 16, and 64. As in experiment

2, both the order of the images, and the trials where repeated items occurred were

randomized for each participant.

Procedure

Participants viewed two blocks of images, which lasted around 35 minutes each. Both

blocks consisted of 680 trials. Participants were given a short break (5 minutes)

between the two blocks. Images were presented for 2.6 seconds, however instead of a

fixation cross, phase scrambled images were used as masked separators and presented

for 400 ms between each image. The stimuli, approximately 7.5◦ by 7.5◦ in visual

angle, were presented one at a time in the center of the screen. Participants were

instructed to hit the space bar if the current image had previously been presented.

They did not need to do anything on trials where they judged the current image to

be new. Participants only received feedback on trials in which they responded. On

false alarm trials a red square appeared around the image and on trials which were

hits, a green square appeared around the image.

3.1.4 Experiment 4

Participants

Thirty-three individuals participated and were compensated with $15 for their time.

All participants were members of the Boston University community, and were re-

cruited via the quick job page. Participants gave informed written consent prior to

beginning the study, and the protocol was approved by the Boston University Charles

River Institutional Review Board. Participants completed the task at different times

at one of two 21.5 inch, mid-2011 iMac computers.
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Materials

The experiment was implemented in PyEPL (Geller et al., 2007). Stimuli were as-

sembled from the Toronto Word Pool (Friendly et al., 1982), a list of common English

nouns. Participants viewed a series of 1360 words, 276 of which were randomly chosen

to be repeated. Of those 276 repeated words, 30 were chosen to be repeated immedi-

ately (lag 1), 28 were repeated at a lag of 2, and so on out to 12 images repeated at

lag 512. Repetitions that occurred across blocks were not considered. For each sub-

ject, 27 items were repeated a second time at lags 2, 4, and 16 (9 per lag). For items

repeated a second time, the lag between its first presentation and first repetition was

restricted to 8, 16, 64. Both the order of the words, and the trials containing repeat

items were randomized for each participant.

Procedure

Participants viewed two blocks of words, which lasted around 35 minutes each. Both

blocks consisted of 1360 trials. Participants were given a short break (5 minutes)

between the two blocks. As in experiment 3, stimuli were presented for 2.6 seconds,

and phase scrambled images were used as masked separators and presented for 400 ms

between each image. The stimuli, approximately 7.5◦ by 7.5◦ of visual angle, were

presented one at a time in the center of the screen. Participants were instructed to hit

the space bar if the current word had previously been presented. They did not need

to do anything on trials where they judged the current word to be new. Participants

only received feedback on trials in which they responded. On false alarm trials a

red square appeared around the word and on trials which were hits, a green square

appeared around the word.
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3.1.5 Experiment 5

Participants

Fourty-one individuals participated and were compensated with $15 for their time. All

participants were members of the Boston University community, and were recruited

via the quick job page. Participants gave informed written consent prior to beginning

the study, and the protocol was approved by the Boston University Charles River

Institutional Review Board. Participants completed the task at different times at one

of two 21.5 inch, mid-2011 iMac computers.

Materials

Stimuli were assembled from the same set of images as used in experiments 1-3.

Participants viewed a series of 1360 images, 276 of which were randomly chosen to be

repeated. Of those 276 repeated images, 30 were chosen to be repeated immediately

(lag 1), 28 were repeated at a lag of 2, and so on out to 12 images repeated at lag

512. Repetitions that occurred across blocks were not considered. For each subject,

27 items were repeated a second time at lags 2, 4, and 16 (9 per lag). For items

repeated a second time, the lag between its first presentation and first repetition was

restricted to 8, 16, and 64. Both the order of the images, and the trials where repeated

items occurred were randomized for each participant.

Procedure

Participants viewed two blocks of words, which lasted around 35 minutes each. Both

blocks consisted of 680 trials. Participants were given a short break (5 minutes) be-

tween the two blocks. As in experiment 3, stimuli were presented for 2.6 seconds, and

phase scrambled images were used as masked separators and presented for 400 ms

between each image. The stimuli, approximately 7.5◦ by 7.5◦ of visual angle, were
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presented one at a time in the center of the screen. Different from previous experi-

ments, participants were instructed to hit the left arrow key if the current image was

repeated, and the right arrow key if the current image was new. Participants only

received feedback on trials in which they responded. On incorrect trials (false alarms

and misses) a red square appeared around the image and on correct trials (hits and

correct rejections) a green square appeared around the image.

3.1.6 Experiment 6

Participants

Fourty-six individuals participated and were compensated with $15 for their time. All

participants were members of the Boston University community, and were recruited

via the quick job page. Participants gave informed written consent prior to beginning

the study, and the protocol was approved by the Boston University Charles River

Institutional Review Board. Participants completed the task at different times at one

of two 21.5 inch, mid-2011 iMac computers.

Materials

Stimuli were assembled from the same set of images as used in experiment 5. Par-

ticipants viewed a series of 1360 images, 276 of which were randomly chosen to be

repeated. Of those 276 repeated images, 30 were chosen to be repeated immediately

(lag 1), 28 were repeated at a lag of 2, and so on out to 12 images repeated at lag

512. Repetitions that occurred across blocks were not considered. For each subject,

27 items were repeated five times. For items repeated more than once, the lag be-

tween its first presentation and first repetition was restricted to 8, 16, and 64. For

all subsequent repetitions, the possible lags were 2, 4, and 16 (9 per lag and number

of repetitions). Both the order of the images, and the trials where repeated items

occurred were randomized for each participant.
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Procedure

Participants viewed two blocks of words, which lasted around 35 minutes each. Both

blocks consisted of 1360 trials. Participants were given a short break (5 minutes)

between the two blocks. Stimuli were presented for 2.6 seconds, and phase scrambled

images were used as masked separators and presented for 400 ms between each image.

The stimuli, approximately 7.5◦ by 7.5◦ of visual angle, were presented one at a time

in the center of the screen. As in experiment 5, participants were instructed to hit

the left arrow key if the current image was repeated, and the right arrow key if the

current image was new. Participants only received feedback on trials in which they

responded. On incorrect trials (false alarms and misses) a red square appeared around

the image and on correct trials a green square appeared around the image.

3.1.7 Analyses

Analyses were performed using R statistical software. Both linear and logistic re-

gressions were performed as mixed effects regressions, using the NLME package in

R (Pinheiro, Bates, DebRoy, Sarkar, & R Core Team, 2021). All analyses were per-

formed on the base 2 log of the lag. Due to the possibility that responses for items

repeated immediately may not necessarily involve retrieval from memory, lag 1 rep-

etitions were not considered in any regressions. Lags larger than 128 were also not

considered. Within Subject error bars were calculated using the method outlined in

Morey (2008).

All data and code used to perform analyses have been made publicly available on

Github and can be accessed at https://github.com/tcnlab/ConRec.
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3.2 Results

To anticipate the results, the data from all six experiments showed evidence that the

time to retrieve a memory, as operationalized by the onset time of the RT distribution,

changed systematically with the recency of the probe item. When considering probes

repeated once, they were faster and more likely to be recognized the more recently

an item was last presented. Analysis of response time distributions showed an effect

of recency even for the fastest response times. Analysis of multiple repetitions found

that correct RT’s decreased with the number of previous presentations. Critically,

the time to access a previously presented probe only depended on the recency of its

most recent presentation. Further, the effect of recency was the same regardless of

the number of repetitions. In all figures, experiment 1 corresponds to black circles

and solid lines, experiment 2 corresponds to black triangles and dashed lines, experi-

ment 3 corresponds to blue circles and solid lines, experiment 4 corresponds to blue

triangles and dashed lines, experiment 5 corresponds to red circles and solid lines,

and experiment 6 corresponds to red triangles and dashed lines.

3.2.1 First Repetitions

Items presented more recently were more likely to be recognized

The average false alarm rate was low across experiments. In experiment 1, the false

alarm rate was 1.4 percent, the highest hit rate was at lag 1 at 99.6 percent (corre-

sponding to a d-prime of 4.85) and lowest at lag 128 at 89.7 percent (d′ = 3.46). In

experiment 2, the false alarm rate remained low across participants at 3.8 percent,

hit rate was highest for lag 1 at 96.2 percent (d′ = 3.55), and lowest for lag 128

with an average hit rate of 69.2 percent (d′ = 2.27). Experiment 3 was similar to

experiment 2, the false alarm rate was 3.0 percent, hit rate was the highest for lag 1

at 91.9 percent (d′ = 3.28), and lowest for lag 128 with an average hit rate of 69.2
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Figure 3·2: The recency effect is robust across experimental
conditions. a. Hit Rate as a function of log2 lag for Experiments 1-6.
The hit rate goes down with lag. There is a more pronounced drop in
the hit rate at higher lags. b. Median response time as a function of
log2 lag. Median response time increased linearly with the logarithm
of lag. c. The 1st decile as a function of log2 lag. 1st decile response
times increased linearly with the logarithm of the lag at a similar rate
as median response times. Error bars in all figures represent the 95%
confidence interval of the mean across participants normalized using
the method described in Morey (2008).

percent (d′ = 3.28). In experiment 4, which used words as stimuli, the false alarm

rate was higher than in previous experiments at 6.9 percent, hit rate was highest for

lag 1 at 94.2 percent (d′ = 3.06), and lowest for lag 128 with an average hit rate of

61.5 percent (d′ = 1.78). In experiment 5, which used the same stimuli as experi-

ments 1-3 but required a new/old response, the false alarm rate was similar to those

experiments at 2.0 percent, but overall hit rate was lower. Hit rate was highest for

lag 1 at 86.1 percent (d′ = 3.12) and lowest for lag 128 with an average hit rate of

46.2 percent (d′ = 1.94). Experiment 6, which also required new/old responses for

each trial was resulted in a similar false alarm rate of 2.6 percent, hit rate was highest

for lag 1 at 84.4 percent (d′ = 2.96), and lowest for lag 128 with an average hit rate

of 46.2 percent (d′ = 2.03). Subjects were able to distinguish old probes from new

probes successfully out to at least six minutes.

Average subject hit rate as a function of log lag is plotted in Figure 3·2a. There
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Hit Rate Exp. 1 Exp. 2 Exp. 3
Intercept 6.04± 0.47 3.45± 0.18 2.74± 0.16

z = 12.75, p < 0.001 z = 19.18, p < 0.001 z = 17.54, p < 0.001
Slope −0.46± 0.07 −0.31± 0.02 −0.28± 0.02

z = -6.72, p < 0.001 z = -13.88, p < 0.001 z = -15.27, p < 0.001
Exp. 4 Exp. 5 Exp. 6

Intercept 3.39± 0.22 2.17± 0.15 2.38± 0.15
z = 15.17, p < 0.001 z = 14.59, p < 0.001 z = 16.22, p < 0.001

Slope −0.37± 0.02 −0.31± 0.02 −0.28± 0.02
z = -17.53, p < 0.001 z = -16.90, p < 0.001 z = -15.85, p < 0.001

Table 3.2: Slope and intercept values from a logistic mixed effects
regression of lag on hit rate for first repetition items. All tests were
performed on the base 2 logarithm of lag. Bold z-scores indicate sig-
nificance at the p < 0.05 level. Across all six experiments, hit rates
decreased as a function of lag.

was a recency effect in accuracy for all experiments. In order to quantify the decrease

in accuracy for increasing lags, we performed a mixed effects logistic regression on hit

rate, treating log lag as a fixed effect and subject as a random effect. Table 3.2 shows

the results of this analysis for each experiment. Across all six experiments, hit rate

significantly decreased with each doubling of lag (p < 0.001). Subjects we less likely

to correctly recognize repeated items the further in the past they were presented.

More recent items were recognized faster than older items

Figure 3·2b shows the average median correct response time across subjects as a

function of log lag. There was a recency effect on median response times; more

recently presented items were recognized faster than less recent items. To confirm

the existence of this recency effect, a mixed effects linear regression, treating subject

as a random effect and log lag as a fixed effect was performed. Table 3.4 shows

the results of this analysis for each experiment. Across all six experiments, median

response times significantly increased for each doubling of lag (p < 0.001). Subjects

recognized items faster the more recently they were presented.

As shown in Figure 3·1, the two classes of models that explain the recency effect

make differing predictions about how the leading edge of their distributions should
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Figure 3·3: Time to access memory changed systematically
with lag in all six experiments. Unsmoothed across-participant
cumulative response distributions for each lag. Shorter lags correspond
to darker lines. Note that the cumulative distributions shift with de-
creasing recency. The inset consists of a zoomed in view of the rising
points of the distributions. For all six experiments, there is consistent
evidence that newer items are available before older items.
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Median Exp. 1 Exp. 2 Exp. 3
Intercept 0.934± 0.042 0.578± 0.013 0.639± 0.021

t(83) = 22.22, p < 0.001 t(221) = 45.05, p < 0.001 t(227) = 30.16, p < 0.001
Slope 0.013± 0.003 0.021± 0.002 0.026± 0.002

t(83) = 4.54, p < 0.001 t(221) = 13.65, p < 0.001 t(227) = 13.20, p < 0.001
Exp. 4 Exp. 5 Exp. 6

Intercept 0.646± 0.022 0.669± 0.020 0.700± 0.016
t(197) = 28.88, p < 0.001 t(179) = 32.85, p < 0.001 t(209) = 42.55, p < 0.001

Slope 0.033± 0.003 0.024± 0.002 0.017± 0.001
t(197) = 9.69, p < 0.001 t(179) = 10.52, p < 0.001 t(209) = 11.98, p < 0.001

Table 3.3: Slope and intercept values from a linear mixed effects
regression of lag on median response times for first repetition items.
All tests were performed on the base 2 logarithm of lag. Bold t-scores
indicate significance at the p < 0.05 level. Across all six experiments,
response times increased as a function of lag.

vary with lag. Figure 3·3 shows the empirical cumulative response time distributions

for all lags. The curves rise at different points, with smaller lags rising earlier than

larger lags, indicating an effect of lag for even the fastest responses. As leading

edge of the distribution is well described by the first decile (Ratcliff & Smith, 2004;

Smith & Ratcliff, 2009), evidence of a recency effect at this point in the distribution

would indicate a shift in the RT distributions. Figure 3·2c shows the average first

decile correct response time across subjects as a function of log lag. There was a

recency effect present for the fastest responses. A mixed effects linear regression on

1st decile response times, treating subject as a random effect and log lag as a fixed

effect confirmed this visual impression. Table 3.4 shows the results of this analysis

for each experiment. For each doubling of lag, first decile response times significantly

increased. These findings demonstrate that there was a recency effect for even fastest

response times, consistent with the shift predicted by a recency dependent retrieval

process.
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1st Decile Exp. 1 Exp. 2 Exp. 3
Intercept 0.734± 0.033 0.492± 0.008 0.542± 0.012

t(83) = 22.05, p < 0.001 t(221) = 60.63, p < 0.001 t(227) = 45.17, p < 0.001
Slope 0.023± 0.002 0.017± 0.001 0.018± 0.001

t(83) = 9.29, p < 0.001 t(221) = 15.65, p < 0.001 t(227) = 14.22, p < 0.001
Exp. 4 Exp. 5 Exp. 6

Intercept 0.524± 0.012 0.563± 0.014 0.586± 0.013
t(197) = 41.91, p < 0.001 t(179) = 39.26, p < 0.001 t(209) = 44.59, p < 0.001

Slope 0.024± 0.002 0.022± 0.002 0.017± 0.001
t(197) = 14.76, p < 0.001 t(179) = 13.66, p < 0.001 t(209) = 13.23, p < 0.001

Table 3.4: Slope and intercept values from a linear mixed effects
regression of lag on first decile response times for first repetition items.
All tests were performed on the base 2 logarithm of lag. Bold t-scores
indicate significance at the p < 0.05 level. Across all six experiments,
response times increased as a function of lag.

Non-parametric analyses of response time distributions indicate that more

recent memories are available earlier than less recent memories

In order to better formalize this shift, particularly for the fastest responses, we cal-

culated the slope of each subject’s response times as a function of log lag, which

we refer to as its “Lag Modulation Factor”, and measured it at different quantiles.

As illustrated in Figure 3·1, a strength-based account predicts that Lag Modulation

Factor is zero for the fastest responses, and increases later in the distribution. If

instead, recency determines when a memory can be compared to the probe, then

Lag Modulation Factor is non-zero, even for the fastest responses. The results of the

Lag Modulation Factor analysis offered substantial support to this view. For all six

experiments, a mixed effects linear regression of lag modulation factor onto quantile,

treating subject as a random effect and quantile as a fixed effect was fit to the data.

Table 3.5 shows the results of this analysis for the six experiments. Critically, in all

six experiments lag modulation factor was significant at the intercept (p < 0.001),

indicating there was an effect of lag on response time for even the fastest responses.

The rate at which lag modulation factor changed throughout the distribution varied

across experiments, casting further doubts on the ability of a composite model to ac-

count for this pattern of results. In experiments 2 (p < 0.01), 3 and 4 (p < 0.001), lag
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Figure 3·4: Recency impacted response times for even the
fastest responses. Histograms of each subject’s slope per lag (ms)
for the fastest responses as calculated by the Lag Modulation Factor
analysis. Across all six experiments, subjects had significant recency
effects at the start of their RT distributions.

modulation factor significantly increased, consistent with a drift rate that is slower

for less recent items. This is complicated however by the finding that lag modulation

factor did not significantly change with quantile in experiments 5 and 6 (p > 0.1),

and significantly decreased in experiment 1 (p < 0.001). This pattern of results is also

striking when looking at the subject level. Figure 3·4 plots the intercept values for

each subject’s lag modulation factor as calculated by a linear regression of Lag Mod-

ulation Factor onto quantile. With the exception of a single subject in experiments 2

and 3, all participants in all experiments had a positive lag modulation factor at the

intercept. Taken together, these results provide strong support that the recency effect

in continuous recognition is driven by a change in the time at which items become

available.
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Lag Modulation Factor Exp. 1 Exp. 2
Intercept 25.25± 3.72 16.08± 1.12

t(97) = 6.78, p < 0.001 t(258) = 14.41, p < 0.001
Slope −26.69± 4.12 6.29± 1.84

t(97) = -6.47, p < 0.001 t(258) = 3.41, p < 0.01
Exp. 3 Exp. 4

Intercept 15.92± 1.37 21.44± 3.25
t(265) = 11.62, p < 0.001 t(230) = 6.61, p < 0.001

Slope −26.69± 4.12 24.16± 4.27
t(265) = 7.44, p < 0.001 t(230) = 5.66, p < 0.001
Exp. 5 Exp. 6

Intercept 21.70± 2.71 16.97± 1.37
t(209) = 8.02, p < 0.001 t(244) = 12.38, p < 0.001

Slope 3.23± 2.37 −1.16± 1.92
t(209) = 1.36, p = 0.17 t(244) = −0.60, p = 0.55

Table 3.5: The slopes and intercepts of the linear mixed effects re-
gression on Lag Modulation Factor as a function of Quantile across the
six experiments for first repetition items. Bold t-scores indicate signif-
icance at the p < 0.05 level. The intercepts calculated from the lag
modulation factor analysis were significant in all six experiments.

3.2.2 Multiple Repetitions

Analysis of first repetition responses showed evidence that recency changes response

time distributions via a shift in the distribution, consistent with a change in the time

to access memory. In order to consider the hypothesis that the recency effect was

attributable to changes in encoding, we examined response times for probes repeated

more than once.

Only the most recent lag impacted response times for items repeated mul-

tiple times

Response times depended only on the most recent lag. We performed a mixed effects

linear regression of median response times for items repeated a second time, treating

the most recent lag (lag2) and the lag between the first and second presentations of the

image (lag1) as fixed effects and subject as a random effect (Table 3.6). In experiments

1-5, this analysis found that doubling lag2 significantly increased median response

times, while doubling lag1 did not have a significant effect. In experiment 6, while
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doubling lag2 resulted in a significant increase in response times, unlike in previous

experiments, doubling lag1 also resulted in a significant increasing in response times of.

Subsequent analyses suggest this divergence in results was an artifact of how the lists

were assembled. In experiment 6, which was kept consistent with experiments 2-5, lag1

was confounded with number of repetitions. For items repeated a second time, lag1

could equal 8, 16, and 64, for all subsequent repetitions, lag1 could equal 2, 4, and 16.

It is possible that response times do not increase with lag1, but instead our analysis is

capturing that second repetition items are slower than items repeated 3 or more times.

In order to determine if this was the case, two follow up analyses were performed.

When considering only items repeated three or more times, removing the confound

of lag1 and repetition, only the most recent lag impacted response times. As before,

we performed a mixed effects linear regression of median response times for items

repeated a three or more times, treating the most recent lag (lag2) and the lag between

the previous repetition and its previous presentation (lag1) as fixed effects and subject

as a random effect. We found a significant effect of lag2 on RT (0.011±0.002, t(278) =

6.77, p < 0.001), but no significant effect of lag1 (−0.001± 0.002, t(488) = −0.31, p =

0.75). As an additional control, we performed the same mixed effects linear regression

for median response times on items repeated twice or more as before, but included

a fixed variable that was 1 if a trial contained the second repetition of an item, and

zero for all other repetitions in order to separate the effect of (lag1) from a repetition

effect. We found significant effects of lag2 (0.008±0.002, t(592) = 4.25, p < 0.001) and

repetition (0.058±0.006, t(592) = 9.30, p < 0.001), but lag1 did not significantly effect

response times (−0.002±0.002, t(592) = −1.36, p = 0.17). These subsequent analyses

suggest that our results in experiment 6 are in line with the previous experiments,

and indicate that the recency effect is not the result of improved encoding for more

recently presented items.
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Median Exp. 1 Exp. 2 Exp. 3
Intercept 0.871± 0.041 0.534± 0.015 0.605± 0.022

t(393) = 21.11, p < 0.001 t(294) = 35.71, p < 0.001 t(302) = 27.04, p < 0.001
Lag 2 0.021± 0.005 0.012± 0.002 0.012± 0.003

t(393) = 4.34, p < 0.001 t(294) = 5.37, p < 0.001 t(302) = 4.43, p < 0.001
Lag 1 −0.004± 0.004 −0.001± 0.002 −0.004± 0.003

t(393) = −0.83, p = 0.41 t(294) = −0.54, p = 0.59 t(302) = −1.36, p = 0.17
Exp. 4 Exp. 5 Exp. 6

Intercept 0.634± 0.027 0.649± 0.025 0.573± 0.017
t(261) = 23.06, p < 0.001 t(235) = 26.30, p < 0.001 t(488) = 34.30, p < 0.001

Lag 2 0.010± 0.005 0.012± 0.004 0.007± 0.002
t(261) = 2.00, p = 0.046 t(235) = 3.26, p = 0.001 t(488) = 4.83, p < 0.001

Lag 1 0.001± 0.005 −0.005± 0.004 0.007± 0.002
t(261) = 0.30, p = 0.78 t(235) = −1.48, p = 0.14 t(488) = 3.56, p < 0.001

Table 3.6: Slope and intercept values from a linear mixed effects
regression of the lag between an item’s second and third presentation
(lag2) and the lag between an item’s first and second presentation (lag1)
and on median response times for items repeated a second time. All
tests were performed on the base 2 logarithm of lag. Bold t-scores
indicate significance at the p < 0.05 level. Across all six experiments,
response times increased as a function of lag2 but did not systematically
vary for lag1.

Items repeated multiple times are retrieved faster, but the effect of recency

is consistent across repetitions

Figure 3·5 shows median subject response times as a function of log lag and number of

repetitions. Subjects were faster for items repeated more than once, but the effect of

recency was consistent across repetitions. A linear mixed effects regression on median

response times was performed treating subject as a random effect and log lag, number

of repetitions, and the interaction of lag and repetition as fixed effects (Table 3.7).

The same pattern of results emerged for all six experiments, there were significant

main effects of log lag and repetition, but their interaction was not significant. That

is, while participants were faster to respond the more times an item was presented,

and were slower for less recent items, the delay to access those less recent items

remained consistent regardless of how many times an item was presented. Taken

together, these results indicate that the recency effect does not appear to be the

result of better fidelity or improved encoding for more recent items, but rather arises
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Median Exp. 1 Exp. 2 Exp. 3
Intercept 0.934± 0.042 0.602± 0.012 0.674± 0.020

t(179) = 22.44, p < 0.001 t(182) = 50.35, p < 0.001 t(187) = 33.34, p < 0.001
Slope 0.013± 0.004 0.013± 0.002 0.012± 0.003

t(179) = 3.47, p < 0.001 t(182) = 5.48, p < 0.001 t(187) = 4.56, p < 0.001
Repetition −0.069± 0.023 −0.067± 0.009 −0.080± 0.009

t(179) = -2.96, p = 0.004 t(182) = -7.52, p < 0.001 t(187) = -8.52, p < 0.001
Rep X Slope 0.004± 0.005 −0.004± 0.003 0.002± 0.004

t(179) = 0.84, p = 0.40 t(182) = −1.13, p = 0.26 t(187) = 0.52, p = 0.60
Exp. 4 Exp. 5 Exp. 6

Intercept 0.670± 0.020 0.671± 0.016 0.686± 0.016
t(162) = 34.06, p < 0.001 t(147) = 42.30, p < 0.001 t(487) = 42.45, p < 0.001

Slope 0.024± 0.004 0.007± 0.002 0.009± 0.003
t(162) = 5.87, p < 0.001 t(147) = 3.03, p = 0.003 t(487) = 3.36, p < 0.001

Repetition −0.044± 0.016 −0.048± 0.009 −0.039± 0.003
t(162) = -2.82, p = 0.006 t(147) = -5.33, p < 0.001 t(487) = -13.89, p < 0.001

Rep X Slope −0.007± 0.006 0.004± 0.003 0.001± 0.001
t(263) = −1.15, p = 0.25 t(147) = 1.15, p = 0.25 t(487) = 0.88, p = 0.38

Table 3.7: Slope and intercept values from a linear mixed effects
regression of lag and number of repetitions on median response times.
All tests were performed on the base 2 logarithm of lag. Bold t-scores
indicate significance at the p < 0.05 level. Across all six experiments,
response times decreased with number of repetitions, but the effect of
lag was the same regardless of number of repetitions.

at the comparison stage.

The time that items repeated multiple times become available depends on

its recency

As demonstrated via Lag Modulation Factor, for items repeated once, the time an

item becomes available depends on its recency (Figure 3·3). Although experiments

1-5 do not have enough trials to calculate a reliable Lag Modulation Factor for items

repeated multiple times (9 trials per lag and subject), we can perform this on the data

from experiment 6 (36 trials per lag and subject). We performed a mixed effect linear

regression of Lag Modulation Factor onto quantile, treating subject as a random effect

and quantile as a fixed effect. We found that Lag Modulation Factor was significantly

different from zero at the intercept, 9.82± 1.11, t(244) = 8.87, p < 0.001, but did not

significantly change as a function of quantile 1.29±1.85, t(244) = 0.70, p = 0.49. That

is, while there was an effect of recency for items repeated multiple times, for even the
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fastest responses, the effect of recency did not change throughout the distribution of

responses. Taken together, these results offer strong support for the hypothesis that

the recency effect is caused by the recovery of a temporal context, where the time to

retrieve a context depends on its recency.

3.3 General Discussion

It has long been known that response times in a continuous recognition experiment

increase with the lag to the probe. If memory search requires accessing a timeline

to find the appropriate memory, then the RT increase could be associated with a

shift in the distribution. These six experiments showed that lag consistently shifted

RT distributions. Consistent with this account, RT’s to second repetitions depended

only on the most recent lag, as if the search terminated upon finding the first match.

Although RTs were faster to second repetitions overall, the effect of the most recent

lag on second repetition RTs was the same as the effect of lag on first presentation

RTs (Figure 3·5). Consistent with earlier findings (e.g., Hockley, 1982), our results

showed a sublinear shift with lag. This paper’s results are roughly consistent with

a logarithmic increase in RT as a function of lag; each doubling of lag resulted in a

shift of approximately 16-26 ms in the RT distribution.

At first glance, the results of this study are consistent with sequentially accessing a

logarithmically-compressed timeline. There is extensive evidence for self-terminating

serial search models in short-term memory tasks (Hacker, 1980; Hockley, 1984; McEl-

ree & Dosher, 1993; Sternberg, 2016). There is also evidence consistent with scanning

along a timeline in judgement of recency tasks (D. L. Hintzman, 2010; Tiganj, Singh,

Esfahani, & Howard, 2021). To be clear however, we are not suggesting that what

we see here is scanning. The effect of doubling lag in our experiments resulted in an

increase in RT of 16-25 ms, much faster than the increases seen in tasks believed to
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Figure 3·5: The effect of recency on response times was the
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same for across repetitions. Analyses reported in the text demonstrated
that only the most recent lag affected the RT of old probes repeated
twice.
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show scanning.

Most previous item recognition studies however have found evidence for parallel

memory access, not sequential, in study-test recognition (Nosofsky, Little, Donkin,

& Fific, 2011; Ratcliff & Murdock, 1976; McElree & Dosher, 1989; Hockley, 1984;

Nosofsky, Cox, Cao, & Shiffrin, 2014). Several potentially important methodological

differences may account for the discrepancy between those studies and this paper’s

results. This experiment used continuous recognition rather than the study-test pro-

cedure (Nosofsky et al., 2011; Ratcliff & Murdock, 1976; McElree & Dosher, 1989;

Hockley, 1984; Nosofsky et al., 2014). In addition, more recent lags were tested more

frequently than more remote lags, new probes occurred far more often than repeated

probes, and repeated probes could not appear in adjacent trials. The question of

which combination of these methodological differences accounts for evidence support-

ing a timeline is a significant one that merits further investigation. It is worth noting

that there is no reason in principle that a compressed timeline could not be accessed

in parallel (Howard et al., 2015), whereas it is not clear how (or why) a composite

representation could allow for changes in the time at which items become available.

Notably, if a logarithmically-compressed timeline is accessed in parallel, the recency

effect for the strength of match would fall off like a power law (Howard et al., 2015),

much like the change Donkin and Nosofsky (2012) observed experimentally in drift

rate.

Logarithmic compression is ubiquitous in psychology. Behaviorally, one way this

manifests is via the Weber-Fechner law, the finding that the perceived intensity of

stimulus changes with the log of its actual intensity (Fechner, 1860/1912). It has also

been well established that compression is seen in neural populations. For example, the

representation of visual space is logarithmically compressed as a function of distance

from the fovea (E. L. Schwartz, 1980; Van Essen, Newsome, & Maunsell, 1984).
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Compression is also seen in time cells, neurons with temporal receptive fields which

consistently fire at a specific time during a delay. Time cells show compression in

that more cells have receptive fields earlier in the delay, and later firing cells have

larger receptive fields (Tiganj et al., 2018; Cruzado et al., 2020). A recent analysis

of time cells in rodent hippocampus, an area critical to episodic memory function,

demonstrated that time cell compression is in fact logarithmic (Cao et al., 2021), such

that, their distance in neural space goes up with log lag.

Episodic recollection is believed to be the result of occurs following the recovering a

previous spatiotemporal context. This recovery results in behavioral changes, such as

the contiguity effect. Previous recognition studies have found evidence that following

episodic recollection, there is a boost in performance for items presented close in time

to the just recovered item (G. Schwartz et al., 2005; Folkerts et al., 2018). In addition

to behavioral effects, episodic recollection is accompanied by a neural contiguity effect

as well (Folkerts et al., 2018), such that the similarity of the population at test is most

similar to when the just recollected item was first presented, but also shows a high

similarity to other items presented around the same time at study. The present

datasets do not allow for us to measure a contiguity effect, as adjacent trials did not

contain repetitions and we do not have a measure to separate “episodic recollection”

trials from more familiarity base recognition. Despite this, our results are consistent

with the hypothesis that the time to recover a temporal context depends on its recency

in log space.
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Chapter 4

Rapid presentation rate negatively

impacts the contiguity effect in free recall.

4.1 Introduction

Cognitive neuroscientists have hypothesized that the successful retrieval of an episodic

memory is accompanied by a “jump back in time,” a recovery of the previous mem-

ory’s spatiotemporal context (Tulving, 1983). In free recall studies, this recovery

manifests as the contiguity effect, wherein following the successful recall of an item,

the next item to be recalled is more likely to be a close temporal neighbor than a

more distant one (Kahana, 1996). This distance is measured as lag, a directed dis-

tance between items in a study list. For example, in the list “absence, hollow, pupil,

river, darling”, the lag from absence to river is +3, while the lag from darling to

pupil is −2. In free recall studies the contiguity effect is typically asymmetric, such

that forward transitions are more likely to take place than backward transitions of

the same distance. This effect is robust, appearing across a variety of methodological

manipulations (Kahana, 2012; Healey & Kahana, 2014). For instance, the contiguity

effect is observed with more or less the same properties for lists of different modalities

(Kahana, 1996), when rehearsal is discouraged (Howard & Kahana, 1999), and when

words are widely separated in time (Howard et al., 2008; Unsworth, 2008). Healey

and Kahana (2014) noted that the contiguity effect was observed for every individual

participant in a free recall study of 126 subjects. Thus far, dramatic effects on the
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contiguity effect in free recall have primarily been observed comparing patient pop-

ulations; older adults and memory disordered individuals show impaired contiguity

effects (Kahana, Howard, Zaromb, & Wingfield, 2002; Palombo, Di Lascio, Howard,

& Verfaellie, 2019).

Beyond the contiguity effect, free recall contains many other well-explored pat-

terns of behavior. Individuals exhibit a strong recency effect during immediate free

recall tests (Glanzer & Cunitz, 1966). In addition, participants exhibit a primacy

effect such that items at the beginning of a studied list are more likely to be recalled

(B. B. Murdock, 1962). Both primacy and recency effects are observed in the initia-

tion of free recall, and are both also robustly observed in the probability of first recall,

a measure of the serial position curve considering only the first recall (Hogan, 1975;

Laming, 1999). The relative strength of primacy and recency is not constant however

(B. B. Murdock, 1962). For example, Davelaar, Goshen-Gottstein, Ashkenazi, Haar-

mann, and Usher (2005) found that presentation rates affect the relative strength of

primacy and recency, with primacy becoming more prevalent as the presentation rate

is increased.

The ubiquity of the contiguity effect in free recall presents something of a challenge

for models of memory encoding—if nothing affects the contiguity effect, it makes it

more difficult to understand how it comes about. Conversely, if we knew boundary

conditions on the contiguity effect it would perhaps shed light on the processes sup-

porting the binding of experiences presented close together in time. In this study

we explore the effects of increasing presentation rates on the contiguity effect. If the

contiguity effect is disrupted at a particular rate, that suggests the time scale over

which the encoding processes necessary for temporal binding take place.

Considerations from the ERP literature and rapid serial visual presentation (RSVP)

literature inform the time scale over which contiguity might be disrupted. A to-be-
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remembered stimulus typically evokes a P300 waveform approximately 500 ms in

duration that is thought to represent the updating of memory representations, even

when the stimulus duration itself is on the order of 2 seconds (Donchin, 1981). At

presentation rates approaching 10 Hz, there is evidence that individual list items are

no longer processed as discrete items, and instead are merged into a single extended

cognitive event. For example, individual items in 10 Hz lists receive very low hit rates

in an immediate recognition test even when the stimuli are never-before-seen natural

images (Potter & Levy, 1969). This poor performance is in stark contrast to the

excellent recognition memory for long series of images at slower rates of presentation

(Standing, 1973; Brady et al., 2008). However despite this lack of memorability, it

is also clear that each item in a 10 Hz stream is processed to some degree, since it

is possible to detect specific target items with high probability (Potter, 1976). If the

processing of individual items in a list undergoes a qualitative change as the presen-

tation rate is increased to the point at which the representations blend together, then

the CRP, primacy effect, and recency effect may be altered. For example, the CRP

effect may depend on the ability to place individual items into a discrete temporal rep-

resentation, and thus it may disappear with faster presentation rates. The probability

of first recall could also be altered, since a long-running stream of rapidly presented

items imposes a sequential cost on subsequent items due to encoding interference

from previous items (Wyble, Bowman, & Nieuwenstein, 2009).

4.2 Methods

4.2.1 Participants

Three hundred and thirty undergraduates from Syracuse University participated in

this study. Participants were excluded if they failed to recall a correct word in at

least one trial (n = 15), and if they did not perform all three conditions (n = 7).
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Data from 308 participants were used in subsequent analyses.

4.2.2 Procedure

Participants took part in 18 trials. Each trial consisted of 20 words from the Toronto

Noun Pool (Friendly et al., 1982). Words were visually displayed at three presenta-

tions rates: 2 Hz, 4 Hz, and 8 Hz. Participants completed six trials in each condition.

Trial order was randomized. Before the start of a trial, participants viewed a bar

that discretely rotated at the same rate that words would be presented to help ori-

ent them to the upcoming trial (e.g., before a 2 Hz trial the bar would move twice

every second). Following the presentation of the list, participants were prompted to

verbally recall as many words as possible from the list. Responses were recorded and

later parsed using a semi-automatic speech parsing algorithm.

4.2.3 Analysis

We first examined whether presentation rate affected the average number of valid

recalls in a trial. This was done with a repeated measures ANOVA. Post-hoc paired

permutations (5000 iterations) and Cohen’s D effect sizes on mean recalls were then

performed to determine significant differences. Serial position curves (SPC) were

computed to show the overall probability of a word being recalled based on its position

in the list for each participant. We examined whether the recency and primacy effects

changed as a function of presentation rate. We performed a paired permutation test

in order to predict the difference in the probability of recall for the first and last items

in the list (i.e., probability for position 20 minus probability for position 1).

The probability of first recall (PFR) was calculated by dividing the number of

times each serial position was recalled first by the total number of first recalls. We

then averaged these probabilities across participants per condition. Finally, we calcu-

lated the conditional response probability (CRP) for each lag by dividing the number
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of correct recall transitions at a given lag by the total number of possible correct tran-

sitions at that lag. In order to control for serial position effects, which differed across

conditions, we restricted the lag-CRP analysis to transitions within the middle of the

list where probability of recall was approximately equal across presentation rates. In

order to test for differences in the CRP at each lag across conditions, we performed

a number of mixed-effects logistic regressions. We estimated the CRP as a function

of the interaction between the following fixed-effects predictors: absolute lag, its di-

rection (backwards or forwards from the previously recalled item), and presentation

rate. We report Z- and T-scored coefficients for all mixed-effects models.

4.3 Results

To summarize the results, memory performance was reduced at faster presentation

rates. We replicated previous findings with respect to changes in the serial position

curve at fast presentation rates. Critically, the contiguity effect, even measured at

serial positions that avoided contributions from primacy and recency, was severely

disrupted at fast presentation rates.

4.3.1 As Presentation Rate Increases, Fewer Words are Recalled

As shown in Figure 4·1, the total number of words recalled decreased as presentation

rates increased (2 Hz: mean = 3.54, SD = 0.85; 4 Hz: mean = 2.86, SD = 0.662;

8 Hz: mean = 2.41, SD = 0.62; ANOVA: F (2, 614) = 309.2, p < 0.001). Post-hoc

paired permutations confirmed these results, showing that the presentation rate of

2 Hz yielded significantly higher number of recalls than 4 Hz (p < 0.001, Cohen’s D

= 0.9) and 8 Hz (p < 0.001, Cohen’s D = 1.5), and that 4 Hz produced significantly

more recalls than 8 Hz (p < 0.001, Cohen’s D = 0.69). This result is consistent with

previous findings that faster presentation rates decrease the number of words recalled

in a free recall task (B. B. Murdock Jr, 1960).
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Figure 4·1: A boxplot of median number of words recalled per trial
across participants and presentation rates, with interquartile range,
95% confidence intervals and outliers. Participants recalled fewer words
as the presentation rate increased.

4.3.2 Increasing Presentation Rates Increases the Primacy Effect and

Decreases the Recency Effect

Participants were more likely to begin recall by reporting a word at the beginning or

end of the list (Figure 4·2). As the presentation rate increased, participants initiated

recall less frequently at the end of the list and more frequently at the beginning of

the list. This was confirmed by paired permutation tests which indicated that the

probability of beginning a recall with the first item in a studied list was greater at 8

Hz than both 4 Hz (p < 0.001,Cohen’s D = 0.24) and 2 Hz (p < 0.001,Cohen’s D =

0.43), and greater for 4 Hz than 2 Hz (p < 0.001,Cohen’s D = 0.18). Conversely, the

probability of first recalling the last item in a list was greater for 2 Hz than both 4 Hz

(p = 0.002,Cohen’s D = 0.16) and 8 Hz (p < 0.001,Cohen’s D = 0.40), and higher

for 4 Hz than 8 Hz (p < 0.001,Cohen’s D = 0.25).

As shown in Figure 4·3, participants showed a higher rate of recalling words from

the beginning and end of a list compared to words in the middle (Figure 4·3). Consis-

tent with previous findings, increasing presentation rates resulted in lower recall for
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appears as a darker shade just above the diagonal. As expected, the contiguity effect

appeared to decrease as presentation rate increased. Because primacy and recency

effects are a confound in identifying the contiguity effect we calculated the lag-CRP

using only transitions that came from items from the middle of the list (serial positions

7-13).

Figure 4·5 displays the average probability of transitioning from a recalled word to

a word at a given lag (with lag 0 corresponding to the diagonal of the matrices in Fig-

ure 4), and appears to show a reduction in the temporal contiguity effect as the presen-

tation rate increases. We performed a mixed effect logistic regression to estimate the

probability of recall based on absolute lag for each presentation rate separately. This

showed that distance from the previously-recalled item significantly decreased the

probability of recall for 2 Hz (z = −9.74, p < 0.001) and 4 Hz (z = −4.93, p < 0.001),

but not for 8 Hz (z = −0.70, p = 0.48). We then computed another mixed effects

logistic regression to test the interaction between absolute lag, its direction (back-

wards or forwards from the previously recalled item), and the presentation rate. This

analysis showed that transitions in the forward direction were more probable than

backward transitions (z = 4.18, p < 0.001); transitions at more distant lags were less

probable (z = −4.83, p < 0.001); probabilities were higher for 2 Hz compared to 4 Hz

(z = −2.28, p = 0.02) and 8 Hz (z = −3.63, p < 0.001); the effect of absolute lag was

stronger for forward transitions than backwards transitions (z = −2.71, p < 0.01),

and the effect of lag was stronger for 2 Hz compared to 4 Hz (z = 2.11, p = 0.03)

and 8 Hz (z = 3.12, p < 0.01). All other interactions showed no significant effects (all

p > 0.05). These results show that increasing the presentation rate of studied words

decreases the contiguity effect.
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of 125 to 250 ms are important for binding items to their temporal context.

Our results pose questions about the relation of presentation rate and neural cod-

ing. Medial temporal lobe theta (3-8 Hz) is related to successful encoding in free

recall, particularly when binding elements temporally (Nyhus & Curran, 2010; Seder-

berg, Kahana, Howard, Donner, & Madsen, 2003). In addition, Guderian, Schott,

Richardson-Klavehn, and Düzel (2009) have shown that prediction of successfully-

recalled items relies on theta frequency. While presentation rates of 2 Hz and 4 Hz

are mostly contained within this frequency band, 8 Hz lies at the upper bound of

human theta. It is possible that presenting eight words per second outpaces encoding

processes that depend on theta (Hasselmo, Bodelón, & Wyble, 2002), thus explaining

why lag-CRPs become weaker for this presentation speed. Examination of encoding

and retrieval periods using EEG and ECoG could help address this issue in the future.
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Chapter 5

Conclusions

5.1 Summary of dissertation

This dissertation presents neural and behavioral data testing the hypothesis that

temporal context has a scale-invariant representation. Chapter 2 presents neural

recordings from the monkey entorhinal cortex that demonstrate a population of tem-

poral context cells, a key prediction of this scale-invariant representation. Chapter 3

analyzes response time distributions to demonstrate that the time memories become

available during search depends on their recency. Finally, chapter 4 analyzes free

recall data showing that rapid presentation rates disrupt the contiguity effect. These

results support the assertion that temporal context is scale-invariant and places fur-

ther constraints on how this context is formed and accessed.

5.1.1 Chapter 2 results

Chapter 2 analyzes neural recordings from the monkey entorhinal cortex as monkeys

freely viewed complex natural images for 5 s. We used a maximum likelihood approach

to identify time cells (Salz et al., 2016) to find a temporal context cell population.

These temporal context cells responded shortly after an image appeared on the screen

and relaxed their firing at various rates. Critically, the distribution of relaxation times

in this population was non-uniform. More cells had short relaxation times than long

relaxation times, a necessary but not sufficient requirement for scale invariance. As

expected from a representation of temporal context, the cells contained temporal
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information. Temporal context cells also showed limited sensitivity to the image

presented on the screen.

5.1.2 Chapter 3 results

Chapter 3 presents the results of a series of six continuous recognition experiments.

In all experiments, response times increased with log2(lag) out to at least 8 minutes,

offering further support that memory is scale-invariant. We did not see a time scale

at which the pattern of behavior categorically changed. We analyzed response time

distributions and determined that a change in the leading edge of the response time

distributions carries the recency effect. The time that memories become available

depends on their recency. Items experienced recently become available before less

recent items. Each doubling of lag increased this delay in availability by 2̃0 ms. This

effect appeared across a wide range of experimental manipulations. Through ana-

lyzing responses to items presented multiple times, we ruled out the possibility that

the faster encoding of probes facilitates the recency effect. Even for items presented

6 times, the delay in retrieving less recent items remained.

5.1.3 Chapter 4 results

Chapter 4 presents the results of a free recall task in which words were presented at

three possible presentation rates (2, 4, or 8 Hz.). Analyses of the lag-CRP demon-

strated that the contiguity effect was intact for lists presented at 2 or 4 Hz, but was

disrupted in lists presented at 8 Hz. In the 8 Hz condition, participants were not

more likely to recall a word presented nearby after recalling a word. Notably, the

asymmetry in the conditional response probabilities remained. In addition, forward

transitions were more likely than backward transitions of the same distance. These

results show a lower bound on the time scale at which the contiguity effect occurs.
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5.2 Future directions

5.2.1 Temporal context cells for the past and future

There is widespread evidence from neural recordings of units that monotonically

change their firing in response to an event (Leon & Shadlen, 2003; Lebedev et al.,

2008; Kim et al., 2013; Tsao et al., 2018; Ning et al., 2022). This dissertation

presents evidence of temporal context cells with a spectrum of decay rates. This

result, in conjunction with evidence from other studies (Tsao et al., 2018; Rossi-Pool

et al., 2019), offers promising evidence for temporal context cells. Tsao et al. (2018),

analyzed single units in rodent LEC while rodents freely explored a series of black

and white boxes. Tsao et al. (2018) reported a population of units in LEC that were

responsive to different events (e.g., the beginning of a session, entering a white box,

entering a black box) and exponentially relaxed their firing. Critically, they reported

a wide range of time constants ranging from minutes to hours. As would be required

for scale invariance, there were more cells with short time constants than long time

constants. Moving away from the MTL, Rossi-Pool et al. (2019) reported a stimulus-

specific temporal signal in the monkey dorsal premotor cortex during a task requiring

monkeys to remember a vibrotactile stimulus. Although Rossi-Pool et al. (2019) did

not quantify decay rates, examination of the raw data indicates that these units have

a broad range of relaxation times (Howard, 2022). One limitation of these studies

is that none quantify whether the distribution of time constants/relaxation times is

scale-invariant. Bayesian methods developed to show that the distribution of time

cell peaks is indeed logarithmically distributed (Cao et al., 2021) could be applied to

the relaxation times of temporal context cells. To the extent the distribution of time

constants is fit by a power law, this would stand as strong evidence that temporal

context cells are scale-invariant. There is limited support for this hypothesis in rodent

cerebellar slice work, as Guo et al. (2021) reported a spectrum of time constants
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consistent with a logarithmic distribution out to 10 s.

Additionally, recent theoretical work has proposed a population of neurons analo-

gous to temporal context cells, but for the future (Howard, Esfahani, Le, & Sederberg,

2023). Rather than all responding shortly after an event and exponentially decaying

at a spectrum of rates, these “future temporal context” cells ramp their activity up

as a future event approaches such that they peak when the event occurs. Much like

evidence from cells that monotonically decay offered limited evidence of temporal

context cells, reports of ramping cells support these “Future temporal context cells”.

In addition to decaying cells, Tsao et al. (2018) reported cells in rodent LEC that

ramped up over time. Like the distribution of time constants for decay cells, there was

a spectrum of time constants for ramp cells, spanning minutes to hours. Ramping cells

have been reported in an interval reproduction task in rat hippocampus (Hampson &

Deadwyler, 2003; Ning et al., 2022), rat PFC (Ning et al., 2022), gerbil PFC (Henke

et al., 2021) and mouse anterior lateral motor cortex in a delayed-response task that

required planned motor actions (Inagaki, Inagaki, Romani, & Svoboda, 2018). Pre-

liminary secondary analyses of Henke et al. (2021) and Inagaki et al. (2018) suggest

that these ramping cells do, in fact, have a range of time constants.

5.2.2 Connections between episodic memory and sharp-wave ripples

Despite widespread agreement that retrieving an episodic memory requires recovering

spatiotemporal context, how the brain accomplishes this jump back in time remains

a mystery. Sharp-wave ripples (SPW-R), believed to be related to episodic memory

(Buzsáki, 2015; Chen et al., 2021), stand as a potential mechanism. SPW-R’s consist

of two components; a large depolarization of stratum radiatum in CA1 (the sharp

wave) and a high frequency “ripple” oscillation between 110-200 Hz in the pyramidal

cell layer (O’Keefe, 1976; Buzsáki, 1996). During ripples, there is a marked increase

in firing (Buzsáki, 1986); this phenomenon is frequently referred to as a “population
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burst event” (PBE). Ripples have been reported in every mammal that someone has

looked for ripples in (Buzsáki, Logothetis, & Singer, 2013), including humans (Bragin,

Engel Jr, Wilson, Fried, & Buzsáki, 1999; Le Van Quyen et al., 2010). However,

evidence for SPW-R’s in non-mammalians is comparatively scarce (Buzsáki, 2015),

but see Vargas, Thorsteinsson, and Karlsson (2012) for evidence of ripples in zebrafish.

In contrast to hippocampal theta, which is strongest in rodent CA1 during periods

of activity (Vanderwolf, 1969), SPW-R’s occur during periods of immobility, such as

when the animal eats, drinks, or grooms (Buzsáki, Leung, & Vanderwolf, 1983).

In humans performing episodic memory tasks, ripple rates increase during encod-

ing and just prior to successful retrieval (Y. Norman et al., 2019; Sakon & Kahana,

2022). Critically, during ripples associated with successful retrieval, iEEG recordings

indicate that the brain reinstates the pattern of activity present at encoding (Y. Nor-

man et al., 2019; Vaz, Inati, Brunel, & Zaghloul, 2019). This recovery of a prior

brain state suggests that ripples facilitate or at least indicate jumping back in time.

Coupled with the finding that older contexts take longer to retrieve in continuous

recognition, this hypothesis would suggest that ripples for recent items should occur

earlier than less recent items. As far as the author knows, a connection between

recency and ripple timing has not been demonstrated.

Another aspect of SPW-R’s relevant to context is the phenomenon of replay.

It has been shown in rodents that the sequential firing patterns of place cells that

unfold during navigation are replayed at a faster rate (Foster & Wilson, 2006; Diba

& Buzsáki, 2007; Davidson, Kloosterman, & Wilson, 2009) during SPW-R’s. Critical

for jumping back in time, the replayed sequence can come from a “remote” location,

allowing non-recent/nearby spatial representations to be replayed (Karlsson & Frank,

2009; Xu, Baracskay, O’Neill, & Csicsvari, 2019). Further, disruptions of neural

activity during SPW-R’s impairs spatial memory (Girardeau, Benchenane, Wiener,
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Buzsáki, & Zugaro, 2009; Ego-Stengel & Wilson, 2010; Gridchyn, Schoenenberger,

O’Neill, & Csicsvari, 2020). Recent work has demonstrated that place cells phase

precess during ripples (Bush, Olafsdottir, Barry, & Burgess, 2022), firing at earlier

phases in the oscillation as the ripple unfolds. This precession is similar to theta phase

precession reported for place cells (O’Keefe & Recce, 1993; Hafting, Fyhn, Bonnevie,

Moser, & Moser, 2008) and time cells (Pastalkova et al., 2008; Ning et al., 2022),

but precession during ripples unfolds faster than theta phase precession. Recent work

has shown preliminary evidence for replay in humans using iEEG (Zhang, Fell, &

Axmacher, 2018), MEG (Liu et al., 2019), and single-unit recordings (Vaz, Wittig Jr,

Inati, & Zaghloul, 2020). Vaz et al. (2020) reported sequences during PBE’s in the

anterior temporal lobe while surgical patients performed a paired associates task.

Critically, the more the sequence at encoding matched the sequence during retrieval;

the more likely participants would recall the correct word, but only for PBE’s coupled

to MTL ripples.

The relationship between sequences during PBE’s and non-spatial sequences over

slower time scales remains an outstanding question. If SPW-R’s indicate the rein-

statement of spatiotemporal context, and time cells represent temporal context, then

one would expect to see the replay of time cell sequences during SPW-R’s or PBE’s.

As far as the author knows, this has yet to be reported. Existing hippocampal time

cell datasets involving a memory task (e.g., Cruzado et al., 2020) could be leveraged

to test this hypothesis. Mapping the sequences reported by Vaz et al. (2020) during

PBE’s onto slower sequences is less straightforward, as the “context” these sequences

represent is not as clear. However, carefully examining spiking during periods without

PBE’s could reveal what these sequences represent.
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5.2.3 Drift at multiple time scales in the human anterior temporal lobe

Retrieved context models predict that context changes slowly over time. Indeed, neu-

ral activity drifts in the hippocampus and other brain regions (Hyman, Ma, Balaguer-

Ballester, Durstewitz, & Seamans, 2012; Yaffe et al., 2014; Mankin, Diehl, Sparks,

Leutgeb, & Leutgeb, 2015; Cai et al., 2016; Rashid et al., 2016; Folkerts et al., 2018;

Liu et al., 2022). A scale-invariant retrieved-context model predicts that drift should

occur over a wide range of time scales. Consistent with this view, Yaffe et al. (2014)

reported drift in oscillatory power during encoding over seconds and over a few min-

utes in the human anterior temporal lobe as patients completed a paired associates

task. Preliminary analyses of single units from the same task in the same brain region

indicate simultaneous drift within a trial, within a list, and within a session. Consis-

tent with findings in mouse hippocampus (Liu et al., 2022), this drift is not stochastic.

The population activity of single units in the anterior lobe at equivalent points within

a trial or list are similar, even when separated in time. This multiscale drift could

allow one to account for contiguity and recency effects seen in some list learning

experiments (Howard et al., 2008; Unsworth, 2008), as it enables the formation of

associations between items within a list as well as across lists simultaneously.
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