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Abstract

Plans are formulated and refined throughout the period leading up to their execution, ensuring that the appropriate behaviors
are enacted at the appropriate times. Although existing evidence suggests that memory circuits convey the passage of time
through diverse neuronal responses, it remains unclear whether the neural circuits involved in planning exhibit analogous tempo-
ral dynamics. Using publicly available data, we analyzed how activity in the mouse frontal motor cortex evolves during motor
planning. Individual neurons exhibited diverse ramping activity throughout a delay interval that preceded a planned movement.
The collective activity of these neurons was useful for making temporal predictions that became increasingly precise as the
movement time approached. This temporal diversity gave rise to a spectrum of encoding patterns, ranging from stable to
dynamic representations of the upcoming movement. Our results indicate that ramping activity unfolds over multiple timescales
during motor planning, suggesting a shared mechanism in the brain for processing temporal information related to both memo-
ries from the past and plans for the future.

NEW & NOTEWORTHY Neuronal responses in the cortex are diverse, but the nature and functional consequences of this diversity
remain ambiguous. We identified a specific pattern of temporal heterogeneity in the mouse frontal motor cortex, whereby the firing of
different neurons ramps up at varying speeds before the execution of a movement. Our decoding analyses reveal that this heteroge-

neity in ramping dynamics enables precise and reliable encoding of movement plans and time across various timescales.

frontal cortex; motor planning; neuronal heterogeneity; ramping activity; time

INTRODUCTION

Adaptive behavior requires certain actions to be executed
at precisely the right moments. Humans and other animals
often accomplish this by anticipating upcoming events and
preparing actions in advance. Effective motor planning
involves not only this prospection but also the flexibility to
make continuous adjustments, while gradually increasing
commitment as the moment of action approaches. These
computational considerations suggest an underlying neural
system for motor planning that is capable of tracking the
progression of time.

The challenge of anticipating when an action should be
taken in the future is analogous to the problem of estimating
when an event was encountered in the past. In the hippocam-
pus, neurons described as “time cells” (1-3) fire transiently at
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different moments following the presentation of a stimulus,
forming distinct sequences that tile the intervals that follow
different events (4, 5). In contrast, “temporal context cells” in
the entorhinal cortex activate immediately in response to a
stimulus and then gradually relax to baseline with a variety of
time constants (6, 7), conveying time elapsed since the stimu-
lus across multiple timescales. Whether these temporal dy-
namics are exclusive to parts of the brain that are involved in
memory or whether they are more broadly reflected across the
cortex for the prospective control of actions remains unclear.
The anterior lateral motor (ALM) cortex is a key brain
structure involved in motor planning in mice (8-11). Many
neurons in the ALM display firing rates that gradually
increase or decrease during a delay interval that precedes
the execution of a planned movement, a pattern commonly
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referred to as ramping activity (11, 12). Although ramping ac-
tivity in the ALM has generally been examined at the popula-
tion level (13-16), often using dimensionality reduction to
summarize heterogeneous activity patterns across neurons,
less focus has been placed on assessing the heterogeneity
within the population of neurons. In this study, we use a
publicly available dataset (12, 17) to evaluate the variability
in ramping dynamics across ALM neurons. We show that
ramping activity in the ALM is characterized by a distribu-
tion of ramping time constants. We assess and discuss the
potential implications of this temporal heterogeneity for the
encoding of time and motor plans in the ALM cortex.

MATERIALS AND METHODS
Data Description

To evaluate the temporal heterogeneity of ramping activ-
ity across frontal cortical neurons during motor planning,
we analyzed data previously reported by Inagaki et al. (12).
The data were retrieved on May 15, 2020, from the publicly
available database CRCNS (https://crcns.org/data-sets/motor-
cortex/alm-5/about-alm-5).

Behavioral Paradigm

Inagaki et al. (17) provided data collected from head-fixed
mice engaged in an auditory-based, fixed delay task. Each
trial in the task began with a series of 150 ms tones with 100
ms between each tone. The tones were either 3 or 12 kHz.
This sampling period lasted 1.15 s and was immediately fol-
lowed by a 2 s delay period. The delay period ended with a
100 ms auditory go cue (6-kHz carrier frequency with 360-
Hz modulating frequency). The go cue indicated mice to lick
the right lick-port if they were presented with 3 kHz tones
during the sampling period, or the left port if they were pre-
sented with 12 kHz tones. Mice were rewarded 2 pL of water
if they licked the correct side within a 1.5 s response period
following the go cue. Only trials when the animal correctly
responded were included in the current paper.

Electrophysiological Data

The dataset included processed spike trains of 755 single
units that were recorded by Inagaki et al. (12) from the left ALM
cortex of six mice across 20 sessions of auditory-based fixed
delay task. Details of the recording and spike-sorting procedure
are described by the authors of the original report. An example
MATLAB code was provided by Inagaki et al. (12, 17) as part of
the archived data in CRCNS to access the time stamps of spike
events across the trials of each session. The authors of the origi-
nal paper labeled 667 of the 755 single units as putative pyrami-
dal neurons based on the width of their spike waveform. The
procedure for identifying putative pyramidal neurons is
described in detail in the original paper (12). Only spike trains of
the putative pyramidal neurons were analyzed in the current
paper. The dataset also includes trials in which spikes were
recorded during simultaneous photoinhibition, but we
excluded these trials from the analyses in the current papetr.

Delay Activity and Trial-Type Selectivity

We used the same approach as by Inagaki et al. (12) to
identify putative pyramidal neurons that show significant
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upward and downward ramping activity. A Mann-Whitney
U test revealed that 516 of the 667 putative pyramidal neu-
rons showed a significant difference between firing rate esti-
mated within the 1s interval before trial onset and firing rate
estimated within the 2 s delay interval. Some of these neu-
rons ramp up in firing during the delay (n = 302/516) while
others ramp down (n = 214/516).

We estimated a normalized selectivity score for the delay
activity of each neuron following the protocol used by
Inagaki et al. (12, 17):

(FRg — FRy) ”
FRr + FR

where FRy is the average firing rate (spikes/s) during the
delay period across correct right-lick trials and FRy is the av-
erage firing rate (spikes/s) during the delay period across cor-
rect left-lick trials. The selectivity score ranges from —1 to 1.
A positive selectivity value indicates that a neuron is more
responsive during the right-lick trials and a negative value
indicates that a neuron is more responsive during the left-
lick trials. We used a Wilcoxon rank-sum test to test whether
the firing rate of each neuron is different between right- and
left-lick trials. The results were used to determine whether
each neuron is trial-type selective.

Selectivity =

Temporal Receptive Field Models

To quantify the time course of activity for each neuron in
the ALM cortex, we adapted an analysis method used to
identify and characterize time-varying signals across monot-
onically firing neurons in the monkey entorhinal cortex (7)
and stimulus-specific time cells in the monkey hippocampus
and prefrontal cortex (18). For this analysis, temporal recep-
tive field models were fit to the spikes of 516 putative pyrami-
dal neurons within a 3.15 s interval preceding a Go cue,
starting from the onset of the 1.15 s stimulus presentation pe-
riod (t = —3.15 s relative to Go cue) to the end of the 2 s delay
period (t = O s relative to Go cue). We considered three recep-
tive field models: 1) a constant firing model, 2) a ramping ex-
Gaussian model, and 3) a ramping ex-Gaussian model with
trial-type specificity. Neurons that were identified as nonse-
lective were fit by the second model, whereas those labeled
as selective were fit by the third model.

The constant model consisted of a single parameter aq
that predicted the constant probability of a spike at each
time ¢:

Meonst(t; ao) = ao (2)

The ramping ex-Gaussian model defines the temporal
modulation of the firing field as the convolution of the
Gaussian function and an exponentially ramping func-
tion. The classical ex-Gaussian model can be numerically
expressed as:

a (2,.#’—[272;) n+ o —1
MeXG(t; dop, a1, O, |, T) =do + Ele z eifC (\/i‘r('j (3)
Here, ag estimated the contribution of the constant base-
line while a; estimated the contribution of the time-varying
function. A downward ramp can be achieved by letting a; be
negative. The Gaussian parameter p defines the location of
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peak response along the time axis while o determines its vari-
ability. The parameter t represents the time constant of the ex-
ponential decay function and is defined as the time that a
neuron has decreased its firing 37% away from baseline. erfc is
the complimentary error function. To capture a ramping
dynamic that changes as a function of time until the target
interval, we substituted ¢ with T-t. Here, T is the total duration
starting from the trial onset and ending with the go cue (3.15s).

To account for response variability across different trial
types (correct, right-lick vs. left-lick trials), the ramping ex-
Gaussian model was extended by replacing a; from Eq. 3
with two peak amplitude terms. a, estimated the contribu-
tion of the time term for right-lick trials while a, determined
the contribution of left-lick trials. The full, trial-type specific
ex-Gaussian model for the ramping time term can be
numerically expressed as:

MeXG(t; do,di, O, l, T) = do

2 2
2 aj (2;|+5772[T7r)) n + GT — (T _ [)
+ . cime 0 erfe| ————=—— 4
Dogcine T f( 5 (4)

Here, c; was set to equal 1 for right-lick trials and O other-
wise while ¢, was set to equal 1 left-lick trials only.

We calculated the fit of the receptive field models to spikes
across a total of 3,150 time bins (from the trial onset to the go
cue) using a custom maximum likelihood estimation script
run in MATLAB 2016a. The parameter p was allowed to be
any value between —1 s to O s (1 s preceding the Go cue) and
o was permitted to range between O and 0.30 s. The parame-
ter t was permitted to range between 0.01 and 5 s. The likeli-
hood of the model fits was determined as a product of the
probabilities of a spike across time bins within and across tri-
als. We implemented the maximum likelihood parameter
estimation using particle swarm (with the swarm size equal
to 50). The fitting procedure was repeated until the algo-
rithm failed to output higher likelihood for 20 consecutive
iterations to avoid local minimum convergence.

We performed a goodness-of-fit test for each neuron by
estimating the R? value of the ex-Gaussian model fit to the
average firing rate within the 3.15 s interval preceding the Go
cue. We use this approach to exclude neurons whose model
fit failed to achieve an R? value of greater than 0.5.

Statistical Analyses

Unbiased estimates of skewness and Pearson’s kurtosis
were obtained for the distribution of time constant using the
descdist function in R with the argument boot set to 1,000 for
nonparametric bootstrapping. Maximum likelihood estima-
tions were performed to fit uniform, normal, log-normal,
and gamma distributions to time constant data using the R
function fitdist. We reported the mean and standard error of
parameter estimates for all distribution models. AIC and BIC
estimates were used to compare the goodness-of-fit meas-
ures of these distribution models.

Pairwise Differences

To assess the presence of diversity in time constant within
and between different sessions, we measured the absolute dif-
ference between pairs of time constant values corresponding
to each neuron. In the pooled condition, pairwise differences
were measured between all possible pairs of neurons. In the
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within-session conditions, we measured time constant differ-
ences exclusively between pairs of neurons recorded within
the same sessions. To measure differences in time constants
across various recording sessions, we compared neurons
belonging to different sessions from the same animals. These
measurements were computed using a custom function in R.

Variance Component Analysis

To quantify the variance in time constant values t attrib-
utable to differences between recording sessions and ani-
mals, we used a generalized linear mixed-effects model
(GLMM). The GLMM is formulated as follows:

Tik = Po + Uoi + Voij + Eijk (5)

Here, 1, represents the time constant for the i-th neuron in
the k-th session of the j-th animal. The term B is the fixed inter-
cept, representing the overall mean time constant across all ani-
mals and sessions. The terms pg; and vg; are the random
intercepts for each animal and each session within an animal,
respectively, and eq; is the residual error term. We assume the
random effects are normally distributed with mean zero and
variances oinima for animals and oZession | animar fOr sessions
within animals. The residual variance o accounts for the unex-
plained variability in time constant. Given the right-skewed
and heavy-tailed shape we observed for the distribution of time
constant, we assumed t to follow a gamma distribution in this
GLMM. This model was implemented in R using the glmer
function with the family argument set to Gamma. In addition,
we applied a bootstrapping approach to estimate and report the
variance components relative to the total variance.

LDA for Decoding Time

A linear discriminant analysis (LDA) classifier was used to
decode time within the trial from the population activity of
ramping neurons. The classifier was trained on even trials
and tested on odd trials. We randomly sampled 125 trials for
each neuron as the number of trials varied across neurons.
Time within each trial was segmented into 100 ms bins.
Firing rate across neurons were calculated for each bin of
each trial. A uniform noise, ranging from O to 1 x 1073 Hz,
was inserted to the firing rate in each time bin to minimize
errors due to a singular covariance matrix. The averaged fir-
ing rate of each time bin for each trial across all neurons pro-
vides a sample of the training and testing data. This analysis
was implemented using the MATLAB function classify.m
using “linear” as the specified discriminant type.

Cross-Temporal Decoding of Trial Type

To assess how movement direction, or the associated cue,
is encoded by subpopulations of ramping neurons with dif-
ferent time constants, we trained and tested LDA classifiers
to predict whether animals correctly licked left or right at ev-
ery possible pair of time points throughout the trial interval
(19-22). Each subpopulation of neurons comprised 72 neu-
rons. The range of time constant t associated with each sub-
population is described in the REsuLTS. As the number
of trials varied across neurons, we randomly sampled 125 tri-
als for each neuron in slow-, medium-, and fast-ramping
subpopulation I, I, and III. We segmented the 2 s delay inter-
vals into 100 ms bins. We trained the classifiers on 80% of
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the sampled trials and tested them on the remaining 20% of
the trials for each pair of time bins. The firing activity across
neurons was calculated for each bin of each trial. We used
the MATLAB function rref.m to reduce the training data to
full rank and identify the pivots before each run of the classi-
fier. This was performed to ensure the stability of the LDA.
The LDA classifier was then implemented using the
MATLAB function classify.m. We repeated training and test-
ing procedures for 20 iterations. To obtain robust results, we
randomly sampled subsets of trials and 71 of 72 neurons in
each subpopulation at each iteration. This procedure yielded
an accuracy matrix for each of the three subpopulations. The
matrix is composed of pairs of training and testing time bins.
Identical training and testing time bins lie along the diagonal
of this matrix. The off-diagonal values of the accuracy matrix
indicate the similarity in how information is encoded by the
population between two different time points.

Alternative and Independent Estimation of Time
Constants

We used the Zeratti et al.’s (23) model to independently
evaluate time constants for neurons designated as either
ramp or decay. Their unbiased method uses a generative
model to evaluate the time constants from the sample auto-
correlation of an Ornstein—-Uhlenbeck (OU) process as
opposed to the biased method of fitting an exponential curve
directly to the autocorrelation function of a time series.
Using their abcTau python package, we fit a one tau OU pro-
cess model and a two tau OU process model to the average
firing rates of each neuron across a 3,150 ms interval preced-
ing the Go cue. We then estimated the autocorrelation of
each neuron with a bin size of 50 ms. For the one tau OU pro-
cess, we assumed a uniform prior with the min t = 0 ms and
max t = 10,000 ms. For the two tau OU process, we assumed
the same distribution for t; and a uniform prior with the min
t = 100 ms and max t = 10,000 ms for t,, with ©, > 7
enforced. The prior coefficient or weight for the first time-
scale was uniform between 0 and 1. We used a linear distance
function and model hyperparameters ¢o =1, min samples =
100, steps = 60, and minAccRate = 0.01. We then used the
inbuilt model comparison abcTau.compcdf() module to cal-
culate the Bayes factor between the two models for each cell.
If the one tau OU model fits better that tau was taken as the
timescale for that cell. Otherwise, 1, from the two tau OU
process was taken as the timescale for that cell.

RESULTS

In this study, we assessed the temporal heterogeneity of
ramping activity in the ALM cortex of mice during motor
planning. We used a model-based approach (7, 18) to analyze
an open-source dataset (12, 17) containing preprocessed
extracellular recordings from the ALM cortex of mice per-
forming a delayed response task. A schematic diagram of the
task is illustrated in Fig. 1A. As previously reported by
Inagaki et al. (12), many neurons in the ALM cortex showed
firing rates that fluctuate during a 2 s long delay period
before a motor response (n = 516 of 667 putative pyramidal
units). Some neurons showed an increase in firing rate as
time approaches the end of the delay period (n = 302 of 516
neurons), while others showed a decrease from baseline
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firing (n = 214 of 516 neurons). Most neurons exhibited some
level of selectivity in their firing for right- versus left-lick tri-
als (n = 344 of 516 neurons) while others show no preference
for one trial type over the other (n = 172 of 516 neurons). The
firing rates of a few example neurons are shown in Fig. 1B.
The diversity of selectivity and ramping direction in this
dataset has been characterized in the original report (12).
The primary focus of this paper is to evaluate whether motor
preparatory ramps, as identified by Inagaki et al. (12), have a
single homogeneous timescale or if the ramps show hetero-
geneous timescales across neurons during the delay period
(Fig. 1C). Neurons that ramp downward are of secondary in-
terest in this paper and are briefly reported in the end of the
RESULTS and in the supplement.

Receptive Field Model Estimates the Temporal
Properties of Single-Neuron Firing

To quantify the temporal characteristics of neural activity
in the ALM cortex, we estimated their temporal receptive
fields as a convolution of a Gaussian (latency of the activity)
and an exponential ramp (Fig. 1D). Under this model, the la-
tency of each neuron’s activity is described by the mean of the
Gaussian function p. The rate at which each neuron’s activity
ramps up or down is described by the time constant of the ex-
ponential term 1. An additional parameter ¢ determines the
standard deviation of the Gaussian function. We identified
ramp-up versus ramp-down and selective versus nonselective
neurons as determined in the original report of these data (12).
Neurons that show trial-type selectivity were fit with two am-
plitude terms corresponding to right- versus left-lick trials.
Neurons that show downward ramping of activity were fit
with a negative amplitude term. Details of the parameter esti-
mation procedure are described in MATERIALS AND METHODS.

Using this approach, we identified 216 upward ramping
neurons in the ALM cortex whose firing activity was fit by
the ex-Gaussian receptive field model with an R? value
greater than 0.5 (Fig. 1E). These neurons make up 64.07% of
the total 334 putative pyramidal neurons that were fit with
R? > 0.5. Neurons with R? values less than 0.5 were excluded
from further analysis.

Neural Activity in the ALM Cortex Evolves with
Heterogeneous Time Constants

Different ALM neurons displayed firing rates that ramp up
at varying speeds over the course of the 2 s delay interval.
Slower ramping neurons, such as the three shown in the top
row of Fig. 2A, began to change their firing rate as early as
the stimulus period (between —3.15 s and —2 s to the Go cue)
and gradually reached maximum or minimum firing rate
around the Go cue. In contrast, faster ramping neurons, like
those shown in the bottom row of Fig. 2A, displayed a more
abrupt change in firing rate later in the delay period and
reached maximum or minimum activity at the time of the
Go cue. The variability in ramping dynamics across all 216
ALM neurons is displayed in Fig. 2B.

There was a wide range of time constants across neurons,
as indicated by a median t of 0.97 s and an interquartile
range from 0.57 s to 1.74 s. Notably, 90% of the time con-
stants were less than or equal to 3.42 s. Figure 2C shows the
histogram and cumulative distribution of time constant
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Figure 1. Schematic of the delayed response task and hypotheses for neural activity. A: auditory-delayed response task from Inagaki et al. (12, 13, 17). Red
represents trials where mice are presented with high-pitch tones, instructing them to lick leftward following a Go cue. Blue corresponds to trials with low-
pitch tones, instructing them to lick rightward. B: example neurons in the ALM cortex. Top: cross-trial average PSTHSs. Bottom: spike raster plots of 50 ran-
domly sampled trials for each condition. Error trials are excluded from the analyses. Vertical dotted line marks the start and end of the delay period. Some
neurons selectively fire in one type of trial over the other (left column and right column), discriminating the direction of the future lick response. Some neu-
rons gradually ramp up during the delay period (top row), while others ramp up more abruptly at the end of the delay period (bottom row). C: alternative
hypotheses for temporal heterogeneity during motor planning. H1: individual neurons ramp over the delay period with similar time constants. H2: individ-
ual neurons ramp with different time constants. D: an ex-Gaussian receptive field model of neuron firing activity. The ex-Gaussian receptive field model
(right) is generated from the convolution of an exponential function (/eft) and a Gaussian function (middle). This model describes neuronal response as a
function of time with the time constant parameter 1, the peak latency parameter y, and the parameter c. E: quality of the model fit across ramping neurons.
Most upward ramping neurons were fit by the ex-Gaussian model with R? > 0.5 (black dashed line). ALM, anterior lateral motor.

values, revealing a skewed distribution (skewness = 1.56)
with a heavy tail (kurtosis = 4.64). The spread of time con-
stants across neurons was best approximated by a gamma

of —0.05+0.07 (SE) and a scale parameter of 0.99+0.05
(AAIC and ABIC = 17.39), a uniform distribution (AAIC and
ABIC = 122.86), and a normal distribution with a mean of

distribution with a shape parameter of 1.39+0.12 (SE) and a
rate parameter of 0.97 = 0.10 (AIC = 575.55, BIC = 582.30), fol-
lowed by a log-normal distribution with a location parameter

J Neurophysiol « doi:10.1152/jn.00234.2024 - www.jn.org

1.42+0.09 (SE) and a standard deviation of 1.29+ 0.06 (AAIC
and ABIC = 149.92). Together, these results imply that while
most neurons exhibited shorter ramping time constants, a
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Figure 2. Neuronal firing rates ramp up at various timescales in the ALM cortex. A: ex-Gaussian receptive field model fits for nine example ALM neurons.
Firing rates of neurons are depicted as thin black lines. Ex-Gaussian models are depicted as dashed purple lines. B: heatmap of normalized firing rates
across 216 ALM neurons. Each row represents the averaged normalized firing rate for a single neuron. Neurons were sorted by their estimated value of
1, from larger t or longer time constant to smaller t or shorter time constant. C: histogram and cumulative distribution of estimated time constants. On
the left is a histogram of the marginal distribution of the t values. On the right is the cumulative distribution function (CDF) of t in purple solid line. D: violin
plots of pairwise temporal distances were calculated between neurons from all recording sessions and animals (left), the same session (middle), and dif-
ferent sessions of the same animals (right). Temporal distance was measured as the absolute difference between time constant (t) values. E: box plots
representing the variability of time constants (t) for ALM neurons within individual sessions and across different animals. Estimated t values varied
among neurons in each recording session, with some variability across sessions and minimal variability across animals. ALM, anterior lateral motor.

greater number of neurons showed longer time constants
than would be expected under a normal distribution. A simi-
larly wide range of time constant values was obtained using
an alternative autocorrelation-based approach (23) for esti-
mating neuronal time constants (Supplemental Fig. S1). In
contrast to the wide range of ramping time constants, there
was relatively little variability in peak response times (u=0s
in 90% of the 216 neurons). These patterns closely resemble
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the temporally diverse responses of neurons in the monkey
(7) and rodent (6) entorhinal cortex.

As neurons were pooled across animals and recording ses-
sions, we wanted to determine whether the temporal heteroge-
neity we observed may have reflected unaccounted differences
between animals or recording sessions. We measured the tem-
poral distances between pairs of neurons in three distinct condi-
tions. In the first condition, pairwise temporal distances were
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measured between neurons from any session and animal (me-
dian = 0.78 s, interquartile range = 0.33 s to 1.90 s). In the sec-
ond condition, pairwise distances were calculated between
neurons in the same session (median = 0.76 s, interquartile
range = 0.30 s to 1.88 s). Lastly, pairwise distances were esti-
mated between neurons from different sessions of the same ani-
mal in the last condition (median = 0.79 s, interquartile range =
0.31 s to 1.94 s). As shown in Fig. 2D, pairwise distances were
similar across the pooled, intrasession, and intersession condi-
tions. This consistency in pairwise distances indicates that the
variability of neuronal time constants within a single record-
ing session is as pronounced as the variability across different
sessions.

To further dissect the contributions of session-to-session
variability and between-animal differences on the heteroge-
neity of ramping time constants, we used a generalized lin-
ear mixed-effects model with the random effects of sessions
nested within animals. Variance component analysis
revealed that variability across sessions approximately
accounted for 9.39% of the variance in neuronal time con-
stants (95% CI = [4.09%, 16.01%], P < 0.001 nonparametric
bootstrap), while variability across animals captured around
0.84% of the variance (95% CI = [0%, 5.04%], P = 0.302).
Figure 2E shows the distribution of time constants across
individual sessions and animals. Notably, a considerable
proportion of the variance remained after accounting for
intersession and interanimal variability (89.77%, 95% CI =
[83.45%, 94.68%)], P < 0.001). These results suggest that the
observed heterogeneity in ramping time constants primarily
reflects intrinsic differences among ALM neurons, rather
than variability attributable to different recording sessions
or individual animals.

Neurons with Different Time Constants Convey a
Spectrum of Time Horizons

Our analyses revealed a broad range of time constants
among individual ALM neurons. We asked whether this heter-
ogeneity may have implications on dynamics at the popula-
tion level. Given the proposal that ramping activity in the
ALM may reflect time estimation related to urgency signals
(14), we first evaluated whether the joint activity of the 216
neurons carries latent information about time. We trained a
decoder using linear discriminant analysis (LDA) to estimate
time throughout the 2 s delay period using the population ac-
tivity of the 216 neurons. We measured the confidence of the
decoder at each 100 ms time bin during the delay interval as
the log posterior across the range of possible time estimates.
The decoder made predictions that were proximal to the
actual time bins with an average error of 0.19 s, resulting in a
diagonal band across the decoding matrix in Fig. 3A. A »°
goodness of fit test indicated that this pattern was different
from a uniform distribution that would result from decoding
at chance level, xz (992) = 2.142 and P < 0.001. A linear regres-
sion of the average decoding error at each time bin yielded a
negative slope of 0.057 = 0.008 (Fig. 3B). These results indicate
that the population activity of these ALM neurons conveys in-
formation that can be used to decode time with increasing pre-
cision as time approaches the Go cue.

Next, we investigated whether the temporal information
present in the population activity is dependent on the

specific range of time constants among its constituent neu-
rons. Neurons were sorted by their estimated t value then
categorized them into slow-, medium-, and fast-ramping
groups (Fig. 3C), each consisting of 72 of the 216 neurons.
Neurons in the slow-ramping group have t values greater
than 1.29 s, while neurons in the fast-ramping group have t
values less than 0.74 s. LDA analysis was performed to
decode time using the population activity of each group sep-
arately, as shown in Fig. 3D. The precision of temporal esti-
mation differed between the three groups during 1 s
preceding the go cue [one-way ANOVA test: F(2, 27) = 48.56,
P < 0.001]. Not surprisingly, temporal information was less
precise among neurons with the slowest time constant (aver-
age decoding error = 0.360 s, SD = 0.048 s) than among the
medium-ramping (average decoding error = 0.300 s, SD =
0.028 s) and fast-ramping neurons (average decoding error =
0.197 s, SD = 0.033 s, all Ps < 0.01 with Bonferroni correc-
tion). The difference in temporal resolutions as a function of
ramping time constant is demonstrated in Fig. 3D as the diago-
nal of the LDA matrix becomes narrower and darker with
faster time constants. Even with this difference, temporal in-
formation can be successfully decoded well above chance for
all three subpopulations [3%(992) > 63,137 and all Ps < 0.001).
The results demonstrate that temporal information is present
in the population activity of ALM cortex across a wide range of
timescales, corresponding to the ramping time constants of its
constituent neurons.

Future Movement Direction is Distributed Broadly
across Ramping Timescales

The timescale with which neural activity fluctuates can
determine how it contributes to different functions. For
instance, neurons with longer time constants have previ-
ously been shown to be more involved in maintaining items
in working memory compared with those with shorter time
constants (22, 24). Thus, we evaluated how the temporal het-
erogeneity relates to the encoding of upcoming movements
in the ALM cortex. We first examined the joint distribution
of time constants and trial-type selectivity across individual
ALM neurons. Selectivity was measured as the normalized
difference between the average firing rates estimated at the
delay interval for correct right-lick trials and correct left-lick
trials, as previously defined in the original report of this
dataset (12). Figure 4 shows the marginal distribution of nor-
malized selectivity during the delay interval. As previously
reported by Inagaki et al. (12, 17), ALM neurons show a con-
tinuous distribution of selectivity with a contralateral bias or
right-lick preference (median selectivity = 0.03, interquartile
range = —0.14 to 0.30).

A scatterplot of t as a function of the absolute value of se-
lectivity is shown in Fig. 4B for neurons in the slow-, me-
dium-, and fast-ramping groups. There was no significant
correlation between t and absolute selectivity value (Kendall’s
1= 0.02, P = 0.74). To evaluate the strength of this null find-
ing, we calculated a Bayes factor (BFy; = 18.05) for whether
neurons with varying time constants exhibit similar levels of
trial-type selectivity (null hypothesis) or differ in their selec-
tivity (alternative hypothesis). This value indicates that the
data are 18.05 times more likely under the null hypothesis,
which suggests that information about the direction of
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Figure 3. Population activity in the ALM cortex conveys information about time relative to the Go cue. A: a linear discrimination analysis (LDA) decoder
was trained to classify 100 ms time bins along the 2 s delay interval on the y-axis from the population activity of ramping neurons at different 100 ms time
bins along the 2 s interval on the x-axis. The color gradient corresponds to the log posterior probability (confidence) of the decoder’s predictions. Dark
purple dots mark the location of the maximum log posterior along the y-axis for each time bin on the x-axis. B: decoding error as a function of time within
the delay intervals. The x-axis shows the 100 ms time bins that tile the 2 s long intervals preceding the Go cue. The y-axis shows the average error
between the decoder’s predictions and the actual time in seconds. A linear fit of the decoding error is plotted as a dashed line, showing a decrease in
decoding error as time reaches the end of the delay interval. C: ALM neurons sorted and grouped by 1. The 216 ramping neurons on the y-axis were
sorted by their estimated time constant T on the x-axis. Neurons were divided into three groups with equal numbers of neurons (n = 72 each) corre-
sponding to fast (dark purple dots), medium (light purple dots), and slow (light blue dots) time constants. The values of T on the boundaries marked by
the dashed lines are 0.74 s and 1.29 s. D: time decoded from fast-, medium-, and slow-ramping neurons. Three LDA decoders were exclusively trained
on the population activity of neurons in the slow, medium, and fast groups. The slow-ramping population yielded a light broad diagonal (right). The fast-

ramping population yielded a dark narrow diagonal (/eft). ALM, anterior lateral motor.

upcoming movement is conveyed in the ALM across a
range of timescales, without a strong dependence on the
neurons’ time constants.

Next, we assessed how neurons with different time con-
stants contribute to trial-type encoding at the population
level. To this end, we used cross-temporal decoding (CTD)
to predict the direction of future movement from neural
population activity when decoders are trained and tested
on all possible pairs of time points within the delay period
(19, 21, 22, 25). The results of CTD are displayed in Fig. 4C
as 2-D accuracy matrices for the slow-, medium-, and fast-
ramping groups. Decoding performance for identical
training and testing times are depicted in the diagonal of
each matrix. These diagonal elements estimate the pres-
ence of information in neuronal responses as a function of
time. The off-diagonal elements represent accuracy when
training and testing was performed in different time
points during the delay, thus measuring the similarity in
the neural representation of information across different
time points.
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High accuracy was observed along the diagonal of the ac-
curacy matrix for neurons in the slow-ramping group. This
demonstrates that trial-type information is sustained in the
population activity of these neurons throughout the entire
delay period. In contrast, decoding accuracy for the fast-
ramping group was comparatively lower during the early
half of the delay, then increased to match the performance
levels observed in the slow-ramping group. These results
indicate that neurons with different time constants contrib-
ute to trial-type selective signals at the population level that
emerge with varying latency over the delay period.

Decoding accuracy was uniformly high across the off-diag-
onal elements for the slow-ramping group, demonstrating a
stable representation (26) of trial type that generalizes across
different time points in the delay period. Alternatively, off-
diagonal accuracy decreased in the fast-ramping group as
decoders were trained and tested in distal time points (con-
tours lines in Fig. 4C). This decrease in performance implies
a dynamic representation (20), whereby activity patterns
that distinguish trial conditions gradually evolve at the
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Figure 4. Population activity in the ALM carries stable and dynamic information about trial types. A: trial type selectivity is distributed across ALM neu-
rons. A positive selectivity score means firing rate is higher in right-lick than left-lick trials. Negative values indicate the opposite. Values close to zero
indicate lack of selectivity. Selectivity was estimated for the delay period of correct trials only. B: scatterplot of selectivity and time constants. Information
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shows the estimated (t) values. Each dot represents a neuron colored by their ramping speed. Slow-ramping neurons are light blue dots. Fast-ramping
neurons are dark purple dots. Medium-ramping neurons are light purple dots. C: accuracy matrices for the cross-temporal decoding (CTD) of trial types
using the activity of slow-, medium-, and fast-ramping neurons. LDA classifiers were trained to predict whether animals correctly licked left or right in
each trial, at every possible pair of 100 ms time bins along the 2 s delay interval. Each CTC was exclusively trained on the population activity of one
group. The color gradient corresponds to decoding accuracy (%). The outermost contour line in each matrix indicates where classifiers performed above
chance (P < 0.001, one proportion z-test). The interior contour line highlights further significant increases at P < 0.001 using two proportion z-tests.
Decoding performance for the slow-ramping neurons was consistently high throughout the entire delay interval. Decoding performance for the fast-

ramping neurons increased smoothly and peaked around the Go cue. ALM, anterior lateral motor.

population level as time passes during the delay. The con-
trast in decoding patterns between slow- and fast-ramping
neurons suggests that temporal heterogeneity might impact
how information about the upcoming movement of the ani-
mal might be conveyed to downstream neurons.

Downward Ramping Neurons

As previously reported by Inagaki et al. (12), some neurons
in the ALM cortex showed a downward ramping of activity
from baseline firing rate (n = 214 of the 516 delay-active py-
ramidal neurons). The ex-Gaussian model provided a poorer
fit to the firing rates of these neurons (Mean R?> = SD =
0.49 +0.25) compared with the upward ramping neurons.
Only 55.14% of the downward ramping neurons had an R?
value greater than 0.5 (Fig. 5B), whereas 71.52% of the
upward ramping neurons surpassed this criterion. The
ramping activity of these neurons showed a more narrow
range of time constant values (median = 1.50 s, interquartile
range = 1.25 to 1.92 s) than those of upward ramping neu-
rons. Like the upward ramping population, the distribution
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of time constant in the downward ramping population was
also skewed (skewness = 1.84) and heavy tailed (kurtosis =
6.06). Population-level decoding of time relative to the delay
interval indicated that downward ramping activity in the
ALM may also carry temporal information at the popula-
tion-level (average decoding error = 0.264 s, SD = 0.030 s;
Fig. 5D).

The activity of downward ramping neurons in this brain
region has previously been reported to exhibit low levels of
selectivity for future movement direction, similar to the ac-
tivity of local interneurons (12). Inagaki et al. (12) suggested
that downward ramping in the ALM may reflect inhibition
by interneurons that integrate inputs from other local py-
ramidal neurons (27). Consistent with this notion, our cross-
temporal decoding of trial types indicated that the popula-
tion-level activity of these downward ramping neurons was
less useful than the upward ramping activity for predicting
whether an animal will lick rightward or leftward following
the delay period (Accuracy range = [50.81-72.58%]; Fig. 5E).
Together, the results suggest that the diversity of ramping
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in the ALM cortex that vary in their response profiles.
Temporal Heterogeneity Spans across Cortical Depths

Cells in different layers of the cortex can vastly differ in
morphological, transcriptomic, and connectivity profiles.
In the ALM cortex, two transcriptionally distinct neural
populations with nearly identical ramping responses have
previously been found in the upper and lower part of layer
5 (16). While information about neuronal types or specific
laminar layers were not present in the data we retrieved,
Inagaki et al. (12, 17) included the recording depth of each
neuron as inferred from manipulator readings. We used
this measurement to evaluate whether the temporal heter-
ogeneity we observed across both upward and downward
ramping neurons are topologically organized along the
cortical depth.

Interestingly, there is strong evidence (BFy; = 19.76) that
variability in ramping time constant do not depend on the
depth of recording site (Kendall’s t = 0.03, P = 0.41). In con-
trast, we find that neurons with deeper recording depths
show slightly higher degrees of selectivity to future lick
direction (Kendall’s t = 0.15, P < 0.01), which is consistent
with previous reports of strong movement encoding in
ALM’s deeper layers (28, 29). These analyses were performed
across neurons pooled from both the upward and downward
ramping population (Supplemental Fig. S2).
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The heterogeneity of neural dynamics in the ALM cortex is
well documented (14, 30-32), but how exactly these dynamics
vary across individual neurons has largely remained unex-
plored. Here, we identified a skewed distribution of ramping
time constants across ALM neurons during movement plan-
ning, reflecting the diverse speeds at which neuronal firing
rates ramped up or down during a delay period preceding the
execution of a planned movement (Figs. 1 and 2). We demon-
strated that slower ramping activities with longer time con-
stants provided coarse-grained predictions about time relative
to the delay, whereas faster ramping activities with shorter
time constants offered finer-scale temporal predictions (Fig. 3).
Furthermore, we showed that the slower ramping activities
provided a stable representation of a movement plan through-
out the delay, while the faster ramping ones supported a more
dynamic representation that gradually emerged as the delay
period neared its end (Fig. 4). Together, these results suggest
that the diverse ensemble of ramping dynamics in the ALM
may provide a temporal basis set for representing motor plans
along a continuum of timescales.

The current results complement other observations of het-
erogeneous ramping dynamics, characterized by a distribu-
tion of time constants, in the medial prefrontal cortex
(mPFC) of gerbils during an interval reproduction task (33)
and in the entorhinal cortex (EC) of monkeys during the free
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viewing of complex images (7). These patterns are consistent
with a multiscale representation of time relative to an antici-
pated future event or a remembered past event. Previous
studies have modeled this principle using the Laplace trans-
form (34-37). Just as the Fourier transform decomposes a
signal into a set of sinusoidal functions with varying fre-
quencies, the real part of the Laplace transform decomposes
a signal into a set of exponential functions with a spectrum
of growth or decay rates. For example, the Laplace transform
of the time remaining until a target deadline yields exponen-
tial curves of the form e-s(T-Y with heterogeneous growth
rates s (i.e., the inverse of exponential time constants),
resembling the heterogeneous upward ramping activities
observed in both the mouse ALM and the gerbil mPFC. In
contrast, the Laplace transform of the time elapsed as a past
event produces exponential curves with a spectrum of decay
rates, mirroring the diverse relaxation rates observed in both
the gerbil mPFC and the monkey EC. Our findings add to a
growing body of work indicating that the Laplace transform
may serve as a general coding scheme in the brain for repre-
senting continuous timelines to support efficient and adapt-
ive behavior (6, 7, 33, 38—-41).

A signal that evolves monotonically over a set interval
inherently holds information about the passage of time, as its
progression reflects how much time has elapsed or remains
within that interval. By adjusting the speed of that signal, one
effectively shifts the timescale at which temporal progression
is encoded. Indeed, ramping activity in the primate cortex has
been shown to accelerate or decelerate in tasks requiring
adaptive adjustments to decision hastiness (42) or movement
timing (43). This suggests that a single adjustable ramping sig-
nal can offer a sufficient mechanism for flexibly tracking tem-
poral progression across varying timescales. So, what might be
the functional implications of temporal heterogeneity within
an ensemble of ramping activities?

The diversity of timescales in neural responses across the
cortex reflects the time window over which different cortical
areas integrate information and contribute to behavioral
functions (44-47). Within each area, neurons can vary in
their upstream inputs and downstream projections (16, 48),
forming a distribution of pathways that support diverse
functions operating on different timescales (22, 29, 49-51).
Thus, slow-ramping dynamics in the ALM cortex may sup-
port the maintenance of an ongoing plan in short-term
memory (12, 17), while fast-ramping activities may reflect a
dynamic gating mechanism that increases the urgency to
commit to the plan as the deadline approaches (14). The
graded nature of this variability across neurons may reflect
a more fundamental feature of neural systems (52-54).
Indeed, continuous variation in neural response patterns
appears to be conserved across a wide range of species (55,
56). Such heterogeneity has been suggested to balance effi-
ciency in neuronal encoding with resilience in population
dynamics against noise and varying demands (55). One
study specifically demonstrated that spiking neural network
models with heterogeneous membrane time constants,
which follow a heavy-tailed distribution, learn and general-
ize better across various situations while requiring fewer
neurons and synapses than homogeneous networks (57).

The mechanisms responsible for generating and shaping
the temporal heterogeneity we observed remain an open
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question. Evidence from previous studies suggests that mo-
lecular heterogeneity, which affects cellular and synaptic
processes, can contribute to temporal heterogeneity in neu-
ronal responses. For example, the graded expression of exci-
tatory mGIuR1 and inhibitory mGluR2/3 pathways among
cerebellar unipolar brush cells has been shown to correlate
with continuous variations in their temporal response pro-
files (58). In the human cortex, gene expression patterns
related to transmembrane ion transporters, as well as NMDA
and GABA receptors, have been shown to overlap with the
gradient of neural timescales estimated from intracranial
recordings (59). These findings indicate that molecular
mechanisms may shape temporal diversity both within local
populations of neurons and more broadly across different
cortical areas.

Other studies have proposed network-level mechanisms
for generating temporal heterogeneity in neural responses.
In network models where units are arranged in a feedfor-
ward chain, temporally diverse dynamics have been shown
to emerge from a combination of randomness in connection
strengths and either a gradient in the strength of local recur-
rent connections or a gradient in feedforward and feedback
connectivity along the chain (60, 61). The incorporation of
anatomical constraints into a feedforward chain model fur-
ther revealed the importance of shorter membrane time con-
stants and steeper gain functions in inhibitory neurons, the
gating of long-range excitatory inputs between cortical areas
by local inhibition within each area, and the gradient in syn-
aptic excitation across areas (62). More recently, Stern et al.
(63) proposed a network model composed of local neuronal
assemblies, where larger assemblies display stronger recur-
rent dynamics that sustain longer-lasting activity. In this
model, a lognormal distribution of assembly sizes was shown
to generate a heavy-tailed distribution of activity timescales.
The presence of recurrent connectivity, along with external
ramping inputs, has been shown to be required for a neural
network model to replicate the heterogeneous firing rates of
ALM neurons and their responses to optogenetic perturba-
tions (14). Together, these past findings point to a gradient in
recurrent connectivity as a possible basis for temporally het-
erogeneous dynamics in the ALM cortex.

The causal contributions of temporal heterogeneity to
ongoing network dynamics and behavior remain unknown
and are beyond the scope of this study. To address this,
future experiments will need to use single-cell resolution
perturbations (64). For example, a recent study used an all-
optical approach to selectively stimulate hippocampal neu-
rons based on their spatial tuning properties (65). This pro-
vided direct evidence for the causal role of place cells in
navigation, decades after their initial discovery (66). A simi-
lar strategy could be used to selectively target neurons based
on their temporal response profiles. Nevertheless, our find-
ings place the ALM cortex on a long list of brain areas that
display a skewed distribution of time constants. In the ALM,
this diversity spanned neurons with upward- and down-
ward-ramping responses, from different cortical depths, and
with varying degrees of selectivity to future lick direction.
From the perspective of a downstream neuron, incoming sig-
nals from the ALM cortex can provide distinct information
about the direction of an upcoming movement and the
remaining time until its execution.
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DATA AVAILABILITY

The data and basic preprocessing code used in this article was
retrieved from an open-source data repository called CRCNS
through this URL: https://crcns.org/data-sets/motor-cortex/alm-5/
about-alm-5 (12, 17). Basic scripts used for analysis and plotting
can be accessed from the GitHub repository: https://github.com/
roaffan/temporal-heterogeneity-ramping. The code used for the
alternative approach to estimating neural time constant is publicly
available as a Python package in this repository: https://github.
com/roxana-zeraati/abcTau (23).

SUPPLEMENTAL MATERIAL

Supplemental Figs. S1 and S2: https://doi.org/10.6084/m9.
figshare.c.7524384.v1.
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