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SUMMARY

How do neural codes adjust to track time across a range of resolutions, from milliseconds to
multi-seconds, as a function of the temporal frequency at which events occur? To address this
question, we studied time-modulated cells in the striatum and the hippocampus, while
macaques categorized three nested intervals within the sub-second or the supra-second range
(up to 1s, 2s, 4s or 8s), thereby modifying the temporal resolution needed to solve the task.
Time-modulated cells carried more information for intervals with explicit timing demand, than
for any other interval. The striatum, particularly the caudate, supported the most accurate
temporal prediction throughout all time ranges. Strikingly, its temporal readout adjusted non-
linearly to the time range, suggesting that the striatal resolution shifted from precise
millisecond to coarse multi-second range as a function of demand. This is in line with monkey’s
behavioural latencies which indicated they tracked time until two seconds, but employed a
coarse categorization strategy for durations beyond. By contrast, the hippocampus
discriminated only the beginning from the end of intervals regardless of the range. We
propose that the hippocampus may provide an overall poor signal marking an event’s
beginning, whereas the striatum optimizes neural resources to process time throughout an

interval adapting to the ongoing timing necessity.

Keywords: Ongoing timing; Neural population dynamics; Temporal range adaptation;

Striatum; Hippocampus
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INTRODUCTION

We manage time differently depending on pressure, unaware of the passage of time when
preparing for a distant event or attentive to time when this event is close. How does the brain
track time when subjected to different timing necessities? Although involved in different
cognitive functions, such as actions and habits on the one hand, episodic memory and
navigation on the other hand, both the striatum and the hippocampus display time-modulated
neural activity® 2 3. Similar neural patterns in the striatum and hippocampus were described
when animals tracked a duration * 4 > © 7. However, it is unknown whether and how both
regions contingently adapt neural codes to track serial durations in ranges from the
milliseconds to multi-seconds. To address this question, we analyzed neural activity in both
regions in rhesus macaques performing a novel time-categorization task. Animals categorized
three ongoing continuous durations, with two (short, intermediate) nested in the longer one,
at the millisecond (up to 1s) or multi-second range (up to 2, 4 or 8s). The task therefore
introduced different timing necessities through high to low temporal densities, with
categorizations required at the level of the millisecond or the second depending on the sub-
second, second or supra-second ranges. To ensure that the animal focused on potential time
signals per se, the task did not rely on evaluation of the duration of a visual or auditory
stimulation, nor of motor production, but response choices depended solely on the estimation
of elapsed time since a brief cue. Our results identify for the first-time important differences
in the time-modulated populational activity between the striatum and the hippocampus. We
show that the striatum provides a stronger signal adjusting the precision of the time read-out
from narrow to broad as a function of timing necessity, whereas the hippocampus only
provides a poor time read-out at all time ranges. These results show how the brain adjusts

neural resources differentially to time demands within different circuits.
RESULTS
Better performance for higher temporal demand

We recorded single-unit activity in the striatum and the hippocampus while two rhesus
macaques performed a novel time-categorization task based on cumulative elapsed time,
nesting two successive durations (short: 1/4, intermediate: 1/2) into a longer one (1/1, Figure
1A, STAR Methods). Monkeys were tested on different ranges, with the long duration ranging

from 1 to 8 seconds on different blocks, thereby producing high-to-low density of stimuli

2
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expectation within a single second across different time ranges (Figure 1B). Both monkeys
categorized the three intervals well above chance (0.33) at all ranges (Figure 1C,
X%(6)=3.3194e4, p<0.0001 for Monkey#1; x?(6)=2.6883e4, p<0.0001 for Monkey#2).
Behavioural accuracy was globally higher at the sub-second (set 1s-long) and second (set 2s-
long) ranges, followed by supra-second ranges: sets 4s-long and 8s-long. Within sets, the long
interval was better discriminated at all ranges, except for the sub-second range, in which the
short interval was better discriminated (Figure 1C, STAR Methods). Thus, monkeys performed
the task well from sub-second to supra-second ranges, but there was a range-dependent
decrease of performance, and potentially an effect of training history (STAR Methods), as the
set 2s-long was the best categorized for both monkeys. The analysis of the nature of errors
illustrates that animals were more likely to categorize an intermediate interval as long at
supra-second ranges than at shorter ranges (Figure 1D, 1-way ANOVA F(3,6384)=252.94,
p<0.0001). This latter result suggests that the monkeys' responses were not skewed toward
shorter durations, hence, not driven by a preference for earlier rewards. On the contrary, it
suggests that beyond 2 seconds, animals tended to overestimate time consistent with a
categorical response rather than a time estimation. This goes against the previously
documented effective strategy for motor production tasks, where responses are based on a
prior distribution centered on the mean®. Interestingly, not only was the intermediate
duration overall categorized less accurately, but the nature of the errors revealed
underestimation in the 1s- and 2s-long sets, contrary to what would have been expected if the
animals followed the intervals’ means (0.583s, 1.166s, 2.333s and 4.666s for sets 1s-, 2s-, 4s-
and 8s-long, respectively.). This lower accuracy for intermediate trials suggests that monkeys
performed the task using a categorical rule distinguishing between 'short’, 'intermediate’, and
'long' resembling behaviour in a bisection task where categorization is better for the extreme

values® 10,

Two additional results demonstrated that monkey’s behaviour did not exhibit scalar
property in this task. First, the probability to respond ‘long’ differed between ranges for both
monkeys (Figure 1E, 1-way ANOVA F(3,331)=14.53, p<0.0001 for Monkey#1, F(3,314)=60.89,
p<0.0001, for Monkey#2, STAR Methods). Additionally, the Coefficient of Variation (CV) by
blocks (Figure 1F), differed significantly for both, time range (2-way ANOVA, F(3,1308)=112.71,
p<0.0001, STAR Methods) and interval (F(2,1208)=95.52, p<0.0001). The interaction
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(F(6,1308)=20.13, p<0.0001) shows that CVs for short and intermediate intervals decreased
with time range, while they did not do so for long intervals. Hence, temporal behaviour can
undergo non-scalar adaptations likely driven by the specific task categorization demand.
Second, normalized response latencies (STAR Methods, Figure 1G) were overall shorter at sub-
second and second ranges. Moreover, there was a significant shift in distribution towards
negative values for sub-second and second ranges, suggesting that the animals were better
prepared to respond (at the end of any interval) at these ranges compared to longer ones. In
addition, at short time ranges (less than 2s), responses were faster for the longest intervals,
while at longer ranges (4s, 8s), they were slower for long intervals. As the task does not rely
on the animal’s speed to respond, this likely reflects a lack of motor preparation and a more
passive waiting strategy, instead of active timing, for longer ranges. It could also reflect a
slower decision-making process due to increased task difficulty, in line with the decreased
performance for longer ranges. Importantly, the trial was aborted if any joystick movement
was executed before the end of the interval instead of during the response window. Aborted
trials were rare (less than 1.5% for Monkey#1, and less than 4.5% for Monkey#2), and their
timing was consistent with an anticipation of the longest interval at the sub-second and
second ranges. Therefore, the task likely dissociates evaluation of elapsed time from motor
production providing a new way to assess time processing in rhesus macaques from
milliseconds to multiple seconds. Overall, monkeys’ performances were higher for finer
categorization at the sub-second and second ranges, compared to supra-second ranges, in line

with the hypothesis that temporal processing adjusts to temporal demand.
A strong recruitment of striatal cells that adapts to processing demand over time

To determine whether neurons displayed time-modulated signals, we analysed the spiking
activity of 615 neurons in the caudate, 736 in the putamen and 929 neurons in the
hippocampus (Figure 1H, STAR Methods). Analyses were computed on correct long trials,
because short and intermediate durations were embedded into the longer one. We computed
a time “Information Content”!! (IC, in bit per spike) for the longest interval of each range
partitioned in 100 bins. We defined time-modulated cells (TM cells) as cells for which the IC
computed on actual data was above the 95 percentile of the distribution obtained from 1000
surrogates with permuted spikes (STAR Methods). TM cells (Figure 1l and Figure 2 for

individual examples) were significantly more numerous in the caudate, followed by the
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putamen and the hippocampus across all ranges (x?-test ran on each range, x*(3)=41.05,
p<0.0001, for set 1s-, x*(3)=117.78, p<0.0001, for set 2s-, x*(3)=20.75, p=0.003 for set 4s-,
x%(3)=11.35, p=0.0034 for set 8s-long, Figure 1G left pies). The percentage of TM cells
remained approximatively constant across ranges within regions. There were only modest
differences in the number of TM cells recruited between monkeys (Figure S1A) and the neural
populations of TM cells in each monkey appeared strikingly similar (Figure S1B). To test
whether the proportion of TM cells adapted to time demand, we compared the percentage of
TM cells obtained from a fixed bin size and number (100x10ms) on a fixed interval (i.e. the
first 1s, STAR Methods) across ranges. This method identified TM cells using only the first
second of all possible ranges, the difference being the processing demand as a function of
temporal expectancies during this first second (STAR Methods). The results showed that the
percentage of TM cells identified for the first 1s at the second and multi-second ranges
decreased dramatically in the striatum, compared to the number of cells identified when one
second is the long interval (Figure 1l right pies, x?(2)=63.4434, p<0.0001 in caudate,
x%(2)=21.5167, p<0.0001 in putamen), but not in the hippocampus (x*(2)=5.95, p=0.051). In
sum, while hippocampal activity displays very little time-related changes, striatal activity,
especially in the caudate, is strongly modulated, and further, time within intervals is processed

adaptively relative to time range and temporal expectancies.
A mix of ramping and sequential peaks across brain areas

The nature of neural activity throughout time has been linked to different computational
functions'?2. For example, peak activity can represent precise temporal boundaries® or
expected stimuli'3. Here, we hypothesized that cells peaked near expected events, i.e. the
potential interval ends (red lines in Figure 2). However, visual inspection of activity through
time (Figure 2 for 2s-long interval, and Figure 3A and Figure S1B for population time maps)
revealed a variety of time-modulated patterns that did not specifically fit these expectations.
Via a stepwise regression (STAR Methods), we identified a higher proportion of ramping
neurons in the striatum compared to the hippocampus at all time-ranges (Figure S1C-D). An
ANOVA on the absolute linear terms, confirmed a significant effect of regions: caudate and
putamen exhibiting stepper slopes (i.e. more ramping activity) than hippocampus, but no
effect of time range, nor interaction (Figure S1D, 2-way ANOVA, F(2,677)=36.54, p<0.0001 for

region). In addition, the net changes in firing rate amplitude, computed on 20ms bins across
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sets, differed between brain area (2-way ANOVA, F(2,245.45)=13.45, p<0.0001) and time
range (F(3,677)=19.14, p<0.0001) with no interaction: amplitudes at the sub-second and
second ranges were significantly higher than at the longer ranges. In sum, the TM cells in the
caudate exhibited the highest changes in amplitude, linked with steeper slopes, followed by

the putamen and then the hippocampus.

We then showed that peak activity was not homogeneously distributed within the long
interval in any region at any time range (Figure S1E, STAR Methods). While many TM cells
responded to reward delivery (Figure 2, Figure S1F), we found that it was not indicative of the
peaks’ distribution within the interval (Figure S1G), nor linked to reward valuation or
expectation as a function of interval length. Only a minority of TM cells exhibited distinct
responses to rewards depending on the interval (STAR Methods): 23.6% in the caudate
(n=35/148) and 28.6% in the putamen (n=26/91). Instead, the majority of cells reached
maximal firing rate within the first half of the trial in all the brain regions (Figure S1E),
suggesting that TM cells carried more information during the part of the interval requiring
more time processing demand, rather than relative to the upcoming reward. Finally, we tested
whether “time field” size, known as the width, increased as a function of peak-times as
previously reported® ** 7 15, within and across ranges. Width did not increase within a time
range’ interval (Figure S1E), but increased with the overall size of the interval with increasing
time-ranges (Figure S1H). This suggests an effective neuronal recruitment adjusting “time

field” density to time demand.
Little involvement of striatal TM cells in motor preparation and execution.

In addition to reward evaluation, the striatum is intricately engaged in movement execution
and preparation®® 17 18, |n our task, we found that only a small fraction of neurons displayed
selectivity for a specific movement during execution after the interval’s end (STAR Methods,
Figure S1F, third row): 37.2% of caudate neurons (n=55/148) and 39.6% of putamen neurons

(n=36/91) exhibited exclusive preference for a single movement at the second range.

Then, we asked whether the pattern of neural activity during the interval could be
linked to the movement preparation itself, focusing on TM cells recorded during both the 1s-
long and 2s-long sets in the caudate (n=87) or the putamen (n=38). Our rationale was that, if
neurons prepared for a specific movement, their activity before a motor action (e.g.,
classifying the interval as ‘short’ at sub-second or second ranges) should remain consistent

6
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across different time ranges. In the caudate, 24% of cells (21/87) were not influenced by
movement (Figure S2, top row). Next, 71% of cells (62/87) were modulated by upcoming
movement, but the majority of these (39/62) was also modulated by time range, (Figure S2,
middle row). In the end, only 23 neurons (26.4%) were modulated by upcoming movement
only, without any effect of time range (Figure S2, bottom rows). These neurons may
potentially be candidates for motor preparation rather than explicit time computation.

However, they constitute a minority within the neural population.

In the putamen, following a similar breakout, 26.3% of neurons (10/38) were
unaffected by movement Among the 58% of cells (22/38) influenced by movement, 31%
(12/38) were also modulated by time range. Only 26.3% of neurons (10/38) exhibited a
significant movement, devoid of any time-range impact or interaction. Thus, akin to the
caudate, only a few neurons in the putamen might reflect motor preparation, independent of

time range.

A slow speed but steady progression of a circular neural trajectory in the caudate

The population’s activity in all regions presented dynamic changes over time (Figure 3A). It
was proposed that such neural dynamics constitute distinct states through time?®® 20 21 of a
moment-to-moment trajectory in a neural space. The population’s activity is then represented
in an “n” dimensional space, as a function of n neurons, over the number of time-bins “t”, and
captured through dimension reduction techniques such as principal component analysis
(PCA), represented in Figure 3B, via the projections of the first two principal components (PCs).
Strikingly, the first PCs revealed a circular progression strongly separating neural states
through time in the caudate and putamen, while this is less clear in the hippocampus. To
directly compare neural trajectories across regions and time ranges (Figure S3C,D,G), we
employed a down-sampling method (STAR Methods) computing PCs on equal-sized
subsamples obtained on each iteration. First, we determined that fewer components captured
50% of the variance in the caudate compared to other regions at all time-ranges (Figure S3A).
The lower dimensionality at short time range (less than 5PCs) compared to higher
dimensionality at longer time range (less than 11 PCs) suggested that stronger time
representation (such as at short time range) is associated to a low dimensional space,
confirming previous results?2. Second, using an absolute binning method (STAR Methods), we

computed: a) the distance between the neural state at each time-bin and the centroid of the

7
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trajectory (Figure 3C and S3B,D,F x-axis), and b) the instantaneous Euclidean distances
between two consecutive time-bins (Figure 3C and S3B,D,F, y-axis), referred to as the speed
of the neural trajectory® (STAR Methods). The overall distance was larger in the caudate,
followed by putamen and hippocampus (2-way ANOVA, F(2,2238)=9.8, p=0.0001), and
decreased significantly as time range increased (F(2,2238)=58.35, p<0.0001), with no
interaction between the two factors (Figure S3B-D-F). The average speed was significantly
different 1) between regions, lower for caudate followed by putamen, and then hippocampus
(Figure 3C, 2-way ANOVA, F(2,11988)=45012.44, p<0.0001); and 2) across ranges (Figure 3D),
with an overall higher speed at sub-second range (F(3,11988)=20076.29, p<0.0001)
dominated by smaller speeds in the caudate compared to other regions (F(6,11988)=7903.57,
p<0.0001). In sum, low speed, coupled with a large distance from the centroid, reveals a neural
trajectory occupying a larger area despite small alterations between consecutive time-bins.
To test whether speed displays a scalar adaptation across ranges, we computed a Coefficient
of Variation (CV, STAR Methods). Within each region, the CVs were strikingly different from
sub-second and second ranges to supra-second ranges (Figure 3E, 2-way ANOVA,
F(6,11988)=17.2798, p<0.0001). This suggests that the variation of speed from a time range

to another was not scalar?3.

Finally, to capture the dynamics in the PCs space over time across regions, using a relative
binning method, we computed the angular position of each time-bin with respect to the
centroid (crosses in Figure 3B) and then, calculated the moment-to-moment differences
between the angles obtained for consecutive time-bins (STAR Methods). Figure 3F represents
the distribution of 1000 angles obtained on the subsamples from the 1000 iterations for each
of the 100 time-bins at the second range ( Figure S3C-E-G for other ranges). The moment-to-
moment changes incremented more linearly in the caudate and putamen compared to
hippocampus (2-way ANOVA, F(2,1176)=102.27, p<0.0001, STAR Methods). There was a
significant effect of the range (F(3,1176)=12.72, p<0.0001), but the interaction
(F(6,1176)=9.55, p<0.0001) revealed this was mainly driven by the hippocampus, which
displayed no overall increments at set 1s- and set 8s- compared to set 2s- and 4s-long (Figure
S3). Together with measures of speed and distance in trajectory over time, the results show
that the caudate, followed by the putamen, exhibited dynamics made of large, steady and

continuous changes in moment-by-moment population states through time, without
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exhibiting temporal scaling in speed nor strong changes in geometry across ranges. On the
contrary, the hippocampus exhibited disorganized changes through time. The results suggest
that striatum neural trajectory may better support a continuous time read-out than the

hippocampus.

Neural trajectory analysis reveals non-scalar time encoding in caudate activity

The changes in speed across different time ranges suggest that the trajectory adapts as a
function of time demand, which may occur without changing the overall geometry. We
reasoned that if time is encoded in an absolute way, then, neural trajectories should progress
at the same speed on an absolute scale for different time ranges. On the other hand, if the end
of a trajectory represents a category to reach (e.g. long), the speed would adaptively rescale
in a relative manner. To test these hypotheses, we performed a PCA on the 87 caudate TM cells
activity, concatenating the two time ranges, using a 20ms binning and a bootstrapping method
(STAR Methods). Figure 4A shows the scores obtained at each iteration for each time sample
for 1s-long in purple (top) and for 2s-long in orange (bottom). We considered rescaling (Figure
4B, left) and no rescaling hypotheses (Figure 4B, right), by computing distances between
trajectories according to an absolute or relative sampling (STAR Methods). The linear
regressions of these distances are represented in Figure 4C (dashed lines for the fit average
and shaded areas for standard deviation). The slopes were significantly higher for the absolute
sampling (1-way ANOVA, F(1,1908)=2507.14, p<0.0001) indicating the presence of rescaling.
In addition, 97.7% of the regressions computed on the 1000 absolute samplings were
significant, while this was the case for only 36.13% of the regressions computed on the relative
samplings. In sum, the distances between PCs for 1s and 2s obtained through absolute and
relative samplings matched the relative rescaling prediction (Figure 4C), indicating that the
neural trajectory rescaled time within the interval.

To test the nature of the rescaling, we compared the final positions of the neural
trajectories between ranges (Figure 4D), assuming these wouldn’t differ if the rescaling was
scalar. However, the distribution of the final PC scores differed significantly for PC1 (2-sample
T-Test, T-stat(1953)=-7.8466, p<0.0001) and PC2 (T-stat(1953)=-29.5397, p<0.0001),
suggesting that the final positions did not overlap. However, we then showed that the
distribution of scores of the end of the 1s-long interval did not overlap either with the ones

for the half of the 2s-long interval (PC1 scores, 2-sample T-Test, T-stat(1953)=-115.4932,
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p<0.0001; PC2 scores, T-stat(1953)=95.2070, p<0.0001, Figure 4E), confirming a rescaling
pattern. Therefore, the results indicate that the neural activity of the caudate rescales the
durations between the second and sub-second ranges. Yet, because the final positions did not

overlap, the neural adjustments do not appear to follow “scalar” rules, despite being scalable.
Neural activity supports explicit time processing demand

We compared the strength of time prediction between regions with a decoder based on linear
regression (STAR Methods). First, in any region, only decoding based exclusively on TM cells
was significantly higher than chance (Figure 5A). Next, we asked whether the temporal
organization of neural activity within the timed interval was unique to that specific interval,
or whether it allowed decoding time in another interval. To address this, we trained a model
on the first 800ms of the 2s-long interval (coloured in Figure 5B) and then compared i) the
predictions generated when tested with these 800ms, and ii) the predictions generated when
tested on the 800ms of the inter-trial interval (ITl, in grey in Figure 5B). Decoding was above
chance when tested on the first 800ms of the interval in the striatum only (p=0.0008 for
caudate and p=0.0038 for putamen), but was not significantly different from chance when
tested on the ITI. Thus, the neural organization within the interval was unique to the timed
interval, and could not support time decoding during the ITl. We then asked whether TM cells
activity could support time decoding for other periods (STAR Methods). TM cells identified
during the timed interval did not support time decoding for another interval (Figure S4A).
However, in theory, another interval could be timed by a different subpopulation of neurons.
Thus, we identified TM cells during the ITI (instead of the timed interval, STAR Methods). We
found fewer TM cells during the ITI than during the timed interval: 34 neurons in the caudate
(7.38%), 51 (8.89%) in the putamen and 51 in the hippocampus (6.74%). We used these
neurons to test the decoding during the ITI (Figure S4B), assuming that they were more likely
to decode time during ITI than TM cells defined during the timed interval. Strikingly, time of
the ITI could not be predicted above chance with these populations (p=0.146 in caudate,
p=0.0922 in putamen, p=0.2729 in hippocampus). In sum, the key finding is that the striatum
and the hippocampus did not support time per se, but rather only time within the temporal

window needed to solve the task.

10
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A time prediction in the striatum maintained across multiple time ranges

To test whether the strength of time prediction varied across time ranges, we down-sampled
neural populations to enable a comparison across regions (Figure 5C, STAR Methods). By
comparing regressions obtained at each iteration (top insets in Figure 5C), we found that
decoding based on both striatal regions performed above chance at all time-ranges, unlike
hippocampal-based decoding (p=0.0008, p=0.0022, p=0.0248 and p=0.0078 for caudate,
respectively at sets 1s-, 2s-, 4s- and 8s-long and p=0.0028, p=0.0216, p=0.0054 and p=0.0472
for putamen). Further, the distances of the predicted time to the real time at each time-bin
and across time ranges, (bottom insets in Figure 5C) revealed better time prediction in the
caudate compared to the putamen, while hippocampal-based prediction was very poor (2 way
ANOVA, F(2,1188)=96.83, p<0.0001). Across time ranges, striatal-based decoding
performances decreased only at supra-second ranges (F(3,1188)=6.27, p=0.0003). The
interaction (F(6,1188)=3.75, p=0.001) revealed that caudate-based predictions were better
than putamen’s, specifically at the longer range. Overall, the results underscore the higher

suitability of caudate neural activity to predict time over putamen and hippocampus.

Discriminability between two time-points adapts to processing demand from milliseconds

to supra-second ranges

The regression-based analysis assesses overall strength of temporal prediction but doesn't
characterize the precision of the moment-to-moment discrimination within the interval. Hence,
to characterize the temporal resolution, we used Support Vector Machine (SVM)-based
decoding on each possible pair of time-bins within an interval (STAR Methods). Figure 6A
shows the results as a time-by-time matrix, where each pixel is the discrimination probability
(accuracy) between two time-points of the interval, tn and tm. First, average accuracy (Figure
6B) was higher in the caudate, followed by the putamen, then the hippocampus (2-way
ANOVA, F(2,59388)=5876.61, p<0.0001). Across time ranges, accuracy was slightly better in
the well-trained second range interval than at sub-second range, but decreased strongly for
longer intervals (F(3,59388)=3517.73, p<0.0001). The significant interaction
(F(6,59388)=399.83, p<0.0001) indicates a faster decrease of accuracy beyond the second

range in the caudate, than in putamen.
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Next, to test whether changes in decoding accuracy within the interval were indicative
of categorical representations (short, intermediate or long), we conducted an unsupervised
clustering analysis (K-means analysis) on the time-by-time decoding accuracy. The clusters
obtained did not correspond to distinct time intervals, and their number (Figure S5A) far
exceeded the actual number of expected events (i.e. 3) in any region. Rather, the number of
clusters was inversely proportionate to decoding accuracy, with fewer clusters observed in
the striatum compared to the hippocampus. This observation reflects a lower time-by-time

variability in the striatum.

To quantify decoding accuracy for each time-bin, we calculated its discriminability
score (ranging 0 to 99,STAR Methods, Figure 6C). In the striatum, discriminability scores were
overall higher than chance during the whole interval. Within short intervals, discriminability
scores were maintained at a very high level throughout, as indicated by the null or close to
zero slopes at sub-second range (B1=-0.0172, p=0.3361 for caudate; f1=-0.0973, p<0.0001 for
putamen), or at the second range (B1=-0.0727, p<0.0001 for caudate; f1=0.0164, p=0.1786 for
putamen). This contrasted strongly with the steep decrease observed for longer intervals (at
4s-long, B1=-0.5416, p<0.0001; B1=-0.2964, p<0.0001, respectively for caudate and putamen;
and B1=-0.3452, p<0.0001; B1=-0.4905, p<0.0001 at 8s-long). This suggests that in the striatum,
unlike a categorical representation, time is continuously represented with the same strength
within the interval throughout short time ranges, whereas at longer time ranges, the
beginning is better discriminated from the rest of the interval. In the hippocampus,
discriminability was maintained above chance for the entire interval only at the second range
(the time range used for training, B1=-0.2923, p<0.0001). At the sub-second range, only the
very end of the interval was discriminated from the rest of the interval (f1=0.3841, p<0001),
whereas at longer ranges, discriminability was higher at the beginning of the interval and
decreased steeply with time, as indicated by the strong negative slopes ($1=-0.3561, p<0.0001;
and B1=-0.3871, p<0.0001 respectively for 4s-long and 8s-long ranges). This pattern illustrates
a coarse temporal discrimination in the hippocampus at sub-second and supra-second ranges,
which only discriminates beginning from end of intervals. In all regions, the steep decrease in
discriminability score within the interval at long ranges suggests a temporal adaptation that

was not scalar, as the accuracies were not equally distributed across time-ranges. These
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results also align with the observation that temporal prediction decreased for longer time

ranges (Figure 5C).

Next, we examined the temporal resolution of the decoding within and across ranges,
defined as the distance ti-t;, where t; is the closest time-bin from which t; is decoded above
chance (STAR Methods). A small to large distance reflects variation from fine to coarse
temporal resolution, and can be intuitively perceived along the narrow to wide diagonals in
Figure 6A. Overall, the resolution was narrower in the caudate and putamen than in the
hippocampus (2-way ANOVA, F(2,1188)=80.82, p<0.0001), and widened with increased
durations (F(3,1188)=149.37, p<0.0001). The post-hoc analysis following the significant
interaction (F(6,1188)=7.76, p<0.0001) showed a difference between caudate and putamen
at the 4s-long range only. Further, the caudate and putamen temporal resolution did not
change from sub-second to second range, but widened significantly at supra-second ranges.
An analysis of breaking points allowed excluding that temporal resolution adjusted in a step-
wise fashion to anticipated events. We found more breaking points for the putamen and the
hippocampus than for the caudate, but did not observe any evidence that these changes
occurred at the expected events during the interval (1/4, 1/2 and 1) in any region (Figure S5B).
Taken together, the results suggest that the temporal resolution for time was not categorical
within an interval, and adapted to temporal demand across ranges, with a high resolution at
sub-second and second ranges compared to a lower one at supra-second ranges. This
adaptation did not appear to be scalar, as the resolution at different ranges differed when

represented in a relative scale (Figure 6C).
The neural encoding of 1s is contextually adapted across ranges

Here, we compared decoding accuracy for the first 1s of the timed interval depending on the
time range at which the animal performed. Importantly, while the cue onset was the same,
the task relevant durations differed between ranges. We hypothesized that the decoding
resolution adapted to the time processing demand and expected events (e.g. possible endings
of trials at 0.25 or 0.5 for the set 1s-long, whereas no event was expected before 2s during set
8s-long). Therefore, we performed the pairwise decoding on the first 1s of the second- and
supra-second ranges using the neurons defined as TM cells for this specific duration (Figure
11, right pies). The first 1s was better decoded at sub-second and second ranges compared to

supra-second ranges (Figure S5C, F(3,59388)=3094.3, p<0.0001) and caudate population
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based decoding accuracy was above the other ones (F(2,59388)=2491.44, p<0.0001). The
interaction (F(6,59388)=881.48, p<0.0001) confirmed the better decoding accuracy achieved
by the striatum, mixed with lower decoding at supra-second ranges. Significant time decoding
for the first second in the hippocampus was nearly absent at all ranges. In sum, in the striatum

only, temporal accuracy was finely adapted to time demand.

DISCUSSION

By recording neural activity while non-human primates successfully categorize elapsed-time
(Figure 1), we demonstrated distinct neural dynamics between striatum and hippocampus
despite the presence of "time cells" in both regions (Figure 2). Hippocampus activity poorly
signalled elapsed time. In contrast, many cells in the striatum were recruited by the task
(Figure 11). Striatal neural trajectory displayed a constant progression through time (Figure 3)
which supported temporal prediction at all ranges (Figure 5C). The neural trajectories (Figure
3) and population-based temporal decoding adapted to the contextual time demand (Figure
5B, S4, S5C), yet in a non-scalar fashion (Figure 3E, 4). Specifically, the temporal resolution
adjusted from milliseconds at the shorter ranges, to coarser multi-second resolution at supra-
second ranges (Figure 6). In contrast, the hippocampus poorly represented moments by
discriminating interval beginning from ending. The present evidence for differential
adaptation for time in the striatum and the hippocampus, is a major cornerstone to
understand how the brain adjusts neural resources to meet temporal demand within distinct

circuits.
Neural tracking of time is selective to intervals requiring explicit timing.

Our study is the first to report accurate estimation of elapsed time below 2s and up to 8s in
macaques, in a task that, unlike others, is not based on a timed motor production?* 2> or on a
stimulus duration discrimination?®. Striatal activity supported time representation specifically
for the temporal window relevant to the task (i.e. the timed interval). This is seen in successful
decoding from TM cells identified during timed interval only (Figure 5A) and not during
intervals irrelevant to the task, such as the ITI (Figure 5B, S4), nor during the first second of
longer durations (Figure S5C)., Such epoch specificity was also present in the hippocampus,
despite poorer time decoding (Figure 5A). Therefore, time signals in both regions do not

indicate elapsed time in general (time per se), but rather are recruited for explicit timing during
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the temporal window relevant to the task. This suggests a cognitive control during time

tracking exerted on both regions.
Striatal neural dynamics more suitable to temporal read-out than hippocampal dynamics.

We expected striatum activity to support temporal decoding?’ > 22 7 19 |n the
hippocampus, “time cells” encoded sequence order at short time range??, or specific moments
in longer periods3® !, However, a direct comparison of time read-out based on striatal and
hippocampal dynamics has never been reported. Further, whether neural activity in each
region provided discrete encoding of multiple serial durations or a continuous representation
of time was unknown. Here, we reveal large differences between these regions. While
ramping cells were almost absent in the hippocampus, a mix of ramping and peak neurons
was recruited in the striatum. The latter provided progressive and steady changes in neural
trajectory through time (Figure 3F, S3), in line with results linking ramping activity with
timing?2 3! and showing that highly distributed sequential peaks supports better time read out
in rodent’s striatum® 28, The idea that explicit timing is encoded within low-dimensional
manifolds has been proposed3? 22, Given the low number of PC explaining variance in the
caudate, we speculate that this area offers the most suitable neural foundation for timing in
this task, particularly excelling at shorter time intervals. Overall, our findings suggest that the
striatum provides a continuous -not categorical- representation of time, despite the

previously documented role of the putamen in sequential stimulus categorization33 34,

Further, associated to the large striatal neural trajectories, population-based
predictions were above chance up to 8s (Figure 5C) and overall higher in the caudate
compared to the putamen, introducing herein a distinction within striatal territories, likely
based on input3> 36 37 or specific functional organization within the cortico-striatal loops32.
Indeed, compared to the putamen, the caudate has a stronger connectivity with dorsolateral
and ventro-medial prefrontal cortex, orbito-frontal cortex and dorso-anterior cingulate

cortex!® 3%, These brain regions are known to be involved in working memory?° 4

, sequence
learning®?, reward sequences*® and reward discounting®* #°, which are cognitive functions
heavily relying on precise time representation. Therefore, stronger timing signal may stem
from the caudate’s connectivity with these prefrontal regions. In contrast, the putamen is
involved in motor-execution!’, motor-selection and habit learning®®, consistent with the

regions’ main inputs and outputs with motor area 4% 37 48, Thus, unlike the caudate, the
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putamen is more suitable to support the execution of context-adapted movements?*® > 31,
Previous studies showed that inactivation of the caudate, but not the putamen, increased
impulsivity>?. Nonetheless, the functional distinction between the caudate and putamen
remains contentious'®. Surprisingly few studies compared neural activity in these regions,

making our study an important step toward understanding their functional differences.

Starkly contrasting with striatum, disorganized hippocampal neural trajectories (Figure 3, S3)
failed to support temporal prediction above chance. This is surprising considering the
literature reporting high sequentiality provided by hippocampal “time cells” >3 >* 3>, We also
report “time cells”, but the nature of hippocampal TM-based decoding, discriminating

Ill

beginning from end of intervals, echoed the entorhinal “relaxation” cells, allowing higher
temporal prediction for the beginning of an interval®®. More broadly, our findings suggest that
internally-generated sequences poorly support time representation in the absence of visual®’

29 sensory-motor? >2 30 or social components®°.
Behaviour and neural activity adapt as a function of timing necessity

Do timing behaviour and time-modulated neural signals adapt in parallel to time demand?
Animals transferred the time-based rule from one time range to another, suggesting that
monkeys represented classes of relative durations within and across ranges (Figure 1C).
However, monkeys transferred the rule better from the second to the sub-second range,
compared to the supra-second ranges. The nature of errors suggested a subjective timing in
which the internal clock’s pace speeds up for longer time ranges, leading to overestimations
of longer intervals (Figure 1D). Alternatively, time is less finely tracked beyond 2s, leading to
threshold-based categorization (i.e. long once 2s is passed). Accordingly, response latencies
indicated higher anticipation for intervals ending under 2s, at any time range, even when 2s
was the longest interval (Figure 1G). In sum, the results suggest a non-scalar adaptation across
time ranges (Figure 1E-F) supported by a transition in timing strategy from fine tracking for
high temporal demand at shorter ranges, to coarse categorization at supra-second ranges.
Neural activity in the striatum appeared to follow a parallel pattern. The read-out accuracy of
striatal neurons adapts to temporal demand, high at short ranges and low at long ones (Figure
S5C), by adjusting its temporal resolution in a non-scalar way (Figure 6). An analysis of the
moment-to-moment changes in caudate neurons recorded across two time ranges (Figure 4),
confirmed that the ratio of the change in speed of neural trajectory was not scalar. By contrast,
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the hippocampus exhibited a poor and coarse representation of ongoing time, as illustrated
by the low number of cells displaying time-related properties. This representation of time was
stronger at the second range, likely because the animals were trained at this range, thus

implying the hippocampus may be recruited for well-known durations?.

The results showing a “non-invariant” adaptation in the striatum contrasts with studies
showing scalar rescaling on seconds-to-minutes fixed-interval timing in rodents®® 7, or scalar
trajectories adaptation for timed movement in macaques prefrontal cortex and caudate® or
in medial premotor cortices®?. Our findings also contrast with the striatal-beat frequency
model, which proposes that the striatum reads out multiple pacemakers®? 3 and provides a
precise and time-range invariant interval timing®. Several differences may explain the
contradictions. First, in fixed-interval® 7, bisection tasks® ®, and motor-production®  or -
reproduction3! tasks, when a trial starts, only one duration has to be estimated or produced.
This is unlike our task, in which three nested intervals must be discriminated thereby varying
event’s temporal frequency and required timing precision. Thus, scalar scalability may be
relevant to the anticipation of a single event, but less for multiple events within a short
temporal window. Second, unlike previous neurophysiological studies of timing in animals,
our task dissociated temporal estimation from motor production, as the motor response had
to be performed after the timed interval had elapsed. Furthermore, our three nested interval
task hasinherent complexity which likely increased processing demand. Therefore, we suggest
that scalar scalability may break down when the subjects process temporal expectancies of

multiple successive events for which neural activity reflects the temporal density.

In sum, our results suggest that striatal neural time tracking adapted to timing
necessity, while, hippocampal neural time remained more invariant. The striatum’s range
adaptation may be limited by biological constraints restricting short-term plasticity within the
cortico-striatal network®’. This may reduce the delay allowing associating the neural sequence
recruited at the beginning of the interval and the feedback received at the end of the interval.
We suggest that feedback at short or long delays provides an intrinsic way to flexibly modify

neuronal resources as a function of time demand, across various ranges.
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FIGURE LEGENDS

Figure 1. Ongoing time categorization task and striatal and hippocampal neuronal

population.

A. The ongoing time categorization task. A trial started when a white square (cue) was briefly
presented on the screen (200ms), marking the beginning of the duration to be timed, and
ended when three blue squares (responses targets) appeared at the bottom, left and top of
the screen (Figure 1A). Depending on the elapsed time (interval), the monkey used a joystick
to move a pointer to the bottom square for short, to the left one for intermediate, or to the
top one for long (respectively 0.5, 1 and 2s). Movements performed too early resulted in
aborted trials. If the response was correct, the monkey was rewarded with a drop of juice.
The inter-trial interval (800ms) started once the monkey moved back the joystick to the centre
of the screen. B. Sets of intervals tested across time-ranges. Length of the durations at sub-
second (0.25-0.5-1s), second (0.5-1-2s), supra-second-1 (1-2-4s) and supra-second-2 (2-4-8s)
ranges. C. Behavioural categorization of intervals across sets. Proportion of correct responses
for short, intermediate and long intervals across sets for Monkey#1 (M#1, left panel) and
Monkey#2 (M#2, right panel). Effects of time range and intervals were tested with a general-
linear mixed-model (GLMM), showing a significant effect of time range (F(3,74232)=637.35,
p<0.0001), interval (F(2,74232)=762.53, p<0.0001) and interaction (F(6,74232)=151.53,
p<0.0001). D. Nature of errors for intermediate trials across sets. The left values indicate
underestimations and the right values indicate overestimations. From top to bottom,
intermediate trials at sub-second, second, supra-second-1, supra-second-2 ranges. E.
Psychometric curves across ranges. Probability to respond long (p(long response), y-axis) after
short, intermediate and long intervals (x-axis) depending on the time range (coloured lines).
Results for Monkey#1 are shown by solid lines and for Monkey#2 by dashed lines. F.
Behavioural Coefficient of Variation. Coefficient of Variation (CV, y-axis) displayed for short,
intermediate and long intervals (x-axis) as a function of time-range (colours) for both monkeys
separately. Each dot (circle or square respectively for Monkey#1 and Monkey#2) represents a
block of behavioural performance. Averaged CVs and +/-1 standard deviation for both
monkeys’ performance merged are shown with black diamonds and lines. Colour code is the

same as in E. G. Response time density for each interval across sets. Response time
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normalized to mean motor response (STAR Methods) for Monkey#1 (top row) and Monkey#2
(bottom row). A linear mixed-model (LMM) shows an effect of time range
(F(3,61185)=1.2962¢€3, p<0.0001), interval (F(2,61185)=549.9881; p<0.0001), and a significant
interaction (F(6,61185)=700.19, p<0.0001). H. Recording sites. Recording sites in both
monkeys: blue dots for caudate, green dots for putamen and red dots for hippocampus.
Hippocampus coordinates of both monkeys are aligned to the inter-aural, striatal coordinates
are aligned to the anterior commissure. I. Percentage of Time-Modulated cells. Sets are
displayed in rows, brain regions in columns. In each column, the left pie represents the
percentage of TM cells obtained during the long interval of the set. The right pie represents
the percentage of TM cells obtained for the first second only when it was taken from the long

interval.
Figure 2. Time-Modulated single cell examples during the second range set.

From left to right columns, raster histograms of spikes recorded in the caudate, putamen and
hippocampus with the superposed average activity (lines). Left panels show the activity during
baseline, the cue, and the long interval, aligned at 0, the offset of the cue. The possible short
and intermediate intervals are marked by red lines. Right panels show the neural activity
aligned to the reward delivery (black line), with -300ms corresponding to movement. All trials,
short, intermediate and long, are displayed, respectively indicated with light grey, dark grey

and black. Per each cell, we indicate its bit/spike score and its p-value in parenthesis. See also

Figures S1 & S2.

Figure 3. Population changes through time across regions at set 2s-long.

A. From left to right, neuronal population of TM cells recorded in the caudate (left), putamen
(middle), and hippocampus (right). Activity is z-scored. Neurons are sorted as a function of
their linear term computed during the stepwise regression analysis. Superposed on the
population maps, solid line and dotted lines show average z-score and standard-deviation.
Time of expected interval ends are indicated with white vertical lines. B. Population activity
over time (set 2s-long) projected onto the first two Principal Components for the caudate (left),
putamen (middle), and hippocampus (right). Each coordinate is the score of each principal

component at time t; to tioo. The time of expected interval ends are indicated for short (S),
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intermediate (1) and long (L) intervals. The centroid of the distribution is represented with a
cross. C. Average speed (y-axis) of the neural trajectories during the 2s-long interval, obtained
with the first 11 PCs, from each iteration, with the down-sampling method (i=1000) plotted
against the average distance to the centroid of the same trajectories (x-axis). E. Average speed
(y-axis) of the neural trajectories obtained from each iteration (i=1000) for each brain region
across sets (x-axis). F. CV (y-axis) of the neural trajectories obtained from each iteration
(i=1000) for each brain region across sets. D. Distribution of angular positions computed from
each iteration (i=1000) at each time-point. White circles indicate the angle obtained with the
highest probability (best angle) for the 1000 iterations, for each time-point. Time of expected

interval ends are indicated with white vertical lines as in A. See also Figure S3.

Figure 4. Non-scalar scalability in caudate between sub-second and second ranges.

A. Neural trajectory of caudate neurons during sets 1s-long (purple) and 2s-long (orange)
represented by PC1 (x-axis) and PC2 (y-axis) scores obtained from 20ms-bins. Each dot
represents the scores for a time-bin obtained on one of 1000 iterations from the down-
sampled data. Solid lines show the averaged trajectory. Circled point, cross and asterisk show
respectively the short (1/4), the intermediate (1/2) and long interval. B. Hypothesis space to
interpret the overall geometry of neural trajectories as a function of rescaling. The distance
between neural trajectories across time is plotted according to absolute (in black) and relative
sampling (in grey). For absolute sampling, we use all the bins of 1s-long interval and only the
first half of 2s-long one. For relative sampling, all time bins of set 1s-long are included but only
every odd sample of set 2s-long are included. Plotting distances between neural trajectories
according to relative sampling should result in a flat line if the trajectories rescale
proportionally (third row, left panel, grey line on the bottom left), or on the contrary as a
gradual increase if the trajectories do not rescale proportionally (third row, right panel, grey
on the bottom right plot). The inverse relationship can be derived for absolute sampling (Third
row, black lines). C. Top panel. Distances between trajectories for absolute (black) and relative
(grey) sampling computed on each one of the 1000 iterations. Bottom left. Distribution of the
slopes obtained for the relative sampling (Br). Bottom right. Distribution of the slopes obtained
for the absolute sampling (Ba). D. Distribution of the PC1 scores (top) and PC2 scores (bottom)

from the 1000 iterations for set 2s-long (orange) and set 1s-long (purple) at the final point of
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the trajectories (asterisks in A) for a relative comparison, end to end. E. Distribution of the PC1
scores (top) and PC2 scores (bottom) from the 1000 iterations for set 2s-long (orange) and set
1s-long (purple) at the final point of the trajectories of set 1s-long (asterisks in A, top row) and
the half of the interval of set 2s-long (cross in B, bottom row) for an absolute comparison, 1s

interval between ranges.

Figure 5. Population decoding as a function of time.

A. Multiclass decoding during 2s-long interval for the caudate (left), putamen (middle) and
hippocampus (right). Decoding of predicted time (y-axis) as a function of real time (x-axis).
Decoding performance on TM cells (coloured line) is represented against decoding
performance on other cells (dotted black line). Chance value is shown with light grey shade.
Possible interval ends are indicated by light grey (short) and dark grey (long) dashed lines.
Bottom right panel insets: Slopes distribution obtained from the 5000 decoding outputs for
TM cells versus other cells. TM cells slopes distributions were higher than other cells slopes
distribution for any region (n=5000, 2-samples T-test, for all regions, T(9998)=68.64 for
caudate, T-stat=61.7118 for putamen, T-stat=52.9489 for hippocampus, p<0.0001 for all brain
regions). Chance level (95" percentile of the distribution) is represented in dashed lines.
Distributions of TM cells slopes were different from chance (p=0, p=0.001 and p=0.049,
respectively for caudate, putamen and hippocampus) and are indicated with an asterisk. Other
cells slope distribution did not differed from chance level. B. Multiclass decoding tested on
activity during the ITI (black line) after training on the first 800ms of the interval (coloured line)
for the caudate (left), putamen (middle) and hippocampus (right). Decoding of predicted time
(y-axis) as a function of real time (x-axis). Bottom right panel. Slopes distribution obtained from
the 5000 decoding outputs of first 800ms (coloured dotted line) and baseline activity (black
line). Distributions different from chance are indicated with an asterisk. C. Decoding across
sets after down-sampling the populations for the caudate (left), putamen (middle) and
hippocampus (right). Decoding of predicted time (y-axis) as a function of normalized time (x-
axis). Possible ends of intervals are indicated by light grey (short) and dark grey (long) on the
normalized time axis. Top right panel. Distance from predicted time to real time for each time-

point of the decoded interval. Bottom right panel. Slopes distribution obtained from the 5000
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decoding outputs at each set. Chance level (95" percentile of the distribution) is represented

in dashed lines. Distributions different from chance are indicated with an asterisk. See also S4.

Figure 6. Time-by-time discrimination.

A. Pairwise decoding for the caudate (left), putamen (middle) and hippocampus (right).
Results for each set are presented in rows: from top to bottom are sets 1s-long, 2s-long, 4s-
long and 8s-long, and displayed in a time-by-time matrix in which each data-point is the
discriminability accuracy between t(x) and t(y). Accuracy scores ranged from 0.5 to 1. Chance
level is defined at 0.6. The temporal resolution is the window within the diagonal between
black lines (chance level). Times for possible intervals to end are shown by light grey (short)
and dark grey (intermediate) dashed vertical and horizontal lines. B. Average accuracy over
time for the caudate (left), putamen (middle) and hippocampus (right) across ranges (coloured
lines). Times for possible intervals to end are indicated by solid vertical lines, light grey for
short and dark grey for intermediate. Dotted line represents the chance level. C.
Discriminability scores (dots) across sets for the caudate (left), putamen (middle) and
hippocampus (right). Each time on the x-axis (normalized time) is discriminated from n-points
on the y-axis within the intervals. Coloured lines show the regressions of the accuracy scores
by normalized time. Times for possible intervals to end are indicated by solid vertical lines,
light grey for short and dark grey for intermediate. Dotted line indicates the chance level (=.6).

See also S5.
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STAR METHODS.
RESSOURCE AVAILABILITY
Lead contact.

Further information and requests for resources should be directed to and will be fulfilled by

the lead contact, Sylvia Wirth (sylvia.wirth@isc.cnrs.fr).
Material Availability.

This study did not generate new unique reagents.
Data and code availability.

All data and original code has been deposited at [link will be made public upon acceptance]

and is publicly available as of the date of publication. DOlIs are listed in the key resources table.

Any additional information required to reanalyse the data reported in this paper is available

from the lead contact upon request.
EXPERIMENTAL MODEL AND SUBIJECT DETAILS
Animals and surgical protocols.

Two naive adult female rhesus macaques (Monkey#1, 6.5 kg, and Monkey#2, 7kg, both 5 years
old at the beginning of the experiments) were housed in the same group of four females.
Surgical, behavioural and experimental procedures were authorized by the ethical comity of
animal experimentation N°42 and by the French minister of research and innovation under
the number APAFIS#13212-20180125104191. Under general anaesthesia, the animals were
implanted with a rectangular nylon chamber (21x15) on the right hemisphere allowing
simultaneous access to the striatum and the hippocampus (coordinates of the centre of the
chamber relative to inter-aural line, for Monkey#1, AP: +14, ML: +11; for Monkey#2, AP: -15,
ML: +10; Figure 1H). The anaesthesia for the surgery was induced by Zoletil (Tiletamine-
Zolazepam, Virbac©, 5mg/kg) and maintained by isoflurane (Belamont, 1-2%). Pain during
and after surgery was controlled by buprenorphine (Temgesic0.3mg/ml, 0.01mg/kg), and

prophylactic antibiotics were administered. A head-post was also implanted and covered by
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bone cement (Palacos©). The surgical procedures conformed to European and National

Institutes of Health Guidelines for the Care and Use of Laboratory Animals.
METHOD DETAILS
Behavioural training and task design.

Before experiments took place in the laboratory, animals were trained to enter a primate
seating chair via positive reinforcement through clicker training and gradually habituated to
be brought outside the animal facility to the lab. Animals were taught to touch an object to
obtain a reward in their cage, then, they were brought to the lab, where they were also
rewarded to touch and manipulate a joystick. After this initial period, proper task training
followed. The task was programmed using Presentation (Neurobehavioral systems), which
controlled reward deliveries conditioned to the movements of the joystick (Sakae Tsushin
Kogyo, L.T.D.) depending on task contingencies. Monkeys were seated at a distance of 55cm
from a 1024x768 screen with a refreshing rate of 60Hz. The experimental chair allowed
reaching the joystick placed in front of the animal. Both monkeys preferred to use their right
hand to manipulate the joystick. We first trained the two macaques to associate the
movements of the joystick to a pointer on the screen. Following the presentation of a brief
white square (200ms interval start cue), if the animal moved the pointer via the joystick to a
target (a blue square), it was rewarded by a small amount of diluted juice delivered close to
its mouth. The square (150x150 pixels) was randomly positioned at the top, bottom or left of
the screen on every trial. Once the monkey learned the motor movements to reach targets in
the three positions, three intervals were progressively inserted between the cue and the
target. The screen remained dark during these intervals. We first trained the monkeys to
discriminate the durations at the second-range for months (2 blocks a day, for circa 12 weeks),
hereby resulting in an overtraining at this specific time-range that could explain better
performances. On each trial, the monkey waited for .5, 1 or 2s (respectively short,
intermediate and long trials for the set 2s-long) between the white square offset (start cue)
and the targets’ appearance, without moving the joystick. In an initial training phase, the
monkey was presented with an interval duration individually, and learned to move the joystick
to its respective target. Then, to induce the time-based decision, we interleaved trials with
two intervals during a block, and at the end of each interval, only two targets appeared at the

screen, bottom and top). The monkey had to learn which (top or bottom) target was correct
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as a function of interval duration. Then, when the monkey correctly categorized short and long
intervals, it faced short-intermediate or intermediate-long on different blocks. This latter
training phase was longer then for the first one. Finally, trials with all 3 intervals were
interleaved within a block. Therefore, even though the three durations were presented with
equal probability during the recording sessions, it is interesting to note that, despite the fact
that monkeys were exposed more frequently to the intermediate interval, that interval
remained the most challenging duration to categorize (Figure 1C). Monkeys received three
possible rewards, lasting 100, 200 or 400ms for Monkey#1 and 75, 150 or 300ms for
Monkey#2. Reward sizes were kept the same across sets, and were intermixed with any
possible interval length. If the monkey moved the joystick before the end of the interval, the
trial was aborted without reward given. The inter-trial interval started when the monkey reset

the joystick position.
Retiming sets.

When the monkeys reached 80% of correct responses at categorizing durations at set 2s-long,
we tested them on different sets. First, for several blocks, the monkeys started with set 2s-
long, and then the durations were halved: long became 1s, intermediate 0.5 and short .25s
(set 1s-long, or sub-second range). Then, we tested the monkeys on set 4s-long (supra-second
range-1) following the same procedure. Monkeys started a block with set 2s-long and after
circa 100 trials, the durations were multiplied by 2: long became 4s, intermediate 2 and short
1s. Once monkeys adapted to this new retiming condition (retiming long), it had to
discriminate even longer durations following the same rule: once they performed enough
trials at set 4s-long, durations were multiplied by 2 once more, reaching 8s, 4s, and 2s (set 8s-
long or supra-second range-2). Once monkeys learned the retiming rules, we tested them on
the same durations, but starting from set 8s-long, then retiming to 4s- and finally to 2s-long.
We recorded from both monkeys while they performed one block of one set followed by a
second set. By employing this approach, the monkeys were not excessively trained in any of
the retiming sets. Consequently, the training history cannot account for the variations in
performance observed among these sets. To summarize, blocks could start with 2s-long
followed by 1s-long, or with 2s-long followed by set 4s-long and set 8s-long (Figure 1B).

Therefore, the task design led to the limitation that all cells were not recorded for all sets, and
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thus we recorded from many more neurons in set 2s-long, as this was the reference set. For

Monkey#1, a few sessions consisted of set 2s-long only.
Electrophysiological recordings.

Neural activity was recorded using the Alphalab SNR version 2.0.4 (AlphaOmega®©). Single-
unit responses were recorded using a 16-channel laminar probe with 300-um inter-electrode
spacing (V-probe, Plexon Inc.; LMA Microprobes). Two such electrodes were inserted
simultaneously on every recording session, alternatively in the caudate and the hippocampus,
or the putamen and the hippocampus. Cells were isolated offline using a semi-automatic
method and checked manually using Offline Sorter (Version 3 and 4; Plexon Inc.) We recorded
615 neurons in the caudate (151 in Monkey#1, 464 in Monkey#2), 736 in the putamen (177 in
Monkey#1, 559 in Monkey#2), and 929 in the hippocampus (291 in monkey 1, 638 in monkey
2). Among caudate neurons, 196, 461, 204, 170 cells were recorded respectively during sets
1s-, 2s-, 4s- and 8s-long. Following the same order, 199, 574, 333, 239 neurons were recorded
in the putamen, and 348, 759, 340, 203 neurons in the hippocampus. We recorded from many
more neurons in set 2s-long, as this was the reference set. For Monkey#1, a few sessions

consisted of set 2s-long only.

QUANTIFICATION AND STATISTICAL ANALYSIS

All analysis was done using custom written scripts in MALTAB R2018b (The MathWorks Inc.,

Natick, Massachusetts).
Behavioural analysis.

To ensure comparability of behavioural and neural activity across ranges, we only included
sessions that were above a behavioural criterion. This criterion was determined using a
performance threshold (proportion of correct responses), calculated by subtracting one
standard deviation from the average performance across all recorded sessions. To take into
account variability between time ranges, the threshold was adjusted to the behavioural
performances within a time range. This conservative approach ensured that the data analysis
was conducted on sessions in which the animal was truly engaged in the task. For Monkey#1,

performance thresholds, expressed in proportion of correct responses, were set at 0.74, 0.72,
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0.60, and 0.58 for the sub-second, second, supra-second-1, and supra-second-2 ranges,
respectively. For Monkey#2, the thresholds were 0.65, 0.73, 0.59, and 0.44, following the
same order. The analysis included 54, 151, 77, and 54 blocks (with 1 to 3 sets per recording
session) for Monkey#1, totalling 41,598 trials. For Monkey#2, the analysis covered 55, 118,
64, and 51 blocks for the sub-second, second, supra-second-1, and supra-second-2 ranges,
respectively, amounting to 32,588 trials in total. At the beginning of each set, we
systematically excluded the 10 first trials from all the analyses to remove a potential effect of
the behavioural adjustment between ranges, as there was no indication of a switch in sets,
except through previously correct response becoming incorrect. To take into account the trial-
by-trial variability, ssubsequent behavioural analysis was carried out on a trial-by-trial basis,
leading to a high degree of freedom. Next, we used a General-Linear Mixed-Model (GLMM)
model to identify whether the time range (i.e. the Time Range) or the interval durations (short,
inter, long, i.e. Interval), monkey’s identity (i.e. Monkey ID) and testing day (i.e. Block)

influenced discriminability:
Response ~ Interval*Time Range + (1| Monkey ID) + (Monkey ID | Block)

where ‘Interval’ and ‘Time Range’ were categorical fixed factors, and the block and monkey’s
identity were random factors, respectively numerical and categorical. This method avoids
treating trial sub-samples as independent values, as we also incorporated the ‘Block’ factor.

The accuracy followed a binomial distribution, 1 or O, for respectively correct and error trials.

To determine the nature of error for intermediate trials, we performed a GLM on the response
of incorrect trials (i.e. Type of error) as a function of the time range of the set (Time Range)

and the testing day (Block).
Type of error ~ Time Range + (1| Monkey ID) + (Monkey ID | Block)

with Time Range as main factor and the type of error as explained variable (with 0 for short
and 1 for long). Monkey ID and Block were defined as random factors. Type of errors were

significantly influenced by the time range.

To examine whether the probability to respond ‘long’ across different ranges followed a scalar
pattern, we constructed psychometric curves. Note that there were only three intervals to
categorize compared to bisection tasks for which classic psychometric curves are constructed
with more durations®® 8%, preventing us computing classic metrics to test scalar property of
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behavioural timing’®. Hence, for each range we computed only three values: the probability
of responding ‘long’ after a short interval, after an intermediate interval, and after a long

I “"

interval. These individual “psychometric curves” were generated for each monkey. We

subsequently applied a logarithmic model to each curve:
Y=a+b *log(x)

In this equation, "a" and "b" represented free parameters, while "x" denoted the empirical
data gathered on the probability of responding "long" after short, intermediate, or long trials.
We performed this analysis for each range, considering each block separately and averaging
responses per block. Subsequently, for each monkey individually, we tested the effect of time

range on the "b" parameters using a 1-way ANOVA.

For the behavioural Coefficient of Variation (CV), we calculated a CV for short, intermediate,
and long trials within each set of every block, separately for each monkey. The CV was

computed as follows:
CV=u/o

where U represents the average of correct categorizations, and o denotes the standard
deviation. These calculations were based on distributions with values of 0 and 1,
corresponding to error trials and correct trials, respectively. Subsequently, we examined the

CV variations across trial types and ranges using the following GLMM:
CV ~ Interval * Time Range + (1|Monkey ID) + (Monkey ID|Block)

In this equation, Interval, Time Range, Monkey ID, and Block are the same factors as in the
previous models. The key distinction is that in this context, CV serves as a block-by-block
measure, whereas in the other models, Response and Type of Errors are evaluated on a trial-

by-trial basis. The main effects were then tested using a 2-way ANOVA on the models.

We tested another trial-by-trial model on normalized response latencies, after selecting

correct trials only:
Response latency ~ Interval*Time Range + (1| Monkey ID) + (Monkey ID | Block)

Response latencies calculation and normalization. We calculated response latencies for each

interval (short, intermediate, long) by measuring the time between the target onset and the
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action completion. However, to account for differences in motor production times associated
with different required responses (bottom, left, top), we normalized these response times by
the ones obtained in a “motor-control task”. After each block, monkeys were tested on a
“motor-control task”, where no delay was inserted between cue offset and targets onset. Only
one target was presented at the time, for a total of ~70 trials per block. The monkey had to
move for the presented target, getting an immediate reward. Latency measures in this task
revealed differences in the response times among the three motor productions (bottom-
short, left-intermediate, top-long). Specifically, left movements were significantly faster (1-
way ANOVA, F(2,22026)=89.3, p<0.0001) than bottom and top movements, while latencies for
bottom and top responses did not differ from each other. This suggested our monkeys were
more proficient in performing a left joystick movement compared to top or bottom. To
standardize the response times, we subtracted the average latencies obtained from the
“motor-control task” for each direction from the corresponding latencies obtained at each
trial during the categorization task. This normalization gives us a result for which responses
latencies below 0 reflected anticipation of the end of the interval, as the response latency was
below the time needed for action selection/execution when the monkey was presented one

target at a time with no delay.
Information content computation.

To define time-modulated cells, we computed a “Time” Information Content (IC) and tested
whether the ICreal Obtained on the actual data was above that of an IC obtained by chance.
The time ICreal reflects the information carried by a spike as a function of a time-bin weighted
against all time-bins, and when tested against chance, allows determining whether actual
pattern of firing rate as a function of time differs from chance. Importantly, the aim here is to
test the hypothesis that an IC above chance reflects a temporal organization across time
different from the one that could be just random. We calculated the [Crea for each cell

following the next formula:
IC =3 Ax) * log( A(x)/\ )

where A(x) is the firing rate of the neuron at time t, A is the overall firing rate, from t1 to tigo.
Due to the formula's sensitivity to the number of bins, the IC value decreases when the

number of time bins increases, as the firing rate within each time bin depends on the total

36



925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

count of time bins. Therefore, to ensure consistency in comparisons across different time
ranges, we opted to divide the longer interval within each set into 100 bins. The size of the
bins varied between ranges (i.e. 10ms, 20ms, 40ms, and 80ms respectively for sets 1s-, 2s-, 4s-
and 8s-long) but the total number of bins did not. Next, we shuffled the spikes within the
interval 1000 times, and, at each time, we calculated an ICske on the shuffled data. With these
1000 permutations, we computed a distribution of 1000 ICtae. We defined time-modulated
cells as neurons that had an ICreal superior to 95% of the ICrake Obtained by chance (p-value
calculation). Additionally, neurons identified as TM cells at the sub-second and second ranges
exhibited robust cross-correlation between the first and second halves of the trials,
demonstrating stability of the temporal pattern within the session (data not shown). Non-

significant neurons were defined as other cells. This procedure was repeated for all ranges.

To test whether the proportion of TM cells changed if only the first second is considered for
all sets, we cropped all correct long trials after 1s and then computed the IC cal value for each
neuron on this 1s, for all conditions. As the number of bins strongly influence the value of the
IC and the permutation test, this cropping method allows a proper control across ranges with
an absolute bin size and the comparison across ranges for this analysis is then not sensitive to
the length of the interval. Thus, we identified TM cells with ICreal significance computed on
100x10ms bins of the first second of the 2s-long (cropping the second half), 4s-long (cropping
the next 3s) or 8s-long interval (cropping the next 7s), and compared them to the 100 bins of
the 1s-long interval of the sub-second range. We followed the same procedure, as before,
shuffling the spikes within trials across the first second for all trials, to calculate the p-values

within the first second.

In the same way, we identified TM cells on the inter-trial interval (ITl). Neural activity within
the ITI was divided into 100x8ms bins and the IC was calculated in this segment. Again, per
each neuron, we compared this ICreal versus the distribution of I1Cr.e obtained after spike

shuffling and obtained a p-value.
Definition of the neural pattern of single-cells.

To classify the single cells as ramping or peak neurons, we used a stepwise regression analysis
to test whether a linear or a quadratic term best explained the neural activity of each neuron

during the interval. We defined a cell as ramping when 1) the linear term explained best the
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firing rate throughout the interval and 2) the R? of the fitted model explained at least 66% of
the variance. For cells that did not reach those criteria, we tested whether their neural activity
exhibited a peak, defined as an increase of 80% above their maximal activity followed by a
decrease of at least 15%. If they did, and that only one peak was found in the interval, they
were classified as 1-peak neurons. If they did, and several peaks were found in the interval,
they were classified as n-peaks neurons. The latter cells exhibited one or more “time fields”
and made up the majority of the population in all regions (Figure S1A). The “time field” size
was defined, in seconds, as the width of the peak measured at half of its prominence. For peak

time analysis (Figure S1E-G-H), we only took the highest peak time of the n-peaks neurons.
Neuron’s selectivity to motor preparation and execution

We tested whether the single cells responses could be associated with the motor responses
during the task, by using an ANOVA and post-hoc analysis, on the trial-by-trial activity
exhibited during the 300ms of the movement execution. Next, focusing on TM cells recorded
during both the 1s-long and 2s-long sets in the caudate (n=87) or the putamen (n=38), and
using correct trials, we analysed the last 200ms before target presentation for long (top
movement), intermediate (left movement), and short (bottom movement) intervals via a 2-

way ANOVA.
Neurons selectivity to epochs of the task.

To identify neurons that were selective for other epochs of the task (cue, target, response and
reward), we tested a GLMM to identify if 1) neurons were responsive to each task epoch in
comparison to the baseline, and 2) if there was a difference in that epoch as a function of
short, intermediate and long trials (Interval). The GLMM was computed on each neuron’s

firing rate trial-by-trial at the second range following the formula:
Firing Rate ~ Task Epoch*Interval + (1| Trial)

where Firing Rate is expressed in spikes/second, Task Epoch is a categorical variable for which
the modalities are the baseline (inter-trial interval), and separately, either the cue display
(200ms), the targets displayed (400ms), the movement preceding reward (-400ms before
reward delivery) and reward delivery (200ms). Thus, GLMM were computed separately for
each feature. Interval identity is a categorical variable, either “short”, “intermediate” or
“long”. Trial is a random factor. This model allows to identify the baseline activity different
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from another task epoch per each neuron. If the task epoch was significantly different from
the baseline, then we tested if there was a difference as a function of interval identity. We
defined neurons as selective for one interval when its activity for that interval was significantly

different from the other two, and these other two intervals did not differ from each other.
Down-sampling methods.

To address the imbalance in sample sizes across various regions and time ranges, we
consistently applied down-sampling techniques in all our population analyses. This involved
computing measures (PCA) or cross-validating analysis (linear-regression-based decoding and
SVM-based decoding) on subsamples drawn over multiple iterations. During each iteration,
we randomly selected a subset of neurons (N), with N being determined by the smallest TM
cell population size (31 for putamen and hippocampus within the sub-second range). For PCA
and linear regression-based decoding, a subset of 28 neurons (leaving 3 out) was drawn at
each of 1000 iterations for each brain region and time range. In the case of SVM-based
decoding, a subset of 30 neurons (leaving 1 out) was randomly drawn for 10 iterations for
each brain region and time range. By adopting this approach, results across regions and time

ranges were minimally affected by variation in neural population size.
Principal Component Analysis.

We computed Principal Component Analysis (PCA) for each set and each brain region on
correct long trials within the set. For each neuron, we used the raw activity averaged across
trials at each time-bin. Each neuron was defined as a variable and each time-bin was defined
as an observation. We performed PCA with the down-sampling method, conducting 1000
measures (as described above) on randomly selected sub-populations of 28 neurons for each
region within each time range. On each iteration, we determined the number of components
needed to capture at least 50% of the variance (Figure S3A), as measures of speed and
distance to centroid are computed based on this number of PCs. Thus, we selected 11
components, which represented the highest number of PCs needed to capture at least 50% of
the variance across regions and time ranges (observed in the putamen and the hippocampus
for the 8s-long set, see Figure S3A). Our choice of a 50% threshold differs notably from the
conventional approach® 22 ¢, mainly because we performed PCA on raw spiking activity.

However, we determined that this equaled 80% of the variance explained when PCs were
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computed on smoothed data. Next, the speed (Figure 3C-D) was calculated on each iteration
as the Euclidean distance between the PC scores of two consecutive time-bins. Importantly,
to compute speed (and other measures below), we employed an absolute binning approach
using 20ms bins across all ranges, as it is essential to maintain a consistent binning method to
measure true differences from time to time. Consequently, the number of time-bins increased
significantly as the time range expanded: from 50 time-bins in the sub-second range to 100,
200, and 400 in the second range, supra-second range-1, and supra-second range-2,
respectively. The Coefficient of Variation (CV=p / o, Figure 3E) was computed by taking the
average speed () on each iteration and dividing it by the standard deviation (o). Following a
similar rationale, we determined the centroid as the point equidistant from the scores at each
time-bin. We then computed the average distance to centroid on each iteration, as a mean to
compare across time ranges, as the number of observations varied between ranges. The

distances to the centroids were expressed in Euclidean distances with the following formula:
D(x,c) = (Xijk-Cijk) * (Xijk-Cijk)’

Where x is the state of the population at time t and c is the centroid of the distribution X. i, j,

and k are the coordinates in the 3-dimensional state.

Separately, we determined the angular position of the scores’ coordinates at each time-bin
(ranging from 1 to 100, normalized time) by calculating the angle formed between: 1) the
scores at the first time-bin, 2) the scores at the current time-bin's position (from 1 to 100),
and 3) the centroid of the trajectories. This equals to determine the angular progression of
the hands of a clock ranging from the first to the last bin. For this analysis, as for the IC calculus,
we binned the intervals into the same number of time-bins (i.g. 100) to prevent an imbalance
in the number of observations for across range comparisons. The angular calculation was
performed using the first 3 principal components in a trigonometric space using normalized
bins. To this end, the time-space was normalized such that angle 1 corresponded to time 1
and angle 360 corresponded to 1, 2, 4 or 8s depending on the time range. For each time-bin,
we obtained a distribution of 1000 angles, obtained from each iteration (see the section
Down-sampling methods). We then examined whether there was a consistent progression in
neural trajectory over time. To accomplish this, we identified the most frequently occurring
angle (referred to as the best angle) from the 1000 iterations at each time-bin (depicted as a

white circle in Figure 3F and Figure S3C-E-G, bottom rows). Subsequently, we calculated the
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difference between the best angles of two consecutive time-bins for each brain region and
range. Finally, we conducted a 2-way ANOVA on these angle differences, with brain region

and time range serving as factors.

PCA analysis for rescaling of neural trajectory

For this analysis, we used exclusively the 87 neurons that were recorded across the sub-
second and second time ranges, and identified as TM cells in at least one of the time ranges.
We performed a PCA on the concatenated rate matrices from the two time ranges using an
absolute binning (20ms bins) across time ranges (50 bins for set 1s-long, and 100 bins for 2s-
long). The rows for the input matrix corresponded to the firing rate of 87 caudate neurons
binned in 20ms. The columns of the input matrix for the PCA consisted of the time-bins of the
interval for the two time ranges as follows: the firing rates for each of the 50 time-bins of the

1s-long interval and the firing rate of each of the 100 time-bins of the 2s-long interval.

To compute statistics, we used a bootstrap method in which we drew 30 trials on each
of 1000 iterations to compute the PCs on the concatenated matrix. We first extracted the
eigenvectors on the entire population, and then projected the data for 15 trials taken
randomly from each set at each iteration. To consider the overall geometry of neural
trajectories, the distance between neural trajectories across time between 20ms samples of
1s-long and 2s-long conditions was plot according to absolute (1 to 1) and relative sampling (1
to every other one). The slope of the regression of the distances as a function of time was

interpreted according to the hypothesis space depicted in Figure 4B.
Multi-class decoding using linear regression.

To predict time based on neural activity, we used a linear regression model to decode time.
First, to compare the temporal prediction from TM cells and other cells, we trained the model
on the neural activity of the two populations separately. Training phase was computed on the
2s-long interval, during 15 correct long trials and the temporal prediction was tested on 5
separate correct trials. We would like to stress out that the time prediction is based on neural
data collected for correct long trials, therefore prediction values cannot be directly linked to
the behavioural accuracy, which used both error and correct trials, and hence have to be
interpreted differently. Neural activity was cut into 100 bins, of 20ms, and smoothed on +/- 4

bins trial-by-trial. Then, the model was tested on five different correct long trials. The analysis
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was cross-validated 1000 times. Per each iteration, we obtained a decoding output y = B0 +
B1 * X. In the equation, X is the matrix of neurons (rows) and time (columns) which represents
the real-time activity, y is the vector which contains predicted time at each one of the 100
time-bins, and 81 is a vector containing the weight of each neuron. As we tested the model
on 5 correct trials and cross-validated it 1000 times, we obtained 5000 decoding outputs per
each brain region and each population. For each of these 5000 outputs, we calculated the
slope of the predicted time (y). We get a areal distribution of 5000 slopes of decoding for both
populations, TM cells and other cells, for each brain region at set 2s-long. To define our
chance-level, we performed the same decoding analysis after shuffling the time-labels on
tested and trained trials. Thus, we also obtained a distribution of slopes ashuffie calculated on
shuffle data. Decoding above chance was define by 1 — (5 B1 real > P95(B1 shuffie) / 5000). Because
our model was trained on neural activity during the timed interval, predictions can only be
obtained within the time window and cannot extrapolate beyond the boundaries for under or
over-estimations. This approach is therefore solely suitable for assessing the general
prediction capability of the entire population within the specified time window. We used the
same method to test if the neural activity during the ITI could be decoded from the activity of
the first 800ms of the interval (Figure 5B). This time, we trained our model on the first 800ms
of 15 trials of 2s-long conditions defined as correct. The cropped interval was cut into 100 bins
of 8ms and smoothed on +/-4 bins. The model was then tested on 1) the first 800ms activity
of the long interval during 5 different trials and 2) on 5 inter-trials intervals (ITl). Then, we
tested the temporal predictability of TM cells identified as such during the ITl, by training and
testing the activity on 15 and 5 ITI respectively. For this analysis, the ITI was cut into 100 bins
of 8ms and smoothed on +/-4 bins trial-by-trial. In all cases, decoding above chance was tested
using the same method to compute the slopes and calculate the p-values as before. Finally, to
test the performance of decoding across sets, we used the same method, with the exception
that, at each iteration, we down-sampled our neural population to 28 neurons. This makes
comparisons between sets and brain regions possible. For each set, we took the longest
interval of the set, and parsed it into 100 bins: resulting in bin size of 10, 20, 40 and 80ms; as
for the PCA angular position calculus. Again, this allowed to keep a constant number of
observations across sets to facilitate cross ranges comparisons. For each set, the activity was
smoothed on +/-4 bins trial-by-trial. As before, we computed, per each set and each brain

region, the distribution of the slopes of decoding outputs on real and shuffled data to test the
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temporal predictability versus chance. In addition, we also tested the distances of predicted
time to real time to compare brain regions between each other and sets. We averaged our
5000 decoding output to get 1 vector of predicted time. At each time-point, we calculated the
distance from predicted time to real time, and then compared the brain regions and sets using

2-way ANOVAs.

Pairwise analysis using Support Vector Machine, and measures derived from decoding

accuracy.

To quantify the difference between two time-points t, and tm within an interval, we used a
support vector machine (SVM)-based decoding analysis. At time tn and tn, the neural state of
the population is given by the activity of n neurons. Unlike the linear-regression-based
decoding, which evaluated overall prediction, this pairwise decoding technique offers the
advantage of assessing time-by-time discriminability, providing a more precise metric. to
compare the activity between brain region and sets, we down-sampled our populations to 30
neurons this time, as neuronal shuffling was also supported by different trial selections across
iterations. For each set, we binned the activity of correct long trials into 100 bins, sizing and
smoothing them as we did for multiclass decoding across sets. Then, we extracted the 3 first
components of the neural state at t, and tm using PCA on trial-by-trial basis. After
dimensionality reduction, the neural state at t, and tn, are given by 3 coordinates instead of n
(n=30). Then, we trained a SVM classifier on the 3 PCs of 10 trials from t, and 10 trials from
tm, and tested it on the PCs obtained from 10 different trials of t, and 10 others of tm. The SVM
classifier returns an accuracy value between 0.5 and 1: 1 reflects the absolute certainty to
classify each time-point (tn and tm) correctly, and 0.5 reflects the chance level to distinguish tn
and tm. Each pair of time-bins, from t1 to t100, was tested versus each other. We did this analysis
for 10 iterations, and represented the averaged outcomes of SVM classifier in a time-by-time
matrix, averaging the output of the 10 iterations. To test the temporal accuracy between brain
regions and time range, we tested the bottom half along the diagonal of the matrix’s
accuracies between time range and brain regions using a 2-way ANOVA. Next, we computed
the exact same analysis after shuffling the labels on training and test trials. The 95th percentile
of the overall distribution of accuracy obtained from shuffled decoding was 0.55. We used a
conservative chance level at 0.6. Next, for each time-bin, for each interval, we computed the

accuracy score from ti to tigo.
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Discriminability Score. Discriminability score of t, was defined by the number of time-bins
decoded above chance from t,. Its value ranged from 0 to 99, with 0 indicating that no other
time-bin differs from t, and 99 indicates that all other time-bins of the interval are different
from t,. Then, we calculated the chance level for the number of other time-bins differing from
another time-point, with matrices obtained after shuffling the labels, from each region and at
all time ranges, and the matrices obtained from each iteration (i=10). Per each one of these
matrices, we computed the accuracy score of each time-bin. Chance level was defined as the

mode of this distribution of 12,000 values.

To compare discrimination per brain region and time range, we regressed the mean
discriminability scores as a function of time to test whether they increased or decreased in
the interval. an absence of significant linear regression is hence indicative of a constant

accuracy within the interval.

Temporal Resolution. To compute the temporal resolution of each brain region across sets,
we calculated at each time-bin t; the distance ti to tj, where t; is the closest time-bin to t;
successfully discriminated from it (above 0.6). To do so, considering the diagonal of our
matrices and for each t;, we identified the distance to the closest time-point decoded above
chance at the upper half and the lower half of the matrix, and then averaged these to get the
width of the decoding. This distance represents the size of the time window within which

neural activity around t;j is too similar to be discriminated from ti.

To test temporal discriminability in the first second of the intervals across ranges, we used
only the first second of the activity of TM cells (cropping off longer intervals). We computed
the same decoding analysis, down-sampling our neuronal populations to 18 neurons for each
brain region at each time range, except for the caudate at set 8s-long where we had 9 TM cells
only. To test whether time was discriminated successfully within one second as a function of
time-range, we computed a 2-way ANOVA on the bottom half along the diagonal of the output

matrices.

Breaking points. The breaking points in the linearity of the consecutive measures of temporal

resolution were identified with the ischange MatLab function.
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A Monkey#1 Monkey#2
Sets Caudate Putamen Hippocampus Sets Caudate Putamen Hippocampus
1s-long 23/63 (36.51%) 15/55 (27.28%) 15/75 (20%)* 1s-long | 36/133 (27.07%) 14/144 (11.11%) 16/271 (5.9%)*
2s-long | 50/116 (43.1%)* | 40/139 (28.78%)%| 30/220 (13.64%)%| | 2s-long | 98/345 (28.41%)%| 51/435 (11.72%)*| 32/537 (5.96%)*
4s-long 11/39 (28.21%) 16/74 (21.62%) | 19/130 (14.62%) | | 4s-long | 39/165 (23.64%) | 26/259 (10.04%) | 18/210 (8.58%)
8s-long 20/54 (37.04%) 26/78 (33.33%) *| 16/68 (23.53%) 8s-long 33/116 (28.45%) 25/161 (15.53%)* 18/135 (13.33%)
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Figure S1. Population measures across regions and ranges. Related to Figure 2. A. Table
showing the percentage of TM cells in each region at each time range for each monkey
separately. Different proportions between monkeys are shown in bold and with an asterisk.
B. Heatmaps of TM cells populations in Monkey#1 (top row) and in Monkey#2 (bottom row)
in caudate (left column), putamen (middle column) and hippocampus (right column). Neurons
are z-scored and sorted by their linear terms. Monkey#1 consistently had a higher proportion
of TM cells compared to Monkey#2. However, due to the limited number of animals, it is
challenging to establish a direct link between these differences and behavioural variations. C.
Proportion of ramping cells, 1-peak, multi-peaks and other cells for each brain region across
sets, from top to bottom, at sets 1s-long, 2s-long, 4s-long, 8s-long. D. Distribution of the linear
terms obtained from the stepwise regression analysis, for each brain region across sets, from
top to bottom, at sets 1s-long, 2s-long, 4s-long, 8s-long. E. From top to bottom, peak times at
set 1s-long, 2s-long, 4s-long and 8s-long. Columns from left to right: caudate, putamen,
hippocampus. Left y-axis, percentage of peak times over the interval (white bars represent
peak neurons, coloured bars ramping neurons). Median of the distribution (triangle) and
interquartile range represent the peaks distribution. In the caudate, the peak times were
mainly distributed within the first half of the interval (medians respectively at 39, 42.5, 31,
and 37% of the intervals at sets 1s-, 2s-, 4s- and 8s-long). In the putamen, the peaks were
distributed in the second half of the interval at set 1s-long (median at 68%) and in the first half
of the interval for the other sets (medians respectively 46, 42, and 36% of the intervals for sets
2s-, 4s- and 8s-long). In the hippocampus, peak distributions were also mainly distributed
within the first half of the intervals (medians respectively at 43, 42, 38, and 51% of the
interval). These observations show that overall, neurons peaked during the first half of the
interval to be timed. Right y-axis shows the width size of peaks as a function of peak times.
Superposed dashed line represents the fit obtained after linear regressions. None of them was
significant, suggesting that the time-field of each neuron (width) did not increase linearly as a
function of its peak time within the interval. F. Table showing the number of TM cells
responding to other epochs of the task and the number of TM cells selective for an epoch of
the task as a function of the length of the interval (short, intermediate, or long) for set 2s-long
only. To test it, we used a LMM (see STAR Methods). A large proportion of TM cells in all
regions also responded to cue, target onset, response execution and reward delivery. These

proportions were higher in the striatum compared to the hippocampus. Some cells also



showed a selectivity to the trial type. G. Distribution of peak times during the interval as a
function of neurons selectivity to short, intermediate, and long trials (bold in E) during target
task epoch in set 2s-long. Crosses represent the mean peak time. From left to right: caudate,
putamen and hippocampus. We found no difference in the distribution of the peaks during
the long interval between ‘short-preferring’ neurons, ‘intermediate-preferring’ neuron, or
‘long-preferring’ neurons whether their selectivity was assessed for target presentation.
motor execution or reward delivery. In sum, these results show that the neurons displayed
activity outside the interval, but that this activity was not firmly indicative of the peaks’
distribution within the interval. H. Width size of the “time-field” as a function of peak time per
caudate (left), putamen (middle) and hippocampus (right) across all time ranges. Coloured
lines represent the fit model of the linear regression (1= 0.168 for caudate, 1=0.1424 for

putamen and B1=0.119 for hippocampus, p<0.0001 in all regions).
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Figure S2. Single cells examples aligned at the end of the sub-second and second ranges

intervals. Related to Figure 2.

Single cells activity aligned at the interval’s end (target presentation). Each cell (columns) is

displayed three times: before long interval’s end (top movement, in black), before

intermediate interval’s end (left movement, dark grey) and before short interval’s end

(bottom movement, light grey). Analysis was performed on the 200ms before interval’s end




(0 in the figure). Top row. Neurons that were not affected by time range nor following
movement. Middle row. Neurons that were sensitive to both, movement and time range.
“Preferred” movement is shown in red, significant pairwise comparisons following significant
interaction, are shown by the asterisk. Bottom row. Neurons that were sensitive only to

movement, preferred movement is shown by the red activity.
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Figure S3. Principal Component Analysis for retiming ranges. Related to Figure 3

A. Cumulative explained variance (y-axis) as a function of Principal Components (x-axis) for
each brain region (coloured lines) across time ranges, from left to right, using an absolute 20ms
binning on raw data. 50% of the variance is shown by the dotted line. B. Average speed (y-axis)
of the neural trajectories during the 1s-long interval, obtained with the first 11 PCs, from each
iteration, with the down-sampling method (i=1000) plotted against the average distance to the
centroid of the same trajectories (x-axis). C. Top row. Population activity over time during set
1s-long, projected onto the first two Principal Components for the caudate (left), putamen
(middle), and hippocampus (right). The time of expected interval ends are indicated for short
(S), intermediate (I) and long (L) intervals. The centroid of the distribution is represented with
a cross. Bottom row. Distribution of angular positions computed from each iteration (i=1000)
at each time-point for set 1s-long. White circles indicate the angle obtained the most out of
the 1000 iterations, for each time-point. Time of expected interval ends are indicated with
white vertical lines. C. Same as in A for set 4s-long. D. Same as in B for set 4s-long. E. Same as

in A for set 8s-long. F. Same as in B for set 8s-long.
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Figure S4. Absence of time decoding from inter-trial interval. Related to Figure 5

A. Multiclass decoding trained and tested on baseline activity during the ITI (black line).
Decoding of predicted time (y-axis) as a function of real time (x-axis) for caudate (left),
putamen (middle) and hippocampus (right). Chance value is shown with grey shade. Bottom
panel. Slopes distribution obtained from the 5000 decoding outputs on baseline activity (black

line) did not differ from chance. B. Same as in A with TM cells defined during the ITI.
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Figure S5. Temporal resolution of time decoding across time ranges and Time-by-time

discrimination within 1s. Related to Figure 6

A. Number of clusters obtained per each brain area across time-ranges. B. Resolution of the
temporal discrimination (y-axis) as a function of time for the 3 brain areas (caudate in blue,
putamen in green and hippocampus in red). Circles show the times where the linearity of the
resolution changes. From left to right: results for set 1s-long, 2s-long, 4s-long and 8s-long. C.
Pairwise decoding computed on the neurons defined as TM cells within the first second of
each interval, across different time ranges: from top to bottom are sets 1s-long, 2s-long, 4s-
long and 8s-long. Brain regions are presented in columns: caudate (left), putamen (middle)
and hippocampus (right). Possible times for the interval to end are represented by light grey
(short) and dark grey (intermediate) dashed vertical lines. Results are displayed in a time-by-
time matrix, each data-point is the discriminability accuracy between t(x) and t(y). Accuracy
scores ranged from 0.5 to 1. Chance level is defined at 0.6. The temporal resolution is the

window within the diagonal between black lines (chance level).



