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Despite the importance of the cerebellum for motor learning, and the recognized role of sleep in motor memory consolida-
tion, surprisingly little is known about neural activity in the sleeping cerebro-cerebellar system. Here, we used wireless re-
cording from primary motor cortex (M1) and the cerebellum in three female monkeys to examine the relationship between
patterns of single-unit spiking activity observed during waking behavior and in natural sleep. Across the population of
recorded units, we observed similarities in the timing of firing relative to local field potential features associated with both
movements during waking and up state during sleep. We also observed a consistent pattern of asymmetry in pairwise cross-
correlograms, indicative of preserved sequential firing in both wake and sleep at low frequencies. Despite the overall similar-
ity in population dynamics between wake and sleep, there was a global change in the timing of cerebellar activity relative to
motor cortex, from contemporaneous in the awake state to motor cortex preceding the cerebellum in sleep. We speculate
that similar population dynamics in waking and sleep may imply that cerebellar internal models are activated in both states,
despite the absence of movement when asleep. Moreover, spindle frequency coherence between the cerebellum and motor
cortex may provide a mechanism for cerebellar computations to influence sleep-dependent learning processes in the motor
cortex.
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Significance Statement

It is well known that sleep can lead to improved motor performance. One possibility is that off-line learning results from neu-
ral activity during sleep in brain areas responsible for the control of movement. In this study we show for the first time that
neuronal patterns in the cerebro-cerebellar system are conserved during both movements and sleep up-states, albeit with a
shift in the relative timing between areas. Additionally, we show the presence of simultaneous M1-cerebellar spike coherence
at spindle frequencies associated with up-state replay and postulate that this is a mechanism whereby a cerebellar internal
model can shape plasticity in neocortical circuits during sleep.

Introduction
The motor system must learn to generate complex, skilled move-
ments, but the old adage of practice makes perfect has in recent
decades been updated to practice with sleep makes perfect
(Walker et al., 2002; Walker and Stickgold, 2005; Fogel and
Smith, 2006; Fogel et al., 2009; Menicucci et al., 2020). The cere-
bellum has long been implicated in the process of motor learning
(De Zeeuw, 2021), but surprisingly the possible involvement of
the cerebellum in sleep-dependent consolidation and

overnight performance improvements has been largely
ignored (Canto et al., 2017). Although sleep is known to
benefit procedural as well as episodic memories (Nishida
and Walker, 2007; Diekelmann and Born, 2010; Fogel et al.,
2017), research into the mechanisms of sleep-dependent
learning has generally focused on oscillatory interactions
between the hippocampus and neocortex. In particular,
replay of waking patterns of population activity, associated
with nested spindles and slow oscillations, is thought to
constitute a mechanism by which short-term episodic
memories in the hippocampus may be consolidated into
long-term storage in the neocortex (Staresina et al., 2015;
Ngo et al., 2020). However, sleep spindle density also corre-
lates with consolidation of motor sequence learning, a task
associated with a progressive shift from cerebellar to corticostria-
tal activity across multiple practice sessions (Doyon et al., 2002;
Spampinato et al., 2020). This raises the intriguing possibility
that sleep, and perhaps sleep oscillations, may play a similar
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role in transferring procedural memory traces from the cer-
ebellum to the neocortex.

We have recently shown that the cerebellum is an active partic-
ipant in sleep and sleep oscillations (Xu et al., 2021). Functional
connectivity analysis applied to local field potentials revealed cau-
sality directed from motor cortex to the cerebellum at low fre-
quencies. By contrast, at spindle frequencies during identified up-
state events we observed causality directed from the cerebellum to
motor cortex, via the thalamus. This finding offers a tantalizing
clue to a potential involvement of cerebro-cerebellar circuits in
off-line learning processes. Low-frequency patterns of activity
within motor cortex at the onset of up-states resemble those seen
during waking movements (Hall et al., 2014). Moreover, sleep
spindles are associated with cortical up-states and periods of
enhanced plasticity (Andrillon et al., 2011). Thus, it is possible that
cerebellar computations in sleep might influence cortical plasticity
via spindle-frequency communication through the thalamus.

To better understand the nature of oscillatory interactions
between the cerebellum and neocortex during sleeping and wak-
ing, we compared the population structure of simultaneously
recorded neuronal ensembles in functionally connected areas of
primary motor cortex and the cerebellum. We used time-domain
cross-correlation and frequency-domain cross-spectral measures
to characterize low-frequency sequential dynamics associated
with movements and up-states. We show these dynamics are
broadly conserved between waking and sleep, although in the
awake state, primary motor cortex (M1) and cerebellar spiking
activity is, on average, synchronous whereas during sleep there is
a relative time lag from the cortex to cerebellum. We propose
that this may reflect a changing role for the cerebellum between
wake and sleep, from an active participant in predictive control
of online movement to making off-line predictions that could
contribute to sleep-dependent consolidation of skill learning.

Materials and Methods
Experimental design and statistical analysis. Three female rhesus

macaques (U, 7 years old, 7.7 kg; T, 10 years old, 7.8 kg; and Y, 6 years
old, 6.9 kg, housed in pairs) were used in this study. Recordings from
these monkeys have previously been reported in two other studies (Xu et
al., 2019, 2021). Experimental objectives and procedures were approved
by the local Animal Welfare Ethical Review Board and licensed by the
United KingdomHome Office in accordance with the Animals Scientific
Procedures Act of 1986 (revised in 2013).

Surgeries were performed to implant a titanium head casing, fixed
linear microelectrode arrays (LMAs; 16-channel LMA, 12.5mm plati-
num-iridium, 500 kV, MicroProbes for Life Science) and 12 moveable
flexible microwires in the right M1 (hand area) and eight in the left cere-
bellum (lobules IV/V intermediate zone). These two areas are known
to be anatomically connected (Kelly and Strick, 2003). For M1 elec-
trode implantation, electrodes targeted the anterior bank of the central
sulcus (visualized intraoperatively) at 16 mm lateral to the midline.
The co-ordinates for the cerebellar implants were derived from prior
MRI scans for each animal. Mediolateral coordinates were set at 7 mm.
Anteroposterior coordinates were �4 mm, �4.5, and �6.3 mm relative
to ear-bar zero for monkeys U, T, and Y, respectively. As previously
described (Xu et al., 2021), cerebellar microwires were preloaded into a
16 gauge guide needle to penetrate the tentorium cerebelli, which was
verified by intraoperative recordings from a linear electrode attached
to the outside of the guide tube. The depths from the brain surface to
tentorium cerebelli were 30 mm, 28.9 mm, and 26.6 mm for monkeys
U, T, and Y, respectively. Under light sedation with ketamine (approxi-
mately once per week) the microwires were moved up or down to sam-
ple new cells within a range of 1–5 mm below the tip of the guide tube.
Postmortem histology confirmed the guide tube had penetrated the

tentorium without deviation. All signals were referenced to a low-im-
pedance microwire placed over the M1 dura.

In monkey U we recorded electromyogram (EMG) from six arm
muscles on the left (extensor carpi radialis, extensor carpi ulnaris, flexor
carpi radialis, flexor carpi ulnaris, biceps, triceps) using pairs of insulated
stainless steel wires (catalog #AS632, Cooner Wire) sutured into the
muscle and tunneled subcutaneously to the head casing.

Our free-behaving dataset for monkeys U, T, and Y comprised 103,
29, and 17 sessions respectively, containing 438, 26, and 52 M1 spikes
and 96, 14, and 35 cerebellar spikes. A subset of these sessions had simul-
taneously recorded M1 and cerebellar spikes (U, 49; T, 7; Y, 16). The
total number of M1-M1, Cb-Cb, and M1-Cb spike pairings were 1292,
85, and 590 across three animals. Twenty-two sessions from monkey
U contained simultaneous M1 and EMG recordings. Cerebellar spikes
in this dataset are likely to consist of a majority of Purkinje cell simple
spike discharge by virtue of their similarity (in spike width, frequency,
and regularity) with a subset of neurons with identifiable complex
spikes (Xu et al., 2021). Nevertheless, it should be noted that we were
unable to provide definitive identification of complex spikes for most
neurons, possibly because of the low impedance of microwires, which
we find is necessary for stable, long-term recording under free behav-
ing conditions.

Additionally, monkeys U and Y were both trained in the lab to move
an on-screen cursor from the center of the screen to one of eight targets
on the periphery by generating isometric flexion-extension (vertical) and
radial-ulnar (horizontal) torque with wrist restrained in a pronated posi-
tion. This task has previously been described in detail (Hall et al., 2014).
Our dataset includes 56 task sessions for monkey U, yielding 329 M1
and 268 cerebellar neurons (1657 simultaneous pairs M1-Cb) and eight
sessions for monkey Y yielding 83 M1 and 10 cerebellar neurons (114 si-
multaneous M1-Cb pairs).

Data recording. Recordings were made using a battery-powered, wear-
able data logger developed in-house and described previously (Xu et al.,
2019). The device was based on two RHD2132 bioamplifiers (Intan
Technologies) and an STM32F407 microcontroller (STMicroelectronics)
that streamed data onto a 32 GB micro secure digital card. Signals from
microwires were sampled at 20kHz. Signals from EMGs were sampled at
1000Hz. For sessions containing simultaneousM1 and cerebellar microwire
recordings, we recorded from 5 M1 microwires and three cerebellar micro-
wires. For sessions containing only M1 recordings we recorded from eight
M1 microwires. The device also recorded field potentials from rigid linear
multielectrode arrays (MicroProbes for Life Science; data not shown).
Recording sessions lasted;20 h and included a full night of sleep and wak-
ing free behavior periods.

Signal processing. All signal processing and data analysis were con-
ducted using MATLAB (MathWorks). All off-line filtering used four-
pole Butterworth filters applied in forward and reverse directions. M1
local field potentials (LFPs) were derived from the mean of down-
sampled (20 kHz to 250Hz, after anti-aliasing filtering) signals recorded
from microwires with a low impedance wire on the dura over M1 as a
reference. The referenced signals from all M1 microwires were averaged
to yield a single mean M1 LFP. Spikes were discriminated after high-
pass filtering raw signals above 300Hz using principal component analy-
sis and clustering. Bipolar EMG signals were high-pass filtered at 50Hz,
rectified, downsampled (1000Hz to 250Hz), and averaged across all six
arm muscles. All frequency domain analyses used 1024 sample FFT
windows.

Removal of REM and arousal periods during sleep. Periods of puta-
tive REM and arousal were removed from sleep data using our previ-
ously published and validated method (Xu et al., 2021; sleep recordings
were divided into 30-s-long windows, and those containing high gamma
power (50–125 Hz) above 1.13 times the average over the entire sleep pe-
riod were removed. Note that this method cannot distinguish between
REM and arousal periods, and therefore both are excluded from the
dataset. Therefore the term “sleep” in this study refers only to non-REM
(nREM) sleep.

Identification of sleep up-states. To identify sleep up-states, we used a
widely used method (Nir et al., 2011; Xu et al., 2021) whereby the LFP
was filtered between 0.5 and 4 Hz, and negative-going half-waves with
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zero crossings between 0.25 and 1 s were identified. The top 20% of these
half-waves in terms of magnitude were selected for further analysis.

Cell–cell coherence and relative phase. Spike times were binned using
4-ms-wide bins to produce a signal with the same sampling rate as LFPs
and EMGs (250Hz). Coherence between pairs of cells (M1-M1, Cb-Cb,
and M1-Cb), as well spike–EMG coherence, was calculated using the
following:

Cohxyðf Þ ¼
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XfY�
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����
2
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XfX�

f

X
YfY�

f

;

where Xf and Yf are the Fourier coefficients of signals x and y at fre-
quency f , calculated over nonoverlapping 1024-point windows with a
frequency resolution of 0.24Hz. The asterisk (*) denotes complex
conjugate.

We used the phase of the cross-spectrum to quantify the phase rela-
tionship of activity at a given frequency between every cell pair. We were
interested in whether these phase relationships were consistent across
the population between waking and sleep. To do this we calculated the
circular–circular correlation coefficient between relative phase in wake
and sleep across all cell pairs at a given frequency as follows:
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XN

n¼1
sin v n � Xð Þ:sin mn �Mð ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

n¼1
sin2 v n � Xð Þ:

XN

n¼1
sin2 mn �Mð Þ

r ;

where r is the circular–circular correlation coefficient, N is the number
of pairs, v and m denote the relative phase between each pair in waking
and sleep, respectively, and V and M denote the circular mean of these
relative phases.

To assess phase lag/lead at the population level between M1 and Cb,
we used the imaginary component of the cross-spectrum, normalized to
yield imaginary coherence as follows:
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This has a value between �1 and 11, where negative/positive values
indicate a consistent nonzero phase lag/lead between the two signals (Xu
et al., 2019).

Spike–LFP cross-correlation phase and cell–cell cross-correlation
asymmetry
Time-domain cross-correlations between M1/Cb cell activity and M1
LFP were calculated using the firing rates binned at 250Hz for relative
lags up to 62 s, low-pass filtered at 2Hz. A Hilbert transform was used
to calculate the phase of the cross-correlation at time 0. Consistency of
spike–LFP relative phase across the population in wake and sleep was
again assessed using circular–circular correlation.

We also calculated time-domain cross-correlations between the fir-
ing of M1-M1, Cb-Cb, and M1-Cb cell pairs for relative lags up to61 s.
Cross-correlation asymmetry was calculated from the difference in area
under the cross-correlation under the left and right side of zero lag, di-
vided by the total area under the curve. Consistency of cell–cell cross-
correlation asymmetry across the population in wake and sleep was
assessed using linear correlation.

Statistical testing. Pairwise metrics in our study (e.g., relative phases
and cross-correlation asymmetries) are not statistically independent (as
an individual cell can contribute to multiple cell pairs), so the standard
parametric approach to testing the significance of their correlation is in-
valid. Therefore, to test whether there was a significant correlation in
these metrics across cell pairs in waking and sleep, we used our previous

nonparametric approach (Xu et al., 2019). This involved generating 1000
surrogate datasets by randomly shuffling the labeling of cells within each
session and across sessions with the same number of cells to bootstrap
the distribution of correlation coefficients under the null hypothesis that
there was no relationship between wake and sleep. This distribution was
used to derive upper and lower significance thresholds to reject the null
hypothesis at p, 0.05 in a two-sided test.

Results
Wireless recording during free movement and sleep
We used a wearable device to record single units in M1, contra-
lateral cerebellum (Cb), and contralateral forearm muscle EMGs.
For some sessions we recorded neurons in M1 (161 neurons over
22 sessions) simultaneously with EMGs, and in another 72 ses-
sions we recorded simultaneously from both M1 (289 neurons)
and cerebellum (145 neurons). Examples of neuronal signals are
shown in Figure 1A. Simultaneous recordings suggested that M1
firing rates were modulated with arm EMG throughout the re-
cording (Fig. 1B). We confirmed this by calculating coherence
spectra between the firing of individual M1 neurons and rectified
EMG (Fig. 1C). This revealed a prominent peak at;1 Hz reflect-
ing the dominant spectral content of voluntary movement dur-
ing waking, which was notably absent during sleep.

Next, we calculated coherence between the firing rate of all
neurons within the same area (M1-M1, Cb-Cb) and between
areas (M1-Cb; Fig. 1D); the insets show coherence in the spindle
frequency band. Note that there was coherence within and
between M1 and the cerebellum at low frequencies in both wak-
ing and sleep, although the interarea M1-Cb low-frequency co-
herence was reduced in sleep. By contrast, coherence between
M1 and Cb at spindle frequencies was enhanced in sleep. These
firing rate results corroborate our previous analysis of LFPs in
revealing oscillatory coupling between the cortex and cerebellum
during sleep (Xu et al., 2021).

Awake movement events and sleep up-states are associated
with high M1 firing rates and depth-negative LFP troughs
To examine in more detail neural activity associated with move-
ment, we bandpass filtered the rectified EMG signals around the
frequency of the coherence peak (0.5–2 Hz; Fig. 1C) and selected
the time of prominent peaks (2 SDs above mean peak ampli-
tudes) as indicators of movement events to align M1 spike firing
and LFP. M1 spike events aligned by movement events revealed
a prominent firing rate peak that preceded the EMG peak (low-
pass filtered at 2Hz; Fig. 2A) by an average of 92 6 19ms
(6 SEM), consistent with previous reports (Holdefer and Miller,
2002). The peak in average M1 firing was also associated with a
prominent trough in the M1 LFP (Fig. 2B), consistent with previ-
ous studies (Destexhe et al., 1999). Note, however, that the time
at which individual neurons fired maximally relative to the EMG
peak and LFP trough varied across neurons (Fig. 2C). Such se-
quential firing of M1 neurons during movements has been
reported previously (Churchland et al., 2012; Russo et al., 2018;
Xu et al., 2019).

During non-REM sleep, LFP troughs and increased firing
rates have been associated with up-states of the neocortical slow
oscillation (Dickey et al., 2021; Xu et al., 2021). We used a well-
established method to identify sleep up-states from M1 LFPs
(Nir et al., 2011; Xu et al., 2021) and confirmed that M1 spiking
did indeed increase during sleep up-states in association with
large negativities in the LFP (Fig. 2D,E). As with activity during
movement events, individual neurons showed firing rate profiles
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that peaked at different times relative to this LFP trough
(Fig. 2F).

Similar low-frequency spike–LFP coupling between waking
and sleep
We were interested to see whether the general sequence of neu-
ronal firing was preserved across the population between waking
and sleep. We exploited the fact that neuronal activation in both
waking and sleep was associated with an LFP trough so that the
shape of the spike-triggered LFP average gives an indication of
whether individual neurons tend to fire earlier or later in rela-
tionship to that trough. M1 and Cb spikes were both phase
locked to low-frequency M1 LFPs, as shown by the large low-fre-
quency component in spike-triggered averages of M1 LFPs (Fig.
3A,B, left). As expected, when averaged across all neurons, the
time of spiking was associated with an LFP trough in both wak-
ing and nREM sleep. However, across the population there was
considerable variability in this profile. Figure 3A (right) shows
low-pass (,2Hz) filtered spike-triggered averages of M1 LFP for
all M1 and Cb cells. The cells are ordered according to the phase
of the cell–LFP relationship, measured from the phase of the
Hilbert transform at time zero. Figure 3B (right) shows the
awake spike-triggered averages plotted in the same order (i.e.,
derived from the sleep data). It is apparent through visual inspec-
tion that there is similarity between the patterns at the popula-
tion level. Cells that fire in advance of the LFP trough in sleep
similarly do so in the awake data and vice versa. We quantified
this similarity by calculating the circular–circular correlation
coefficient between the phases (at time 0) of the cell–LFP

relationship in waking and sleep across cells. This correlation
was significantly positive for both M1 and Cb neurons (Fig. 3C,
D) suggesting there is similarity in the population activity relative
to LFP features in both waking and sleep. This similarity is sur-
prising given the differences in both behavior and brain state
between waking movements and sleep up-states, which might be
expected to produce a different correlation structure in the neu-
ral activity. However, we have previously shown that multichan-
nel LFP dynamics in M1 are preserved during movement and
sleep (Hall et al., 2014; Susilaradeya et al., 2019). Our present
results extend this to suggest that corticocerebellar dynamics at
the single-neuron level also share a common temporal structure
in waking and sleep.

Similar low-frequency cell–cell coupling between wake and
sleep
Next we examined pairwise spike cross-correlograms between
simultaneously recorded M1-M1, Cb-Cb, and M1-Cb cell pairs
(examples in Fig. 4A–C). Figure 4, D–F, shows cross-correlo-
grams for all cell pairs, sorted according to the relative peak time
of the low-frequency (,2 Hz) correlation structure in sleep.
Visual inspection again suggests that at the population level there
is similarity between the correlation structure in wake and sleep,
in that the timing of peaks relative to time zero (which indicates
a tendency for one cell to fire before/after the other) is preserved
between brain states. To quantify this, we calculated an index of
cross-correlation asymmetry from the difference between the
area under the left and right sides of the cross-correlogram (nor-
malized by the total area). We then calculated the linear

Figure 1. Coherence between firing rates and EMG during free awake behavior and sleep. A, Example of M1 LFPs recorded simultaneously with M1 and cerebellar spiking in wake and sleep
(left and middle) and example of mean rectified EMGs from upper-limb muscles recorded simultaneously with M1 spiking. Calibration: 200 mV, 0.5 s. B, Example of mean firing rate and EMG
recorded over an entire session. Values averaged over 5 min windows. C, Mean coherence between M1 spiking and EMG in sleep and waking. Shaded regions represent SEM. D, Mean spike co-
herence between M1-M1, Cb-Cb, and M1-Cb cell pairs in sleep and waking. Inset, Coherence in the spindle frequency band. Shaded regions represent SEM.
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correlation of this asymmetry measure between wake and
sleep across all cell pairs. Figure 4, G–I, shows a significantly
positive correlation for M1-M1, Cb-Cb, and M1-Cb cell
pairs, again demonstrating similarity at the population level
between neuronal dynamics in waking and sleep.

To gain insight into the frequencies at which the dynamics
were similar, we calculated the cross-spectrum and coherence
between the spiking activities of simultaneously recorded cell
pairs. The cross-spectrum is the frequency-domain equivalent of
the cross-correlogram, and its phase yields information about
the relative phase of the activity of two neurons across frequen-
cies. In other words, a positive/negative cross-spectral phase
indicates which neuron within a pair is leading/lagging the other
at that frequency. Figure 5A plots the cross-spectral phase for an
example pair of M1 neurons during waking and sleep. For this
example, the relative phase is broadly similar for low frequencies
but diverges for higher frequencies. Figure 5, B and C, shows the
relative cross-spectral phases during sleep and waking for all M1
pairs at two separate frequencies (0.98Hz and 6.8Hz; Fig. 5A,
arrows). The values corresponding to the example M1 cell pair
are circled (Fig 5B,C). Across all pairs, there is a significant corre-
lation between relative phase in waking and sleep at the low fre-
quency, but not at the higher frequency. In other words, at low
frequencies, if one cell leads the other during waking activity, it is
more likely also to lead during sleep. Figure 5D shows the circu-
lar correlation between relative phases of pairwise cross-spectra

in waking and sleep for all simultaneously recorded pairs of
M1-M1, Cb-Cb, and M1-Cb neurons across all frequencies. We
found there was significant similarity in the low-frequency pair-
wise correlation structure sleep in all cases. Additionally, there
was a weak but significant positive correlation at spindle-band
frequencies for M1-M1 and M1-Cb pairings. To examine
whether there were any cross-frequency relationships between
waking and sleeping, we also performed the circular correlation
analysis across different frequencies in waking and sleep (Fig.
5E,F). However, in all cases, the strongest similarity was seen
between low frequencies in waking and low frequencies in
sleep.

Correlation structure during up-state events
The above results establish a similar low-frequency population
structure within and between M1 and Cb in waking and sleep.
To further investigate when in sleep this structure occurs, we
focused on identified up-state events in sleep. Figure 6, A and
C, shows spike–spike coherence calculated using a sliding win-
dow from �3 s to 3 s around up-state events. Clear increases in
coherence at both low frequencies and spindle frequencies were
associated up-state events. Repeating our cross-spectral phase
correlation analysis for only time windows around up-states
(Fig. 6D–I) replicated the results of our analysis across all sleep
(Fig. 5) in revealing a similar correlation structure with waking
activity. Therefore, we conclude that up-states are associated

Figure 2. Sequential spiking activity during movements and sleep up-states. A, Top, Example of raw (black) and filtered (gray) waking EMG and concomitant M1 spike firing (blue). Dotted
line represents EMG threshold. Arrows indicate occurrence of suprathreshold EMG peaks. Bottom, Mean M1 firing rate aligned by suprathreshold EMG peaks for the example EMG spike pair. B,
Distribution of M1 peak spiking times relative to suprathreshold EMG peaks. C, Mean M1 spike firing rate (blue) and mean M1 LFP (black) aligned by EMG peaks. Shaded regions represent
SEM. D, Example mean firing rates of two M1 neurons aligned by EMG peaks (low-pass filtered at 2 Hz). E, Sleep up-state aligned mean M1 spike firing rate (blue, shaded region represents
SEM of differences in firing rates from background) and mean M1 LFP (black). F, Example mean firing rates of two M1 neurons aligned by sleep up-states (low-pass filtered at 2 Hz).
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with both spindle-frequency coupling between the neocortex
and cerebellum, as well as a preserved low-frequency sequential
firing structure that is similar to waking activity.

M1 and cerebellar population activity in sleep and awake
behavior
Although the pairwise low-frequency correlation structure
between individual neurons is preserved between waking and
sleep, our analysis does not exclude the possibility of an overall
systematic shift in the timing of population activity in M1 rela-
tive to the cerebellum. To address this question explicitly we first
examined the grand average cross-correlogram between all pairs
of M1-Cb neurons in wake and sleep (Fig. 7A). The peak of the
averaged cross-correlation in sleep is for M1 activity leading cer-
ebellar activity, whereas during waking the correlation appears
symmetrical. We quantified this using the average cross-correla-
tion asymmetry across all M1-Cb cell pairs. In sleep, there was a
clear and significant asymmetry in the direction of M1 leading
the cerebellum (p , 0.001, mean asymmetry values calculated
for each session, comparison made across sessions). By contrast,
in waking periods, there was no significant asymmetry (p = 0.78;
Fig. 7B), indicating that there was a similar proportion of cells
pairs with M1 leading and lagging the cerebellum.

Next, we examined the grand average of imaginary coherence
between all M1-Cb cell pairs, which indicates consistent correla-
tion with a nonzero phase difference (Xu et al., 2019). This also
confirmed a change in relative phase at low frequencies between
waking and sleep. In sleep, M1 firing led the cerebellum at most
frequencies below 5Hz, whereas during waking there was no sig-
nificant mean phase shift between M1 and cerebellar firing (Fig.
7D, left). In contrast, in the spindle frequency range during sleep,
we observed a cerebellar phase lead over M1 spiking (Fig. 7D,
right). This reversal in the directionality of correlation between
low- and high-frequency bands in sleep is consistent with previ-
ous results obtained from applying directed coherence analysis
to LFP recordings (Xu et al., 2021).

M1 and cerebellar population activity during up-states and
isometric wrist movements
Finally, we examined whether the asymmetry between M1 and
Cb population activity at low frequencies in sleep was related to
the dynamics of down-to-up-state transitions. Figure 7D shows
average firing rates of all cells in M1 and Cb aligned to up-state
events (low-pass filtered ,2 Hz). Although the firing rate pro-
files are remarkably similar between areas, it is apparent that M1
activity precedes the cerebellum. The time of peak firing differed

Figure 3. Spike-triggered LFP profiles are similar between sleep and awake. A, Left, Mean spike-triggered M1 LFP during sleep for M1 and cerebellar spikes. Inset, Mean LFP power. Shaded
regions represent SEM. Right, All M1 and Cb spike-triggered LFPs plotted in ascending order of instantaneous phase at zero lag, normalized by z-scoring. B, Same as A but during awake.
Right, Cells are plotted using the same order as in A. C, Left, Polar histogram of all instantaneous phases at t = 0 s for M1 spike-triggered LFPs low-pass filtered,2Hz. Right, Said phases plot-
ted during sleep against waking with circular–circular correlation coefficient and p value indicated. D, Same as C but for cerebellar spikes. All means and SEM values calculated using 4 ms win-
dows (i.e., the reciprocal of the LFP sampling rate).
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significantly across the population of cell pairs with M1 leading
the cerebellum by 164 6 37 ms (p , 0.001, one-sample t test
across sessions).

To obtain a comparable measure of the temporal offset in
firing rates associated with movement, we analyzed a dataset
from monkeys U and Y during performance of an isometric
wrist torque task (Hall et al., 2014). Monkeys were trained to
move a cursor from the center of the screen to one of eight pe-
ripheral targets by generating torque at the wrist. We averaged
M1 and cerebellar spike firing rate aligned to the time of peak
wrist torque (combining all target directions) and low-pass fil-
tered the profiles at 2Hz (Fig. 7E). Activity in both M1 and
cerebellum consistently preceded the time of peak wrist tor-
que. (Note that cerebellar neurons also exhibited a second
later firing peak, possibly related to releasing the torque or
receiving food reward.) Across the population, there was no
significant difference in the time of the first peak cerebellar ac-
tivity compared with M1 activity (first peak defined as highest
local maxima occurring before 0.5 s, p = 0.14, one-sample t
test across sessions). Together, these results all support a sys-
tematic shift in the relative timing of M1 and cerebellar activ-
ity from waking (when M1 and cerebellar activity is broadly

contemporaneous) to sleep (when M1 firing tends to lead the
cerebellum).

Discussion
Previously we have shown that cerebro-cerebellar functional
connectivity in sleep LFPs exhibits a reciprocal pattern of low-
frequency causality directed from motor cortex to cerebellum
and spindle-frequency causality from the cerebellum, via the
thalamus, to M1 (Xu et al., 2021). This study builds on these
findings by examining the structure of population activity in the
motor cortex and cerebellum in sleep compared with waking ac-
tivity. We used time-domain and frequency-domain correlation
to show a broad preservation of sequential firing within and
across areas between these different brain states. However, we
also observed a systematic shift from contemporaneous activity
in M1 and cerebellum in waking states to an overall time lag in
sleep, so that up-state events in the motor cortex preceded up-
state events in the cerebellum.

Awake activity was characterized by low-frequency rhythmic
peaks in EMG, which were correlated with troughs in motor cor-
tex field potentials and elevated firing rates. Previously we have

Figure 4. Spike–spike cross correlations in wake and sleep. A–C, Example cross-correlations between pairs of M1 and cerebellar neurons during sleep and wake. Blue traces and red traces,
respectively, represent unfiltered and low-pass filtered (,2Hz) cross-correlations. D, Top, All M1-M1 spiking cross-correlations filtered ,2Hz and ordered in ascending sequence of relative
peak time during sleep. Bottom, Waking cross-correlations plotted using the same order as sleep. E, F, Same but for Cb-Cb and M1-Cb spike pairs. Cross-correlations were normalized by divid-
ing by the number of overlapping samples and then z-scoring. G–I, Correlation between cross-correlogram asymmetry in wake and sleep across all cell pairs. Linear correlation coefficients and
p values indicated (see above, Materials and Methods for technique of calculating significance).
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shown that such movement intermittency arises from an interac-
tion between extrinsic sensory feedback loops and intrinsic dy-
namics in motor circuitry (Susilaradeya et al., 2019). Intrinsic
dynamics are also evident in the structure of multiple motor
cortical neurons or LFPs which, when projected onto a plane,
reveal rotational trajectories consistent with a sequential activity
pattern (Churchland et al., 2012). Importantly, these rotational
patterns are preserved in sleep, particularly around up-state
events, suggesting that they arise at least from neural connectivity
rather than sensorimotor feedback (Hall et al., 2014). Consistent
with this, we observed that low-frequency sequential firing pat-
terns in motor cortex (characterized by the asymmetry of spike

cross-correlograms and the phase firing rate cross-spectra) were
similar in wake and sleep, including around sleep up-states. In
addition, using simultaneous recordings in two areas, we were
able to show that this was also true for correlations between
motor cortex and cerebellum, as well as within the cerebellum
itself (despite our smaller sample of simultaneously recorded cer-
ebellar units). The low impedance of our chronically implanted
electrodes (necessary to achieve both movability and long-term
recordings) made the recording of high-frequency spikelets in
Purkinje cell complex spikes difficult. Therefore, we cannot
definitively attribute these sequential patterns to cerebellar
Purkinje cells in every case. Nevertheless, our results reveal

Figure 5. Comparison between sleep and awake spiking phases. A, Cross-spectral phase for an example pair of M1 neurons in sleep and awake. B, C, Sleep versus awake M1-M1 spiking
cross-spectral phase at 0.98 Hz and 6.8 Hz. Example from A circled. D, Circular–circular correlation coefficients between sleep and waking spike cross-spectra for each frequency between M1-
M1, Cb-Cb, and M1-Cb cell pairs; 95% significance thresholds indicated by dotted trace (see above, Materials and Methods). E, Circular–circular correlation coefficients between sleep and wak-
ing spike cross-spectra for all frequency pairs. F, The p value for correlation coefficients expressed as6log10(P). Negative sign gives positive value and corresponds to positive r values (and vice
versa). Arrow on color bar indicate values that correspond to p = 0.05.

9422 • J. Neurosci., December 14, 2022 • 42(50):9415–9425 Xu et al. · Waking and Sleeping Cerebro-Cerebellar Dynamics



that the sequential activity in neuronal ensembles recorded
from both neocortical and cerebellar cell populations is pre-
served between waking and sleep.

In the rodent hippocampus, preserved sequential structure in
place cell activity during sleep has been interpreted as a replay of
waking experiences (Skaggs and McNaughton, 1996; Pfeiffer,
2020), but caution is warranted in drawing this conclusion from
our current results. Activity in the hippocampus is generally
sparse, meaning sequential activity can be unambiguously associ-
ated with a specific sequence of place fields traversed during
awake navigation. By contrast, activity in the primate motor sys-
tem is distributed so that many neurons are coactive for many dif-
ferent movements, and the sequential activation of those neurons
is preserved across those movements (Churchland et al., 2012).
Therefore, sequential activity in sleep could simply reflect activity
patterns that evolve under the same intrinsic dynamics that govern
waking neural trajectories (Dragoi and Tonegawa 2011, related
interpretation of hippocampal preplay). Nevertheless, there is evi-
dence in both rodent (Ramanathan et al., 2015) and human
(Rubin et al., 2022) motor cortex that activity patterns in sleep
change after learning to reflect new motor skills (although we are
not aware of comparable data for the cerebellum). Thus it seems
that sequential activity in sleep reflects experience-dependent net-
work dynamics, and we have previously argued that these may
reflect internal models of the body and environment (Susilaradeya
et al., 2019).

An influential theory of cerebellar function is that during
waking behavior an efference copy of the descending motor
command is passed to the cerebellum (possibly via the mossy
fiber system) and is used to predict the consequences of move-
ment via internal models. These predictions then drive corrective
movements via output connections back to motor cortex via the
thalamus. Such reciprocal connectivity between M1 and the cere-
bellum may explain why they are contemporaneously active in
our visuomotor task and during free behavior. In contrast, in
sleep, cerebellar activity was delayed relative to motor cortex,
evidenced by asymmetrical cross-correlograms and nonzero cross-
spectral phase at low frequencies. The delay between motor corti-
cal and cerebellar activity was most apparent in the average firing
rate for each area relative to sleep up-states, suggesting up-state
events are initiated in the neocortex and then propagate to the cer-
ebellum (Rowland et al., 2010; Xu et al., 2021). Attenuation in the
cerebello–thalamocortical pathway is consistent with our previous
LFP results showing that at low frequencies in sleep, the causal
influence is predominantly from neocortex to cerebellum (Xu et
al., 2021). Such attenuation could be because of the hyperpolarized
state of the thalamus or reduced output from the deep cerebellar
nuclei, which exhibit low firing rates in slow-wave sleep, despite
the fact that their inhibitory drive from Purkinje cells is also atte-
nuated (Hobson and McCarley, 1972; Palmer, 1979).

However, despite attenuation of low-frequency cerebello-
cortical influence, sleep and in particular up-state events were

Figure 6. Event aligned sleep and waking spike coherence. A–C, Mean M1-M1, Cb-Cb, and M1-Cb spike coherence aligned by sleep up-states. Top, Up-state aligned LFP traces are shown.
D–F, Circular–circular correlation coefficients between cell–cell cross-spectral phase calculated using only FFT windows centered over sleep up-states; 95% significance thresholds indicated by
dotted trace (see above, Materials and Methods). G–I, Circular–circular correlation and significance between all frequency pairs for M1-M1, Cb-Cb, and M1-Cb cell pair cross-spectra.
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associated with increased spike–spike co-
herence at spindle frequencies. Our previ-
ous study showed that the direction of
causal influence at these frequencies was
from the cerebellum to neocortex (Xu et al.,
2021), and, consistent with this, we found
a phase lead of spindle frequency spiking
in the cerebellum relative to the neocortex.
Thus, despite the altered connectivity between
the cerebellum and neocortex, spindle oscilla-
tions appear to be a signature of cerebellar out-
put in sleep and a route by which the
cerebellum can influence motor cortex.
Notably, this is a frequency band that is
implicated in off-line consolidation of
procedural tasks (Nishida and Walker,
2007; Diekelmann and Born, 2010; Fogel
et al., 2017) and is known to be effective at
driving neocortical plasticity (Rosanova and
Ulrich, 2005). Both the Purkinje cell–deep
cerebellar nuclei–inferior olive loop and the
Granule cell–Golgi cell loop have been
shown to be capable of generating oscilla-
tions in the spindle frequency band (Lang et
al., 2006; De Zeeuw et al., 2008; Van Der
Giessen et al., 2008).

These observations lead us to propose
the following speculative hypothesis. During
waking movements, the cerebellum generates
predictions of the consequences of actions
using an efference copy of the motor output.
These predicted sensory outcomes of actions
are combined with actual sensory reafference
and guide ongoing corrective movements in
real time. This ongoing reciprocal connectiv-
ity leads to strong low-frequency coherence
between M1 and cerebellum with approxi-
mately zero phase lag. In sleep, motor cortex
activity during up-state events may reflect a
fictive movement, for which the cerebellum
similarly generates predicted consequences.
However, attenuated cerebello-cortical con-
nectivity at movement frequencies means
this activity is delayed relative to motor cortex.
Nevertheless, connectivity at spindle-band fre-
quencies enables this corrective signal to be
relayed back to the motor cortex and may thus
provide a training signal to guide plasticity in
motor cortex. Such a mechanism would pro-
vide a means for short-term learning stored in
internal models in the cerebellum to be con-
solidated into long-term changes in motor
cortical networks. Moreover, such a mecha-
nism of fictive practice during sleep, guided
by predicted consequences computed by the
cerebellum, could explain how performance
can even improve during sleep (Schönauer et
al., 2014).

These speculations require additional experi-
ments to test. In particular, it will be interesting
in future to examine how activity patterns
in motor cortex and cerebellum in sleep are
influenced by waking experience and whether

Figure 7. Shift in overall timing of M1 and cerebellar activity between wake and sleep. A, Mean cross-correlation
between all pairs of M1 and cerebellar neurons in wake and sleep. Shaded regions represent SEM. B, Average cross-cor-
relogram asymmetry across all pairs in wake and sleep. C, M1-Cb spike–spike imaginary coherence during wake and
sleep. Inset, Imaginary coherence in the spindle frequency band. D, Mean imaginary coherence for sleep and awake aver-
aged over the ,2Hz (left) and 9–16 Hz (spindle band, right) frequency bands. E, M1 and Cb spike firing low-pass fil-
tered at 2 Hz and aligned by sleep up-states. Shaded regions represent SEM. Inset, Distribution of M1 and cerebellar
peak firing times relative to up-state. F, Wrist torque; M1 and Cb spike firing low-pass filtered at 2 Hz aligned by peak
wrist torque during waking visuomotor task. Shaded regions represent SEM. Inset, Distribution of M1 and cerebellar
peak firing times relative to peak torque.
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interruption of cerebellar activity has an impact on motor consoli-
dation. Such experiments will hopefully shed more light on the
mechanisms through which practice with sleep makes perfect.
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